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Abstract
TheMid-Atlantic region of the USA has experienced increasing annual precipitation amounts in recent decades, along with more
frequent extreme events of greater magnitude. Unlike many US regions that have suffered increasing drought conditions from
higher evapotranspiration demand, positive trends in the Mid-Atlantic accumulated precipitation are greater than the recent
increases in reference evapotranspiration. The temporal correlation between precipitation events and soil moisture capacity is
essential for determining how the nature of drought has changed in the region. This analysis has shown that soil moisture scarcity
has declined in nine of ten subregions of the Mid-Atlantic that were analyzed from 1985 to 2019. Two algorithms were deployed
to draw this conclusion:Climatol enabled the use of the FAO-56 Penman-Monteith equation on daily observation station data for
which complete records were unavailable, and the second algorithm calculated soil moisture levels on a daily basis, more
accurately capturing drought conditions than common methods using weekly or monthly summaries. Although the declining
drought trends were not statistically significant, a result of more extreme events and higher evapotranspiration rates, the inclusion
of direct data from an expanded set of locations provides greater clarity from the trends, allowing policymakers and landowners to
anticipate changes in future Mid-Atlantic irrigation water demand.

1 Introduction

Climate change has exacerbated drought in many regions of
the USA (Prein et al. 2016; Seager et al. 2018), a trend that is
forecast to continue as temperatures further warm (Easterling
et al. 2017; Gowda et al. 2018). Three different definitions of
drought—meteorological, hydrological, and agricultural—
although correlated, rely on different metrics and measure
distinct impacts (Wehner et al. 2017). Meteorological drought
arises from precipitation deficits, agricultural drought mea-
sures deficiencies in direct vegetative water supply, and hy-
drologic drought quantifies inadequate flow and volume in
bodies of water. Large-scale climate models projecting

changes in seasonal or annual precipitation totals must relate
these simulations to other climatic conditions for stakeholders
to understand the real-life implications of the results (Lehner
et al. 2017; Collins et al. 2013). This analysis will describe
how soil moisture levels have recently changed in the Mid-
Atlantic region in the USA, quantifying trends in agricultural
drought.

The Mid-Atlantic USA is known for its temperate cli-
mate with abundant precipitation falling throughout the
year (Dupigny-Giroux et al. 2018). Before European set-
tlement, the region was 95% forested (Stolte 2000), and
roughly half of this land has been converted into agricul-
tural plots (the majority of which are rain-fed), pasture,
and urban areas. Most remaining forests are privately held
and yield commercial timber (USDA 2012). In addition to
the importance of crop and timber production for the US
economy, the region houses the most heavily populated
metropolitan area in the USA, the Nation’s largest and
sixth-largest cities, and the seat of the federal government.
Southern parts of the Mid-Atlantic, like the Virginia
Tidewater, lie firmly in the Southeast, while northern areas
of metropolitan New York City are considered to be part
of New England.
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While other areas that are highly susceptible to wildfire
and water scarcity, such as the Western USA and
Mediterranean region (Hoerling et al. 2012), have received
greater attention than the Mid-Atlantic, capturing trends in
climatic parameters that measure drought conditions and
using the findings to estimate changes in water scarcity
are consequential even for an area that is less vulnerable
to extreme future drying (Berkowitz and Blanco 2019). In
the “Scope” section, existing literature relating to trends in
the Mid-Atlantic moisture levels will be summarized, and
the central questions answered by this analysis will be
outlined. This will be followed by a “Methodology” section
in which two algorithms deployed in the analysis are intro-
duced and described. The results are then discussed and
relevant conclusions drawn.

