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Abstract: Groundwater is becoming increasingly important in the Pacific Northwest of the USA due 

to declining snowpack volumes and shifts in precipitation type and timing, all connected with 

climate change. The Upper Williamson Basin of the Klamath Watershed is a groundwater 

dominated watershed with massive fluctuations in year-to-year streamflow volumes over the past 

four decades, including the complete absence of any live flow for several years. The precise 

relationship between groundwater and streamflow in the basin has been difficult to assess due to a 

limited number of monitoring wells and significant gaps in the water level time history. To address 

this challenge, we use a novel imputation technique that leverages Earth observations and machine 

learning to impute gaps in water level records. We use these more complete datasets to compute a 

groundwater storage change time series for the basin. We show that groundwater storage is highly 

correlated to streamflow and that groundwater storage is correlated to rainfall with a three- to four-

year delay that appears variable depending on groundwater storage volumes. The tools and 

relationships we present make it possible for water managers to estimate when streamflows will 

return to the basin and be more informed to support better management. 

Keywords: drought; climate change; groundwater; remote sensing; machine learning 

 

Introduction 

The Williamson River watershed is the northernmost sub-basin of the Klamath River watershed 

(Figure 1). The river is one of three main tributaries to Upper Klamath Lake. Situated in a high desert 

environment on the eastern slope of the Cascade Range, the watershed falls under the rain shadow 

of Mount Mazama (Crater Lake National Park), with nearly all precipitation occurring as snowfall. 

Because of the extensive volcanic geology that underlies this watershed, this portion of the Klamath 

River Basin exhibits hydrology typical of a groundwater-controlled basin. At the center is the 

Klamath marsh, a 124+ sq. mile (200+ km2) farmed wetland complex and National Wildlife Refuge 

that is the terminus for surficial flows due to the high levels of evapotranspiration. The Williamson 

River is then regenerated by groundwater emerging from various springs and seeps near the 

southern portion of the marsh where it re-forms into a channel and flows south into Upper Klamath 

Lake. 

Beginning in 2001, there has been an overall trend in the decreasing volume of water leaving the 

basin as surface flow. Prior to 2000, stream flow leaving this basin as measured at a United States 

Geological Survey (USGS) gage could be roughly correlated with the mountain snowpack from the 

previous 2 to 3 years [1–3]. Since the turn of the millennia, climate change, drought, and supplemental 

groundwater use have as-yet unquantified impacts to the aquifer [4] potentially disrupting a 

previously balanced hydrologic system. Notably, in water years (WYs) 2015 and 2021 to the present, 
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no live flow has been measured leaving the basin. The downward trend to complete absence of 

headwaters from this basin is concerning and has impacts to irrigators, federal agencies, NGOs, and 

water managers. 

 

Figure 1. Location of the Williamson Basin as it relates to Upper Klamath Lake and the Klamath river. 

Klamath River Watershed in Northern California and Southern Oregon. 

1.1. Watershed Overview 

The Williamson River originates in the southeastern corner of the basin and flows north for 

approximately 20 Miles (32 Km) along the eastern edge, where it is fed by ground and surface water 

inputs from the Yamsay volcanic mountain complex. The river then turns south flowing into the 

Klamath Marsh in the center of the basin (Figure 2). In the marsh it flows through various irrigation 

canals, restored streambeds, and culverts before it sheet flows across the marsh is dissipated by high 

levels of evapotranspiration and groundwater infiltration [1,2,5–7]. Exiting the marsh, the water is 

replenished/replaced by seeps and springs fed by groundwater with origins in the Cascades to the 

west of the basin. There is no defined channel as water flows from the Marsh, but the flow gradually 

coalesces into single stream as it flows over a topographic high created by a basaltic intrusion (locally 

named ‘Kirk Reef’). Kirk Reef acts as a retention feature dam that restrains small amounts of water 

from local snowmelt and rainfall. Immediately downstream of Kirk Reef is the first Williamson River 

gage, the US Geological Survey (USGS) streamflow gage number 11493500 (gage #3500). The river 

then travels southward through the Williamson Canyon, converges with the Sprague River and 

enters Upper Klamath Lake. 
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Figure 2. Flow path of the Williamson River (in blue) as it flows northward, then turning south 

through the Klamath National Wildlife Refuge and entering Upper Klamath Lake. 

