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Abstract

Distributed, infiltration‐based approaches to stormwater management are being

implemented to mitigate effects of urban development on water resources. One of

the goals of this type of storm water management, sometimes called low impact

development or green infrastructure, is to maintain groundwater recharge and stream

base flow at predevelopment levels. However, the connection between infiltration‐

based stormwater management and groundwater recharge is not straightforward.

Water infiltrated through stormwater facilities may be stored in soil moisture, taken

up by evapotranspiration or contribute to recharge and eventually base flow. This

study focused on a 1.1 km2 suburban, low impact development watershed in

Clarksburg, Maryland, USA, that was urbanized and contained 73 infiltration‐based

stormwater facilities. Continuous water table measurements were used to quantify

the movement of infiltrated stormwater. Time series analyses were performed on

hydrographs of 7 wells, and the episodic master recession method was used. Persis-

tence in water levels, as measured by autocorrelation function, was found to be pos-

itively related to depth to water. Storm properties (precipitation rate and duration)

and well location (proximity to the nearest stream) were significant in driving episodic

recharge to precipitation ratios. The well that had the highest recharge to precipita-

tion ratios and water table rises of up to 1.5 m in response to storm events was

located furthest from the stream and down gradient of stormwater infiltration loca-

tions. This work may be considered in evaluating the effects of planned watershed‐

scale infiltration‐based stormwater management on groundwater flow systems.
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1 | INTRODUCTION

Groundwater recharge, the part of infiltrated water that reaches the

water table, serves as a storage reservoir with delayed release

between rain and stream flow. Urbanisation may lead to increase in

groundwater recharge, but more often in humid settings, urbanization

is expected to lead to reductions in recharge (Bhaskar et al., 2016). To

mitigate the potential reduction in groundwater recharge due to urban

development, recent approaches to stormwater management aim to

increase recharge through distributed stormwater infiltration (Prince

George's County, 1999; US EPA, 2000). This type of stormwater man-

agement is called low impact development (LID) when implemented
wileyonlinelibrary.com/journa
on a watershed scale, and individual practices focused on infiltration

are often termed green infrastructure (Fletcher et al., 2014). Since most

implementations of green infrastructure are within existing urban

development with conventional stormwater management, thus, far

we have had few opportunities to evaluate changes to recharge

resulting from watershed‐scale implementations of stormwater infil-

tration (Jefferson et al., 2017).

Recharge can be highly spatially heterogeneous, even in nonurban

areas, due to variations in topography (Delin, Healy, Landon, & Böhlke,

2000). Storm characteristics, such as magnitude, duration, rate, and

intensity, also play a key role in determining what part of precipitation

becomes recharge (Tashie, Mirus, & Pavelsky, 2016). Previous work
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has used modelling to examine the potential effects of infiltration‐

based stormwater facilities on groundwater levels beneath individual

facilities (e.g., Machusick, Welker, & Traver, 2011; Newcomer, Gurdak,

Sklar, & Nanus, 2014) and resulting from multiple facilities (Barron,

Barr, & Donn, 2013; Carleton, 2010; Endreny & Collins, 2009; Göbel

et al., 2004; Holman‐Dodds, Bradley, & Potter, 2003; Ku, Hagelin, &

Buxton, 1992; Locatelli et al., 2017; Maimone, O'Rourke, Knighton,

& Thomas, 2011; Shuster, Gehring, & Gerken, 2007; Stephens, Miller,

Moore, Umstot, & Salvato, 2012; Trinh & Chui, 2013). One monitoring

analysis of groundwater elevations indicated that the effect of

stormwater infiltration facilities is small but significant in Back Bay,

Boston (Thomas & Vogel, 2012), although in another case, the effect

of stormwater infiltration on groundwater elevations was not detecti-

ble (Keßler, Meyer, Seeling, Tressel, & Krein, 2012).

