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Introduction 

Globally, groundwater is used for agriculture (70.1%), public water supply (21.2%), and 

industrial activities (8.7%), thus playing a vital role in food security and human health (de Graaf 

et al., 2019; Forslund et al., 2009; Margat & van der Gun, 2013; United Nations, 2022). In the 

United States groundwater discharge comprises 14-90% of streamflow (Winter et al., 1998), which 

implies that groundwater discharge also plays an important role in the provision of surface water 

resources, including reservoirs. Therefore, it’s crucial to understand the dynamics between these 

competing needs. Afterall, groundwater is a renewable resource only if managed properly, and the 

sustained availability of this resource depends on maintaining the balance between groundwater 

recharge, use, and discharge (Baldwin & McGuinness, 1963; Famiglietti, 2014).  

The University of South Florida Ecohydrology Research Group (USF ERG) and the 

Kachemak Bay National Estuarine Research Reserve (KBNERR) have been investigating 

groundwater dynamics in the Lower Kenai Peninsula for over two decades (e.g., Callahan et al., 

2015, 2017; Dekar et al., 2012; Gerlach et al., 2022; Guerrón-Orejuela et al., 2023; Shaftel et al., 

2011, 2012; Walker et al., 2012; Whigham et al., 2017). In 2022, the City of Homer contracted 

with USF ERG and KBNERR to conduct a focused investigation on the groundwater dynamics in 

the Bridge Creek Reservoir (BCR) which supplies water for city residents and serves as the 

headwaters for the South Fork Anchor River. The City of Homer is growing at a rate of 10%, which 

is higher than both the Kenai Peninsula (6%) and the national (7%) rates (US Census). As regional 

population grows, consumptive use of groundwater is expected to increase, stressing this limited 

shared resource.  

Specifically, the City of Homer contracted us, the USF ERG and KBNERR, to validate 

regional maps of groundwater discharge (Gerlach et al., 2022) and recharge (Guerrón-Orejuela et 
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al., 2023) for use in the BCR Watershed. At the time of contracting, we had recently completed 

the regional map of groundwater discharge (Gerlach et al., 2022) and were working on the regional 

map of groundwater recharge (Guerrón-Orejuela et al., 2023). However, those maps had few field 

validation points in the BCR Watershed. The validation of these map products in the BCR 

Watershed constituted the extent of the contracted work (Appendix 1). However, because of the 

opportunity provided to us by this contract to spend time in the BCR Watershed, we integrated 

these waters into our ongoing regional geochemical studies in which we address questions such 

as: What is the relative contribution of groundwater to streamflow? Does this relative contribution 

change seasonally? These regional studies are still in progress, but we recognize the significance 

these issues have on water management of the BCR Watershed and have included some of our 

preliminary results in this report. As an additional out-of-scope product, we have included the 

results of our investigation of the feasibility of calculating a water budget for the BCR Watershed.   

Study Area 

This study took place in the BCR Watershed, located in the headwaters of the Anchor River 

on the Kenai Peninsula Lowlands in south-central Alaska (Figure 1). The climate, geology, and 

topography are typical of the Kenai Peninsula Lowlands.  

The climate is driven by intersecting continental and maritime patterns and consists of 

short, cool summers and long, cold winters. Mean annual temperature and precipitation are 2.9 °C 

and 755 mm, respectively (HOMER 8 NW, AK US USC00503672, 1991–2020). Seasonal 

precipitation is influenced by the strength and position of the Aleutian Low, with most of the 

precipitation occurring between November and March and with orographic effects enhancing 

precipitation at the highest elevations (Broadman et al., 2020).  
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Figure 1. A. General location of the study site within the State of Alaska. B. The boundaries of the Anchor River 
Watershed (white line) and the BCR Watershed (yellow line) along with locations within both watersheds where we 
collected water samples and/or field validated our maps of groundwater discharge and recharge. C. The boundary of 
the BCR Watershed (yellow line) and the locations within the BCR Watershed where we collected water samples 
and/or field validated our maps of groundwater discharge and recharge. Water samples were not collected at all point 
locations. 
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The Kenai Peninsula Lowlands has experienced at least five major Pleistocene glaciations 

and two minor post-Pleistocene glacial advances in the last 125,000 years (Karlstrom, 1964). 

Glacier dynamics are extremely variable and uniquely coupled with mass movement and fluvial 

processes. As continental glaciers advance, continental landmasses in front of the advancing 

glaciers subside under the weight of the glaciers. This creates accommodation space in front of the 

glaciers which is filled by sediments, including proglacial channel, floodplain, and lakebed 

deposits. Channel deposits are formed as outwash streams transport and deposit coarse-grained 

material, such as sand and gravel. When cut off as oxbows, they may also accumulate organic 

matter and fine-grained material, such as silt and clay. Floodplain deposits are formed as overbank 

flows and winds transport and deposit fine-grained materials, such as silt and clay. These may be 

overlain by moraines and other sub- and periglacial deposits. As continental glaciers recede, 

continental landmasses in front of the receding glaciers rebound, and rivers down cut into the 

complex deposits, creating new valleys. As continental glaciers once again advance, continental 

landmasses under and in front of the advancing glaciers once again subside, and the recently cut 

valleys are filled and this sequence repeats. This repeated sequence left complex deposits of 

variable permeability throughout the Kenai Peninsula Lowlands, including thin, meandering 

coarse-grained buried channel deposits, which serve as the primary water-bearing formations (i.e., 

aquifers). Modern rivers have downcut into these complex deposits, creating steep sided valleys 

and exposing outcrops, including outcrops of the buried channel deposits. 

This complex setting creates two types of groundwater discharge: hillslope groundwater 

discharge and aquifer-outcrop groundwater discharge (Gerlach et al., 2022). Hillslope groundwater 

discharge is annual precipitation that mixes with antecedent soil moisture, which then moves 

downslope and discharges from diffuse seeps at toeslopes (Figure 2). Aquifer-outcrop groundwater 
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discharge is groundwater that has infiltrated more deeply and recharged aquifers, which then 

moves laterally and discharges from aquifer outcrops (Figure 2). These groundwater dynamics are 

very localized, with groundwater recharge and discharge typically being near one another, 

typically within the same watershed.  

 

Figure 2. Cross section showing the two types of groundwater discharge: hillslope groundwater discharge moves 
along the shallow subsurface and discharges from diffuse seeps and aquifer-outcrop groundwater discharge moves 
through deeper aquifers and discharges from springs. Illustration by Conrad Field (KBNERR) based on field 
sketches and notes prepared by the USF ERG. 

Methods 

Overall Approach 

At the foundation of this current study were the insights and datasets from four prior 

investigations we have conducted in the broader Kenai Peninsula Lowlands: two investigations of 

the role of groundwater discharge in augmenting streamflow (Callahan et al., 2015; Brigino et al., 
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unpublished data) and geospatial analyses resulting in maps of high probability locations of 

groundwater discharge (Gerlach et al., 2022) and recharge (Guerrón-Orejuela et al., 2023). We 

have built upon this work in the BCR Watershed, including data collection at 84 field sites, several 

of which were sampled repeatedly for a total of 145 data collection events (Figure 1 and Figure 3). 

Data collection included groundwater discharge validation (presence/absence of water or other 

indicators of flow), groundwater recharge validation (presence/absence of features consistent with 

high recharge potential in the Kenai Peninsula Lowlands), and/or water sample collection (for 

geochemical analyses and used to investigate the role of groundwater discharge in augmenting 

streamflow). Data collection is explained in more detail below. 

 

Figure 3. Representative photographs of field data collection by USF ERG and KBNERR in the BCR Watershed. 
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Groundwater Contribution to the Bridge Creek Reservoir 

Though not included in the contracted scope of this project, we first determined the relative 

contribution of groundwater discharge to the BCR and to the tributaries of the BCR using methods 

and insights developed as part of our research program in the broader Kenai Peninsula Lowlands.  

Our groundwater discharge to the BCR dataset consisted of 93 water samples: Outflow, 55 

samples collected at weekly intervals from the BCR outflow between June 2022 and July 2023; 

Groundwater, 24 samples collected at wells, seeps, or springs in the BCR Watershed; 

Precipitation, 14 direct precipitation and runoff samples collected in the South Fork Anchor 

Watershed. This dataset does not include data from the single well sampled whose depth was lower 

than the elevation of the BCR outflow.  

Our groundwater discharge to the tributaries dataset consisted of 42 water samples: 

Tributary, 1-2 samples (5 total) collected at the outlets of the streams entering from the north, east, 

and southwest shores of the BCR in 2022; Groundwater, 24 samples collected at wells, seeps, or 

springs in the BCR Watershed; Precipitation, 14 direct precipitation and runoff samples collected 

in the South Fork Anchor Watershed.  

At each water sample site, we measured pH and temperature in the field with an Oakton 

pH 300 (Environmental Express, Charleston, SC) or the equivalent and specific conductance with 

a YSI Model 30 (YSI, Yellow Springs, OH) or the equivalent. We additionally collected samples 

for dissolved ion analyses using the following methods. We filtered approximately 80 mL of water 

with a 0.45 µm nylon filter and stored samples in polypropylene tubes. Samples were stored in a 

cooler with ice packs in the field and then immediately frozen upon returning to the KBNERR lab 

in Homer, AK. We transported frozen water samples to the USF Center for Geochemical Analysis 
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where they were analyzed for cations (i.e., Ca and Mg) with a PerkinElmer Avio 200 ICP-OES 

with ESI FAST SC-DX-2 Autosampler (PerkinElmer, Waltham, MA) by T. Brigino. 

We used a two-end member mass balance mixing model to calculate the relative 

contribution of precipitation and groundwater to the BCR outflow and to each of the three 

tributaries to the BCR. The Ca and Mg in the water samples served as conservative, natural tracers. 

The concentrations of these constituents in water are the result of the dissolution of Ca- and Mg-

rich siliciclastic deposits by groundwater, and our work throughout the broader Kenai Peninsula 

Lowlands suggests they are suitable natural tracers for determining the relative contribution of 

groundwater to a given sample of water (Callahan et al., 2015; Intveld et al., 2022; Brigino et al., 

unpublished data). We calculated the relative contribution of groundwater to the BCR and to the 

three tributaries as described in Equation 1:  

𝑓𝑓𝑔𝑔𝑔𝑔 = (𝐶𝐶𝑠𝑠𝑠𝑠 − 𝐶𝐶𝑝𝑝𝑝𝑝)/(𝐶𝐶𝑔𝑔𝑔𝑔 − 𝐶𝐶𝑝𝑝𝑝𝑝  )      Equation 1 

where 𝑓𝑓𝑔𝑔𝑔𝑔 is the fraction of streamflow (i.e., BCR outflow or tributary) attributable to groundwater, 

𝐶𝐶𝑠𝑠𝑠𝑠 is the concentration of the natural tracer in streamflow, 𝐶𝐶𝑝𝑝𝑝𝑝 is the average concentration of the 

natural tracer in precipitation, 𝐶𝐶𝑔𝑔𝑔𝑔 is the average concentration of the natural tracer in groundwater. 

The final reported fraction of streamflow attributed to groundwater reported is the average of the 

values calculated based on the concentrations of Ca and of Mg.  

Development and Validation of Groundwater Discharge and Recharge Maps 

We constructed a map of high probability locations of groundwater discharge in the broader 

Kenai Peninsula Lowlands using geospatial data and machine learning (Gerlach et al., 2022). In 

that study, we identified two types of groundwater discharge: hillslope groundwater discharge, 

commonly manifested as diffuse seeps, and aquifer-outcrop groundwater discharge, commonly 

manifested as springs. We developed multistep manual procedures that allowed us to accurately 
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predict the locations of both types of groundwater discharge, though only where geologic data 

were available. To extend our analyses beyond the areas where geologic data was available, we 

applied maximum entropy modeling, a machine learning technique, to predict the prevalence of 

both types of groundwater discharge throughout the entire Kenai Peninsula Lowlands. Additional 

details can be found in Gerlach et al. (2022), which is included in Appendix 2.  