The Williamson basin is approximately 1436 Mi2 (3720 km2) in size and is located on the eastern 

edge of the Cascade volcanic range. The northern, eastern and southern boundaries are enclosed by 

tertiary volcanics and the fault-block geology of the basin and range province. Mount Mazama is the 

high point of the basin at 8,157 ft (2,486 m), which then slopes downward to 4090 ft (1245 m) in 

elevation at the Klamath Marsh. A simplified geology of the basin subdivides the lithology into three 

major geological units: 1) the surficial pumice blanket; 2) intertwined beds of sand, clay, gravel, 

pyroclastics and basalt (Yonna formation); and 3) the underlying andesitic/basaltic bedrock which is 

the main water bearing unit [1,3,5–8]. On the surface, pyroclastic-fall pumice, ash and other 

volcaniclastics from Mt. Mazama blanket the basin from the Crater Lake down to the Klamath Marsh. 

Newcomb and Hart [8] labeled this the “Mazama Pumice Plain” and documented the highly porous 

nature with infiltration rates on the order of 3.28x10-4 ft/s (10-4 m/s) [6]. Internally, the bedrock aquifer 

has interbedded vesicular scoriaceous tuff, is highly fractured, and displays columnal jointing. 

Aquifer pumping tests have a high average transmissivity of approximately 170,000 ft2/day (15,800 

m2/day) [4].  

Historically, the groundwater levels have fluctuated in response to climatic cycles, ranging from 

years to decades, with the groundwater levels and springs responding to wet and dry periods. Areas 

with groundwater level changes of 5 ft (1.5 m) have been noted by researchers as common, with 

fluctuations up to 12 ft (3.6 m) observed in regions closer to the cascades, [9]. 

1.2. Precipitation 

The Cascade mountains (including Mount Mazama) receive upward of 60 in (150 cm) of 

precipitation per year, mostly as snow. The central and eastern portions, in the rain shadow, receive 

as little as 18 in (45 cm) of precipitation per year [1,5]. Temps range from highs of 40 °C to lows of -
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31 °C. The revised Köppen-Geiger classification identifies the Williamson Basin as warm, dry-

summer continental with the high elevation rim classified as being dry, sub-arctic [10].  

Snowfall and snowmelt recharge the groundwater system through the highly porous desert soils 

and alluvium along the high elevations of the Cascade Range. Previous research estimates that this 

spongelike geology can absorb and move upwards of 30,000 acre-feet (3.7x107 m3) of water into the 

aquifer [3,8]. Because of this, many named and unnamed tributaries disappear into the subsurface, 

leaving the area absent of typical drainage morphology. Maps show the Sand, Scott, Miller, and 

Cottonwood Creek all disappear into the alluvium before reaching confluence with the Williamson 

River.  

Because the marsh acts as both a terminus for surface flow and the groundwater driven 

headwaters of the Williamson River, rainfall/runoff models of this watershed are typically inaccurate. 

An analysis of 12-month cumulative precipitation volume to gauged flows confirms that a weak 

correlation exists between precipitation and flow on a year-to-year basis (Figure 3). Nevertheless, 

streamflow generally declines following dry periods and increases during wet periods, although the 

full impact of the precipitation on the streamflow is delayed by several years. This delay between 

precipitation and streamflow can be explained by groundwater as will be illustrated later in this 

paper. 

 

Figure 3. Cumulative flow at gage #3500 vs cumulative precipitation by water year, 1981-2023. Flow 

data for water years 1996-1998 are absent from the record due to de-activation of the gauge, therefore 

linearly imputed values are shown. 

Uncoupled from a conventional rain-runoff relationship, the actual headwaters of the 

Williamson River are at the Klamath Marsh. Isotropic analysis performed my Melady (2002), and 

Cummings (2007) confirmed distinct differences in thein deuterium and oxygen isotope ratios in the 

surface and groundwater, along with distinguishable concentrations of magnesium, calcium, 

potassium, and sodium. [1,6]. 

1.3. Drought Impacts 

Annual precipitation and streamflow data for the basin shows two multi-year drought periods 

since 1981 (Figure 3). The first drought was from WY 1990 to WY 1994, culminating in extremely low 

streamflow. The second drought was longer, beginning in WY 2020 and continuing to the present. 