Examining trends in stream base flow provides an aggregate mea-

sure of changes to groundwater recharge across an entire watershed

and has demonstrated in our study area in Clarksburg, Maryland,

USA, that base and total flow increased during urbanization using

LID (Bhaskar, Hogan, & Archfield, 2016). As an integrator, however,

stream base flow conceals information on the internal processing

and distribution of water within the watershed. Water levels are one

of the few hydrologic state variables—as opposed to fluxes such as

streamflow, precipitation, and evapotranspiration—commonly mea-

sured that allow us to peer into processes within a watershed (Peter-

son & Western, 2014). The effect of stormwater infiltration on water

table elevations is important to understand in the planning process

for siting stormwater infiltration facilities in areas that do not lead to

underground infrastructure flooding or other negative effects.

With the motivation of investigating the drivers of groundwater

response to storm events within a watershed that was recently urban-

ized using LID, we seek to answer the following questions: (a) How does

water level persistence and rate of recession vary across wells in this

LID watershed? (b) What role do storm properties (precipitation magni-

tude, duration, and rate) and pre‐event water level play, compared with

spatial variability between wells, in driving recharge? To answer these

questions, we examined correlations between water table fluctuations,

storm properties, and well characteristics in a suburban watershed with

numerous infiltration stormwater facilities, using time series analysis

and the episodic master recession (EMR) method.
2 | METHODS

2.1 | Study area and well instrumentation

The climate in the study area, Clarksburg, Maryland, USA (Figure 1), is

humid subtropical with an average 1,178 mm of rain per year. The

study area is in the Piedmont physiographic province and is underlain

by metamorphic rock (metasiltstone) with granular quartzite of the

Marburg Formation (Southworth et al., 2007). The study area was pre-

viously agricultural and forested and between 2002 and 2010 was

converted to residential suburban development with 30% impervious

surface cover (Bhaskar, Hogan, & Archfield, 2016; Hogan, Jarnagin,

Loperfido, & Van Ness, 2014). This suburban development employed

infiltration‐based stormwater facilities such as bio‐retention facilities,
dry swales, recharge chambers, storm drain recharge facilities, and

drywell recharge facilities. Bio‐retention facilities are vegetated

depressions that allow for evapotranspiration, storage, and infiltration

and have storage volumes between 34.5–100.2 m3 (1,220–3,540 ft3).

Dry swales are linear channels that are covered with turf and soil filter

systems, which temporarily store and then filter the desired treatment

volume. They have a filter bed of prepared soil that overlays a perfo-

rated pipe underdrain system, which overlays a stone recharge trench.

Recharge chambers are open‐bottom chambers that allow infiltration

into surrounding soil. In storm drain recharge facilities, also known as

recharge trenches, the stormwater from the first 25 mm (1 in.) of the

rain event enters a perforated pipe to allow the water to infiltrate,

with an estimated storage volume ranging from 3.54–21.5 m3

(125–760 ft3). Dry well recharge facilities have gutters that drain roof

run‐off to an underground storage chamber for infiltration, with a min-

imum depth of 1.32 m (4 ft 4 in.) below land surface. There were 73 of

these stormwater infiltration facilities in the area draining to the

Tributary 104 stream gage (Figure 1), which treated approximately

25% of the impervious area in the watershed (drainage areas to these

infiltration‐based stormwater facilities are shown in Bhaskar, Hogan,

and Archfield (2016)).

Seven wells in the study area were instrumented with Onset

HOBO U20 L water level loggers (Figure 1; Table 1). Three of these

wells were installed in 2002 (3, 4, and 6) by the Clarksburg Village

Partnership. Three wells were installed in September 2014 (1, 2, and

5) using a hollow stem auger, with 5′ sections of 2″ slotted screens

and developed by bailing before instrumenting. The Onset HOBO

U20 L loggers recorded absolute pressure every 5 min for approxi-

mately 2 years. An additional Onset HOBO U20 L logger was

deployed in air within the Well 2 casing to record barometric pressure.