2 Scope

Awide scope of studies related to changes in precipitation and
other climatic factors affecting soil moisture levels in theMid-
Atlantic region have been successfully conducted and provide
context for this work. That research has found the region has
been experiencing higher average annual amounts of rainfall
and frozen precipitation due to a wetter climate, as defined in
the meteorological context (Howarth et al. 2019). The magni-
tude of this increase depends on the period of study, selection
of states, utilized datasets, and time series data methodology,
but relatively large trends have been recorded. Walsh et al.
(2014) found that the northeast region (an area that includes
the northern two-thirds of the Mid-Atlantic) has experienced
the largest overall growth in precipitation in the Continental
USA, with the post-1991 period having 8% higher totals rel-
ative to the 1901–1960 timeframe. Other authors have used
different methods to draw the same conclusion. Hayhoe et al.
(2007) found an increase of 10 mm decade−1 examining an
earlier period that covered New England and the northern
Mid-Atlantic (1900–1999), while Kunkel et al. (2013) found
a similar positive trend of 10.2 mm decade−1 when adding
southern Mid-Atlantic states and extending the period of anal-
ysis to 2011. These results have been confirmed elsewhere
(Horton et al. 2014).

Along with findings that the region has experienced en-
hanced precipitation, studies also have related the meteorolog-
ical data to agriculturally defined dryness. Krakauer et al.
(2019) found that a typical year in 2015 could expect
125 mm of additional precipitation relative to that same year
at the start of the twentieth century and used the standardized
precipitation evapotranspiration index (SPEI) to temporally
relate how the amount of moisture hitting the surface com-
pares to the amount transferred from the ground into the at-
mosphere. The authors used monthly SPEI trends estimated
for gridded data to demonstrate a decrease in the frequency of

long-duration drought in the northern Mid-Atlantic states,
grouped with New England. Yet, hydrologic intensification
was also evident by positive trends in SPEI variance.
Therefore, reductions in agricultural drought intensity and du-
ration were smaller than expected under the wetter climate if
all other conditions had remained at status quo. Additional
literature provided differing findings on soil dryness in the
region, with some articles using data and methodology that
yielded declines in drought severity (Apurv and Cai 2019)
while other authors drew the opposite conclusion
(Ahmadalipour et al. 2016). Using an alternative drought in-
dicator, the Palmer Drought Severity Index (PDSI), Ficklin
et al. (2015) found decreasing drought conditions, with the
region wedged between wetter trends in New England and
drying trends in the Southeast. The heterogeneity of these
findings is unsurprising and can be attributed to the different
assumptions described earlier (Frei et al. 2015).

Showing the importance of how data is chosen and how the
timeframe can influence results, concurrent analyses were
conducted using three datasets on different timescales
(Huang et al. 2017). Direct observation records were analyzed
as well as values from two gridded sets; the obtained trends
varied. The study also demonstrated that precipitation trend
slopes became successively steeper as the analysis period in-
corporated more recent data and excluded observations from
the early twentieth century. In addition to these robust in-
creases, a greater number of stations displayed positive trends
in the later period, comprising 90% of the 525 locations se-
lected. The authors postulated that the annual precipitation in
the Northeast could more accurately be modeled by a
changepoint in the sample mean occurring in 2002, after
which time accumulated summer and fall precipitation
remained at elevated levels. In a later analysis by Huang and
others (Huang et al. 2018), it was found that 48% of the pre-
cipitation falling during 273 post-1996 extreme events could
be attributed to tropical cycles, with another 25% caused by
frontal passages.

As precipitation totals have increased, so have the number
and severity of extreme events (Griffiths and Bradley 2007;
Brown et al. 2010). Walsh et al. (2014) documented that from
1958 to 2012, the amount of rain and melted snow falling
during the top 1% of wettest days grew by 71%. Howarth
et al. (2019) found that from 1979 to 1996, there were six
24-h periods that received 150 mm or more of precipitation;
this number grew to 25 instances between 1997 and 2014.
This paper does not discuss the large-scale patterns of atmo-
spheric circulation influencing the frequency, magnitude, and
location of extreme events. Connections have been document-
ed (Marquart Collow 2016, Agel et al. 2015), although the
extent of anthropogenic influence on weather patterns remains
uncertain (Vallis et al. 2014). Ahn and Steinschneider (2019)
correlated increases in regional precipitation amounts and in-
tensities to changes in the frequency of six prevailing weather
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states, finding that occurrences of the driest pattern have de-
clined as the number of days in the wettest state has grown.

