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Abstract: A quantitative understanding of the interplay between the different components of the
hydrologic cycle at the watershed scale can be gained from analyzing high-frequency hydrologic time
series. High-frequency measurements of precipitation, soil water content, shallow groundwater, and
streamflow were collected and analyzed in Otter Creek, a 122 km2 watershed located in Northeast
Iowa, USA. For selected rainfall events occurring in 2014, it was found that there is at least 4 h of
delay between soil water content and water table time series response and streamflow peak. This is
true even when the water table was approximately 6.5 m below the ground surface before rainfall
started. Data reveal a strong linear dependence between the soil water content and the water table,
which suggests the existence of a capillary fringe that extends approximately 2.5 m above the water
table. The highest streamflow values in Otter Creek occurred when both the water table was close to
the ground surface and the near surface soil (top 65 cm) was close to full saturation. Analyses show
that, in the study area, data on depth to water table or deep soil water content have the potential to
play a key role in the development of a flood warning system. The transformation of rainfall into
streamflow is a complex process that we simplified in this study. Additional analyses using physically
based coupled surface-subsurface models or non-linear or stochastic models are recommended for
more rigorous analysis.

Keywords: high-frequency hydrologic data; response; soil water content; shallow groundwater;
streamflow generation; rainfall

1. Introduction

Floods are the most damaging natural disaster in the United States [1]. Damages for the 1993 flood
in Iowa were estimated to be $152 million and the 1993 and 2008 floods in the Upper Midwest exceeded
economic losses of 1 billion dollars [2]. Analysis of long term records collected in the Mississippi River
Basin (MRB) show increasing trends in the frequency of heavy rainfall and annual maximum daily
rainfall [2,3]. Areas prone to flooding in the MRB are likely to be affected by extreme precipitation
events in the coming years. In an agricultural region, such as Iowa, that is characterized by high water
tables [4] and runoff from cropped areas, evaluating flood risks warrants increasing attention [5].

Temporal resolution in hydrologic data collection, from the early part of the 20th Century to today,
has increased from daily or intermittent values to sub-hourly [6,7]. This allows for better resolution
of the timing of various hydrologic processes, including floods. In the U.S., several federal, state,
local, and private entities operate high-frequency hydrologic data collection networks [8]. Typically,
hydrologic variables monitored at high frequency include precipitation, stream discharge, stream
stage, and groundwater levels, among many others. High temporal resolution data are important
for developing and calibrating hydrologic models and assessing the dependence and timing among
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different hydrologic processes and water quality variables. The authors in [9] investigated seasonal
variability in runoff generation processes in a well-instrumented 1.96 ha watershed using end-member
mixing analyses and hydrometric data and specific conductance collected at a frequency of 5 to 15 min.
Hydrograph separation using similar techniques has been used in studies to quantify baseflow in
snowmelt-dominated, agricultural, and forested watersheds [10–12].

Soil moisture has been identified as a unifying theme in physical hydrology, and high-frequency
soil moisture data have been used to investigate its relation with other hydrologic variables [13].
Likewise, the influence of soil moisture on runoff generation, recharge, and evapotranspiration has
been analyzed [14–17]. Rapid groundwater responses to precipitation and the riparian-stream system
dynamics have also been studied using continuously monitored data. The authors in [18] demonstrated
the importance of the groundwater component in flood generation using high-resolution water table
monitoring in 10 wells and other hydrometric and geochemical data. Other studies have reported
distributed patterns of pore water pressure head [19], soil salinity impacts on farmland [20], and
dynamics of the hyporheic zone [21].

In this study, we evaluated high-resolution hydrologic time series, including rainfall, shallow
soil water content (SWC), streamflow, and depth to water table (DWT) at upland locations, collected
in an agricultural watershed in northeast Iowa. Since the region is prone to flooding, our goal
was to evaluate the timing and interdependence of these upland water quantity measures (rainfall,
SWC, DWT) and streamflow peaks at the watershed outlet. An improved understanding of how the
hydrologic cycle behaves in a watershed is foundational for the development of early warning systems
for flood mitigation.

2. Materials and Methods

2.1. Study Area

Otter Creek is a 122 km2 watershed located in northeast Iowa, USA (Figure 1). The stream is
a tributary of the Turkey River which drains into the Mississippi River. Approximately 50% of the
watershed area is devoted to agricultural activity, with corn and soybeans being the predominant
crops. Forest and grassland represent approximately 12% and 25% of the land cover, respectively.
The western half of the watershed is characterized by gentle slopes compared to the more rugged
eastern portion (Figure 1a). The total watershed relief is approximately 130 m. Most of the agricultural
activity and associated tile drainage is concentrated in the western part of the watershed, whereas the
eastern part is dominated by grasslands and forest. Average annual precipitation in northeast Iowa is
approximately 910 mm [22], and approximately 70% of the total annual precipitation is lost through
evapotranspiration [23].