Monthly reference water level measurements (recorded in USGS

NWIS) were used with the “Barometric Compensation Assistant” in

Onset HOBO ware to convert the pressure measurements to depth

to water level in all wells. We manually excluded occasional time

periods from the analysis data set when the wells were used by others

for water quality sampling.
2.2 | Time series analysis

Time series analyses of water levels have been previously used to

understand the temporal properties of streamflow and water level

records, often in karst settings (Crosbie, Binning, & Kalma, 2005;

Duvert, Jourde, Raiber, & Cox, 2015; Herman, Toran, & White,

2009; Larocque, Mangin, Razack, & Banton, 1998; Lee & Lee, 2000;

Lee, Yi, & Hwang, 2005; Massei et al., 2006). We used an autocorrela-

tion analysis to investigate the degree of persistence (also called mem-

ory) in the water table elevation records. As calculations of

autocorrelation require evenly spaced data, depth to water level data

were linearly interpolated to standard 5‐min increments between

May 14, 2015 and February 28, 2017. Two periods of missing data

at particular wells (July 5, 2015–July 15, 2015, at Well 3 and May

14, 2015–June 12, 2015 at Site 2) were filled with random normally

distributed values with the mean and standard deviation taken from

the rest of the water level records, as was done by Herman et al.

(2009). The data were detrended to remove the sinusoidal, seasonal



TABLE 1 Well names used in this manuscript, U.S. Geological Survey National Water Information System (USGS NWIS) site numbers, well

depth, and mean water table elevation over the entire period of record at each well (Figure 2)

Well names USGS NWIS site number Land surface altitude (m) Well depth (m) Mean water table elevation (m)

1 391424077150601 191.4 18.0 176.2

2 391427077151701 187.1 14.2 176.2

5 391422077153901 181.1 10.4 175.0

3 391426077160401 182.6 10.6 174.8

4 391420077153401 175.8 7.8 168.8

6 391359077152601 162.9 10.9 158.1

FIGURE 1 (a) Study area, locations of monitoring wells instrumented with water level loggers, infiltration‐based storm water facilities, stream
network from the National Hydrography Dataset, stream gage at tributary 104 (USGS 01644371), and elevation (m) from 2013 LiDAR. (b)
Black rectangle shows the location of the study area inset shown in (a), as well as the precipitation gages used (USGS 391328077185901 and
USGS 391407077174001). (c) Location of the study area in the mid‐Atlantic United States
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pattern in the observed water levels, as well as any linear trend, in

order to isolate the degree of persistence in water levels in response

to storm events (Duvert et al., 2015; Herman et al., 2009). We carried

out the detrending by subtracting the following fitted function from

depth to water level records:

aþ b sin 2 π Tð Þ þ c cos 2 π Tð Þ þ d T; (1)

where a, b, c, and d are fitting parameters, and T is time. We used the

lag, which corresponds to the autocorrelation coefficient of 0.2 to

compare the degree of persistence between wells, as was done by

previous researchers (Duvert et al., 2015; Imagawa, Takeuchi,

Kawachi, Chono, & Ishida, 2013; Massei et al., 2006).

We analysed frequency components of the water table

hydrographs using the function spectrum from the base package of

the R programming language (R Core Team, 2016). Applying a fast

Fourier transform to a gap‐free portion of the water table hydrograph,

this algorithm computes the spectral density of frequencies to indicate

the relative preponderance of periodicities that contribute to the time‐

domain behaviour of the hydrograph. We applied a smoothing func-

tion to the results using a weighted average of nine consecutive

points, four on each side of the point being evaluated. To facilitate

interpretation of the time‐scales of most importance, we computed

reciprocals of frequency and plotted the spectral densities as a func-

tion of period.

2.3 | Water table fluctuation analysis

When recharge occurs in response to a particular event, for example a

rainstorm, the water table elevation may rise temporarily before equil-

ibrating as the recharge is redistributed. That rise, along with specific

yield (also known as drainable porosity—the water drainage due to a

unit drop in water table elevation), can define how much recharge

led to the observed fluctuation in water table elevation (Equation (1);

Healy, 2010):

R ¼ Sy×ΔH; (2)

where R is recharge (length dimensions), Sy is specific yield (dimen-

sionless), and H is water table elevation (length dimensionless). The

water table fluctuation approach provides an estimate of episodic

recharge, not total recharge, because recharge occurring in a steady

way would not lead to observable fluctuations in water table eleva-

tion. The method also assumes predominantly one‐dimensional flow

to the saturated zone and has a spatial scale of 1–100 s of m2 (Delin,

Healy, Lorenz, & Nimmo, 2007).