While the first drought was shorter, there were three drier than normal years prior to the WY 

1990-1994 drought which can be included. This first drought period culminated in extremely low 

flows that were temporarily relieved by a wetter than normal winter in WY 1993. On average, 

observed flow volumes during this first drought period ranged from between 75 to 29 percent lower 

than flows in the previous decade. Unfortunately, the gage was deactivated in October 1995 and 

reactivated September 1998. After the gage was re-activated, the water volumes in WY 2000 and WY 
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2001 indicate that aquifer is capable of being recharged and that the storage compacity of this system 

is not impaired by such impacts. 

By comparison, The current drought that began in WY 2000 was the result of similar low 

snowpack volumes. However, unlike the first drought period, four of the previous five years have 

normal to above normal precipitation. While some immediate periods have normal to slightly above 

normal precipitation, Figure 3 shows that precipitation had been declining since about 1998, with 

2006, 2007, 2011, 2013, 2015 and 2017 having above average events and a few years with precipitation 

about average. The remaining years since 1998 are below average, with 2014 and post-2018 extremely 

low. This long-term decline in precipitation, starting in about 2008, resulted in the annual flow 

volume observed in WY 2021 as one of the lowest on record with April 8, 2021, as the last date any 

water was measured leaving this watershed.  

The 1990 to 1994 drought was buffered by below average snowpack from the preceding years, 

whereas the second period of drought has more than adequate SWE to act as buffer, but there was 

not enough carryover from the prior years for the springs and seeps to be productive. 

1.4. Prior Research 

Prior research on the Williamson basin has shown that the river receives as much as 99% of its 

flow from groundwater discharge during periods of low precipitation [5]. The USGS has found a 

substantial groundwater flow system consisting of eight aquifers in the upper Klamath basin, mainly 

composed of late Tertiary to Quaternary volcanic rocks with high transmissivity [9]. The USGS and 

United State Bureau of Reclamation developed a model using the Precipitation-Runoff Modeling 

System (PRMS) to forecast streamflow in the Upper Klamath Basin [11]. PRMS is a physics-based 

deterministic model that simulates processes such as streamflow, evapotranspiration, snow, and 

groundwater processes [12]. While the model has been calibrated to historical data and gives 

reasonably good results, it may become less reliable as the region experiences unprecedented 

droughts [11]. Chang and Jones [13] predict that climate change is expected to have a dramatic impact 

on water resources in the 21st century in Oregon, particularly in basins that are highly dependent on 

groundwater. Mayer and Naman [14] examined 25 basins in the region and showed that warming 

temperatures and snowpack reductions have altered seasonal streamflow characteristics and have 

resulted in sometimes dramatic reductions in baseflow, especially in groundwater-dependent basins 

like the Williamson basin where long-term groundwater depletion could result in periods where even 

higher than normal precipitation does not result in flow. Hess and Stonewall [15] examined the 

drought of 2013 that caused a near complete cessation of streamflow in the basin and found that 

changes in regulated diversions mitigated the impact of the drought. Tague, et al. [16] examined 

streamflow responses to climate change in the Oregon Cascades and found reductions in summer 

streamflow with increasing temperatures.  

The interplay between groundwater storage and baseflow in streams has long been a focus of 

research [17–21]. Most streamflow forecasting is focused on short-term (7-28 day) forecasts where the 

emphasis is typically on predicting peak flows in response to precipitation events [22–27]. 

Groundwater models can simulate groundwater-surface water interaction in aquifers where both 

groundwater and surface water are well characterized [28–30]. Relationships between streamflow at 

specific gages and groundwater levels at nearby monitoring wells can be insightful, but a more 

holistic approach is generally required for basin-scale analysis looking at total aquifer storage 

changes. Some researchers have examined the correlation between long-term streamflow and overall 

groundwater storage in a basin [31–33]. This process is promising but can be hindered by scarcity of 

groundwater data over long periods of time.  

In recent years, researchers in the Hydroinformatics Laboratory at Brigham Young University 

have developed a suite of tools for assessing groundwater storage change using a combination of 

Earth observations and in situ data. For large basins, they developed the GRACE Groundwater 

Subsetting Tool (GGST) that uses data from the NASA Gravity Recovery and Climate Experiment 

(GRACE) mission combined with simulated terrestrial water datasets from the Global Land Data 

Assimilation System (GLDAS) to derive groundwater storage change estimates [34,35]. This system 
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has been used to assess groundwater storage changes resulting from climate change in West Africa 

and other locations [36–38]. While this method works well for large aquifers, the resulting 

groundwater storage anomaly grid resolution is at a scale of 1o x 1o making it too coarse for use with 

smaller basins such as the Williamson basin. For smaller basins, they have developed a second suite 

of tools called the Groundwater Data Mapper (GWDM), consisting of a web application and a suite 

of Python scripts [39,40]. The GWDM uses a multi-step process that combines in situ water level data 

with Earth observations using a machine learning algorithm combined with spatio-temporal 

interpolation to generate a time series of estimated groundwater storage change for a basin or aquifer 

[41,42].  