We constructed a map depicting the variation in groundwater recharge potential (GWRP) 

in the Anchor River Watershed (Guerrón-Orejuela et al., 2023). GWRP was mapped using 

geospatial data and Analytic Hierarchy Process (AHP) (Arulbalaji et al., 2019; Guerrón-Orejuela 

et al., 2023; Saaty, 1990). AHP is a multicriteria decision analysis method that provides a 

systematic methodology to classify and prioritize among heterogenous spatial datasets. GIS-AHP 

techniques can be used to address complex, multidimensional problems, such as delineating 

GWRP. The coupling of GIS and AHP has made them a powerful tool for regional hydrogeologic 

research and decision-making. Additional details can be found in Guerrón-Orejuela et al. (2023), 

which is included in Appendix 3. 

Both the groundwater discharge and recharge maps were validated for the original study 

areas. However, given the large size of those original study areas, it is unsurprising that few of the 

original validation points fell within the BCR Watershed. In this study, we assessed the accuracy 

of the groundwater discharge and recharge maps as they apply to the BCR Watershed through field 

work conducted at 84 field sites, several of which were visited twice, once following an extended 

dry period (June 10-July 29, 2022) and another following a series of rainfall events (Sept 21-30, 

2022). At each field site, we recorded the GPS coordinates using a handheld Garmin GPS unit, 

photographed the location, and recorded the presence/absence of water or indicators of water, i.e., 

gullies, iron floc, or directionally bent vegetation. At four sites, we additionally identified the 
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dominant soil texture, as this was an important variable in the development of the groundwater 

recharge map (Guerrón-Orejuela et al., 2023). We had completed the map of groundwater 

discharge prior to the start of this project. Therefore, we used it to identify the locations of the 

groundwater discharge validation sites in the BCR Watershed. We expected to observe evidence 

of groundwater discharge where the predicted probability of groundwater discharge was high. 

However, the map of GWRP was not available until Spring 2023, i.e., after field work had been 

completed. We overlaid our 2022 field points on the GWRP map and identified seven that had 

been sampled in zones mapped as “high” GWPR. We reviewed the associated field notes and 

photos to assess whether our field observations were consistent with traits characteristic of high 

GWRP as per Guerron-Orejuela et al. 2023 (e.g., areas with flat terrain, coarse-grained surficial 

deposits, low drainage density, and low-density development). 

Results and Discussion 

Groundwater Contribution to the Bridge Creek Reservoir 

In a scatterplot plot of Ca vs Mg, the BCR outflow samples plot between the precipitation 

and groundwater samples, indicating that the BCR water is a mix of precipitation and groundwater 

(Figure 4). Furthermore, the isotopic signature of the groundwater we have analyzed in the broader 

Kenai Peninsula Lowlands is well within the range of the modern isotopic signature of 

precipitation (Brigino et al., unpublished data). This indicates that there is no Pleistocene 

groundwater expressed within this area, which includes the BCR Watershed, and we can infer that 

the residence time of groundwater within the BCR Watershed is relatively short (i.e., years to 

decades).  
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Precipitation samples have consistently low Ca and Mg concentrations while groundwater 

samples have widely varying Ca and Mg concentrations (Figure 4), reflecting differing residence 

times. This is typical of the Kenai Peninsula Lowlands (Brigino et al., unpublished data) and is 

consistent with the premise that both hillslope groundwater discharge and aquifer-outcrop 

groundwater discharge are present in the BCR Watershed. We calculated the average groundwater 

concentrations of Ca and Mg of this dataset and used these values as two endmembers in the mass 

balance mixing model (Figure 5).  

 

Figure 4. Calcium and magnesium concentrations for the BCR outflow (55 samples), precipitation (14 samples), 
wells (9 samples), and seeps or springs (15 samples).  
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Figure 5. Two endmember mass balance mixing model for the BCR.  

The relative contribution of groundwater to the BCR varies temporally, ranging from ~30-

80% at any one moment in time but averaging 50-60% throughout the course the year (Figure 6). 

Groundwater contribution to the reservoir is expected to vary seasonally, as precipitation in the 

BCR watershed also varies seasonally (Figure 7). Groundwater may discharge directly to the BCR, 

either above or below the reservoir water surface, but also clearly discharges from seeps and 

springs that feed the tributaries that in turn discharge to the BCR (Figure 8).  
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Figure 6. The relative contribution of groundwater to the Bridge Creek Reservoir from June 2022-July 2023. Each 
dot corresponds to a separate water sample collected at the Bridge Creek Reservoir Outflow.  

 

Figure 7. Daily precipitation for the BCR Watershed (T. Cook - City of Homer Water Sewer Superintendent, 
personal communication, August 16, 2023).    
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2022, following a series of rain events (Figure 7). The tributary entering from the north was newly 

sampled at that time. The subsequent analysis indicates ~30-40% of the tributary streamflow was 

still comprised of groundwater during the abundant rain that fell during that time. Our results 

suggest the degree to which the BCR and tributaries to the BCR are comprised of groundwater 

varies seasonally, increasing as conditions become drier. This timing unfortunately coincides with 

other demands upon this resource, i.e., increased summer residents and tourism. These results are 

consistent with what we see in the mainstem of the South Fork Anchor River and in other 

watersheds of the Kenai Peninsula Lowlands (Callahan et al., 2015; Brigino et al., unpublished 

data). These results are provisional, as our study of the contributions of groundwater discharge to 

streamflow throughout the broader Kenai Peninsula Lowlands is ongoing. We would like to 

emphasize the tributary results are particularly provisional as we had a very small BCR 

Watershed dataset, i.e., 1 -2 samples per representative tributary (Figure 8) and did not 

include the tributary that enters the BCR from the SW. 

 



17 
 

 

Figure 8. Surface water sampling at the major tributaries to the reservoir. The north (top), east (middle), and south 
(bottom) were sampled on September 30, 2022, following a series of rain events. Eastern and southern surface 
waters were additionally sampled earlier on July 21, 2022, following a long dry spell.  
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Groundwater Discharge and Groundwater Recharge Maps 
  

Groundwater discharge varies throughout the BCR Watershed (Figure 9). Hillslope 

groundwater discharge occurs where rainfall and snowmelt infiltrate into the shallow subsurface, 

move laterally downslope through the shallow subsurface, and discharge as diffuse seeps and small 

springs at groundwater-induced slope failures and valley-bottom toe slopes. Aquifer-outcrop 

groundwater discharge occurs where rainfall and snowmelt infiltrate into the deep subsurface, 

move laterally through aquifers, and discharge as larger springs at aquifer outcrops in valleys 

carved by modern streams (Figure 2). Both typically occur proximal to streams, but especially at 

the headward extent of stream networks. The model for the entire Kenai Peninsula Lowlands was 

validated, and the AUC values were 0.95 for training data and 0.91 for testing data, indicating 

outstanding model performance. Our field validation results similarly support the accuracy of this 

map in the BCR Watershed (Table 1). The accuracy based on the confusion matrix indicate the 

accuracy of this map is 91% in the BCR (TN+TP/Total = accuracy, 8+21/32 = 0.91), however, our 

incidental field observations suggest the accuracy is lower in areas where the ground has been 

disturbed.  

Landscape curvature is an important predictor of groundwater discharge in the Kenai 

Peninsula Lowlands (Gerlach et al. 2022) and is often high where the hillslope meets a floodplain. 

The historic shoreline of Bridge Creek has been flooded, artificially raising the elevation to the 

current shoreline. Our model has predicted abundant seeps and springs on the northeastern and 

southeastern shorelines which weren’t generally supported by our field observations. We traversed 

the shoreline in small boats on two occasions, landing periodically to look for seeps or springs, but 

we rarely observed them. Similarly, the false positives and false negatives recorded in the 

confusion matrix were associated with anthropogenic disturbances such as an excavated hollow 
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and a linear depression carved by powerline activity (Table 1). We suggest using caution when 

interpreting the Groundwater Discharge map in disturbed areas. 

Table 1. Results of field verification of seeps and springheads organized into a confusion matrix. Predicted refers to 
the predicted locations as per the groundwater discharge map. Actual refers to field observations at those locations. 
 

 Predicted No Predicted Yes Total 
Actual No 8 1 9 
Actual Yes 2 21 23 
Total 10 22 32 

 

In the BCR Watershed, 833.2 ha have a low probability of groundwater discharge 

occurrence (i.e., <10%) and just 4.73 ha have a high to very high probability of groundwater 

discharge occurrence (i.e., >70%) (Figure 10). Note that this map does not distinguish between 

hillslope groundwater discharge and aquifer-outcrop groundwater discharge or between seasonal 

and perennial groundwater discharge.  Further calibration would be needed to distinguish between 

types of discharge. 
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Figure 9. Predicted groundwater discharge occurrence in the BCR Watershed. Seeps and springs are most likely to 
occur where the probability is high. The red stars show the locations of seeps and springheads that were used to field 
validate the model. The inset (B) has been added to illustrate there may be localized areas where seeps/springs are 
predicted that will not be readily apparent from a map unless the user is able to “zoom in”.  

 

Figure 10. Histogram of the area in hectares and their corresponding probability of groundwater discharge in the 
BCR Watershed.  
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GWRP also varies throughout the BCR Watershed. GWRP is highest in areas along streams 

and floodplains, valley bottoms, and other flat areas with alluvium. Furthermore, GWRP is the 

highest where precipitation is relatively high, geologic deposits are coarse-grained and 

unconsolidated, soils are variants of sands and gravels, the terrain is flat, drainage density is low, 

and land cover is undeveloped (Figure 11) (Guerrón-Orejuela et al., 2023). The model for the entire 

Anchor River Watershed was validated, and overall accuracy was 87%. Our field validation results 

similarly support the accuracy of this map in the BCR Watershed.  

 

Figure 11. Distribution of GWRP in the BCR Watershed. Groundwater recharge is most likely to occur in areas 
where the GWRP is High or Very High.  
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In the BCR Watershed, < 1% of the area has Very Low GWRP, 4% of the area has Low 

GWRP, 11% of the area has Moderate GWRP, 42% of the area has High GWRP, and 43% of the 

area has Very High GWRP. Overall, ~85% of the BCR Watershed has High or Very High GWRP 

(Figure 14). 

Preliminary Water Budget 
 

Though not part of the scope of this project, we have been independently studying the water 

budget for the BCR Watershed, using Equation 2:  

P - ET - Q - RD = ∆S         Equation 2 

where P is precipitation across the BCR Watershed, ET is evapotranspiration across the BCR 

Watershed, Q is surface water flowing out of the BCR Watershed, RD is deep groundwater recharge 

flowing out of the BCR Watershed, and ∆S is change in storage across the BCR Watershed. We 

have been conducting this analysis over yearly timescales, so the ∆S across the BCR Watershed is 

effectively equal to zero. Furthermore, Q has two components: water being used by the City of 

Homer and water flowing through the BCR outflow. Therefore, we have simplified the water 

budget for the BCR Watershed, using Equation 3: 

P - ET - QH - QO - RD = 0       Equation 3 

where QH is water being used by the City of Homer, QO is the water flowing out of the BCR 

outflow, and all other terms are as previously defined (Figure 12). 
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Figure 12. Conceptualization of the water budget for the BCR Watershed. The arrow in green represents water 
entering the watershed, and the arrows in yellow represent the different ways in which water leaves the watershed. P 
is precipitation, ET is evapotranspiration, QH is water being used by the City of Homer, QO is the water flowing out 
of the reservoir through the outflow, and RD is deep groundwater recharge 

 

We have used long-term data to calculate averages for precipitation, evapotranspiration, 

and city water use. We have treated deep groundwater recharge as an error term (i.e., if we measure 

or calculate all other terms correctly, the remainder must have been lost to deep groundwater 

recharge). Reservoir outflow has been the most difficult term to calculate because there are no 

long-term data and even short-term measurement is difficult. As a first order estimate, we had 

previously estimated average reservoir outflow from the geomorphology of Bridge Creek below 

the BCR outflow. Those provisional estimates indicated that reservoir outflow was comparable in 

magnitude to the city water use (Mastrion, 2022). These results are provisional and are reported 

for internal discussion only and they should not be used for planning purposes. 