In a region prone to flooding (Wehner et al. 2017), changes
in rainfall intensity are highly consequential. While drought
was responsible for 38% of crop losses and damages in the
Northeast USA, excess moisture caused 34% of the total
(Wolfe et al. 2017). In urban areas, these trends have been
exacerbated by sprawl that has grown the footprint of imper-
vious surfaces. An analysis found that the watershed of the
Accotink Creek in Fairfax County, Virginia went from hav-
ing 3% of its area covered by impervious surfaces to a 33%
covering 45 years later (Jennings and Jarnagin 2002). In
addition to causing erosion and raising the level of pollut-
ants, higher amounts of runoff have also been linked to
agricultural and hydrological drought, as streamflow vari-
ance has increased the frequency of low- and high-flow
periods (Kang and Sridhar 2017). In order to accurately
quantify how extreme precipitation events have affected
soil moisture levels, there must be an hourly rate estimate.
For example, Howarth et al. (2019) calculated that the top
1% of daily precipitation events from 1979 to 2014 was
51 mm (approximately 2 in.). While this represents a large
amount of water falling in a 24-h period, absorption rates
cannot be calculated without a finer timescale resolution. If
rain fell at a steady rate of 2 mm per hour over the entire
day, unsaturated ground could fully absorb the water; but if
that same amount of water fell within an hour, much would
be lost to runoff and could not directly replenish soil mois-
ture. Since hourly data is sparse, this analysis will assume
that all precipitation reaching the unsaturated ground can
replenish soil moisture on a daily basis.

As described above, the literature has shown high levels of
agreement that the Mid-Atlantic has become meteorologically
wetter (although most studies include areas of New England)
andmore susceptible to intensifying extreme events, with both
trends accelerating in recent years. Drought studies have in-
dicated decreases in dry periods, but there is lesser confi-
dence in such trends due to higher variability in wet and dry
patterns. Moreover, global and regional climate change
models predict that higher evapotranspiration demand will
lead to drier soils even in areas with positive precipitation
trends (Brown and DeGaetano 2013), as increasing soil
moisture scarcity has already been documented in areas of
the USA that have experienced stable rainfall (Smith and
Chang 2020). In temperate regions like the Mid-Atlantic,
evapotranspiration will also rise as warming temperatures
increase the length of the growing season (DeGaetano
1996; Kramer et al. 2015). Studies using the SPEI and
PDSI to measure agricultural drought rely on monthly or
weekly historical summaries that can miss the development
of flash droughts. These droughts have an incubation time
of less than 1 week (Ford and Labosier 2017) and are fueled
by increasingly common warm temperatures.

To more accurately understand how climatic changes
have affected soil moisture levels in the Mid-Atlantic, two
algorithms were deployed for this analysis. The first,
Climatol1, was used to homogenize observation station data
to ensure a large sample size that offers sufficient coverage.
The second, a recursive daily soil moisture algorithm, esti-
mated watering demand to preserve vegetation in a well-
watered state and aggregated measures of daily moisture
deficits. The methodology allows for greater sensitivity
and accuracy when measuring drought conditions, without
sacrificing coverage found in gridded sets. While the soil
moisture algorithm has been used at a small number of the
Mid-Atlantic observation sites and has been introduced in
previous studies (Smith and Chang 2020), it has not been
applied to region-wide data capturing the majority of certi-
fied locations. Similarly, while Climatol has been utilized
in studies on several continents (e.g., Zhang et al. 2020), it
had not yet been deployed with North American data nor
with trends in evapotranspiration. This analysis is also the
first in which the algorithms have been paired.