2.2. Sensors and Field Measurements

Otter Creek is a well-instrumented watershed with several sensors collecting hydrometric data
(precipitation, streamflow, SWC, and DWT) at 15-min frequency (Table 1). The availability of data
played a key role in the selection of Otter Creek for this study. Locations of the monitoring stations are
presented in Figure 1b. Sensors collecting precipitation, SWC, and stream discharge were installed in
the early part of 2014. For most of the study period, shallow groundwater data were obtained from
a well located outside of the watershed that was monitored by the U.S. Geological Survey (USGS).
Note that this well was decommissioned in October 2014 (Table 1). In September 2014, water table
monitoring was initiated in three new sites located in the Otter Creek. Results presented below include
data from the well installed at station RGS0046. Precipitation was measured at five stations in the
watershed using two MetOne 380 (Met One Instruments, Inc., Grants Pass, OR, USA) Precipitation
Gauges at each site. Readings from the two gauges were averaged to derive an estimate of the 15-min
rainfall intensity. At the same five sites, Campbell Scientific CS655 (Campbell Scientific, Logan, UT,
USA) Soil Water Content Reflectometers were installed at depths of 5, 10, 20, and 50 cm. A borehole
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was dug to a depth of approximately 60 cm to facilitate probe installation. Pilot horizontal holes at
the target depths were made using a rod insertion guide tool. At targeted depths, probe rods were
installed horizontal to the ground surface, which allows for the detection of vertical water fluxes,
and the hole was backfilled with native soil. SWC measurements were obtained using the default
relationship between dielectric permittivity and volumetric water content and were collected every
15 min. Probes are designed to measure SWC in the 5% to 50% range with a typical accuracy of ±3%.
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Figure 1. Otter Creek. (a) Elevation expressed in meters above sea level (m.a.s.l.); (b) Aerial photo
and monitoring stations locations; (c) Location in the State of Iowa. Black outlines in frame (b) show
incorporated city boundaries. USGS: U.S. Geological Survey.

Table 1. Data collected by the monitoring stations shown in Figure 1. Groundwater well at station
RGS0046 was installed in late fall 2014.

Station ID Soil Water Content at 5,
10, 20, and 50 cm Depths Precipitation Streamflow Depth to Water Table Period

USGS 05411900 X 26 Mar 2014 present
RGS0043 X X 15 May 2014 present
RGS0044 X X 15 May 2014 present
RGS0045 X X 19 Apr 2014 present
RGS0046 X X X 19 Apr 2014 present
RGS0047 X X 15 May 2014 present
USGS Well X 23 Jan 2009 17 Oct 2014

X means: type of data collected at the stations.
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The well at station RGS0046 was installed to a depth of approximately 8.0 m using a
truck-mounted, hollow-stem drilling rig. A 3-m long factory-slotted PolyVinyl Chloride (PVC) well
screen and a solid PVC riser were installed in the borehole. A silica sand filter pack was poured around
the screen, bentonite chips were added to provide a seal, and drill cuttings were backfilled in the rest
of the borehole. Water table levels in the well were recorded every 15 min using Decagon CTD-10
transducers (Decagon Devices, Inc., Pullman, WA, USA). Both wells (RGS0046 and USGS) were located
in topographical high spots away from streams in regions that are likely to be recharge areas where
groundwater levels are not significantly influenced by stream level fluctuations.

Soils consist of predominantly silt loam throughout much of the watershed, with loam soil
texture primarily found in the southwestern portion of the basin [24]. Soil samples taken at RGS0044,
RGS0045, and RGS0046 (see Figure 1) indicated soil textures of silt loam, silty clay loam, and silt loam,
respectively. The thickness of soil A and B horizons at these locations ranged from approximately 1
to 2 m. Lithologic logs from private wells in the area indicate that clay, loess, sandy clay, and shale
comprise the deeper geologic materials. The depth to bedrock averages approximately 11.0 m in the
watershed [25].

2.3. Hydrologic Time-Series Data

Time series of hydrologic data collected in 2014 were analyzed in this study. To estimate rainfall
and SWC for the entire watershed, the arithmetic average of the values recorded at the five RGS
stations was calculated. SWC readings were averaged by soil depth class. It is important to mention
that SWC time series at each of the five sites responded to rainfall events at similar times but displayed
differences in magnitude, which highlights the influence of local characteristics (e.g., soil properties,
slopes, etc.) on SWC readings. The temporal dynamics among the different time-series records were
analyzed for the period between 1 May and 7 November 2014. We focused on six precipitation events
observed during the study period. Five events (e1 to e5) were recorded in the summer of 2014 and the
sixth event (e6) was observed in mid-October. We defined the response of the different hydrologic
time series to precipitation events based on an analysis of the time-series slopes. A second-order
polynomial was fit to every point in the time-series record to estimate the slope at the given point.
A three-point stencil defined by the given point and a point backward and forward in time was fitted
with the polynomial. High-order polynomials can display oscillatory behavior and introduce a high
number of inflexion points. For the analyses presented in this paper, a simple second-order polynomial
was deemed appropriate. Time-series response to precipitation was defined as the first data point
after the first recorded rainfall when the time-series slope exceeded a threshold value. Slopes were
calculated for the entire record (1 May to 7 November), and the response threshold value was assumed
to be the 98th percentile. A slope that exceeded the 98th percentile was assumed to be the response of
the hydrologic time series to the precipitation event. The slope threshold for DWT was estimated in
the same manner using water level data collected by the USGS.