A continuous approach for analysing water table fluctuations was

presented by Crosbie et al. (2005), but we will use an event‐based

approach, called the EMR method (Nimmo, Horowitz, & Mitchell,

2015). The EMR method combines the water table fluctuation

approach (Equation (2)) with a reproducible process to define and sep-

arately estimate recharge for individual storm events (https://

wwwrcamnl.wr.usgs.gov/uzf/EMR_Method/EMR.method.html).

The EMR method uses a master recession curve (Heppner &

Nimmo, 2005) to define the projected position of the water table if

no storm events had occurred. When the observed water table
elevation deviates from this projected recessing water table by a spec-

ified threshold (referred to as fluctuation tolerance), an episode of

recharge is identified. The master recession curve was fitted to data

from recession periods, which were selected by identifying times

where neither weighing precipitation gage (Figure 1) was recording

precipitation. For the EMR input data file, the two weighing

precipitation gages (Figure 1; USGS 391328077185901 and USGS

391407077174001) were averaged and then linearly interpolated to

match the times when water level data were recorded at each well.

We assumed rainfall within the watershed was spatially uniform. We

did not use the criterion that the water table should be recessing

(dH/dT < 0), because some noise around 0 is expected, and removing

only positive values of dH/dT would lead to a negative bias (a similar

issue is discussed by Kirchner (2009) for streamflow recession

analysis). The relationship between H and dH/dT for recession periods

was then fit to a line:

dH
dTrecession

¼ m*Hrecession þ b; (3)

where H is water table elevation (m), T is time (days), and m and b are

the fitted slope and intercept parameters, respectively.

To calculate the amounts of both precipitation and recharge from

individual storms, the EMR method requires specification of specific

yield, lag time (delay time between the incidence of water at the land

surface and its effect on the water table), fluctuation tolerance, and

an optional moving average smoothing parameter, in addition to the

slope and intercept parameters of the linear dH/dT versus H fit used

as the master recession curve. In determining the master recession

parameters, H(T) data within a poststorm interval called the storm

recovery time were excluded as presumably affected by continuing

recharge in addition to recessional processes. Specific yield (Sy) was

assumed to be 0.01, based on an estimate at a nearby basin in the

Potomac River watershed (Trainer & Watkins, 1975). Since estimated

recharge scales directly with Sy (Equation (2)), this parameter was held

constant across wells to compare relative storm response, and we did

not want to assume variability between wells when we did not have

knowledge of that variability. Fluctuation tolerance was the one

parameter that was varied between wells, because the water level

records had different levels of “smoothness” versus “jaggedness”.

The fluctuation tolerance values were manually adjusted so as to

make the number, length, dates of storm episodes identified as

recharge events as consistent as possible between wells. The

resulting fluctuation tolerance values were 0.25 m/day for Well 3,

0.09 m/day for Well 4, 0.13 m/day for Well 6, and 0.19 m/day for

Well 5. The manual optimization of lag time and fluctuation tolerance

was easily achieved because of their near‐independence and known

cause‐and‐effect interpretation. The optimized values represent a

direct quantification of the hydrologic judgments entailed in

hydrograph‐evaluation techniques. The optimized storm recovery

time was 1.75 days, the lag time 1.1 days, and the moving average

smoothing parameter 120 due to the fine temporal resolution of

water table elevation data. The time period analysed for EMR was

May 14, 2015, to February 28, 2017, because of the near‐continuous

data at four wells, which had clear storm‐event responses in water

table elevations (Wells 3–6).

https://wwwrcamnl.wr.usgs.gov/uzf/EMR_Method/EMR.method.html
https://wwwrcamnl.wr.usgs.gov/uzf/EMR_Method/EMR.method.html
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The drivers of the recharge to precipitation ratio (RPR) for each

storm event at each well, derived from the EMR method, were

analysed using multiple linear regression (Equation (4)).