During the course of this study, but outside the scope, we conducted a feasibility analysis 

of measuring reservoir outflow by continuously measuring stream stage with a Solinst Levelogger 
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(Solinst, Georgetown, ON). We placed the Levelogger in the concrete vault of the BCR outflow 

so we could use the spillway as a weir and calculate outflow from the measured stage. Results 

were difficult to interpret. There were significant flood flows that damaged the Levelogger which 

had to be repaired and replaced. Additionally, freezing during winter altered the spillway cross 

section, which made it difficult to calculate outflow from the measured stage. This remains an 

important unknown, as the reservoir outflow could represent additional water available for 

consumptive use yet also supports habitat for salmonids that are found directly below the reservoir 

outflow, as Bridge Creek is a tributary to the Anchor River (Figure 13). 

 

Figure 13. Jacob Argueta (KBNERR) shows community members salmonids he caught at the outflow of the BCR.  
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Conclusions  

Our results show that over half of the BCR water supply starts its journey underground 

(Figure 6). However, there are two types of groundwater discharge that may play varying roles 

throughout the year. Hillslope groundwater discharge is commonly seasonal and aquifer-outcrop 

groundwater discharge is commonly perennial (Brigino et al., unpublished data). Those aquifers 

also support household water supply wells within the BCR Watershed. With the potential increased 

consumptive use of limited groundwater resources and a warming and possible drying trend in the 

regional climate (e.g., Klein et al., 2005), source water protection within the BCR Watershed is 

particularly important.  
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Coupling the modelled areas of groundwater discharge and GWRP can inform management 

decisions for source water protection, including land acquisition and conservation easements. 

There are very few areas where the probability of groundwater discharge is high (Figure 9 and 

Figure 10). Conversely, there are many areas where the GWRP is High or Very High (Figure 11 

and Figure 14). Therefore, the most efficient way to use these results for source water protection 

is to identify those rare areas where the probability of groundwater discharge is high, then delineate 

the upgradient areas where the likely associated GWRP is High or Very High (Figure 15). These, 

then, could be areas where one might consider the use of land acquisition and/or conservation 

easements to protect source water for the BCR Watershed. 

 

Figure 15. Example analysis to identify critical source water protection areas in the BCR Watershed. For example, it 
is clear that there are areas in the northeast portion of the BCR Watershed that have both a high probability of 
groundwater discharge and Very High GWRP. 
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Appendix 1: Scope of Work, Agreement # 069687242 
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Memorandum 22-071 
TO:   Rob Dumouchel, City Manager  

FROM:  Janette Keiser, Director of Public Works 

DATE:  April 12, 2022   

SUBJECT: Contract to National Kachemak Bay Estuarine Research Reserve  

Issue: The purpose is to request approval to issue a Contract to the Kachemak Bay National Estuarine 
Research Reserve (“KBNERR”) to do ground water research in the Bridge Creek Reservoir watershed.  

Background:   

Ordinance 21-16(A) authorized the expenditure of $50,000 from the HAWSP Fund for ground water 
research in the Bridge Creek Reservoir Watershed.  KBNERR has been conducting ground water 
research in a wide area north of the Bridge Creek Reservoir.  KBNERR proposes to extend that work 
south to the Bridge Creek Watershed for $50,000.  To quote KBNERR, where’s what they intend to do: 

We propose to identify priority areas where springs, seeps, and their associated recharge areas 
are located. The identification of these areas will be a combination of geospatial analysis and 
field verification. The new geospatial modeling will predict locations of groundwater recharge 
next to seeps and springs in the Bridge Creek Reservoir watershed, which will be field validated. 

Field work will be performed June 2022. Edgar Guerron Orejuela from the University of South 
Florida and a NOAA Ernest F. Hollings scholar, will focus on developing and field validating the 
layer that predicts the locations of groundwater recharge proximal to known seeps and springs 
in the Bridge Creek Reservoir watershed. Later, Dr. Mark Rains, Dr. Kai Rains, Tyelyn Brigino of 
the University of South Florida, and another NOAA Ernest F. Hollings scholar, will further field 
validate the layer that predicts the locations of additional seeps and springs.  Onsite technical 
and logistical support will be provided by KBNERR staff.  We request that the City of Homer 
facilitate physical access to areas within the project domain. 

Deliverables will include an updated geospatial database and a virtual workshop focused on the 
identification of areas where the City of Homer might want to consider practicing source-water 
protection, to ensure lasting groundwater discharge to the Bridge Creek Reservoir. 

Recommendation:    
 
City Council pass a resolution awarding a Contract to KBNERR in the amount of $50,000 and 
authorizing the City Manager to negotiate and execute the appropriate documents. 
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Landry, S. M., & Rains, M. C. (2022). Using Remote Sensing and Machine Learning to Locate 
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Abstract: We hypothesized topographic features alone could be used to locate groundwater discharge,
but only where diagnostic topographic signatures could first be identified through the use of limited
field observations and geologic data. We built a geodatabase from geologic and topographic data,
with the geologic data only covering ~40% of the study area and topographic data derived from
airborne LiDAR covering the entire study area. We identified two types of groundwater discharge:
shallow hillslope groundwater discharge, commonly manifested as diffuse seeps, and aquifer-outcrop
groundwater discharge, commonly manifested as springs. We developed multistep manual proce-
dures that allowed us to accurately predict the locations of both types of groundwater discharge in
93% of cases, though only where geologic data were available. However, field verification suggested
that both types of groundwater discharge could be identified by specific combinations of topographic
variables alone. We then applied maximum entropy modeling, a machine learning technique, to
predict the prevalence of both types of groundwater discharge using six topographic variables: profile
curvature range, with a permutation importance of 43.2%, followed by distance to flowlines, eleva-
tion, topographic roughness index, flow-weighted slope, and planform curvature, with permutation
importance of 20.8%, 18.5%, 15.2%, 1.8%, and 0.5%, respectively. The AUC values for the model were
0.95 for training data and 0.91 for testing data, indicating outstanding model performance.

Keywords: seeps; springs; geology; topography; aquifer outcrops; topographic indices; geospatial
modeling; Kenai Peninsula Lowlands; Alaska

1. Introduction

Many ecosystems depend on groundwater discharge, including many wetlands [1,2],
lakes [3,4], streams [5,6], and estuaries [7,8]. Groundwater discharge to streams is particularly
prevalent and critical, being the sole source of baseflow by definition [9] and commonly a
substantive subcomponent of stormflow [10]. Though regionally variable, estimates suggest
that groundwater discharge provides 14–90% of all stream flow in the conterminous United
States [5]. In addition to subsidizing stream flow, groundwater discharge to streams can
also modulate stream temperature [11,12] and deliver nutrients and organic carbon [13,14],
thereby playing important roles in structuring habitats from the benthos [15] to the fish [16].
Groundwater is also an important water supply component, with 321,000,000 m3 of ground-
water withdrawals comprising 26% of all water use in the United States in 2015 [17]. Many
of these withdrawals are centralized, including withdrawals for thermoelectric power gen-
eration (41%), public water supply (12%), and industrial water supply (5%). Others are
more dispersed, including irrigation water supply (37%) and domestic water supply (1%).
Effective management and protection of groundwater resources is critical, therefore, to a
diverse suite of natural and human users [18].
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The first step toward protecting groundwater discharge to ecosystems is to determine
the types of groundwater discharge (e.g., sourced from local versus regional groundwater
flow systems), the locations where groundwater discharge occurs, and their support for
downgradient ecosystems (e.g., fluvial ecosystems). Field studies are often essential in iden-
tifying types and locations of groundwater discharge, especially in geologically complex
regions where there may be more than one type of groundwater discharge from more than
one type of geologic unit [19,20]. Field mapping of these types of groundwater discharge is
possible in some situations (e.g., [21]) but is impractical over large spatial scales and/or in
difficult-to-access regions. In these instances, remote sensing, geospatial modeling, and/or
machine learning have been used to map remote locations where groundwater discharge
occurs, with some degree of success (e.g., [22,23]). These tools are receiving increased
attention for general applications in hydrology as computer processing power increases
and remote sensing data become more easily available.

The ways remote sensing, geospatial modeling, and/or machine learning are used
in hydrologic studies depends on the question being addressed; the spatial and temporal
scale of the question; and the type, amount, and quality of the available data [24–26].
Nevertheless, these tools have been incorporated into strategies to forecast groundwater
levels [27–30], groundwater quality [31–33], saltwater intrusion and groundwater salin-
ity [34], and groundwater resource availability [35,36]. Using these approaches to better
understand and predict groundwater discharge is particularly challenging (e.g., [22,23]). In
many cases, groundwater discharge occurs where erosion or tectonic uplift has exposed
aquifers, creating aquifer outcrops. This means that better understanding and predicting
groundwater discharge requires an understanding of both topography and geology, with
subsurface lithology commonly being poorly known [22,23] yet nevertheless playing a
disproportionately important role [30].

The primary controls on groundwater recharge, flow, and discharge are climate,
geology, and topography [37]. Climate is typically constant across large study areas, and
regional-scale geologic data are difficult to obtain, so studies typically rely upon topography
to characterize generalized hydrology [38,39] and locations where groundwater discharge
is likely to occur [23,40,41]. However, geologic heterogeneity often plays a controlling role
in groundwater recharge, flow, and discharge [42], leading some to suggest that geologic
data are more important than topographic data when characterizing hydrological processes
(e.g., [30,43]). However, accurate prediction of groundwater discharge is often desired in
regions where the geology is heterogeneous and anisotropic, poorly understood, and/or
inadequately documented. We therefore hypothesized that topographic features alone
could be used to locate groundwater discharge, but only where diagnostic topographic
signatures could first be identified through field observations and geologic data covering a
characteristic subset of the study area. We based this hypothesis on the understanding that
groundwater levels and discharges play important roles in structuring local- and watershed-
scale geomorphology, thereby affecting topography [44,45], and that groundwater flow
systems are typically attracted to the land surface at concave surfaces, such as hillslope
failures and toeslopes [2,46,47]. We tested this hypothesis in south-central Alaska, in a large
area that is difficult to access and where geologic data are incompletely available but where
remotely sensed LiDAR-based topographic data are widely available.

2. Materials and Methods
2.1. Site Description

The study was conducted on the Kenai Peninsula Lowlands in south-central Alaska
(Figure 1). The study area is a 1655 km2 area comprising five watersheds: Anchor River,
Stariski Creek, Happy Creek, Deep Creek, and the Ninilchik River, from south to north
respectively. All except Happy Creek are salmon-bearing and therefore support vibrant
sport and commercial fisheries that are central to the regional economy [48,49]. Groundwater
discharge plays a critical role in controlling the structure and function of these streams,
by augmenting stream flow, modulating stream temperatures, and delivering nutrient
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subsidies [12,14]. Most of the study area is roadless or accessible only by unimproved
roads. However, more than 80% of the land is privately owned and has begun seeing
steadily increasing development pressure [50], particularly in the western region of the
study area and primarily to support single-family homes and farm-to-fork agriculture [51].
Groundwater is the primary source of water for domestic, commercial, and industrial
uses [52] and is also threatened by land-use/land-cover change [53], aggregate mining [49],
and a drying trend in the climate [54–56].
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The climate is transitional from maritime to coastal and consists of short summers and
long winters (HOMER 8 NW, ALASKA [503672], 1981–2010). The mean annual minimum
temperature is −0.8 ◦C, and the mean annual maximum temperature is 6.1 ◦C. Total annual
precipitation is 748 mm, with approximately one-third falling as snow and approximately
half falling during the wet season (i.e., August–November). The study area underwent at
least five major Pleistocene glaciations and two minor post-Pleistocene glacial advances,
each variously recorded in ice-scoured landforms, drift sheets, moraines, and discordant
drainage relations separated by unconformities and weathering profiles [58]. Most of the
study region is now covered with younger glacial outwash and valley train; glaciolacustrine;
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and other minor terminal, recessional, lateral, medial, and ground moraine deposits [59],
some reworked by the recent minor glacial advances. Groundwater is found in both surficial
deposits, often in wetlands, and in deeper deposits, commonly in thin, discontinuous, and
poorly lithified sandstone aquifers formed in buried channel lag and bar deposits [60].
Overall topographic relief ranges from 0 to 889 m above mean sea level (AMSL). Local
topography is also commonly steep, as streams have deeply dissected the landscape during
the Quaternary.