3. Results

3.1. Time-Series Data

Hydrologic data measured during 1 May to 7 November 2014 are displayed in Figure 2. In this
figure, the top panel shows rainfall intensity and the bottom frame displays time series of SWC at
four depths, DWT at two wells, and streamflow at the watershed outlet. A total of 710 mm of rainfall
occurred during the study period, which represents 78% of the long-term annual average for Northeast
Iowa. Approximately 36% of the measured rainfall was recorded in the month of June. The maximum
average rainfall intensity and the longest period of uninterrupted rain were 12.4 mm/15 min and
22.5 h, respectively. The maximum rainfall intensity recorded at the five monitoring sites (see Table 1)
corresponds with a 1-year 15-min duration storm.
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The hydrologic time series show large fluctuations during the monitoring period (Figure 2).
The largest fluctuations were associated with SWC at 5-, 10-, and 20-cm depths. SWC at the 5-cm depth
showed the largest range in values, ranging from 44% after rainfall events in May to 11% following an
extended dry period in August. SWC at 50 cm fluctuated within a narrower range (24–43%) than the
shallower depths and closely followed water table patterns. During dry periods, the steepest and the
gentlest decline in SWC slopes were observed for the sensors located at 5 cm and 50 cm, respectively.

DWT (USGS) levels ranged between 0.7 m and 4.4 m from the ground surface (Figure 2). Rapid
water table rise was observed on several occasions during 2014, rising as fast as 1.8 m in 15 h during
some intense rainfall events. During drier periods, the water table steadily declined. The DWT time
series observed in the USGS well and the DWT values recorded at station RGS0046 displayed very
similar trends over a short time period. In the 21 days that they overlapped, the Pearson correlation
coefficient between the time series was 0.99 and their maximum instantaneous slopes were 1.5 m/day
(USGS well) and 1.8 m/day (RGS0046). However, values reported at RGS0046 showed a water table
location that was on average 2.2 m deeper than that recorded at the USGS well. It is important to
mention that Pearson correlation coefficients measure the degree of linear association between two
variables, and in highly non-linear relationships other metrics (e.g., Spearman’s rank correlation
coefficient and Kendall’s rank correlation coefficient) can be more appropriate.

DWT fluctuations correlated with SWC patterns, with the greatest correlation between DTW and
SWC at 20 and 50 cm (r = 0.86 and 0.95, respectively; 1 May to 16 October; Table 2). In the late fall
(early September and mid-October) the DWT displayed a downward trend that was not evident in the
SWC data at 50 cm. Hence, the correlation between DTW and SWC at 50 cm decreased to 0.53 during
this fall period. The correlation between SWC and the DWT was affected by the depth of the water
table (Table 3). When the water table was located close to the ground surface (<2 m deep), SWC at the
four depths and DWT time series showed a strong correlation (r = 0.84 to 0.90). For values of DWT
greater than 2 m, the correlation with shallower SWC depths (<10 cm) decreased to r < 0.24. At DWT
greater than 3 m, correlation of SWC with DWT was <0.36 at all soil depths.
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Table 2. Pearson correlation coefficients between the soil water content and depth to water table (USGS
well) time series for different times of the year.

Period Number of Points SWC5 cm SWC10 cm SWC20 cm SWC50 cm

1 May 2014–3 Sep 2014 12000 0.70 0.73 0.86 0.95
3 Sep 2014–16 Oct 2014 4128 0.49 0.63 0.85 0.53

Table 3. Pearson correlation coefficients between the water content and depth to water table (USGS
well) time series for different positions of the water table.

DWT (m) Number of Points SWC5 cm SWC10 cm SWC20 cm SWC50 cm

0.0–2.0 4868 0.89 0.84 0.90 0.88
2.0–3.0 4379 0.07 0.22 0.47 0.78
3.0–4.5 6881 0.24 0.21 0.21 0.36

Table 3 shows that correlation coefficients, for SWC depths of 10, 20, and 50 cm, monotonically
decrease with DWT. In contrast, the SWC sensor at 5 cm shows the smallest correlation for DWT
values between 2.0 and 3.0 m. Based on Figure 2, values of DWT between 0.0 and 2.0 m represent wet
conditions and DWT measurements deeper than 3.0 m are indicative of dry conditions. The dynamics
between SWC and evapotranspiration in the transition between wet and dry conditions influence
the first and more severe SWC readings at 5 cm and can potentially explain the very low correlation
coefficient presented in Table 2 for this sensor (DWT = 2.0–3.0 m). Since land cover at the SWC consists
of shallow-rooted cool season grass (Poa pratensis), the shallow SWC measurements at 5 cm are
impacted first when plant water uptake begins drying soils following a wet period. Hence, the relation
of shallow SWC to DWT are first to decouple and correlation decreases when DWT decreases.