log RPRð Þ ¼ β0 þ β1 log average precipitation rateð Þ
þ β2 episode durationð Þ
þ β3 pre−event head difference from meanð Þ
þ β4 well 3ð Þ þ β5 well 4ð Þ þ β6 well 6ð Þ þ ε; (4)

where β0 is the model intercept, β1–6 are model coefficients, Wells 3,

4, and 6 are binary variables (one if the episode takes place at the

given well, and zero otherwise), and ε is unexplained variation. Well

5 was not included as a binary predictor variable because if the vari-

ables Well 3, Well 4, and Well 6 are all zero, indicating the episode

did not take place at those wells, then this would indicate the episode

occurred at Well 5. The prediction variable was transformed to

log(RPR) because model residuals versus predicted untransformed

RPR values were observed to be heteroscedastic and nonlinear,

whereas a logarithmic transformation achieved more linear and con-

stant variance residuals. The explanatory variable average precipita-

tion rate was also transformed because of nonlinearity between this

variable and RPR.
3 | RESULTS

The depth to water time series (Figure 2) showed markedly different

seasonal and event response patterns across the watershed. The well

with the deepest water table below land surface (1, not to be confused

with the lowest water table elevation at Well 6, also see Table 1)

showed a water table that was primarily driven by longer term pat-

terns of wetting and drying and a strong seasonal signal. For example,

the rise in water table in the fall of 2015 occurred months later at Well

1 than at wells with shallower depths to water. There were few dis-

tinct responses to individual storm events at Well 1. Well 2 had a

shallower water table but showed overall similarity to Well 1, with

more identifiable responses to storm events. The four wells with
FIGURE 2 (a) Water table elevation (m) and
(b) depth to water below land surface (m)
between December 2014 and February 2017
at six instrumented wells (Figure 1). On (a),
stream stage elevation (m) at tributary 104 is
also plotted (https://waterdata.usgs.gov/usa/
nwis/uv?01644371)
intermediate depth to water (Wells 3–6) were analysed with the

EMR method because they showed clear and discrete responses to

storm events, which overlay broader, seasonal fluctuations. Storm‐

driven water table rises did not scale directly with depth to water.

For example, during most storms, Well 3 had the largest magnitude

increase in water table response to individual storm events but was

at an intermediate to deep range in terms of depth to water table

compared with the other six wells (Figure 2). These patterns are

explored further with time series analysis and the EMR method.
3.1 | Time series analysis

Lags that corresponded to an autocorrelation coefficient of 0.2

(referred to as k0.2) are plotted in Figure 3. Figure 3 shows that k0.2

was better explained by mean depth to water (Figure 3a, adjusted R2

0.17), where the wells with deeper water tables showed a greater

temporal water table persistence, as compared with distance to

stream (Figure 3b, adjusted R2–0.23), although neither of the relation-

ships shown was significant.

Spectral analysis of the longest gap‐free record across wells

(June 12, 2015–July 5, 2016) is shown in Figure 4. All wells showed

an approximately linear relationship in spectral density with period

on this log–log scale, which corresponds to the commonly reported

power relationship between spectral density of water table records

and period on a linear scale (Duvert et al., 2015; Herman et al.,

2009; Imagawa et al., 2013).

There were peaks in spectral density at a period of about 0.5 days

for all wells, which was most pronounced for Well 4 and least for

Wells 3 and 6. There also were peaks at a period of 1 day for Wells

1, 2, 4, and 6. The heightened cyclicality at these periods may relate

to demand or barometric pressure changes. Similar peaks at nearly

the same periods were observed by Herman et al. (2009). Well 3

had a relatively high spectral density for periods greater than about

0.3 day, as expected given its strongly pronounced fluctuations. This

characteristic suggests an especially high sensitivity to water inputs

at this location. Wells 1 and 2 had comparatively high spectral

https://waterdata.usgs.gov/usa/nwis/uv?01644371
https://waterdata.usgs.gov/usa/nwis/uv?01644371
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densities at periods greater than about 40 days and comparatively low

densities at shorter periods, whereas the opposite pattern was

observed at Wells 4 and 6. These patterns correspond to the lesser

sensitivity to high‐frequency fluctuations visible in the Wells 1 and 2

hydrographs (Figure 2). A possible cause is that the greater thickness

of the unsaturated zone at Wells 1 and 2 increases its effectiveness

for damping out short‐term fluctuations occurring at the land surface.
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FIGURE 4 Spectral density versus period (days), calculated using the
gap‐free period June 12, 2015–July 5, 2016
3.2 | Water table fluctuations