1.5. Research Objectives 

The Williamson basin is a groundwater driven watershed. While there is a correlation between 

precipitation flow there is a significant lag because of the intermediate groundwater storage step. The 

underlying geology stores and releases snowmelt from the cascades into the center of the basin, 

where it regenerates depleted surficial flows. As the volume of water that flows out of the basin is 

directly linked to the water in the aquifer, we hypothesize that impacts from climate change, drought, 

and possibly pumping are preventing the aquifer from fully recharging. Our study characterizes this 

relationship between precipitation, groundwater storage, and stream flow in the Williamson Basin. 

The goal of this study is to provide resource managers in the area with a better understanding of the 

hydrology in the basin and new insights and tools to support decision making. The larger objective 

of this study is to provide resource managers and researchers with a case study to highlight processes 

and issues in areas where streamflow is governed by groundwater interactions.  

To better understand this system, we use the GWDM tools to find the groundwater storage 

history for the basin and then determine the correlation between storage levels and streamflow 

leaving the basin. These tools allow us to maximize the sparse groundwater data in the basin by 

imputing gaps in the groundwater level history using Earth observations and machine learning. 

Using this history, we analyze the relationship between groundwater storage, rainfall, and soil 

moisture for the basin. This information could give water managers in the basin a tool for predicting 

when the streams will start flowing again. 

2. Data 

2.1. Monitoring Wells 

Both the USGS and the Oregon Water Resource Department (OWRD) have monitoring wells set 

up in the basin study area. We used 12 active monitoring wells (4 USGS, 8 OWRD) and 11 inactive 

wells (all OWRD), with various periods of activity since the 1960s. When active, more recent 

measurements have a resolution of 0.01 ft (0.3 cm), but older measurements are sometimes recorded 

with a coarser resolution of 0.1 - 1.0 ft (3 – 30 cm). Figure 4 shows the monitoring well locations used 

in this study. Well records prior to 1968 did not include enough data for the GWDM tools due to both 

the low number of data points and a low data resolution. After removing wells with insufficient data, 

the data set includes 12 wells with 1312 water level records. We examined water level data to remove 

outliers resulting from recording errors or faulty depth measurements and eliminated 4 records that 

appeared to be outliers. This resulted in a total of 1308 measurements that we used in the analysis. A 

full list of well locations and water level records is available on the HydroShare.org data repository 

[43]. 
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Figure 4. Locations of the various monitoring wells (both USGS Oregon Department of Water 

Resources) used in this study. 

2.1.1. Streamflow Data 

The section of the Williamson River under study does not have continuous, year-round flow. 

Recorded dry periods have ranged from days to years. For example, an extended period of no 

measurable flow lasted from June 3, 2014 to February 25, 2016 with no flow occurring during the 

entire 2015 WY. Flow in the Williamson River is measured at USGS stream gage #3500 located at 

approximately 42.740°N, -121.834°W, it is 0.31 miles (0.5 KM) south of the topographic high known 

as Kirk Reef (Figure 2). Installed 1954, it measures discharge on a daily timestep gage in cubic-feet 

per second (CFS). We computed cumulative annual flow volumes as thousands-of-acre-feet-per-year 

(TAF), which is the measurement commonly used by irrigators and western water managers. One 

acre-ft is approximately 1233.5 cubic meters and one acre-ft per day is approximately 0.504 CFS 

(0.0143 m3/second). 

Figure 5 shows the cumulative annual flow per WY in TAF (Figure 5a), and the number of days 

per year of non-zero flow (Figure 5b) at gage #3500. The gage was deactivated in October 1995 and 

reactivated September 1998, creating a 3-year gap in the data. For our analysis, we imputed 

streamflow values for this 3-year gap using linear interpolation to ensure that the missing values are 

not interpreted as zero flow, since zero flow values do occur in the record.  
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(a) 

 
(b) 

Figure 5. (a) Cumulative annual flow volume and (b) number of days with measurable flow at Gage 

#3500 per WY from 1968 to 2023. 