3.2. Timing of Hydrologic Processes

Six events (e1 to e6), for which data from all the monitoring sites were available, were selected to
evaluate the timing among different hydrologic variables (Figures 3–6). Note that in these figures the
scales for the horizontal and vertical axes are not the same. The six events presented in Figures 3–6 had
a streamflow peak of at least 4.3 m3/s and displayed both SWC (at the four depths) and DWT time
series responding to rainfall (Table 4). In the period between early July and early October, several rainfall
events were recorded in Otter Creek but none of them increased the streamflow appreciably (Figure 2).
However, SWC changes and, to a considerably lesser extent, DWT changes were observed in this period.
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Table 4. Time series main features during June and October periods in 2014. Initial values correspond with the first rainfall recorded within the analyzed window.
Groundwater data are based on the USGS well.

e1 e2 e3 e4 e5 e6

Analyzed time window
initial 16 Jun 18:00 18 Jun 18:00 19 Jun 13:00 29 Jun 18:00 30 Jun 12:00 13 Oct 00:00
final 17 Jun 12:00 19 Jun 12:00 20 Jun 06:00 30 Jun 12:00 01 Jul 06:00 16 Oct 23:00

duration (h) 18.00 18.00 17.00 18.00 18.00 95.00

Streamflow

initial (m3/s) 0.54 1.27 12.69 0.88 4.73 0.42
final (m3/s) 2.15 15.63 8.55 5.61 11.04 0.82
peak (m3/s) 5.01 29.17 51.82 23.50 52.67 4.28

volume (mm) 1.05 4.82 14.32 5.44 13.32 3.70
time to peak from first rain (h) 6.50 8.25 10.25 6.00 6.00 32.75

time between response and first rain (h) 5.50 3.25 1.00 1.00 1.25 32.00

Soil Water Content

initial (%)

5 cm 14.80 33.60 38.40 35.00 37.75 19.00
10 cm 18.60 36.60 40.60 37.50 39.50 21.20
20 cm 23.80 34.60 39.60 36.00 38.50 24.80
50 cm 33.00 35.40 37.80 38.25 40.75 26.00

final (%)

5 cm 33.80 38.80 38.40 38.00 38.25 33.20
10 cm 35.80 40.60 40.40 39.75 40.25 35.25
20 cm 31.00 39.80 40.20 38.50 39.25 34.40
50 cm 35.00 37.80 41.20 40.50 41.25 35.80

peak (%)

5 cm 36.80 41.00 41.60 42.00 42.50 40.20
10 cm 37.20 42.40 43.80 42.50 43.50 40.40
20 cm 31.00 40.40 41.60 39.50 41.00 37.40
50 cm 35.00 37.80 41.80 40.50 43.00 36.20

time between max SWC
and first rain (h)

5 cm 7.25 5.00 1.50 1.25 1.50 28.00
10 cm 8.25 5.00 1.50 1.50 4.25 28.00
20 cm 13.75 5.00 2.00 1.50 1.50 28.50
50 cm 11.50 13.50 5.00 13.25 4.25 53.00

time between response
and first rain (h)

5 cm 0.00 0.50 1.00 0.75 0.50 14.50
10 cm 0.00 0.75 1.25 1.00 0.50 15.00
20 cm 0.00 1.50 1.00 1.00 0.50 18.75
50 cm 0.50 3.50 1.00 1.00 1.50 25.50

Rain

total (mm) 35.64 49.07 33.40 24.03 35.46 70.97
discharge/rain 0.03 0.10 0.43 0.23 0.38 0.05

max intensity (mm/15-min) 12.37 4.78 12.01 11.46 5.46 1.96
Time between max intensity and first rain (h) 0.25 4.00 1.25 1.00 1.25 27.25

Time between % total
rain and first rain (h)

25% 0.00 3.25 1.00 0.75 1.00 18.50
50% 0.25 4.00 1.25 1.00 1.50 24.25
75% 4.75 4.75 1.50 1.25 3.50 28.00

100% 9.50 11.75 16.25 13.50 14.00 80.50

Groundwater-Depth to Water Table

initial (m) 2.99 2.47 1.21 1.41 1.09 4.40
final (m) 2.57 1.24 0.86 1.09 0.89 3.18

minimum (m) 2.57 1.24 0.66 1.08 0.77 3.18
time between minimum and first rain (h) 15.00 13.50 1.75 14.50 5.25 90.00
time between response and first rain (h) 0.50 2.75 0.00 1.00 1.50 29.00



Water 2018, 10, 261 8 of 16Water 2018, 10, x FOR PEER REVIEW  9 of 17 

 

 

Figure 4. Event 2 (e2) and Event 3 (e3). Hydrologic time series measured in 2014. The horizontal 
arrows in the top panel show the analyzed time windows. 

 
Figure 5. Event 4 (e4) and Event 5 (e5). Hydrologic time series measured in 2014. The horizontal 
arrows in the top panel show the analyzed time windows. 

Figure 4. Event 2 (e2) and Event 3 (e3). Hydrologic time series measured in 2014. The horizontal
arrows in the top panel show the analyzed time windows.

Water 2018, 10, x FOR PEER REVIEW  9 of 17 

 

 

Figure 4. Event 2 (e2) and Event 3 (e3). Hydrologic time series measured in 2014. The horizontal 
arrows in the top panel show the analyzed time windows. 

 
Figure 5. Event 4 (e4) and Event 5 (e5). Hydrologic time series measured in 2014. The horizontal 
arrows in the top panel show the analyzed time windows. 

Figure 5. Event 4 (e4) and Event 5 (e5). Hydrologic time series measured in 2014. The horizontal
arrows in the top panel show the analyzed time windows.



Water 2018, 10, 261 9 of 16
Water 2018, 10, x FOR PEER REVIEW  10 of 17 

 

 

Figure 6. Event 6 (e6). Hydrologic time series measured in 2014. The horizontal arrow in the top panel 
shows the analyzed time window. 