After examining thewater table fluctuations froma continuous perspec-

tive with the autocorrelation function and spectral analysis (Figures 3

and 4), we then examined individual storm events using the EMR

method forwater table fluctuations. This approach required the creation

of amaster recession curve for eachwell, predicting the expected rate of

decrease in water table elevation (dH/dT) across water table elevations

(H; Figure 5). Using a test for differences in slopes (Larsen&Marx, 2012:

572), we found the recession slope for Well 3 was significantly smaller

than that ofWells 4, 5, and 6 (all p valueswere <1e‐5), and the recession

slope for Well 4 was greater than that of Wells 5 and 6 (p values were

<1e‐4), whereas the slopes for Wells 5 and 6 were not significantly dif-

ferent. Well 3 had the fastest recession (most negative value for

dH/dT), which can also be seen by examination of recession periods in

Figure 2, and the recession rate at Well 4 was the most gradual.

These master recession curves were used to identify recharge epi-

sodes using the EMR code. The water table rise for each episode was

multiplied by specific yield to result in recharge for each episode, which

is plotted against precipitation magnitude for each episode in Figure 6a.

Changes in the assumed value of specific yield would shift the points in

Figure 6a uniformly up or down. If the specific yield increased, some

episodes would have a RPR > 1, which is possible for areas where

recharge is occurring not only as a result of precipitation in the vicinity

of the well but also due to nearby collection and recharge of

stormwater, which fell as precipitation over a larger drainage area.

Changes to specific yield that kept a constant value across the water-

shed would preserve the relative position between wells.

From inspection of Figure 6a, it appears that in addition to scat-

ter, recharge at Well 3 was generally higher than at other wells for

the same precipitation magnitude. This was examined further by

dividing the episode recharge (mm) by episode precipitation (mm) to

calculate the RPR (Figure 6b). We observed that Well 3 had the
highest median RPR, followed by Wells 5, 6, and 4, which

corresponded to the size of water table rises seen in Figure 2. We

tested whether the differences between wells in Figure 6b were sta-

tistically significant. Applying the nonparametric Kruskal–Wallis rank

test lead us to reject the null hypothesis that the distribution of

RPR was identical across wells (p value of 8e‐6). A pairwise Wilcoxon

rank‐sum test was used to test the hypothesis that pairwise compar-

isons between wells were from the same distribution. We found sig-

nificant differences between RPR of Well 3 and the other three wells

(p values <.05), whereas the other comparisons were found not to

have significant differences. Since RPR is directly proportional to

Sy, the significant differences in RPR among wells could also be

explained by Sy values that are 3 times higher in Wells 4–6 com-

pared with Well 3.

We examined potential drivers of the RPR (Figure 7), which could

explain the scatter in the relationship between precipitation and

recharge (Figure 6b). RPR was found to be negatively related to epi-

sode precipitation magnitude and episode precipitation rate (Figures 7a

and 7b). RPR was positively related to episode duration and pre‐event

water table elevations (Figures 7c and 7d). These relations were

modelled using multiple linear regression (Equation (4)). Both episode
FIGURE 3 (a) Lag (days) corresponding to an
autocorrelation of 0.2 (k0.2) versus mean
depth to water (m). (b) Lag (days)
corresponding to an autocorrelation of 0.2
(k0.2) versus distance from well to nearest
stream (m)



FIGURE 5 Change in water table elevation over time (dH/dT, where
H is water table elevation and T is time, in m/day) versus water table
elevation (H) at each well. The coloured dots represent the
observations considered for the recession fit, and the coloured lines
represent the fits to the observations (i.e., the master recession
curves). The slope (m) and intercept (b) values for each fitted master
recession curve (Equation (3)) is also given

FIGURE 7 (a) Recharge to precipitation ratio
(RPR) for each episode versus episode total
precipitation magnitude (mm). (b) RPR versus
episode average precipitation rate (mm/day).
(c) RPR versus episode duration (days). (d) RPR
versus pre‐event water table elevation
anomaly represents the water table elevation
before the storm event minus mean water
table elevation for each well (m)