3 Methodology

Many of the analyses mentioned above used station precipita-
tion records from the Global Historical Climatology Network
(GHCN)2, a highly accurate dataset maintained by the
National Centers for Environmental Information (NCEI).
Huang et al. (2017) compared trends in GHCN data with
gridded values from Livneh et al. (2013) and high-resolution
reanalysis data from the North American Regional Reanalysis
(NARR) (Mesinger et al. 2006). While seasonal trends in pre-
cipitation were generally in the same direction from all three
sources, differences were observed with values that occasion-
ally diverged by 2- or 3-fold. In order to preserve accuracy
when estimating soil moisture balance, it was determined that
climate data should originate from recorded observational da-
ta. Since GHCN records do not include dewpoint data, more
limited Global Summary of the Day (GSOD)3 observations,
also maintained by the NCEI, supplemented the GHCN pre-
cipitation and wind data used here.

The Mid-Atlantic region was divided into 10 subregions
(subsequently referred to as grids) in which homogenized
station data was averaged to estimate the amount of water
penetrating the ground compared to moisture lost to the
atmosphere on a daily basis from the period 1 January
1985 to 31 December 2019. GHCN observation locations,

1 http://www.climatol.eu/
2 https://www.ncdc.noaa.gov/data-access/land-based-station-data/land-based-
datasets/global-historical-climatology-network-ghcn
3 https://data.noaa.gov/dataset/dataset/global-surface-summary-of-the-day-
gsod
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Fig. 1 GHCN observation station
locations

Fig. 2 GSOD observation station
locations
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supplying wind and precipitation values, and GSOD loca-
tions, providing maximum temperature, minimum temper-
ature, and dewpoint (from which relative humidity was cal-
culated), are shown in Figs. 1 and 2, respectively. In order
to be included in the average, each station needed a mini-
mum of 3650 daily observations, or 28.5% period coverage.
Stations with shorter periods of records were found to have
more frequent inhomogeneities and irregularities so were
therefore excluded. Each station’s record was checked for
homogene i ty by apply ing the Standard Normal
Homogeneity Test (SNHT) (Alexanderson 1986) via the
R package Climatol4. Climatol used a default value of
SNHT equal to 25 on data that was aggregated into monthly
average values when determining if inhomogeneities
existed. Since both GSOD and GHCN data has been sub-
jected to quality checks by the National Oceanic and
Atmospheric Administration, there was a low of risk of
erroneous outlier observations (for which Climatol
searched and removed), but inhomogeneities were still
present in station records.

Inhomogeneities arise as observation equipment is re-
placed, if stations are relocated to a different part of a cam-
pus, or if the surrounding environment experiences changes
in vegetation or other outside disturbances (Aguilar et al.
2003). For example, a grove of trees growing within close
proximity of a recording station can partially shelter the
station from wind and rain. A case is given to illustrate
the point: In Washington, DC, there is a periodic discussion
about the suitability of Ronald Reagan Washington
National Airport as the District’s official observation site.
While much of the controversy has focused on the loca-
tion’s abnormally warm temperatures or the fact that it is
not located within Washington (Foster and Leffler 1981),
some believe that the increasing number of tall buildings
located about 1 km to the west in Crystal City may influ-
ence precipitation or wind readings. The National Airport is
the driest reporting station within 90 km of the Washington
Metropolitan Area.5 Indirect obstruction, equipment chang-
es, or recalibrations that may influence observed values are
more common in non-first-order stations with reporting
gaps lasting several months or years.

Using SNHT criteria, Climatol identified breakpoints and
split the series at such occurrences. As a result, the station
would then have two or more partial series, depending on
the number of inhomogeneities. Once disaggregated back into
a daily timescale, all series were then reconstructed to have a
complete record throughout the 1985–2019 period. Distance
weighting, given in Eq. 1, was used in each daily

reconstruction, with records from nearby neighboring stations
having higher weights.

wk; j ¼ 1

1þ d2k; j
h2

� � for all k; j ð1Þ

where dk,j is the distance between the stations k and j, and h is
equal to 100 km.