Summer events (e1 to e5) were characterized by short rainfall durations and high intensities. In 
contrast, rainfall during event e6 (in the fall) spanned approximately 45 h with intensities lower than 
2 mm/15 min. Peak discharge was lowest during events e1 and e6 (<5m3/s) and much greater during 
events e3, e4, and e5 (23–53 m3/s). Furthermore, in all of the events, the groundwater table rise was 
larger than the measured rainfall depth. The largest ratio (25.2) between water table rise and rainfall 
depth was found in event e2 and the smallest (5.5) in event e5 (Table 4). 

During event e1, approximately 36 mm of precipitation fell over 9.5 h with a maximum intensity 
of 12.4 mm/15 min (Table 4). Streamflow peaked at 5.0 m3/s approximately 6.5 h after the rainfall 
began. SWC rapidly increased at depths less than 20 cm with SWC at 5 cm increasing from 14.8 to 
36.8% during the first 7 h of rainfall (Figure 3). In contrast, SWC at 50 cm and DWT exhibited a minor 
response to the event, increasing 2% and 0.43 m, respectively. The time to the maximum SWC from 
the initiation of rainfall ranged from 7.25 to 13.75 h (Table 4), which was less than the time needed 
for water table rise to reach the minimum DWT (15 h). The response time (time between change in 
time-series slope (response) and first rain) was less than 0.5 h for the SWC and DWT table but was 
considerably delayed for streamflow (5.5 h).  

Event e2 occurred approximately 1 day after event e1 when soil moisture conditions were wetter; 
initial SWC ranged from 33.6% to 36.6% in the upper 50 cm (Table 4). After 49 mm of rainfall, shallow 
SWC at the end of the event (<20 cm) increased approximately 5% (Figure 4) and streamflow peaked 
at 29.2 m3/s, more than five times larger than e1, whereas DWT changed 1.23 m. The time to measured 
hydrologic response from the first rainfall was 0.5 to 1.5 h for shallow SWC (<20 cm) and 3.5 and 2.75 
h for SWC at 50 cm and DWT, respectively. Approximately 13 h after the hydrologic response of 
event e2, another 33.4 mm of additional rainfall fell in the watershed (e3) (Figure 4). Streamflow 
during e3 peaked at 51.8 m3/s as the rain fell on wet soils (38–41%). DWT was observed to quickly 
rise (0.35 m) with the rainfall event. The response time from the first rain was rapid in all hydrologic 
time series, ranging from 0 h (DWT) to 1.25 h (10 cm SWC) (Table 4). 

Events e4 and e5 occurred in short succession approximately 9 days after e3 (Figure 5). A total 
rain of 24 mm on 29 June resulted in SWC increasing 2–4% and DWT decreasing 0.3 m. 
Approximately 18 h after event e4, 35.5 mm of additional precipitation fell in the watershed. Again, 
with precipitation falling on wet soil, streamflow rapidly increased, with peak discharge (52.7 m3/s) 
and volume similar to event e3. A rapid hydrologic response was observed in the SWC and DWT 
time series (Figure 5) with the elapsed time between the start of rainfall and the hydrologic response 
ranging from 0.5 to 1.5 h. (Table 4). 

Figure 6. Event 6 (e6). Hydrologic time series measured in 2014. The horizontal arrow in the top panel
shows the analyzed time window.

Summer events (e1 to e5) were characterized by short rainfall durations and high intensities.
In contrast, rainfall during event e6 (in the fall) spanned approximately 45 h with intensities lower
than 2 mm/15 min. Peak discharge was lowest during events e1 and e6 (<5m3/s) and much greater
during events e3, e4, and e5 (23–53 m3/s). Furthermore, in all of the events, the groundwater table
rise was larger than the measured rainfall depth. The largest ratio (25.2) between water table rise and
rainfall depth was found in event e2 and the smallest (5.5) in event e5 (Table 4).

During event e1, approximately 36 mm of precipitation fell over 9.5 h with a maximum intensity
of 12.4 mm/15 min (Table 4). Streamflow peaked at 5.0 m3/s approximately 6.5 h after the rainfall
began. SWC rapidly increased at depths less than 20 cm with SWC at 5 cm increasing from 14.8 to
36.8% during the first 7 h of rainfall (Figure 3). In contrast, SWC at 50 cm and DWT exhibited a minor
response to the event, increasing 2% and 0.43 m, respectively. The time to the maximum SWC from
the initiation of rainfall ranged from 7.25 to 13.75 h (Table 4), which was less than the time needed
for water table rise to reach the minimum DWT (15 h). The response time (time between change in
time-series slope (response) and first rain) was less than 0.5 h for the SWC and DWT table but was
considerably delayed for streamflow (5.5 h).

Event e2 occurred approximately 1 day after event e1 when soil moisture conditions were wetter;
initial SWC ranged from 33.6% to 36.6% in the upper 50 cm (Table 4). After 49 mm of rainfall, shallow
SWC at the end of the event (<20 cm) increased approximately 5% (Figure 4) and streamflow peaked at
29.2 m3/s, more than five times larger than e1, whereas DWT changed 1.23 m. The time to measured
hydrologic response from the first rainfall was 0.5 to 1.5 h for shallow SWC (<20 cm) and 3.5 and 2.75 h
for SWC at 50 cm and DWT, respectively. Approximately 13 h after the hydrologic response of event
e2, another 33.4 mm of additional rainfall fell in the watershed (e3) (Figure 4). Streamflow during e3
peaked at 51.8 m3/s as the rain fell on wet soils (38–41%). DWT was observed to quickly rise (0.35 m)
with the rainfall event. The response time from the first rain was rapid in all hydrologic time series,
ranging from 0 h (DWT) to 1.25 h (10 cm SWC) (Table 4).