2.2. Overall Approach

The study proceeded in three phases. During the first phase, we created a geographic
information system (GIS) geodatabase from geologic and topographic data. Geologic data
were sourced from publicly available well logs available for ~40% of the study area; topo-
graphic data were sourced from airborne LiDAR available for the entire study area. During
the second phase, we stayed within the subset of the study area where geological data were
available, using the geodatabase and field observations to identify two types of groundwa-
ter discharge and locations where they occurred. The geologic data and geodatabase were
essential to the initial identification of one of those two types of groundwater discharge
and locations where it occurred. However, field observations suggested that these loca-
tions could also be identified by specific combinations of topographic variables alone even
where geologic data were not available (e.g., numerous narrow gullies and other deeply
incised headwater stream channels that abruptly start along the same topographic contour
interval on a hillslope). In the final phase, we used a machine learning approach using only
topographic data to predict the likelihood that either type of groundwater discharge occurs.

2.3. Geodatabase Development
2.3.1. Geologic Data

Subsurface geologic data were obtained from well logs in the publicly available Well
Log Tracking System (WELTS) maintained by the Alaska Department of Natural Resources
(https://dnr.alaska.gov/welts/; accessed on 29 May 2019). Records from >800 well logs
within and immediately adjacent to the study area were used to quantify the locations,
depths, thicknesses, and geologic characteristics of the water-bearing formations, i.e., the
aquifers.

Depths and thicknesses of the aquifers were converted to top and bottom elevations of
the aquifers. The aquifer materials are unconsolidated to poorly lithified buried channel lag
and bar deposits and therefore vary slightly in thickness and slope gently in the original
direction of drainage. Therefore, a user-specified 5 m vertical buffer was added to the top
and subtracted from the bottom elevations of the aquifers. These vertically buffered aquifers
were then projected outward from the well logs in concentric circles of increasing radii
using the Inverse-Distance Weighting (IDW) interpolation tool. Areas where the buffered
aquifers intersected the ground surface were found by intersecting the aquifer boundaries
with a digital elevation model (DEM, see below) using the Raster Calculator tool and were
mapped as potential aquifer outcrops. The final step was to determine the horizontal
spatial scale over which the aquifer interpolations were valid. We did so using standard
geologic mapping techniques. Geologic mapping is an interpretive method in which field
observations are commonly recorded as qualitative data, such as sketches and narratives [61].
We made such qualitative observations at increasing radial distances from wells, looking for
aquifer outcrops of the same material and at the same approximate elevations as described in
the corresponding well log. We initially tested circles of 1000 m radius and then tested circles
of 2000 and 3000 m radius as we continued to find aquifer outcrops at the outer edges of
the projections, though with decreasing frequency with increasing radial distance. We then
tested circles of 5000 m radius, finding no aquifer outcrops of the same material at the same
approximate elevations as described in the corresponding well log. We concluded that the
horizontal spatial scale over which the aquifer interpolations were valid ended somewhere
between 3000 and 5000 m, and we adopted the more-conservative limit of 3000 m. This

https://dnr.alaska.gov/welts/


Remote Sens. 2022, 14, 63 5 of 18

resulted in >800 overlapping circles of 3000 m radius covering ~40% of the study area, which
is sufficiently representative of the entire study area. Many of these overlapping circles
intersect the ground surface and therefore indicate locations where groundwater discharge
from aquifer outcrops likely occurs.

2.3.2. Topographic Data

Topographic data were derived from airborne LiDAR (2008 Kenai Watershed Forum
Topographic LiDAR: Kenai Peninsula, Alaska; https://www.fisheries.noaa.gov/inport/
item/49620; accessed on 25 February 2019). The LiDAR-based digital elevation model (DEM)
was acquired at 1 × 1 m pixel size but was resampled to a 3 × 3 m pixel size, which both
reduced run times and smoothed microtopographic anomalies. The DEM was also modified
to remove areas that were below the estimated tide level at the time of data collection (~3 m
AMSL). This resampled and modified DEM was used to produce all topographic data using
standard tools in ArcGIS 10.5 or ArcGIS Pro 2.7.1 (ESRI, Redlands, CA, USA).

Topographic data directly extracted from the DEM included elevation, slope, profile
curvature, profile curvature range, planform curvature, and planform curvature range.
Slope records the steepness of the terrain expressed as a percentage. Steep slopes can be
indicative of steep hydraulic gradients driving shallow groundwater flow [42], and long
steep slopes may be indicative of locations where aquifers might outcrop and therefore
where deep groundwater discharge might occur. Profile curvature measures convexity or
concavity of the slope parallel to the direction of the slope; planform curvature measures
convexity or concavity of the slope perpendicular to the direction of the slope. The range
of profile and planform curvatures were calculated within a 3 × 3 cell (9 × 9 m) window
to measure changes in curvature over short distances, which can be an indicator of slope
failures like those induced by groundwater discharge [46,47], the headward extents of
channels formed by groundwater discharge [62,63], and/or locations where water tables
might be close to or above the land surface [2,64].

Topographic data derived from the DEM included flowlines, terrain ruggedness in-
dex (TRI), flow-weighted slope (FWS), and topographic wetness index (TWI). Flowlines
were defined by categorizing flow accumulation values higher than 2000 as streams and
converting those into vector format. Flowlines may represent locations where water tables
might be close to or above the land surface [6], and the headward extents of flowlines likely
correlate with the headward extents of channels formed by groundwater discharge [63]. TRI
measures topographic heterogeneity, calculated as the square root of the average squared
differences in elevation between a pixel and its eight neighbors, and is defined per pixel as:

TRI =
[(

Xij − X00
)2
] 1

2 , (1)

where Xij is the elevation of all eight pixels neighboring pixel X00 [65]. TRI was computed
using Arc Hydro in ArcGIS Pro. TRI is an indicator of slope failures like those induced
by groundwater discharge, the headward extents of channels formed by groundwater
discharge, and narrow gullies and other deeply incised headwater stream channels [66].
FWS indicates the degree to which water is concentrated and then driven downslope by
topography, and it is defined per subcatchment as:

FWS = ∑(βi ∗ FACi)/ ∑ FACi, (2)

where βi is the slope (in percent) at a particular pixel, FACi is flow accumulation for
that pixel, and ∑(FACi) is the summation of flow accumulation for all pixels within the
subcatchment. FWS was calculated using Arc Hydro in ArcMap 10.8. Arc Hydro was
first used to calculate flow direction and flow accumulation and define, segment, and link
streams. These were then used to delineate catchments using the Arc Hydro catchment
grid delineation tool. The catchment grid was then converted into a polygon feature class
using the Arc Hydro catchment polygon processing tool. The stream link layer was then

https://www.fisheries.noaa.gov/inport/item/49620
https://www.fisheries.noaa.gov/inport/item/49620
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converted into a drainage line feature class using the Arc Hydro drainage line processing
tool. Finally, the Arc Hydro adjoint catchment processing tool was used to generate the
aggregated upstream catchments from the catchment feature class. FWS for each catchment
was then calculated from these layers using the raster calculator. FWS has been shown to
correlate both with groundwater discharge [12] and stream water chemistry which itself
may be a function of groundwater discharge [67]. TWI indicates where water is likely to
accumulate, and it is defined per pixel as:

TWI = ln
(

A
Tanβ0

)
, (3)

where A is the area that contributes flow to a particular pixel and Tanβ0 is the tangent
of the slope of the pixel being analyzed [68,69]. TWI was calculated using Arc Hydro
and the TWI tool in TauDEM Version 5 (Terrain Analysis Using Digital Elevation Models;
https://hydrology.usu.edu/taudem/taudem5/; accessed on 7 May 2019) in ArcMap 10.8.
The D-infinity (DINF) tool in Arc Hydro was first used to calculate a slope-sensitive flow
direction. The DINF is an iterative process which guarantees that each flat pixel ultimately
drains to a lower elevation, eliminating the possibility of inconsistencies such as loops in
the flow direction angle [70]. The DINF contributing area tool in Arc Hydro was then used
to calculate a grid of pixel-specific catchment areas. TWI for each pixel was then calculated
using the TWI tool from the TauDEM. TWI has also been called Wetx and Compound
Topographic Index (CTI); all three utilize the same formula to represent likelihood of water
flow over landscapes [68,69,71].

2.3.3. Layers Derived from the Geologic and Topographic Data

Multiple geologic and topographic layers were derived from the geologic and topo-
graphic data (Figure 2). The geologic data were obtained from >800 well logs associated with
domestic, commercial, and/or industrial wells, all located proximal to roads in the more-
developed western and southern parts of the study area. The topographic data were derived
from a DEM which covered the entire, mostly roadless, 1655 km2 study area. Therefore, the
GIS layers which represent the geologic data are situated predominantly in the western and
southern portions of the study area while the layers representing the topographic data cover
the full extent of the study area.
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Figure 2. Primary geologic and topographic layers include: (a) well log points and modeled aquifer
outcrops; (b) DEM, represented by a shaded relief to emphasize terrain, with the 67 field points used
for training and testing; (c) flowlines; (d) TRI; (e) FWS; and (f) TWI. Here, only the Anchor River
Watershed, the southernmost of the five watersheds, is shown in full.

2.3.4. Field Work

Field work was conducted during the summers of 2018 and 2019. Initial field work
was focused on identifying the types of groundwater discharge that occur and the condi-
tions under which they occur. We then developed and tested procedures for the manual
identification of these types of groundwater discharge using the full geologic and topo-
graphic portions of the geodatabase (i.e., both the geologic and topographic data). Using
these manual procedures, we identified 67 locations in the Anchor River and Stariski Creek
watersheds, the southernmost two watersheds in the study area (Figure 2). Our manual
procedures predicted that groundwater discharge did occur at 54 of these locations and
did not occur at 13 of these locations. We then visited each of these 67 locations, obtaining
geographic positioning system (GPS) coordinates at each location with a Garmin Rino
650 handheld GPS unit (Garmin, Olathe, KS, USA) and noting if groundwater discharge
actually did or did not occur. Where groundwater discharge did occur, temperature, pH,
and specific conductance were measured using a YSI MPS 556 (YSI, Yellow Springs, OH,
USA). Specific conductance was particularly important because it is a proxy for water–rock
contact time, with precipitation having no water–rock contact time and relatively low
specific conductance, shallow soil water having relatively short water–rock contact time
and relatively moderate specific conductance, and deep aquifer water having relatively
long water–rock contact time and relatively high specific conductance (e.g., [72]). Therefore,
it was a useful proxy for distinguishing between younger, shallow hillslope groundwater
(e.g., recent precipitation, including snowmelt, moving downslope along the surface and in
the shallow subsurface) from older, deep aquifer groundwater (e.g., precipitation, includ-
ing snowmelt, that had infiltrated and recharged deeper aquifers, then traveled laterally
to discharge from an aquifer outcrop). We simultaneously also made observations that
indicated we might otherwise identify these types of groundwater discharge using only
the topographic portion of the geodatabase (i.e., only the topographic data).
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2.3.5. Modeling

The study area is large and difficult to access, and geologic data are only available
for ~40% of the study area. Furthermore, field observations indicated that the locations
where groundwater discharge occurred could be identified by specific combinations of
topographic features alone. Therefore, we applied maximum entropy modeling, a machine
learning technique, to predict the likelihood groundwater discharge occurs using only the
topographic portion of the geodatabase. We chose a Maxent modeling approach to map the
prevalence of seeps and springs across the study area, as it is a robust method that relies
on presence-only data. Maxent works by relating occurrence data, in the form of points, to
layers of environmental data, which are sometimes called predictors or covariates [73,74].
The method works by using maximum likelihood functions to best distinguish presence
points from the landscape. Specifically, the algorithm finds the model that minimizes the
relative entropy between the probability density of the presence points and the proba-
bility density of background locations, as measured in covariate space. We used Maxent
version 3.4 (http://biodiversityinformatics.amnh.org/open_source/maxent; accessed on
1 September 2020) to predict locations of seeps and springs with respect to environmental
variables. The 51 seeps and springs identified in the field were used as the presence points,
while 10 topographic layers from the geodatabase were used as the predictors: elevation,
slope, planform curvature, planform curvature range, profile curvature, profile curvature
range, distance to flowlines, TRI, FWS, and TWI.