FIGURE 6 (a) Each recharge episode
identified is plotted as a single point, with
recharge over the episode (mm) versus
precipitation over the entire episode (mm).
The 1:1 line is plotted as a thick black line. (b)
Recharge to precipitation ratio for events.
Each episode is plotted as a dot, which
overlays the summary statistics represented
as a boxplot for the recharge to precipitation
ratios at each well
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precipitation and average precipitation rate could not be included in

the model because of the high degree of collinearity between these

variables (Variance Inflation Factor >80). Including average precipita-

tion rate resulted in a higher adjusted R2 and lower Predicted Residual

Error Sum of Squares compared with including episode precipitation,

which is why average precipitation rate was included, and episode pre-

cipitation was not. The adjusted R2 for the model was 0.87 with a p

value <2.2e‐16. All model coefficients were found to be significant

(Table 2).

The model coefficients (Table 2) indicated that higher precipita-

tion rate and recharge occurring at Well 4 or 6 reduced RPR, whereas

longer duration, higher pre‐event water table elevation, and an epi-

sode occurring at Well 3 increased RPR. The explanatory variables

that produced the largest change in RPR (measured by standardized

coefficients, not shown) were average precipitation rate, occurring at

Well 4 and occurring at Well 6. The pre‐event water table elevation

difference from mean had the smallest standardized coefficient,
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indicating the relatively low importance of this variable in explaining

RPR. Median RPR was also related to the proximity of the well to a

stream (Figure 8a) and not as closely related to the proximity of the

well to a stormwater infiltration facility (Figure 8b) and the mean

depth to water (Figure 8c).
4 | DISCUSSION

a) How does water level persistence and rate of recession vary

across wells in this low impact development watershed?

Previous studies found that downstream wells along the axis of

the stream (Duvert et al., 2015) or wells at the toe of the alluvial fan

(Imagawa et al., 2013) have greater persistence in water table records.

Persistence was related to mean depth to water (Figure 3a), which fits

with a conceptual model of thicker unsaturated zones damping dis-

crete signals from the land surface, although depth to water did not

describe all the variability observed (Figure 8c). For example, Well 3

had the lowest persistence but had a relatively deep depth to water

(Figure 3a). Well 3 also had a faster recession rate than the other wells

(Figure 5).

b) What role do storm properties (precipitation magnitude, duration,

and rate) and pre‐event water level play, compared with spatial

variability between wells, in driving recharge?
TABLE 2 Coefficient estimates, associated explanatory variable, and
p values associated with the coefficients in the multiple linear regres-
sion model of Equation (4)

Coefficient
Associated explanatory
variable

Coefficient
estimate p value

β0 Intercept −0.84 2e‐3

β1 Log (average
precipitation rate)

−0.86 <2e‐16

β2 Episode duration 0.24 8e‐9

β3 Pre‐event water table
elevation difference
from mean

0.26 .01

β4 Well 3 0.36 1e‐3

β5 Well 4 −0.78 1e‐10

β6 Well 6 −0.47 1e‐15

FIGURE 8 Median recharge to precipitation ratio at each well across all s
(m), (b) distance from each well to the nearest infiltration storm water con
Well 3 also stood out as having a significantly higher RPR

(Figure 6b). For all wells, RPR were negatively related to average pre-

cipitation rate and positively related to episode duration and water

table elevation before the storm (Table 2). RPR were also positively

related to occurring at Well 3. Multiple factors could have contributed

to the higher RPR observed at Well 3. Both Wells 3 and 6 were within

forested valleys, down gradient of single family houses with drywells—

systems where a roof gutter downspout collected run‐off from the

back half of a roof and channelled that water to an underground gravel

pit. The stormwater collected by a drywell was from a small area (half

an individual roof), but the drywells were numerous and close to Wells

3 and 6 (drywell recharge facilities were within 20 m of both wells;