Events e4 and e5 occurred in short succession approximately 9 days after e3 (Figure 5). A total
rain of 24 mm on 29 June resulted in SWC increasing 2–4% and DWT decreasing 0.3 m. Approximately
18 h after event e4, 35.5 mm of additional precipitation fell in the watershed. Again, with precipitation
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falling on wet soil, streamflow rapidly increased, with peak discharge (52.7 m3/s) and volume similar
to event e3. A rapid hydrologic response was observed in the SWC and DWT time series (Figure 5)
with the elapsed time between the start of rainfall and the hydrologic response ranging from 0.5 to
1.5 h. (Table 4).

After the series of events in June 2014, another significant streamflow event in Otter Creek
did not occur until mid-October (Figure 2). Event e6 was characterized by low rainfall intensities
(<1.96 mm/15 min) and despite having the largest total rainfall depth (71 mm) produced the minimum
streamflow hydrograph peak (4.3 m3/s) out of the six analyzed events (Table 4 and Figure 6). Initial
SWC conditions in the upper 50 cm of the soil column were relatively dry with an average value of
approximately 23%. In addition, the water table location (DWT = 4.40 m; USGS well) was considerably
deeper than at the beginning of events e1 to e5 (Table 4). Variations observed in event e6 occurred at a
slow pace consistently with the recorded low rainfall intensities. Maximum SWC values in the probes
located within the first 20 cm of the soil column and those located at 50 cm were observed 28 and 53 h
after the onset of precipitation, respectively (Table 4).

In Table 4, the minimum value of DWT at the USGS well was found 90 h after the first recorded
rain. Figure 6 also shows that for the DWT at station RGS0046 a similar time elapsed between the first
rain and minimum DWT value.

Differences in time-series response times, location of the SWC sensors, and initial DWT (USGS)
values measured in event e6 were used to roughly estimate average water vertical fluxes. The vertical
movement rate in the top soil (<50 cm) was estimated using data for the SWC sensors at 5 and 50 cm. It
was on average 1.14 × 10−5 m/s (45 cm in 11 h (differences in response times), see Table 4). In contrast,
the results show a considerably faster rate in the soil column between the lower-most SWC probe and
the water table of 3.1 × 10−4 m/s (3.9 m in 3.5 h (differences in response times), see Table 4). Vertical
movement rates were not estimated for the other events because for several sensors the response was
found to be almost instantaneous.

3.3. Comparison of Timing for Various Events

For the six events, the SWC and DWT time series responded prior to the peak in streamflow,
even in event e6 when the water table (DWT (RGS0046)) was approximately 6.5 m below the ground
surface before rainfall started (Figure 6). Times between peak streamflow and time-series response
(lag times) for SWC and DWT varied between 3.8 and 18.3 h, with the shortest and longest lag times
found in event e6 for DWT(USGS) and SWC_5 cm, respectively (Figure 7). As was mentioned before,
measurements at each one of the five monitoring sites displayed similar response times and there was
no significant difference in lag times based on spatial location in the watershed.
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Lag times for the streamflow time series are influenced by the watershed SWC initial conditions.
The two events with the driest SWC initial conditions (e1 and e6) had the shortest streamflow rising
limbs (see black bars in Figure 7) and the smallest ratio between streamflow and rain (see Table 4).

In contrast, a within-event comparison of lag times for events e2, e3, e4, and e5 show similar
values for all of the analyzed time series (Figure 7). It is worth noting that the streamflow peaks for
events e1 and e6 are considerably smaller than those of the other events. On average, in events e2,
e3, e4, and e5, streamflow time-series lag times are closer to those of DWT or SWC at 50 cm with this
behavior being more apparent for events e2 and e5.

3.4. Relations among Hydrologic Variables

Figure 8 shows scatter plots created with data collected between 1 May and 16 October 2014
(Figure 2) and displays the relationships between SWC, DWT, and streamflow in Otter Creek. SWC
values in this figure were calculated as a weighted average of measurements taken at the four depths
(5, 10, 20, and 50 cm) and are considered representative of conditions within the top 65 cm of the soil
column. Panels in Figure 8 display a clear non-linear relationship between streamflow and either SWC
or DWT and a close-to-linear relationship between DWT and SWC. In addition, they show that the
highest streamflow values in Otter Creek occurred when both the water table was close to the ground
surface and the near surface soil (top 65 cm) was close to full saturation.
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The relationship between weighted SWC and streamflow can be separated into two parts divided
by an SWC of approximately 38% (Figure 8a). For SWC values below this threshold, streamflows were
smaller than 5 m3/s. In contrast, when SWC was above 38%, the data show streamflows varying in a
considerably wider range (3–52 m3/s) and changing drastically with small variations in weighted SWC.