We modeled the prevalence of seeps and springs using a logistic model with the default
parameters, except for specifying a prevalence value of 0.10. The value of 0.10 was selected
because we expected seep and spring formation to occur uncommonly, over an estimated
10% of the area. We used a systematic approach to evaluate and reduce the number of
environmental layers to obtain a final model. First, the set of candidate variables was
reduced by removing highly correlated layers, as collinearity can cause bias and make
relationships between individual variables difficult to discern [75,76]. Pairwise correlations
were calculated between all candidate layers; a threshold of r > 0.70 was used to identify
correlated variables. Then, single-variable Maxent models were run for each correlated
variable, with the most predictive variable from each pair, as measured using a jackknife test,
retained for further analysis. Second, a Maxent model was run on all remaining, uncorrelated
variables. The permutation importance of each variable was examined, and any variables
with no contribution to the model were removed. Third, a Maxent model consisting only
of uncorrelated, contributing variables was run to predict spring prevalence. Finally, a
cross-validation procedure was used to test the predictive performance of the final model.

Our manual procedures previously predicted groundwater discharge occurred at
54 locations. Field verification indicated that groundwater discharge actually occurred at 51
of these 54 locations. These 51 presence-only occurrences were used as training and testing
data, with 70% (n = 36) used as training data and 30% (n = 15) used as testing data. The
performance of the final model was assessed by computing the area under the receiver
operating curve (AUC), which measures the probability that a randomly selected presence
location will be ranked higher than a randomly selected background location.

3. Results
3.1. Types of Groundwater Discharge

Two types of groundwater discharge were identified in the study area, hillslope
groundwater discharge and aquifer-outcrop groundwater discharge (Figure 3). Hillslope
groundwater discharge occurs where rainfall and snowmelt infiltrate into the shallow
subsurface, move laterally downslope through the shallow subsurface, and discharge as
diffuse seeps and small springs at groundwater-induced slope failures and valley-bottom
toeslopes. Aquifer-outcrop groundwater discharge occurs where rainfall and snowmelt
infiltrate into the deep subsurface, move laterally through aquifers, and discharge as larger
springs at aquifer outcrops in valleys carved by modern streams.

http://biodiversityinformatics.amnh.org/open_source/maxent
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Figure 3. Types of groundwater discharge include (a) hillslope groundwater discharge and (b) aquifer-
outcrop groundwater discharge. Illustrations drawn by Conrad Field from field sketches and notes
prepared by Mark Rains.

3.2. Manual Identification of Groundwater Discharge
3.2.1. Hillslope Groundwater Discharge

Hillslope groundwater discharge is likely to occur on large, concave, and steep hill-
slopes that accumulate, concentrate, and drive shallow groundwater downgradient toward
concave midslope and/or toeslope positions. These factors are reflected in FWS, which is
a function of the flow accumulation area and slope. FWS is partly a function of slope, so
it tends to be highest in the steep terrain characteristic of the eastern section of the study
area where high-elevation headwaters are common (Figure 2). Previous work in this study
area has demonstrated that hillslopes with relatively moderate–high FWS are commonly
associated with groundwater discharge to streams [12]. Flowlines are also a function of
flow accumulation area. Therefore, a simple two-step workflow using FWS and flowlines
was found to be sufficient for identifying locations where hillslope groundwater discharge
was likely to occur, which could then be verified in the field (Figure 4).
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Figure 4. Example of implementing the two-step workflow to locate hillslope groundwater discharge.
FWS is first used to identify hillslopes with relatively high FWS. Flowlines are then used to identify
specific locations where channels may initiate. Diffuse seeps are commonly found in these settings,
including at the field location in this example.
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3.2.2. Aquifer-Outcrop Groundwater Discharge

Aquifer-outcrop groundwater discharge is likely to occur where aquifers outcrop and
topography indicates the initiation of channelized flow. Aquifer outcrops are reflected in
the aquifer outcrop layer, a created layer that covers only the western and southern, i.e.,
more-developed, settings where well log information was available (Figure 2). These aquifer
outcrops commonly support large springs which form the headward extent of prominent
channels, typically aligned roughly parallel to one another and abruptly initiating along the
same contour interval. The spatially limited aquifer outcrop data product was then used
to explore the topographic data that reflected the initiation of channelized flow, including
the headward extent of incised topography, the initiation of flowlines, and the sudden
concentration of the TWI. Therefore, a simple four-step workflow using the aquifer outcrops
overlaid on contour lines, flowlines, and TWI was found to be sufficient for identifying
locations where aquifer-outcrop groundwater discharge was likely to occur, which could
then be verified in the field (Figure 5).
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Figure 5. Example of implementing the four-step workflow to locate aquifer-outcrop groundwater
discharge. Aquifer outcrops are first used to indicate regions where large volumes of groundwater
discharge likely occur. Then each of the three topographic layers, i.e., contour lines, the initiation of
flowlines, and sudden increases in TWI, are used to identify locations where channelized flows initiate.
Springs are commonly found in these settings. In this case, the lowermost field point was preselected
and found in the field to be 13 m from a spring. The uppermost field point was then visited, and the
static water level was found to be ~2 m below the ground surface in a hand-dug well.

3.2.3. Field Verification

The procedures for identifying groundwater discharge were field verified by visiting
67 field locations, 54 where groundwater discharge was predicted to occur and 13 where
groundwater discharge was predicted not to occur. Groundwater discharge was logged as
occurring if a seep or spring was observed within 30 m of the predicted location. Results
are tabulated in a confusion matrix (Table 1). The sensitivity (i.e., correctly predicted posi-
tives/total actual positives) is 50/51, or 98%, while the precision (i.e., correctly predicted
positives/total predicted positives) is 50/54, or 93%. Accuracy, calculated as the percentage
of correct predictions, is 62/67, or 93%. That is, overall, the manual procedures accurately
predicted the presence or absence of groundwater discharge in 93% of cases. The kappa
coefficient (κ), which takes into account the possibility of the agreement occurring by
chance, is 0.78, which indicates substantial strength of agreement with the field data [77,78].
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Table 1. Confusion matrix of ground-truth points collected to verify the accuracy of the geodatabase
predictions.

Predicted No Predicted Yes Total

Actual No 12 4 16

Actual Yes 1 50 51

Total 13 54 67

3.3. Modeled Identification of Groundwater Discharge

The final Maxent model included six topographic variables. Profile curvature range
contributed the most information to the model with a permutation importance of 43.2%,
followed by distance to flowlines, elevation, TRI, FWS, and planform curvature, with
permutation importance of 20.8%, 18.5%, 15.2%, 1.8%, and 0.5%, respectively (Table 2).
Predicted prevalence of seeps and springs was highest where profile curvature ranges were
large, distances to flowlines were low, elevation was low, TRI was high (i.e., terrain was
rugged), FWS was high, and planform curvature values were large (Figure 6). Collectively,
the model predicts groundwater discharge where topography changes abruptly over small
distances in close proximity to flowlines at lower elevations (Figure 7). The model predicts
that seeps and springs are widespread over the study area, with high prevalence locations
particularly at the headward extent of and alongside streams and along coastal bluffs. The
AUC values for the model were 0.95 for training data and 0.91 for testing data, indicating
outstanding performance [79].
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Figure 6. Predicted probability of prevalence (y-axis) for six topographic variables used in the final
Maxent model to predict seeps and springs: (a) profile curvature range, (b) distance to flowlines,
(c) elevation, (d) TRI, (e) FWS, and (f) planform curvature. The curves represent the dependence of
predicted prevalence on both the individual topographic variables and the correlations between them.
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Figure 7. Predicted prevalence of seeps and springs in the entire study area. Seeps and springs are
most likely to occur where spring prevalence values are highest. The inset highlights the small box in
the southeast of the study area, which is an example area where the probability of the occurrence of
seeps and springs is particularly high.

Table 2. Permutation importance for variables used to predict seeps and springs using the Maxent
model.

Variable Permutation Importance (%)

Profile curvature range 43.2

Distance to flowlines 20.8

Elevation 18.5

Terrain ruggedness index 15.2

Flow-weighted slope 1.8

Planform curvature 0.5

4. Discussion

Though the primary controls on groundwater flow and discharge are climate, geology,
and topography [37], we demonstrated that the locations where groundwater discharge
occurs can be predicted based solely on topography if key diagnostic topographic signatures
can be first identified using ancillary field observations and geologic data in a represen-
tative subset of the study area. Here, we modeled two types of groundwater discharge:
hillslope groundwater discharge and aquifer-outcrop groundwater discharge (Figure 3). We
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constructed a robust geodatabase comprising field observations and geologic data from
>800 well logs covering a representative subset of the study area and topographic data from
an airborne LiDAR-derived DEM covering the entire study area (Figure 2). We then devel-
oped and refined procedures to manually identify the two types of groundwater discharge
in the representative subset of the study area where the field observations, geologic data,
and topographic data were available (Table 1; Figures 4 and 5). While doing so, we made
observations that indicated we might otherwise identify these two types of groundwater
discharge using only the topographic data. We therefore developed and refined procedures
to model the two types of groundwater discharge throughout the entire study area from
the topographic data alone (Table 2; Figure 7). Devito et al. [43] previously argued that
topography was the last control to consider in explaining hydrologic processes, after climate
and geology. Rahmati et al. [30] concurred, suggesting that geologic data (e.g., lithology)
was a relatively strong predictor of groundwater levels while topographic data (e.g., slope)
was a relatively weak predictor of groundwater levels. Here, topography was in fact the
only control we considered, but only after topography was contextualized with the field
observations and geologic data in the representative subset of the study area.

The modeling benefited greatly from previous field observations by Callahan et al. [12],
which in turn benefited greatly from other previous field observations by Walker et al. [66]
and King et al. [80]. These studies showed that topography correlates with the structure and
function of streams in the Kenai Peninsula Lowlands, including stream flow and stream
water temperature [12], stream water chemistry [66], and stream biota [80]. These studies
were conducted at 18 shared study sites in the Anchor River, Stariski Creek, Deep Creek, and
Ninilchik Creek watersheds, four of the five watersheds included in this study. Callahan
et al. [12] made the key insight that motivated our study. Their field observations indicated
that a topographic feature, i.e., FWS, could be used to predict the location of hillslope
groundwater discharge to streams. We further refined this understanding, noting that, for
example, hillslopes with high FWS also had a prevalence of small headwater streams that
originated at seeps and small springs. These are evident in the topographic data in a number
of ways, including sudden changes in curvature (i.e., profile curvature range), flowlines,
and TWI (Figure 2). This then allowed the accurate manual and modeled identification of
hillslope groundwater discharge (Figures 4 and 7).

The modeling also benefited greatly from the availability of >800 publicly available well
logs (Figure 2). Surficial geology data are available for the entirety of the Kenai Peninsula
Lowlands, at the 1:350,000 scale [59]. Such data can be useful in predicting potential
groundwater recharge zones (e.g., [81]). However, such coarse data alone cannot be used
to map thin confined aquifers and their outcrops, as was necessary for this study. The
well logs allowed us to do so. Then subsequent field work further allowed us to refine
our understanding of the spatial scale over which the well logs were predictive of aquifer
outcrops (Figure 2). This allowed us to find numerous springs, which we then used to
explore the topographic data that reflected the initiation of channelized flow, including
the headward extent of incised topography, the initiation of flowlines, and the sudden
concentration of the TWI. Once these relationships were identified, the topography could in
many cases be used as a proxy for the geology, such as in cases where aquifer outcrops were
instead indicated by the initiation of multiple, parallel channelized flows along the same
contour intervals on the same and/or opposite hillslopes (e.g., Figure 5). This then allowed
the accurate manual and modeled identification of aquifer-outcrop groundwater discharge
(Table 2; Figures 5 and 7).