2.1.2. GLDAS Soil Moisture Data 

Our groundwater imputation uses the soil moisture dataset from the NASA Global Land Data 

Assimilation System (GLDAS) [44]. GLDAS consists of three separate land surface models: LSM, 

Noah, and VIC. We use the monthly-averaged results from the Noah model which are at a resolution 

of 0.25x0.25 degrees. These data were downloaded from the Goddard Earth Sciences Data and 

Information Services Center (GES DISC) website [45]. 

2.1.3. Precipitation Data 

Our precipitation data come from the CHIRPS gridded data product developed by the Climate 

Hazards Center at UC Santa Barbara in collaboration with the USGS Earth Resources Observation 

and Science (EROS) Center [46]. The CHIRPS data set is derived from a variety of NASA and NOAA 

Earth observation sources and aggregated to a high-resolution global grid (0.05 degree) covering a 

period from 1981 to the present. To obtain CHIRPS data for the Williamson basin, we used the NASA 

SERVER ClimateSERV website [47] where we uploaded a GEOJSON file of the boundaries basin and 

downloaded a time series of daily rainfall data in a CSV file that contained the daily average of the 

CHIRPS grid cells in the interior of the basin.  

3. Methods 

To generate an estimate of the historical groundwater storage changes in the Williamson basin, 

we used the Groundwater Data Mapper (GWDM) tools [40]. The GWDM uses a combination of in 

situ water level data and Earth observations to estimate aquifer storage changes using a multi-step 

process [39,41,42]. In the first step, the user imports well locations and historical water levels to 
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generate a water level time series for each well. However, it is common to have significant gaps in 

historical water level records at a well, ranging from several months to several years. Furthermore, 

aquifer storage change assessment requires a relatively complete water level record at each well. 

Thus, GWDM uses a machine learning algorithm to impute missing data for each well over the study 

period. The theoretical basis for this algorithm is that groundwater levels are highly correlated with 

drought indicators such as soil moisture (Figure 6). During a drought there is less groundwater 

recharge and groundwater is pumped at a higher rate to meet agricultural, municipal, and industrial 

needs. During wet periods, there is a higher rate of recharge and less pumping. As a result, 

groundwater levels drop during drought periods and rise during wet periods.  

 

Figure 6. Correlation between groundwater levels and GLDAS soil moisture for a monitoring well in 

Utah, USA. 

The GWDM uses this correlation to build a machine learning model for each well using the 

Extreme Learning Machine algorithm [39]. The features used to train the model are monthly GLDAS 

soil moisture anomalies and the three-, five- and ten-year moving average of the soil moisture 

anomaly. The moving averages help capture longer term trends in the data. The model features 

include the year, and one-hot encoded month indices. We train a regression model on these features 

with the observed water levels as labels.  

Once trained, we impute missing measurements at each well, resulting in a water level value for 

each month. The GWDM samples these imputed water level time series at periodic intervals such as 

one year, and spatially interpolates these water levels to generate a two-dimensional raster of the 

water levels in the aquifer at each time interval. 

In the final step, GWDM uses raster algebra to calculate the volume between each subsequent 

pair of rasters. This volume is multiplied by an average storage coefficient for the aquifer to generate 

a groundwater storage change estimate for that time interval. GWDM then integrates these changes 

to generate a groundwater storage curve for the aquifer that shows storage change over time. The 

entire process is described in more detail in [40–42,48]. 

The GWDM tools include a suite of Python scripts for cleaning and formatting data, and for 

performing the imputation and volumetric analysis [40]. The wells, water levels time series, 

interpolated water level rasters, and groundwater storage time series can be uploaded and visualized 

to a GWDM web application developed using the Tethys Platform software [39,49,50] 

4. Results  

4.1. Precipitation and Flow Data 

Before exploring the relationship between groundwater and streamflow in the basin, we first 

examined the relationship between precipitation and streamflow. An analysis of 12-month 
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cumulative precipitation volume to gaged flows confirm that a weak correlation exists between 

precipitation and flow on a year-to-year basis (Figure 7). The Pearson correlation coefficient r of 

annual cumulative rainfall to annual cumulative flow by water year is r(n=41)=0.29 with p=0.06, only 

slightly correlated. Nevertheless, streamflow generally declines following dry periods and increases 

during wet periods, but the full impact of the precipitation on the streamflow is delayed by several 

years. 

 

Figure 7. Cumulative annual precipitation and flow data interpolated normalized and interpolated 

to monthly values using standard score or z-score normalization to plot both datasets on the same 

scale. Data were normalized to the study period, not long-term average and variance. 