The scatter plot presented in Figure 8c displays two distinct regions in the relationship between
DWT and streamflow divided by a DWT of about 1.0 m. The highest streamflow recorded in Otter
Creek in 2014 was 52.7 m3/s, which coincided with weighted SWC and DWT values of 41.5% and
0.78 m, respectively (Figure 8a,c). The linear dependency between weighted SWC and DWT is revealed
in Figure 8b, particularly when the water table is close to the ground surface. In this plot, the straight
line fitted for the points with DWT < 3.0 m has an R2 = 0.89. In contrast, the straight line fitted with the
points with DWT > 3.0 m (not shown in Figure 8) has a coefficient of determination of 0.15.
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A simple multiple linear regression analysis was performed to further investigate the
interdependence among the monitored hydrologic variables. The streamflow measured at a given
time t (Qt) was assumed to be a linear function of measurements taken at a previous time t-δ and
the accumulated precipitation (Pcumu) between t and t-δ. In addition to the accumulated rainfall,
the predictors selected included depth to water table (DWTt-δ), weighted soil water content in the top
65 cm of the soil column (SMt-δ), and measured streamflow (Qt-δ). Predictors were chosen to provide
information on how much water was stored in the soil at the beginning of the rainfall event (SMt-δ

and DWTt-δ), rainfall depths (Pcumu), and initial stream conditions (Qt-δ). Other variables that can
play an important role in runoff generation processes, such as vegetation type, time of the year, and
evapotranspiration, were not considered because the emphasis of the present paper is on analysis of
the available hydrologic time series.

Table 5 displays values of adjusted R2 for seven different combinations of predictors and values
of the lag time δ.

Table 5. Adjusted R2. Multiple linear regression analysis. Qt = f (predictors).

Model
Predictors δ (h)

Pcumu DWTt-δ SMt-δ Qt-δ 5 10 15 20 25 30 35

1 X X X X 0.52 0.44 0.42 0.39 0.37 0.36 0.37
2 X X X 0.52 0.43 0.41 0.38 0.36 0.35 0.36
3 X X X 0.51 0.41 0.39 0.36 0.34 0.33 0.33
4 X X 0.22 0.37 0.37 0.36 0.35 0.35 0.36
5 X X 0.15 0.32 0.33 0.33 0.32 0.32 0.33
6 X X 0.51 0.41 0.39 0.36 0.33 0.32 0.33
7 X 0.15 0.32 0.33 0.32 0.32 0.32 0.33

X: predictor (Pcumu, DWTt-δ, SMt-δ, Qt-δ) included in the multiple linear regression model.

For the most complex model (Model 1), values of adjusted R2 tended to decrease with increasing
values of δ, revealing a loss in the model’s predictive capabilities. In addition, the relative contribution
of the predictor Pcumu to Model 1 adjusted R2 increases with δ (see Model 1 and Model 7). For a lag
time of δ = 5 h, accumulated precipitation accounted for approximately 30% of the Model 1 adjusted
R2, whereas for δ = 35 h Pcumu represented 90% of the Model 1 adjusted R2. The most important
predictor (for δ ≥10 h) is Pcumu, and for large values of lag time neither SMt-δ nor Qt-δ improve values
of adjusted R2. Furthermore, irrespective of the values of δ, Model 2 displays values of adjusted R2

that are slightly higher than those of Model 6. Based on the values displayed in Table 5, the best
two-predictor and three-predictor models are Model 6 and Model 2, respectively.

The comparison of values presented in Table 5 for Models 1 and 2 suggests that the addition of
SMt-δ has a minor effect on the values of adjusted R2. The results for these two models are virtually
the same (Table 5). This is not surprising, since Figure 8b reveals a strong linear dependence (R2 = 0.89)
between DWT and soil water content, which suggests that only one of those two variables should be
included as a predictor to avoid multicollinearity in the regression model. In other words, adding
DWTt-δ (or SMt-δ) as a predictor once SMt-δ (or DWTt-δ) is already in the model does not improve the
model’s prediction ability.

4. Discussion

In Otter Creek, the high-resolution time series reveal a strong interdependence among soil water
content, shallow groundwater, and streamflow. Increasing streamflow indicative of a runoff event
required that both deeper SWC (>20 cm) and the groundwater table responded to rainfall. When a
response to precipitation was observed in the deeper SWC and DTW time-series records, there was
approximately 4 to 6 h between the time-series response and the peak streamflow. In contrast, changes
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in shallow SWC (<10 cm) together with rainfall did not necessarily lead to increasing streamflows.
Shallow SWC responded rapidly to many rainfall events during the study, but streamflow in Otter
Creek was often unaffected.

Based on data collected in an alpine catchment, [26] reports that for soil water content values
higher than approximately 40–45% both streamflow and depth to water table drastically rose with
small changes in soil water content (threshold behavior). Results presented in Figure 8a display a
similar relation between soil water content (>38%) and streamflow. In contrast, results presented in
Figure 8b show a strong linear dependency between DWT and SWC. The strong correlation of DWT
to SWC and the magnitude of the water table rise after rainfall events suggest commingling of these
indicators at the capillary fringe. Under this assumption, pre-event water held above the water table
via capillary forces would be quickly released after event water travelled through the top layers of
the soil. The hydrologic influence of the capillary fringe can explain the similarity in response time
between DWT and SWC and the disproportionate response in the water table to rainfall events [27–29].
These findings suggest that the capillary fringe may extend approximately 2.5 m above the water table
in the fine-textured Otter Creek watershed soils consistent with results of [30].