The novelty of our modeling approach lies in the integration between field observations,
remote-sensing data, and machine learning. Workflows for the manual identification of
groundwater discharge were used to locate hillslope and aquifer-outcrop groundwater
discharges in the field, with an overall accuracy of 93% (Table 1; Figures 4 and 5). Though
labor-intensive, this approach enabled the field identification of a large enough sample
of seep and spring locations to develop an “outstanding” predictive model for the entire
study area using topographic data alone, with an AUC of 0.95 and 0.91 for training and
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testing data, respectively (Table 2; Figure 7). Using only topographic data was ideal in
our study area because well logs and therefore crucial geologic data (i.e., aquifer-outcrop
locations) were only available over ~40% of the study area. Maxent modeling in particular
was advantageous because it uses presence-only data and therefore can be used to make
widespread predictions over a large study area with limited data over only a subset of the
study area (e.g., [82]). Another advantage of the Maxent approach is its ability to quantify
the relationships between feature prevalence and the environmental predictors [72,73].
Our model confirms field observations that groundwater discharge is most likely to occur
where topography changes abruptly over small distances in close proximity to flowlines,
supporting the findings of other studies (e.g., [2,46,47,63]).

Both field observations and modeling results indicate that seeps and springs are com-
monly located proximal to streams, both the headward extent of streams and along hillslopes
adjacent to streams (e.g., Figure 7). Following the five major Pleistocene glaciations and
two minor post-Pleistocene glacial advances, the Kenai Peninsula Lowlands comprised
mixed ice-scoured landforms, drift sheets, and moraines separated by unconformities and
weathering profiles, much covered with younger glacial outwash and valley train, glacio-
lacustrine, and other minor moraine deposits [58,59]. This heterogeneity was reflected at
the surface, where local topographic relief was sufficient to direct surface-water flows into
the earliest watersheds, and in the subsurface, where aquifers were commonly thin and
discontinuous, often formed in thin glacial outwash and valley train deposits. Subsequent
downcutting by the streams shaped and steepened valley hillslopes, thereby creating and
enhancing hillslope groundwater discharge, and exposed aquifer outcrops, thereby creating
and enhancing aquifer-outcrop groundwater discharge (Figure 3). This enhanced stream
flow and therefore stream power, creating a positive feedback which further enhanced
downcutting by the streams.

This groundwater discharge is essential for the proper functioning of streams on the
Kenai Peninsula Lowlands. Groundwater discharge to these streams augments stream flow,
providing approximately half of the summer stream flow and likely all of the winter stream
flow [12]. Groundwater discharge to these streams also modulates stream temperatures,
providing cold-water refugia in summer and warm-water refugia in winter [12]. Salmonids
are cold-water species with life-history stages sensitive to high stream water temperatures,
including sublethal temperatures which can affect everything from cellular function to
behavior [83,84]. Therefore, cold-water refugia in summer are crucial, and increasingly so in
light of climate-induced warming trends in Alaska’s salmon-bearing streams [85]. Juvenile
salmonids must overwinter in these streams prior to outmigrating the following spring.
Therefore, warm-water refugia in winter are also crucial, keeping some reaches unfrozen
and available as overwintering habitats [86]. Lastly, much of this groundwater first passes
through and interacts with nitrogen-fixing alder patches on adjacent hillslopes, delivering
nitrogen-rich groundwater to riparian wetlands and these streams [14], where it enhances
primary productivity in the riparian wetlands [14,87] and controls rates of in-stream nitrogen
fixation and respiration [15,85]. The nutrient subsidies to these streams are then evident in
the juvenile salmonids, who preferentially use abundant allochthonous sources, especially
in the headwater settings [88]. Groundwater discharge is therefore thought to at least partly
explain the predictable species composition along specific reaches in these streams, especially
in headwater settings [66]. This new understanding of the importance of groundwater
discharge to proper functioning of streams on the Kenai Peninsula Lowlands has led to
groundwater being adopted as a central feature of the conceptual model underlying the
management of the salmonid resources that underlie important sport and commercial
fisheries [49].

Meanwhile, groundwater is the primary source of water for domestic, commercial,
and industrial uses on the Kenai Peninsula Lowlands [52]. Most wells are domestic and are
drilled by, maintained, and operated at the sole discretion and expense of the individual
landowner. Drilling costs are calculated per unit depth, so there is little incentive to drill
beyond the shallowest aquifer that can provide sufficient quantities of water. Well logs indi-
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cate that these aquifers are thin and discontinuous and commonly yield ~0.01–0.1 m3/min
(see also [60]). These then are the same aquifers that often outcrop on nearby hillslopes,
commonly at the headward extent of streams and along hillslopes adjacent to streams
(e.g., Figures 3 and 7). These aquifers are therefore the nexus of a potential conflict over
limited groundwater resources between natural and human users. These results have height-
ened awareness, with recent and ongoing work focused on using this new understanding
to explore sources and locations of acute groundwater vulnerability and connecting this
new understanding to decision-making by building capacity to support both peer and
institutional discussions [49].
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Abstract: Understanding where groundwater recharge occurs is essential for managing groundwater
resources, especially source-water protection. This can be especially difficult in remote mountainous
landscapes where access and data availability are limited. We developed a groundwater recharge
potential (GWRP) map across such a landscape based on six readily available datasets selected through
the literature review: precipitation, geology, soil texture, slope, drainage density, and land cover.
We used field observations, community knowledge, and the Analytical Hierarchy Process to rank
and weight the spatial datasets within the GWRP model. We found that GWRP is the highest where
precipitation is relatively high, geologic deposits are coarse-grained and unconsolidated, soils are
variants of sands and gravels, the terrain is flat, drainage density is low, and land cover is undeveloped.
We used GIS to create a map of GWRP, determining that over 83% of this region has a moderate or
greater capacity for groundwater recharge. We used two methods to validate this map and assessed
it as approximately 87% accurate. This study provides an important tool to support informed
groundwater management decisions in this and other similar remote mountainous landscapes.

Keywords: Alaska; Analytic Hierarchy Process (AHP); GIS; groundwater mapping; Kenai lowlands;
recharge

1. Introduction

Globally, groundwater is used for agriculture (70.1%), public water supply (21.2%), and
industrial activities (8.7%), thus playing a vital role in food security and human health [1–4].
Groundwater also sustains natural ecosystems. For example, it traverses natural flow
paths to form and support a variety of aquatic ecosystems, such as wetlands and nearshore
marine environments, and can provide a consistent discharge of water to streams and
lakes [5–7]. However, over the past 50 years, groundwater extraction has risen dramatically,
and as human populations continue to grow, groundwater consumption also increases [8].

Though essential, groundwater is also a limited resource. Its sustained availability
depends on maintaining the balance between groundwater discharge and recharge [9,10].
Discharge is the expression of groundwater at the surface, often in the form of springs, some
of which have been targeted for regulatory protection [11,12]. Recharge is the downward
movement of water to the aquifer system, the rate of which is determined by interactions
of climate, geology, topography, and land cover [13]. Recharge areas are often dispersed,
less recognizable by the public, and generally lack regulatory protection as such [14].
Understanding where groundwater recharge occurs is an essential first step toward en-
suring source-water protection and, therefore, groundwater supply. Multiple studies
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show that groundwater recharge management not only increases the groundwater supply,
but when done correctly, it can raise the awareness of groundwater resources in local
communities [15–17].

Historically, groundwater studies have relied upon field hydrogeological and geo-
physical measurements, geochemical tracers, and hydrologic models, depending on the
questions addressed [18,19]. The accuracy of these studies depends on the scale of the anal-
ysis and the amount of data available since most methods used are data intensive [18,20,21].
Groundwater recharge studies have been performed using groundwater level data [22–24],
sometimes integrated into water-balance models [25,26]. Physical data are often integrated
with geochemical and/or isotopic data, providing further evidence to constrain ground-
water recharge rates [27–29]. In the last decade, studies of groundwater recharge have
increasingly used machine-learning algorithms [30,31]. Groundwater recharge studies
that use machine learning algorithms have been successfully conducted in mid- and low-
latitude regions using extensive field data and spatial datasets used for model training and
testing [32,33]. However, field data collection is time-consuming and expensive, particu-
larly inasmuch as access to field locations can be limited due to climatic extremes, rugged
topography, the lack of roads, and/or land ownership. For example, exposure to extended
subfreezing temperatures makes deployment and maintenance of instruments challenging
in mountainous or high-latitude regions.

Increasingly, scientists have overcome these barriers by using remote sensing data and
geospatial analyses to conduct groundwater studies [34,35]. This has greatly reduced the
time and cost of groundwater research and enabled groundwater research even in data-
poor regions [36,37]. However, many of these still require quantitative field data to define
objective functions, which are then used for model training and testing [36]. Furthermore,
remote sensing data come with their own challenges, as data availability and resolution
(spatial and temporal) vary by region. Thus, a coherent methodology is needed to define
the relative importance of remote sensing data to individual studies.

Multicriteria decision analysis (MCDA) is a methodology for organizing and assigning
importance to datasets [38]. The Analytic Hierarchy Process (AHP) is the preferred MCDA
technique when using geospatial data [39,40]. AHP provides a systematic methodology
to classify and prioritize among heterogeneous spatial datasets and ultimately define the
dataset hierarchy that best represents fundamental processes [41,42]. The coupling of these
methods with GIS has made them a powerful tool for regional hydrogeologic research and
decision-making.

GIS-AHP techniques can be used to address complex, multidimensional problems,
such as delineating groundwater recharge zones [43,44]. The coupling of GIS and AHP
techniques allows for integrating different types of data, such as in situ, remote sensing,
quantitative, qualitative, or spatial data from various sources (i.e., local, regional, or global).
Thus, datasets may include a range of environmental variables that cover climatic, geologic,
topographic, and land cover characteristics. This versatility is critical when data are
limited. When data are not readily available, and custom data acquisition is too costly or
time-consuming, being able to effectively utilize common publicly available spatial data
from global models, satellite imagery, and community engagement is key for knowledge
development and resource management [17,21,45].

Many rural and remote areas in developed countries have incomplete or missing
datasets. This data deficit has slowed the development of data-driven resource manage-
ment tools. Nevertheless, many of these communities rely on groundwater for potable
water and for local food production (e.g., local farms or fisheries) and require practical
tools to manage these resources. In the Anchor River Watershed, south-central Alaska, a
lack of comprehensive groundwater data has precluded accurate estimates of groundwater
recharge to a critical aquifer system that supports local communities and connected ecosys-
tems. As the regional population grows, consumptive use of groundwater is expected
to increase, stressing this limited shared resource. Here, we used GIS, AHP, and limited
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remote sensing and field-derived datasets to develop and validate a groundwater recharge
potential (GWRP) map in this high-latitude remote location.

2. Materials and Methods
2.1. Site Description

The study area was the Anchor River Watershed on the Kenai Peninsula Lowlands
in south-central Alaska (Figure 1). The Kenai Peninsula Lowlands (~9400 km2) is the
unglaciated southernmost tip of the Kenai Peninsula, bordered by Kachemak Bay to the
south, Cook Inlet to the west, and the Kenai Mountains range to the east. Over 40% of
the Kenai Peninsula Lowlands consists of headwater streams, wetlands, and lakes [46].
The Anchor River Watershed (~586 km2) is the largest and southernmost salmon-bearing
watershed on the Kenai Peninsula Lowlands. The Anchor River is a non-glacial river
comprised of two main river forks that meet near the town of Anchor Point and continue
west to Cook Inlet. Access to most of the watershed is challenging due to the prevalence of
wetlands, streams, rugged terrain, and the lack of roads.

Figure 1. Geographic location of the Anchor River Watershed in the Kenai Peninsula, south of
Anchorage, in the State of Alaska, USA. The locations of polygons and wells used to validate the final
GWRP map are depicted in this figure. Base map source: Esri, HERE, Garmin, FAO, NOAA, USGS,
© OpenStreetMap contributors, and the GIS User Community.