However, this process was not done with original data, but
with the normal ratio values (each series was “normalized” by
dividing by its respective average), using the idea developed
by Paulhus and Kohler (1952), but without taking into con-
sideration any balance in the directions of the surrounding
stations. This procedure does not make use of correlations
between stations, which were assumed to be decaying with
distance, allowing the adaptive use of neighboring data avail-
able at each time step even when the common observation
period was short or absent. Normalized estimations of all data
in each station record were obtained in this way, allowing the
calculation of spatial anomalies by subtracting the estimated
values from the observed series. It is then on this series of
anomalies that outliers could be deleted and inhomogeneities
detected by applying the SNHT in a highly recursively way,
splitting the series into more homogeneous sub-periods.
Finally, newly estimated data were used to infill any missing
data in the sub-series and obtain full-length reconstructions,
although only those adjusted from the last homogeneous sub-
period were used. All reconstructed, complete, homogenous
series were then averaged across each grid to produce daily
measures of temperature, relative humidity, windiness, and
precipitation. Further discussion of this approach will be pre-
sented later in the paper, but Climatol enabled a more inclu-
sive approach for stations that did not continuously report
during the analysis period and prevented inclusion bias.
Resulting daily values were then utilized in the water demand
algorithm.

For each gridded area, reference daily evapotranspiration
(ET0) (mm day−1) was estimated from the FAO-56 Penman-
Monteith equation (Zontarelli et al. 2010). The standard veg-
etative surface covering of well-watered, clipped, cool-season
fescue grass 0.12 m in height (Wright 1993) was used. In
order to model the effects of the lengthening growing season,
an adjustment was made on days during which the average
temperature remained below 4.5 °C and grass was unable to
grow: a multiplier of 0.2 was applied to ET0 (Jensen and Allen
2016). Solar radiation values are not tracked by the NCEI, so
daily NARR values6 obtained at each gridded area’s centroid
and four vertices were averaged for the final required input of
the Penman-Monteith equation.

4 https://CRAN.R-project.org/package=climatol
5 https://www.ncdc.noaa.gov/data-access/land-based-station-data/land-based-
datasets/climate-normals/1981-2010-normals-data 6 http://climateengine.org
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Beyondmeasured trends in climate parameters and ET0, all
of which were aggregated into accumulated or averaged
monthly values, the water demand algorithm required specific
soil moisture holding capacities for its estimation of daily
water availability for the reference grassy surface. Each grid’s
centroid was entered into the USDA National Resources
Conservation service’s soil survey database, and a
10,000 ha plot using the weighted average of the soil types’
total available water (TAW) (mm) capacity was generated
for the top 1 m of soil, the depth to which fescue roots are
assumed to penetrate. TAW, the difference between field
capacity (saturated ground) and the wilting point (the mois-
ture level at which plants are no longer able to draw any
water and lose turgidity), can be divided into two stages.
Assuming a period that begins with saturated conditions
and during which no precipitation falls explains each stage.
Grass will draw water at ET0 until accumulated soil mois-
ture depletion (ASMD) reaches 40% of TAW (Wright
1993). At this point, the vegetation begins to experience
moisture stress and evapotranspiration occurs at a slower
rate of Ks, t ∗ ET0. The moisture stress coefficient, Ks, t,
between zero and one, is given as the following:

Ks;t ¼ TAWt−ASMDt−1

1−0:4ð Þ TAWtð Þ for all ASMDt−1 > RAWt−1 ð2Þ

where (t–1) is the previous day and RAWt−1 = 0.4*
TAWt−1.