Antecedent SWC conditions were found to play a significant role in both time-series response
and streamflow peak magnitude. Of the six analyzed events, those with wetter initial conditions (e2 to
e5) had peak streamflows above 29 m3/s and had similar lag times. Higher discharge events in 2014
were associated with high weighted average top soil SWC (>38%) and the water table located close
to the surface (DTW < 1.0 m). Our results are consistent with other studies that used high-frequency
hydrometric data. The authors in [17] found, in watersheds with loessial soils, a non-linear response
in runoff generation with SWC and a runoff generation threshold of 0.39 cm3·cm−3. In a study
performed in a small headwater catchment, the authors in [15] identified steep increases in runoff
when average soil moisture content exceeded 0.60 cm3·cm−3. Abrupt changes in runoff above a
threshold were similarly reported in [9,31]. Our results as well as findings from the studies mentioned
above suggest that the relation between streamflow and soil moisture always exhibits a threshold
behavior irrespective of topography, soil type, land cover, and scale.

A similar hydrologic response of shallow groundwater (USGS well and RGS0046) was observed in
two upland areas (Figure 1) with diverging surface topographies. At both locations, subsurface lateral
flow was not likely to contribute significantly to the measured rise in the water table and therefore
groundwater response was primarily governed by downward vertical fluxes from precipitation
recharge. For event e6 (Figure 6), the two wells displayed a similar response to rainfall despite being
located 7.5 km apart and having significantly different values of DWT at the beginning of the event.
This suggests that the mechanisms that generate shallow groundwater response during rainfall events
can be activated across geographical areas in the watershed. However, it should be stressed that
observing a water table response to rainfall does not equate to quantifying groundwater contribution
to streamflow and flooding, which should be verified through hydrograph separation studies [11,32]
or modeling exercises [33,34] which are beyond the scope of the present paper.

The transformation of rainfall into streamflow is accepted to be a highly non-linear process [35]
and therefore the multiple linear regression analysis presented above is unlikely to be an appropriate
streamflow forecast tool. However, it can help shed light on the relative importance of the different
hydrologic variables in streamflow generation processes. This analysis reveals that, in the study
area, there is value in adding information on either DWT or deep soil water content to streamflow
forecasting tools.

The use of soft-computing and metaheuristic techniques in modeling environmental phenomena
has gained popularity [36,37]. They have been used in studies related to baseflow separation [38],
groundwater level fluctuations [39], suspended sediment loads [36,40], water quality [41], and
rainfall-runoff modeling [37]. Satisfactory results presented in the studies mentioned above suggest
that these techniques offer a more comprehensive approach to analyzing the hydrologic time series
presented in our paper. Furthermore, physically based coupled surface-subsurface modeling can also
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offer a more holistic alternative to our methodology. However, these efforts are beyond the scope of
the present study.

Depending on the resources available, communities prone to experience flooding can develop
warning systems with different levels of sophistication. The most advanced systems typically involve
quantitative short-term precipitation estimates, continuous rainfall-runoff modeling, and real-time
monitoring of stream stages, discharges, and other hydrologic variables [42,43]. Currently, the National
Weather Service (NWS) River Forecast Centers (RFC) generate streamflow forecasts with the outputs of
hydrologic models that take as input data measured and forecasted precipitation and temperatures [44].
In Otter Creek, the analyzed hydrologic time series suggest that subsurface conditions play a role in
streamflow generation processes and that there is a benefit in including measurements of deep soil
moisture or water table location in flood warning systems.

The hydrologic data collected in Otter Creek for a single year are insufficient to build a set of
rules based on thresholds that would give some indication of whether streamflow might exceed a
warning threshold. The authors in [45] presented a framework for the development of a groundwater
flooding warning system for areas in the Chalk aquifer in England. The warning system consists of a
series of nested steps that depend on groundwater levels, the matric potential in the unsaturated zone,
and meteorological data. Overall, the interconnectedness among the different hydrologic variables
in Otter Creek, in particular deeper soil water content and DWT, suggests that development of a
similar framework might be appropriate in this watershed and other basins located in flood-prone
areas overlain by fine-textured soils.

The usefulness of a flood warning system that relies on groundwater and soil moisture
measurements depends on the role played by these variables on streamflow generation. In a small
basin with a short time of concentration and that is affected by flash-flooding, monitoring either SWC
or DWT is likely to have limited value. In addition, for cities and communities located at the margins
of major rivers, stage and streamflow measurements collected upstream are likely to be better flood
predictors than information on DWT and SWC.

5. Conclusions

Analyses of continuous hydrologic time series revealed that streamflow generation processes
were correlated with deeper soil water content and rapid changes in water table depth. Groundwater
and soil water content displayed a strong linear association (R2 = 0.89) when the water table was
within 3 m from the ground surface, which was likely related to the influence of the capillary fringe.
For the analyzed rainfall events in 2014, the response time for both deeper soil water content and
groundwater was similar, with hydrologic responses preceding the streamflow peak by at least 4 h.
These results highlight the importance of monitoring soil water content deeper in the column and
including both SWC and groundwater data in potential flood forecast systems.

The transformation of rainfall into streamflow is a complex process that we simplified in this
study. Additional analyses using physically based coupled surface-subsurface models or non-linear or
stochastic models are recommended for more rigorous analysis.
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