To better characterize the correlation between cumulative annual precipitation and cumulative 

annual stream flow we interpolated the annual data to estimate values at the start of each month 

(Figure 7). Cumulative annual flow data for three water years, 1996-1998, were not available because 

the gage was deactivated during this period, so data in this time period are all interpolated. Before 

interpolation, we normalized both data sets using standard score (z-score) normalization: 

� =
� − �

�
 Eq 1 

Where x is the measured values, µ and σ are the mean and standard deviation of the dataset being 

normalized, and z is the normalized value which is unitless. The z-value represents the number of 

standard deviations any value is from the mean. We interpolated these normalized annual values to 

values at the start of each month using cubic interpolation implemented by the numpy Python 

package [51]. We then computed the Pearson correlation coefficient using monthly lags from -60 to 

+60 lags (±5 years) (Figure 8). 

 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 July 2024                   doi:10.20944/preprints202407.2013.v1

https://doi.org/10.20944/preprints202407.2013.v1


 11 

 

Figure 8. Lagged correlation of cumulative annual precipitation and cumulative annual stream from 

with lags from -60 to +60 months. The highest correlation r = 0.525 occurred at lag = -32 months. 

Using interpolated monthly data, we found that the highest correlation occurs at a lag of -32 

months, with r = 0.525, p<0.001. The computed p-value is essentially zero but is based on the 

interpolated monthly values, so it is not representative of the data. Figure 8 shows that there is not a 

sharp peak in the correlation values, but a relatively smooth transition. This indicates that the lag 

which produces the highest correlation probably changes over the 43-year study period. We would 

expect a longer lag at low groundwater levels and a shorter lag at high groundwater levels.  

Figure 9 shows cumulative annual precipitation data plotted with cumulative annual flow data 

lagged by 32 months. In general, these two data sets are visually correlated with the flow lagged. The 

no-data period from 1996 to 1998, is not as visually correlated as the interpolated data do not follow 

precipitation. The 32-month lag we found is similar to the lag we found using only annual data which 

resulted in a 3-year lag, i.e., 36 months. The correlation coefficient, r, improved from r=0.51 to r=0.525 

for the annual 3-year lag to the monthly 32-month lag, respectively.  

 

Figure 9. Cumulative annual precipitation compared to cumulative annual flow with a lag of 32 

months. The period from 1996 – 1998 has no annual flow data, data in this period were interpolated. 

The flow in the Willianson River is uncoupled from a conventional rain-runoff relationship with 

no short-term relationship between precipitation and flow. Studies have shown that the actual 

headwaters of the Williamson River are at the Klamath Marsh and related groundwater. Isotropic 

analyses have shown distinct differences in deuterium and oxygen isotope ratios in the surface and 

groundwater, along with distinguishable concentrations of magnesium, calcium, potassium, and 

sodium. [1,6]. These studies, combined with the demonstrated lag between precipitation and stream 

flow, indicate that flow in the Williamson River is governed by groundwater. The lagged correlation 

indicates that precipitation in this basin recharges groundwater on about a 3-year time period. 

However, while precipitation and recharge are coupled and demonstrate correlation in time. The 

correlation between groundwater and streamflow may be more complex as groundwater needs to 

reach a certain level before it can discharge to the surface. Levels below this can result in no-flow 

conditions, as have been experienced in the Klamath Basin.  

4.2. Groundwater Storage Change 

To better understand the correlation between groundwater and streamflow, we computed the 

groundwater storage change using the GWDM tools described in the Methods section above. We first 

obtained the monthly GLDAS soil moisture data set using the GLDAS grid cell containing the 

centroid of the Williamson basin. We then computed the 3-, 5-, and 10-yr moving averages of the soil 

moisture to produce the data shown in Figure 10 for the period from 1968 to 2023. 
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Figure 10. GLDAS soil moisture datasets for the Williamson basin. 

Next, we used PCHIP interpolation to impute data for all gaps in the monthly water level records 

for each well. We retained these imputed values for gaps less than two years. We then deleted the 

PCHIP interpolated values for gaps greater than or equal to two years. At the beginning and end of 

each of these gaps, we retained 180 days of data imputed using PCHIP. We combined the soil 

moisture datasets with data indicating the year and one-hot encoded month of the measurement and 

used these features to train an Extreme Learning Machine (EML) model for each well. We imputed 

missing data to generate a complete water level record for each well from 1968 to 2023. Finally, we 

combine the measured, PCHIP, and EML datasets into a single water level dataset. For all months 

where there is either a measurement or PCHIP interpolated value, we use that value. If no 

measurement or PCHIP value is available, we use the EML-imputed data value. An example set of 

water level time series for well KLAM0000496 in the Williamson basin is shown in Figure 11.  