Equation 2 constitutes the recursive portion of the water
demand algorithm, as ASMD and Ks, t is a function of each
day’s previous conditions as well as any precipitation or the
hypothetical irrigated water introduced on dayt at the end stage
of analysis. At Ks, t values below 0.7, the visual appearance of
the grass begins to degrade, acting as a trigger for irrigation
when estimating required water usage (Rodriguez-Iturbe et al.
2001). Other algorithm assumptions, including the ability of
past precipitation events to satiate current demand and the
ability of unsaturated soils to absorb precipitation falling,
can be found in Smith and Chang (2020). In summary, all
moisture that reached soils below their field capacities was
assumed to be retained.

Autoregressive (AR) time series modeling was performed
on the seasonally adjusted data. As with the time series recon-
struction performed in Climatol, all trends were calculated in
R, with the order of AR model chosen, as guided by the
Akaike information criteria, ranging from zero to four, with
first-order AR models most commonly used. With drought
variability increasing, instances of heteroskedasticity were ex-
pected and found during modeling. The Breusch-Pagan test
was deployed, and when there was less than a 10% chance that
sample variances were random rather than dependent on time,
a robust standard error procedure was completed that provided
corrected significance levels of the regression coefficients.

By summing the difference between y = 1 and Ks, t for all
days of the seasonally adjusted month, a measure of drought
with a daily resolution was obtained. Finally, if Ks, t ≤ 0.7 and
no precipitation was recorded on dayt, a simulated watering
occurred, introducing 25.4 mm (one inch) of supplemental
moisture into the ground. Such events were aggregated, and
trends were modeled through the AR process. By estimating
water demand of preserving the well-watered reference crop,
the results can provide insight to stakeholders in the agricul-
tural and municipal water sectors of how climatic factors have
changed hypothetical demand.

4 Results

Table 1 shows the number of included observation series for
each climate parameter that was modeled. Reference evapo-
transpiration in all regions has increased, with four of ten grids
showing statistically significant increases over the 1985–2019
period (Fig. 3). Statistical significance is defined as an appar-
ent trend having less than a 10% chance of being caused by
white noise in the time series. Interestingly, the only climate
parameter input in the Penman-Monteith equation to show
universally statistically significant trends in all regions was
solar radiation, which averaged an increase of 0.26 MJ m−2

day−1 decade−1; the seasonally adjusted Mid-Atlantic average
was 16.02 MJ m−2 day−1, with higher amounts in the South.
Were it not for increasing solar radiation, none of the grids
would have shown statistically significant ET0 trends, and
four of 10 would have been negative despite higher tempera-
tures and the lengthening growing season. This is largely due
to positive trends in relative humidity in seven of ten subre-
gions, averaging 0.62% decade−1; the 1985–2019 average val-
ue is 68.16%.

When trends in precipitation are compared with reference
evapotranspiration, all grids show more robust increases in
precipitation (Fig. 4). Only grid 6 has a precipitation trend that
is within 200% of its respective ET0 trend. Grids 2 and 6 also
are the only areas with statistically significant ET0 trends and
non-significant increases in precipitation. Figures 5 and 6 il-
lustrate the magnitude to which rainfall in an average year
would increase between 1985 and 2019. These figures are
not historical values of the 2 years, but rather show how much
rain and frozen precipitation would be expected during normal
conditions based on how the average has changed from cal-
culated trends. While this confirms the Mid-Atlantic region is
now wetter from a meteorological definition and suggests it is
also wetter from an agricultural definition, trends from the
water algorithm must be analyzed to examine the temporal
relationship between events and soil moisture holding capac-
ity. If, for example, the additional precipitation is associated
with prolonged wet periods interspersed with deeper drought,
moisture hitting saturated ground would run off or percolate
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into the water table, ineligible to satiate vegetative demand
unless captured and stored as reserve.