The climate, geology, topography, and land cover of the Anchor River Watershed
are typical of the Kenai Peninsula Lowlands. The climate is driven by continental and
maritime patterns, from north to south, and consists of short summers and long cold
winters. Mean annual temperature and precipitation are 2.9 ◦C and 755.14 mm, respectively
(HOMER 8 NW, AK US USC00503672, 1991–2020). Seasonal precipitation is influenced by
the strength and position of the Aleutian Low, with most of the precipitation occurring
between November and March [47], with the orographic effects of the bordering mountains
creating distinctive climatic zonation [48]. The region has experienced at least five major
glaciations and two minor glacial advances over the last 125,000 years [48]. Geologic
deposits are a complex mix of Pleistocene glacial deposits overlaying weakly lithified
Tertiary bedrock [48–50]. Groundwater can be found in all deposits, most notably in the
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Pleistocene glacial deposits, especially in valley train and outwash channel deposits [36,51].
Relief is rugged and steep, with total relief ranging from 0 m to 621 m above mean sea
level (AMSL).

The water resources availability and patterns of use in the Anchor River Watershed
are also typical of the Kenai Peninsula Lowlands. People rely almost exclusively on
groundwater for domestic, commercial, and industrial uses [52], but there are few statewide
or local restrictions on groundwater use. Wherever water occurs naturally in Alaska, it is a
common property resource, not attached to land ownership unless the landowner applies
for a water right [53]. Similarly, ecosystems rely on groundwater, notably salmon-bearing
streams. Groundwater augments streamflow [54] and may provide >50% of the streamflow
during spring breakup and fall freshets and >80% of the streamflow during late summer
and throughout the winter (Brigino, unpublished data). In many cases, aquifers used
for water supply are the same aquifers that outcrop on hillslopes and support seeps and
springs that discharge to the streams [36,55]. The balance is delicate because the shared
aquifer resources are largely glacial channel and floodplain deposits that are multitiered,
thin, discontinuous, and prone to drawdown and drying [52].

The largest municipality in the region is the City of Homer, which has a population
of ~6000 people and has seen a population increase of 10% since the 2010 census [56].
Although the City of Homer is not entirely located within the Anchor River Watershed, the
source of the City’s drinking water (Bridge Creek Reservoir) is in the headwaters. Natural
tracer studies indicate that >50% of the water in the Bridge Creek Reservoir originates
from groundwater discharging from seeps and springs (Brigino, unpublished data). This
reservoir not only serves the City of Homer but also provides drinking water to people that
live in the region. The only other potable water sources are private or public groundwater
wells and naturally flowing springs.

2.2. Overall Approach

Our study included four stages to develop a spatial model to delineate GWRP zones:
(1) develop a conceptual model, (2) select and process spatial datasets, (3) rank spatial
datasets and their corresponding classes, (4) create and validate a GIS-based map of
GWRP. We used ArcGIS Pro 2.9.2 (ESRI, Redlands, CA, USA), QGIS 3.22 Biatowieza (QGIS
Development Team (2022)), and the Soil & Water Assessment Tool+ (SWAT+) (USDA-ARS)
to process and analyze our spatial datasets.

2.3. Conceptual Model Development

Our conceptual model of groundwater resources in our study area was developed
over many field seasons [36,54,55,57], but most specifically during three visits in 2018–2019
and 2021–2022. During these visits, we initially focused on using remote sensing data
and machine learning to locate the seeps and springs that discharge groundwater to the
salmon-bearing streams [36]. In the Kenai Peninsula Lowlands, groundwater discharge
in one location implies groundwater recharge in another, likely nearby and upgradient.
Therefore, we simultaneously made field observations about areas that likely supported
groundwater recharge, focusing on evidence that could be derived from publicly avail-
able data (e.g., climate, geology, soils, topography, and land cover). We simultaneously
incorporated community insights, including indigenous tribal knowledge, through surveys
and interviews (Guerrón-Orejuela, unpublished data) [55]. We used the conceptual model
developed from these field observations and community knowledge to identify and rank
the spatial datasets and criteria that drive groundwater recharge.

2.4. Spatial Dataset Selection

We performed a literature review of twenty-three geospatial groundwater potential
and groundwater recharge potential studies to crowdsource possible criteria and supporting
spatial datasets [21,40,43,58–77]. Detailed results, including spatial datasets organized by
reference, are supplied in Supplementary Materials Table S1. These studies used different
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quantities and types of spatial datasets, ranging from 5 to 13, typically picked from climatic,
geologic, topographic, and land cover data sources. Our analysis showed twenty-eight
unique spatial datasets used in all the studies. Eleven were only used in one study, and eight
were used at least two times more than any other. These eight common spatial datasets are
precipitation, geology, lineament density, soils, geomorphology, slope, drainage density,
and land use and land cover (Figure 2).

Figure 2. The frequency of spatial datasets utilized in twenty-three published groundwater studies.
TWI Topographic Wetness Index, NDVI Normalized Difference Vegetation Index, TPI Topographic
Position Index, SPI Stream Power Index. Detailed results, including spatial datasets organized by
reference, are supplied in Supplementary Materials Table S1.

We were interested in developing a methodology with a high likelihood of being
available and applicable to various regions. Therefore, we chose to work with the spatial
datasets our literature review revealed were exceptionally common in groundwater studies.
Of the eight spatial datasets presented above, six spatial datasets or the related underlying
data that collectively represented climatic, geologic, topographic, and land cover charac-
teristics were available for our study area: precipitation (P), geology (G), soil texture (ST),
slope (SL), drainage density (DD), and land cover (LC). The remaining two, lineaments
and geomorphology, were unavailable. All layers used in the analysis were standardized to
3 × 3 m.

We represented climate through spatially distributed precipitation data, some fraction
of which would be available for groundwater recharge [78,79]. Precipitation data were
limited in our study area, so we generated a spatially distributed dataset based on data
from twenty available weather stations in our region using the weather generator in the
SWAT + modeling software [80]. This software uses the global weather station network and
data derived from satellite products (Climate Forecast System Reanalysis (CFSR), National
Center for Environmental Prediction) [81].

We represented geology through spatially distributed lithology and soils, which affect
infiltration [82–85]. We derived lithology data from the United States Geological Survey
(USGS) Geologic map of Alaska [86], which is a compilation of regional geologic maps
developed and published by the USGS National Survey and Analysis Project for Alaska.
We used the lithologic coding to query and identify the most specific part of the lithologic
assignment available for our study area. The resulting vector file was rasterized. For soils,
we used the National Resources Conservation Service’s (NRCS) gridded (10 m resolution)
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Soil Survey Geographic Database (gSSURGO) for the State of Alaska [87]. From these data,
we extracted soil texture, which is proportional to permeability [88].

We represented topography through a digital elevation model (DEM), which rep-
resented the likelihood of precipitation runoff [89,90]. Topographic data were derived
from airborne LiDAR (2008 Kenai Watershed Forum Topographic LiDAR: Kenai Peninsula,
Alaska; https://www.fisheries.noaa.gov/inport/item/49620; accessed on 25 February
2019). The LiDAR-based digital elevation model (DEM) was acquired at 1 × 1 m pixel size
but was resampled to a 3 × 3 m pixel size, which reduced run times and microtopographic
anomalies [36]. Topographic data directly extracted from the DEM included slope and
drainage density [91,92]. Additionally, this DEM was used to delineate the study area using
Arc Hydro Pro tools.

We used the most up-to-date land cover data for this region, representing the degree
to which development altered the natural landscape, especially by placing impervious
surfaces [93,94]. We derived our grid (30 m spatial resolution) from the 2016 National Land
Cover Database (NLCD) [95].

2.5. Spatial Dataset Weighting through Analytic Hierarchy Process (AHP)

We used AHP, and Saaty’s relative importance scale, to assess and compare the relative
contribution to groundwater recharge of the data represented in the six spatial datasets.
In Saaty’s relative importance scale, 1 indicates equal importance between classes, and 9
shows the extreme importance of one class above another (Table 1).

Table 1. Saaty’s relative importance scale [41].

Scale 1 3 5 7 9

Importance Equal Moderate Strong Very Strong Extreme
Even numbers are also possible in the scale and express intermediate importance.

To determine the weights of each spatial dataset, we constructed a 6 × 6 pairwise
comparison matrix (1), where each element aij was evaluated based on our conceptual
model. To fill out the matrix, we conducted pairwise comparisons of each of the six spatial
datasets, assigning high relative importance values to spatial datasets that greatly influence
groundwater recharge and low relative importance values to those with a small impact
on groundwater recharge [41,43,76]. Only comparisons above the matrix diagonal (1)
are required.

A =


1 a12 . . . a1n

a21 1 . . . a2n
. . . . . . . . . . . .
an1 an2 . . . 1

 (1)

Elements below the diagonal were assigned reciprocal values of the corresponding
above-diagonal values [41], as represented in Equation (2).

aij =
1
aji

(2)

According to the AHP methodology, the principal eigenvector,
→
p , is the desired

priorities vector. We approximated
→
p by normalizing the elements in each column of the

comparison matrix and then averaging over each row [41]. We estimated λmax by adding
the columns of A and multiplying the resulting vector by

→
p . The difference between λmax

and the number of spatial datasets (n) is a measure of the inconsistency of the comparison
matrix. We calculated the consistency index (CI) as per Equation (3) [41], where CI is the
consistency index, n is the number of spatial datasets, and λmax is the largest eigenvalue.

CI =
λmax− n

n− 1
(3)

https://www.fisheries.noaa.gov/inport/item/49620
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We also used the random consistency index (RI), a table-based value dependent on
the number of variables used, to calculate the consistency of the comparison matrix, which
is a measure of how far the comparison matrix is from total consistency [42,96]. For our
analysis n = 6, which corresponds to RI = 1.24 (Table 2).

Table 2. Random consistency index based on the number of datasets used [41].

N 1 2 3 4 5 6 7 8

RI 0 0 0.58 0.9 1.12 1.24 1.32 1.41
n number of thematic layers, RI random consistency index.

Finally, we calculated the consistency ratio (4), which measures the consistency of the
judgment used during the pairwise comparison based on transitive property.

CR =
CI
RI

. (4)

Each spatial dataset contains information in classes. The information contained in
these classes can be quantitative or qualitative. For this study, we used spatial datasets with
classes determined by both. For example, in our study area, the land cover dataset consists
of 15 land cover classes, and the slope dataset has slope values ranging from 0% to >60%.
We used the natural breaks classification method (Arc Pro v 2.9.2, ESRI) to rank the classes
within the quantitative spatial datasets (precipitation, slope, and drainage density) [43],
thus maximizing differences between classes. We used our conceptual model to assign
ranks for classes within qualitative spatial datasets (geology, soil texture, and land cover).
The final class ranking values were based on Saaty’s relative importance scale (see Table 1).

2.6. GWRP Model Development and Validation

We used the weighted overlay tool (Arc Pro v 2.9.2, ESRI) to combine the six spatial
datasets into a single map. Then, we assigned the corresponding normalized principal
eigenvector value to each spatial dataset and reclassified the results using natural breaks
classification. The GWRP zones were classified into five categories: Very Low, Low, Moder-
ate, High, and Very High.

We used two methods to validate the GWRP model. In the first validation, two
experts with local knowledge conducted an independent assessment of 30 randomly
chosen GWRP polygons that the model had scored as GWRP = high or GWRP = low.
The experts did not have access to the scores assigned by the model but did have access
to the unprocessed layers used in the model (as downloaded from the web). They also
had access to ancillary information not used directly in the model, such as well-logs,
aquifer outcrops, topographic wetness index (TWI), flow-weighted slope (FWS), terrain
ruggedness index (TRI), and planform and profile curvature [36]. In the second validation,
we determined whether wells in areas with higher GWRP scores were more likely to
have higher well yields than wells in areas with lower GWRP. We obtained well yield
information from well logs publicly available in the Well Log Tracking System (WELTS)
(https://dnr.alaska.gov/welts/; accessed on 2 December 2022). From over 200 wells, we
randomly selected 30 wells located in areas that the model had scored as GWRP = high
or GWRP = low. Then, we performed a Mann–Whitney U test on the well yield data from
these 30 wells to determine if well yields reported in the two populations were significantly
different. We used the receiver operating characteristic curve (ROC) and the area under
the curve (AUC) to determine the accuracy of the model using this second validation
method [97,98].

https://dnr.alaska.gov/welts/
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3. Results
3.1. Relative Ranking of Individual Spatial Datasets

The spatial dataset weighting procedures resulted in a normalized reciprocal matrix
with principal eigenvectors and the largest eigenvalues for each spatial dataset (Table 3).
The value of the principal eigenvector reflects the relative influence of each spatial dataset
on the GWRP model. Slope has the greatest influence on GWRP, with a weight of 33%.
Land cover, soil texture, precipitation, and geology have the subsequent greatest influence
on GWRP, with weights of 22%, 17%, 12%, and 11%, respectively. Drainage density has
the least influence on GWRP, with a weight of just 4% (Table 3, principal eigenvector). The
consistency ratio for the reciprocal matrix is 0.04. Consistency ratios of 0.10 or less have
been deemed acceptable [41].