Figure 8b). The infiltration from these drywells could be hypothesized

to lead to larger water table fluctuations, but the effect at these two

wells was found to be dissimilar (Figure 6b). Proximity to a stream

may be a contributor to the dissimilar water table responses observed

at these two wells. As shown in a hypothetical MODFLOW model

(Risser, Gburek, & Folmar, 2005), wells close to streams had a damped

water table fluctuation, even with the same recharge, because of the

faster groundwater drainage near the stream—similar to the effect of

a constant head boundary condition nearby. Well 6 was 38 m away

from a perennial stream (Figure 1; Figure 8), which would be expected

to constrain water table fluctuations, whereas Well 3 was in a valley of

a different stream that was usually dry and was 290 m away from a

perennial stream.
4.1 | Implications

Many of the same factors driving RPR in North Carolina (Tashie et al.,

2016) were found to be important here. Tashie et al. (2016) also found

a negative correlation between RPR and precipitation magnitude and

rate and a positive correlation between RPR and duration, an effect

that was more pronounced in developed versus undeveloped areas.

The decrease in RPR with larger magnitude events (Figure 7a) was

expected due to greater dominance of overland flow in large magni-

tude storms (Tashie et al., 2016). We would expect that in an urban

area with infiltration of stormwater, there would be greater RPR at

low magnitude events compared with conventionally developed urban

watersheds without focused infiltration of stormwater. This greater

RPR compared with conventional urban watersheds might not hold

for large magnitude storm events because infiltration‐based
torm episodes versus (a) distance from each well to the nearest stream
trol measure (SCM; m), and (c) mean depth to water (m)
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stormwater facilities are generally constructed with a certain storage

capacity, past that additional stormwater becomes overland flow or

enters stormwater pipes through overflow or bypass structures. This

limited capacity of infrastructure for infiltration might imply that for

large magnitude events the RPR of LID and conventional urban

watersheds would become similar, because the stormwater facilities

are no longer serving as enhanced infiltration pathways. Although

we observed a decrease in RPR with precipitation magnitude, we

were not able to test how this relationship would have been differ-

ent compared with an urban watershed without the managed infil-

tration of stormwater, due to the lack of data in a comparison

watershed at the same time. Our study was an observational one,

where we investigated relations between properties of water level

records, storm properties, and landscape parameters, but because

we could not change spatial properties of our study watershed, we

could not identify precise causes in between‐well variations in water

table behaviour. We found significant variability in recharge

response between wells above and beyond the effects of storm

characteristics (Table 2), which could have been caused by

hydrogeologic properties, contributions from stormwater infiltration,

and topographic position.
5 | SUMMARY AND CONCLUSIONS

a) Persistence in water levels and their spectral density of frequen-

cies were related to mean depth to water (Figure 3a; Figure 4).

Storm event pulses of recharge were expected to be more diffuse

in time and depth for wells with thicker unsaturated zones.

Storm‐generated water table responses of these wells were gen-

erally more subdued and more autocorrelated over longer lengths

of time, with lesser representation of high‐frequency

components.

b) Four wells in our study area (Wells 3–6) were analysed with the

EMR method for water table fluctuations (Nimmo et al., 2015).

We found that these wells had significantly different RPR

(Figure 6b). Well 3, located in a valley down gradient from infiltra-

tion facilities and also the greatest distance from a stream out of

the four, had the largest RPR (Figure 6b). In addition to having the

largest water table increases in response to storm events, Well 3

had the fastest water table recession (Figure 5).

c) RPR were significantly lower for storms that were shorter, at a

higher precipitation rate, and had lower water table elevations

before the storm (Figure 7; Table 2). Wells that were further from

streams had a larger recharge response (Figure 8a).

This work has implications for the planning phase of stormwater

management, when the locations of stormwater infiltration facilities

are being sited. In areas where the water table is shallow enough to

cause potential concerns for infrastructure with groundwater

mounding, the placement of stormwater infiltration facilities to avoid

these issues becomes important. In an ameliorating factor, because

of the damping effect of the stream on water table fluctuations, the

wells closest to the stream, with generally shallower water tables,
are expected to rise less in response to recharge events compared

with wells further from the stream. Much deeper water tables may

not respond to individual storm events because of the thickness of

the unsaturated zone. Areas of the watershed at intermediate depth‐

to‐water levels, the exact ranges of which will likely vary with climate

and hydrogeologic conditions, may have the largest water table

response to episodic recharge events.
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