 

Figure 11. Water level measurements, short-term PCHIP interpolated values, ELM-imputed values, 

and combined dataset for the KLAM0000496 well in the Williamson Basin. 

We sampled the time series at each well on yearly intervals from 1968 to 2023. We then spatially 

interpolated to a 150x150 grid that is clipped to the basin boundaries for each year, resulting in a 

groundwater elevation map for each year in the study period. We calculated the volume between 

each subsequent pair of groundwater elevation rasters then multiplied the value, which represents 

the water level change, by a representative unconfined storage coefficient for the basin (0.1) to 

generate annual groundwater volume changes in the basin as shown in Figure 12. The volumetric 

storage change values are relative to the starting value of zero in 1968.  
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Figure 12. Net groundwater storage change for the Williamson Basin from 1968 to 2023. 

Figure 12 shows that groundwater storage was relatively constant from 1968 through 1987 and 

then dropped significantly for 7 years before partially rebounding from 1994 to 2000. This rebound 

was followed by a decline from 2000 to 2005 and then a steeper decline starting in 2015 that continued 

through the end of 2023. These data show that the basin has lost approximately 2,000 million cubic 

meters (1,600 TAF) over the 55-year study period. Soil moisture shows a similar decline (Figure 10) 

indicating both processes are driven by the climatic conditions.  

4.3. Groundwater - Streamflow Correlation 

Figure 13a compares the groundwater storage curve to the streamflow data from Gage 3500. 

Visually, there is a strong correlation between the decline in groundwater storage and declining 

streamflow from 1985 to 1995 followed by a rebound in both from 1985 to 2000. After the rebound, 

both decline through 2005 which is followed by a steeper decline in groundwater storage starting in 

2015 which results in a complete cessation of streamflow in 2021. The Pearson correlation coefficient 

between the groundwater storage and streamflow is r(54)=.64, p<0.01, indicating a high degree of 

correlation. 

 
(a) 
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(b) 

Figure 13. Groundwater storage change in the Williamson Basin vs (a) cumulative volume of water 

measured and (b) number of days with measurable flow at Gage #3500 per WY from 1968 to 2023. 

Figure 13b shows the groundwater storage and the days per year with non-zero streamflow. 

The same overall behavior is observed, but groundwater storage is even more strongly correlated 

with flow-days, resulting in a Pearson correlation coefficient of r(54)=.79, p<0.01. 

4.4. Groundwater – Rainfall Correlation 

We next examined the relationship between groundwater storage change and precipitation. We 

started the comparison in 1981 as opposed to 1968, as CHIRPS data are not available prior to 1981. 

Figure 14(a) shows groundwater storage change versus cumulative annual precipitation, and the 3- 

and 5-year moving average of the cumulative precipitation. The figure shows that long-term changes 

in groundwater storage mirror fluctuations in precipitation, particularly the 3- and 5-yr moving 

averages, but the peaks and valleys are offset. We evaluated different lags and found that if we lag 

groundwater storage by 3 years, we get excellent correlation with both the 3- and 5-yr precipitation 

curves as shown in Figure 14(a). This matches the lag we found between precipitation and streamflow 

in Section 4.1.  

 
(a) 
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(b) 

Figure 14. Groundwater storage change in the Williamson Basin from 1981 to 2023 vs (a) cumulative 

annual precipitation and 3- and 5-yr moving average cumulative annual precipitation and (b) 3- and 

5-yr moving average cumulative annual precipitation with a 3-yr lagged groundwater storage. 

The Pearson correlation coefficient for lagged groundwater storage and 3-yr and 5-yr moving 

average precipitation are r(37)=.60, p<0.01, and r(36)=.64, p<0.01, respectively. This indicates that it 

takes 3 years for precipitation to fully percolate through the vadose zones in the basin to effectively 

recharge the groundwater in the aquifers. Even though the precipitation in the basin started to 

rebound in 2021 as shown by the solid red line in Figure 14(a), the groundwater still has not started 

to rebound as it is most closely correlated with the 3- and 5-yr moving average of precipitation with 

a 3-yr delay. Once groundwater has rebounded to a high enough level to feed the seeps and springs 

at the head of the Williamson River, we expect flow to resume.  