Table 3. Analytical Hierarchy Process results: normalized reciprocal matrix, principal eigenvectors,
and largest eigenvalue.

Spatial
Dataset P G ST SL DD LC →

p λmax

P 0.12 0.11 0.07 0.17 0.14 0.11 0.12 6.22
G 0.12 0.11 0.07 0.12 0.14 0.11 0.11 6.22
ST 0.24 0.21 0.14 0.12 0.23 0.11 0.17 6.22
SL 0.24 0.32 0.42 0.35 0.23 0.43 0.33 6.22
DD 0.04 0.04 0.03 0.07 0.05 0.04 0.04 6.22
LC 0.24 0.21 0.28 0.17 0.23 0.21 0.22 6.22

P Precipitation, G Geology, ST Soil Texture, SL Slope, DD Drainage Density, LC Land Cover,
→
p principal eigenvec-

tor (reflecting the relative importance of each dataset to the model), λmax largest eigenvalue.

3.2. Relative Ranking of Data Classes within Spatial Datasets

The spatial dataset selection procedures resulted in six spatial datasets, with data
reclassified in terms of their relative contribution to GWRP (Table 4; Figure 3; Supple-
mentary Materials Tables S2–S7). GWRP is highest where precipitation is relatively high,
coarse-grained, unconsolidated deposits are present, soils are variants of sands and gravels,
the terrain is flat, the drainage density is low, and there is no development. Conversely,
GWRP is lowest where precipitation is relatively low, tertiary sedimentary rock is present,
soils have very high organic matter content, the terrain is steep, the drainage density is
high, and there is high-density development.

Table 4. Conceptual ranking of data classes within six spatial datasets.

Spatial Datasets High Ranks Low Ranks Selected
Citations

Precipitation Relatively high Relatively low [78,79]

Geology Coarse-grained,
unconsolidated deposits

Tertiary sedimentary
rock [82,83]

Soil Texture Variants of sand and gravel Very high organic
matter content [84,99]

Slope Flat Steep [89,90]

Drainage Density Low High [91,92]

Land Cover Open water and wetlands Densely developed [93,94]
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Figure 3. Distribution of classes within spatial datasets and their relative contribution to GWRP in
the Anchor River Watershed. The spatial datasets used in our study are (a) precipitation, (b) geology,
(c) soil texture, (d) slope, (e) drainage density, and (f) land cover.

3.3. GWRP Model and Validation

The GWRP model reveals that groundwater recharge potential is not uniformly dis-
tributed across the landscape, dividing the watershed into five GWRP zones: Very Low,
Low, Moderate, High, and Very High (Figure 4). From the total area of our study area,
3% has Very Low GWRP, 14% has Low GWRP, 39% has Moderate GWRP, 36% has High
GWRP, and 8% has Very High GWRP. Overall, 83% of the watershed is at least moderately
suitable for groundwater recharge.
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Figure 4. Distribution of Groundwater recharge potential for the Anchor River Watershed.

We built a confusion matrix to summarize and evaluate our expert-based validation re-
sults (Table 5). Our expert-based model validation showed a high concurrency between the
GWRP model and expert assignments, with an overall accuracy, sensitivity, and precision
of 87%.

Table 5. GWRP model verification confusion matrix results.

Model Predicted High Model Predicted Low Total

Expert Scored High 13 2 15

Expert Scored Low 2 13 15

Total 15 15 30

In addition to the expert-based model validation, we compared well yields from
30 wells, equally divided between locations where GWRP values are Low and High.
Median well yields for areas where GWRP values are Low and High were 18.9 L per
minute and 37.9 L per minute, respectively. The well yields reported in each group were
not normally distributed, so we conducted a Mann–Whitney U test and determined the
accuracy of the model by calculating the receiver operating characteristic curve (ROC) and
the area under the curve (AUC) (Figure 5).

The results indicate that the well yields in locations with low GWRP values were
significantly lower than those in areas with high GWRP values (Mann–Whitney U = 41,
n1 = n2 = 15, p < 0.05 two-tailed). The findings of the ROC analysis indicate that the AUC
was 0.8, and the model is, therefore, 80% accurate.
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Figure 5. ROC and AUC of the GWRP model in the Anchor River watershed.

4. Discussion

This GWRP model reveals that groundwater recharge potential in the study area is
driven primarily by slope, then by land cover, soil texture, precipitation, geology, and
drainage density, in that order. Each of these plays a crucial role, so the overall variability in
GWRP is a function of variables with both high spatial variability (e.g., slope, soil texture)
and low spatial variability (e.g., precipitation, land cover) (Figure 3). Specifically, areas
where GWRP values are highest are relatively low gradients and have relatively high-
permeable surficial deposits and relatively high precipitation, and largely natural land
cover. These areas are not distributed uniformly throughout our study area (Figure 4).
The model shows that groundwater recharges mainly in proglacial lake bottom sediments
underlying terraced and channeled surfaces between major morainal belts in lowland and
mountain valleys, as well as in flood plains and associated higher terraces along major
streams and abandoned drainage lines.

The distribution of GWRP zones concurs with other studies conducted in mountainous
regions. Areas with steep slopes and shallow bedrock typically have GWRP values of
Very Low and Low [73,76,77]. Conversely, areas along streams and floodplains, valley
bottoms, and other flat areas with alluvium commonly have GWRP values of High and
Very High [62,64,73]. Similarly, field groundwater studies have indicated that groundwater
recharge in mountainous areas is spatially variable [79]. Areas with high recharge often are
characterized by high precipitation [78], undeveloped landscape [93], and flat alluvial fans
as the main geologic feature [83,89].

Our results demonstrate that a large percentage of this landscape is engaged in ground-
water recharge at moderate or higher levels, cumulatively contributing to groundwater
supply. Independent measurements of total groundwater recharge are unavailable in the
study area. However, total groundwater recharge nearby and in similar terrain was ap-
proximately 0.19 cm/d in June–September, mostly through closed-basin depressions [26].
An independent estimate of net annual groundwater recharge in the study area suggests
volumes of approximately 1% of annual precipitation (M. Rains, unpublished data). Net
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groundwater recharge is expected to be much lower than total recharge in this area as most
of this groundwater recharge is subsequently either extracted by wells [52] or discharged
from the numerous seeps and springs (M. Rains, unpublished data) [36]. The maintenance
of the total groundwater recharge is crucial because it supports both these communities
and these water-dependent ecosystems.

Groundwater is the region’s primary source of domestic, commercial, and industrial
water supply [52]. People source their domestic drinking water from private and public
wells, springs, or the Bridge Creek Reservoir operated by the City of Homer. Although
the Bridge Creek Reservoir is a surface-water reservoir, >50% of this water originates
from nearby seeps and springs (Brigino, unpublished data). Meanwhile, groundwater
discharge from seeps and springs also supports streamflow (Brigino, unpublished data) [54],
modulates stream temperatures, providing cool-water refugia in summer and warm-water
refugia in winter [54], and delivers nutrient subsidies to the streamside wetlands and
streams, mainly from hillslopes covered with N-fixing alders [57,100]. Overall, these
groundwater subsidies are crucial to the proper functioning of streams, including the
streamside wetlands [57,101], the benthos [102], and the salmonids [103]. Groundwater is
the central link between all these processes, with the salmonids being notable beneficiaries.

GWRP maps are important tools for increasing awareness and enabling effective man-
agement of groundwater resources, especially source-water protection. To our knowledge,
most previous studies that couple GIS and AHP to delineate GWRP have been conducted
in low and middle-latitude regions, often in dry climatic regions and in less economically
developed nations [59,61,68]. However, many communities in high latitudes, including in
wetter regions and in more economically developed nations, are similarly dependent on
groundwater and similarly limited by data. Here, we used GIS and AHP to construct a GWRP
map in a remote, high-latitude region based on remote sensing data and on a conceptual
model developed from a combination of field observations and community engagement.

Our model incorporated high-quality data and insights provided by field experience,
as available. Acquiring such data is often a challenge, especially in high-latitude regions. We
overcame this by performing a literature review and crowdsourcing eight possible criteria
and supporting spatial datasets [21,40,43,58–77], then eliminating two criteria and datasets
that were unavailable for our study area (Figure 2). This ensured we only considered
widely available criteria and datasets, which are likely to also be available elsewhere. We
benefitted from the availability of a LiDAR-derived DEM with a resolution of 1 × 1 m,
which we resampled to a resolution of 3 × 3 m. The resolution of this DEM is likely
higher than will be available in many other remote regions, which might only have DEMs
with a much lower resolution (e.g., Landsat Collection 2 Digital Elevation Model, https://
www.usgs.gov/landsat-missions/landsat-collection-2-digital-elevation-model, accessed
on 10 May 2023). We chose to use our higher resolution DEM because it better represented
the rugged topography which played such a crucial role in our study area (see Slope in
Figure 3). Though many other high-latitude regions may not have similar higher-resolution
DEMs, we note that higher-resolution DEMs are rapidly becoming more widely available
(e.g., 1 m Digital Elevation Models (DEMs)—USGS National Map 3DEP Downloadable
Data Collection, https://data.usgs.gov/datacatalog/, accessed on 10 May 2023).

Combining AHP with powerful spatial and statistical analysis within a GIS envi-
ronment creates a valuable tool for water resources management. This method allows
qualitative and quantitative criteria to be considered in decision-making. AHP’s biggest
weakness is the potential for evaluator bias when establishing criteria and developing
the pairwise comparison matrix. We overcame this weakness by combining community
engagement and fieldwork expertise. Past community engagement [55] and recent surveys
and interviews (Guerrón-Orejuela, unpublished data) identified community interest in
geospatial information regarding groundwater recharge and assessed community under-
standing of regional hydrological patterns and processes. Fieldwork provided an improved
understanding of the drivers of regional hydrological patterns and processes, especially
as they relate to groundwater discharge to streams [54,57] and the structure of regional

https://www.usgs.gov/landsat-missions/landsat-collection-2-digital-elevation-model
https://www.usgs.gov/landsat-missions/landsat-collection-2-digital-elevation-model
https://data.usgs.gov/datacatalog/
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aquifers that support both water supply and springs [36]. This effectively crowdsourced
the spatial datasets and weights.

For the past three decades, scientists and resource managers in the Kenai Peninsula
Lowlands have become increasingly aware of the need to understand ecological processes
to sustain a healthy and resilient community, especially in this low-regulatory setting
that is facing an increasing population, changes in climactic conditions, and potential
reduction of vital resources. It has become clear that scientists need to create tools to
effectively communicate science to stakeholders, thus facilitating communication and
allowing for better and informed local decision-making [55]. This GWRP map can serve in
that capacity, guiding land and resource management decisions by identifying recharge
areas. Furthermore, given the community’s reliance on groundwater as their primary
source of potable water, this model provides important information regarding source-water
protection. This tool joins an ever-growing list of tools that empower local communities
to have an informed dialog about how to manage the landscape best to reduce the risk of
groundwater depletion. Finally, our study refines techniques, extends them to a new region,
and provides insights critical for management regarding where groundwater recharge
occurs in this and other similar landscapes.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs15102630/s1, Table S1: Literature review of possible criteria
and supporting spatial datasets; Table S2: Precipitation classes contribution to Groundwater Recharge
Potential (GWRP); Table S3: Geology classes contribution to Groundwater Recharge Potential (GWRP),
Table S4: Soil Texture classes contribution to Groundwater Recharge Potential (GWRP); Table S5:
Slope classes contribution to Groundwater Recharge Potential (GWRP); Table S6: Drainage Density
classes contribution to Groundwater Recharge Potential (GWRP); Table S7: Land Cover classes
contribution to Groundwater Recharge Potential (GWRP).
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