5. Discussion  

The relationship between the groundwater storage volume and Williamson River flow has 

traditionally been known to hydrogeologists and those with local knowledge, but these basin 

processes are less familiar and opaque to the various federal agencies, water managers and the 

general public. It is general knowledge that streamflow in the basin is highly dependent on 

groundwater, but the precise relationship of groundwater vs streamflow has not been well 

understood. Examining water levels at individual groundwater monitoring well locations does not 

capture the full behavior of the groundwater-surface water interaction as individual wells may not 

provide insight into aquifer storage due to incomplete records and local behavior at a well.  

The tools we used and demonstrated in this study provide methods to address these issues. The 

groundwater level imputation at each well addresses sparse data using correlations between well 

data and Earth observations. The interpolation and mapping algorithm is a way to take records from 

individual wells and generate a time series of aquifer level maps that can be used to compute aquifer 

volume changes. Computing these storage changes and integrating over time provides the basis for 

the analysis we presented in this paper. These tools provide insights that allow us to better 

characterize the relationship between precipitation, groundwater, and streamflow in the Klamath 

basin and the effects of climate change on this area.  

Our analysis confirms that the overall volume of water within the aquifer is strongly correlated 

with measurable flow leaving the watershed. As illustrated by the drought in the 1990’s and the 

current drought, once the groundwater storage relative to the 1968 baseline drops below 

approximately -1800 MCM (1,500 TAF), streamflow in the basin ceases completely. Unfortunately, 

due to the multi-year delay between precipitation and groundwater storage, the groundwater has 

not yet responded to recent increases in precipitation, although the pattern suggests that it should 

rebound soon and if precipitation continues at recent rates, we should expect streamflow to return in 

the next 3-5 years. The groundwater storage increase from 1994 to 2000 illustrates that with sufficient 
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precipitation, the aquifer is capable of rebounding substantially. This understanding can and will 

assist in management decisions. A high water supply forecasted from an above-normal snowpack 

can be properly managed, and the forecast adjusted with awareness about how much water the 

aquifer will absorb. Biologists and natural resource managers, aware of the timeframe and water 

availability, can adjust management and conservation plans for aquatic species.  

More concerning is the trend seen in aquifer volume since 2001 with the continuous decline in 

streamflow seen in Figure 13a. The groundwater storage held relatively steady from 2005 to 2015, but 

the streamflow gradually declined over the same period. The trend is likely anthropogenic. It 

coincides with actions taken by various federal agencies as part of a biological consultation. As a 

result of the National Marine Fisheries Service (NMFS) 2002 biological opinion on the endangered 

Chinook Salomon (Oncorhynchus tshawytscha), the Bureau of Reclamation reduced demand and 

stored extra water for the endangered species. The goal was to create a “water bank and water supply 

to provide flows to the Klamath River below Iron Gate Dam to improve coho salmon habitat” [52]. 

Designed to save water for habitat flows, up to 100 TAF of water was to be conserved in Upper 

Klamath Lake. Conservation was achieved through land idling, increased storage of surface water 

and the encouragement of groundwater usage to supplement/replace diverted live flow or deliveries 

of project water [4,52].  

6. Conclusions 

Our analysis demonstrates that the groundwater level imputation method in the GWDM tools 

that leverages Earth observations and machine learning can successfully be used to develop a 

groundwater storage history for a small basin with a limited number of monitoring wells, including 

sparse water level measurements over time. The resulting storage time history provides a holistic 

understanding of groundwater changes in the basin and how those changes impact streamflow. 

Using the data from this analysis we have demonstrated that both streamflow quantities and number 

of days per year with streamflow are highly correlated with the groundwater storage levels and once 

the groundwater storage drops below -1800 MCM (1,500 TAF) relative to the 1968 baseline, the 

streamflow in the basin completely ceases. Furthermore, we have shown that there is a 3-yr lag 

between the 3- and 5-yr moving average precipitation in the basin and groundwater storage and as a 

result, even though precipitation is starting to rebound in the basin, it will take several more years of 

elevated precipitation before the streams begin to flow again. This time includes both the 3-year lag 

and the time required to recharge the aquifer to the critical level. This approach is a new tool that 

water managers can use in groundwater-dependent basins to better understand and more effectively 

manage precious water resources.  
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