Figure 7, which is unitless, shows trends in drought as
measured by the integral between y = 1 and the value of Ks, t

on dayt. As all data has been seasonally adjusted, the value of
this drought indicator can hypothetically range between 0 (if
the entire month experienced saturated soil conditions) and
30.4 (if the soil remained at its wilting point for the month).
The 1986–2019 Mid-Atlantic monthly average is 3.76 (rang-
ing from 3.18 in grid 1 to 4.32 in grid 3). The first year of the
analysis period is excluded as it is used to calibrate soil mois-
ture levels. The figure shows declining water scarcity within
the region. From another perspective, there were just under 6
days out of 30.4 days (4.97 (grid 1)–6.90 (grid 3)) in a sea-
sonally adjusted month when Ks, t remained below 0.7, the
point at which the reference grass begins to degrade without
supplemental water. The regional averaged trend, while not
statistically significant, is − 0.32 days decade−1. This suggests
a decline in drought frequency and duration. Decadal trends
in the number of simulated waterings per month to maintain
the reference grass were negative in all grids (− .01 (grid
6)–− 0.06 (grid 10)), although universally statistically in-
significant. The average number of monthly events from
1986 to 2019 ranged from 0.40 in grid 1 to 0.55 in grid 3.
The amount of modeled irrigation water demand in an av-
erage year at the beginning and end of the analysis period is

mapped in Figs. 8 and 9, with Fig. 10 showing the differ-
ence in expected average 1986 usage relative to expected
normal 2019 usage. Although each grid’s trend does not
hold statistical significance, the universality of their nega-
tive values was noted.

5 Discussion

The combination of Climatol and the water demand algo-
rithm provided advantages over existing approaches: using
relatively complete daily observation series or relying on
reconstructed gridded data. Studying a larger geographic
area, Howarth et al. (2019) found 58 eligible first-order
and cooperative observer network stations missing less than
5% of daily precipitation records over the 1979–2014 peri-
od. In contrast, this analysis was able to utilize 243 GHCN
stations to track precipitation. After an initial analysis of all
Mid-Atlantic stations in Climatol, the decision was made to
only incorporate those with 10 years or more of data, but
this can be adjusted. The ability to choose the SNHT criteria
from which breakpoints originate and adjust the distance
weighting used in series completion offered user flexibility.
Moreover, Climatol’s reconstruction of partial series miti-
gated the risks of inclusion bias. As each subregion has
small geographic climatological variations or stations with

Fig. 3 Average monthly ET0
trends (mm decade−1)

Table 1 Number of eligible
climate parameter data series for
each gridded area

Variable/grid no. 1 2 3 4 5 6 7 8 9 10 Total

Daily precipitation 52 49 30 19 18 21 14 12 14 14 243

Daily average wind speed 22 25 13 12 9 10 8 9 10 15 133

Daily max/min temp. 15 26 12 18 9 11 9 9 12 20 141

Relative humidity 14 22 12 14 9 10 7 7 12 13 129
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potential reporting biases, normal values differ within the
partition. Thus, a warm, wet station with reporting data for
the final 5 years of a period is not able to falsely influence
precipitation and temperature trends. Finally, since GHCN
data does not measure relative humidity or dewpoint tem-
perature, any large-scale deployment of the FAO-56
Penman-Monteith equation is reliant on GSOD sets or
prepackaged data. As part of earlier research, attempting
to capture Mid-Atlantic trends using GSOD records having

a minimum of 90% coverage yielded about two dozen lo-
cations over all 10 grids, with some partitions having one or
no station of record.

The use of gridded sets or alternative drought metrics is
subject to limitations. The discrepancies in results obtained
by Huang et al. (2017) from different prepackaged products
show that their composition methodology and resolution vary.
Even though the authors noted a perceived bias in NARR data
that underestimated coastal annual precipitation amounts and

Fig. 5 Modeled average annual
precipitation, 1985 (mm)

Fig. 4 Average monthly
precipitation and ET0 trends (mm
decade−1)
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resulted in suspicious negative trends, revisions of NARR
methodology could not be incorporated into the analysis.
There were also advantages from the water demand algorithm
that calculated daily soil moisture deficits rather than relying
on trend analysis of drought indices. This algorithm’s use of
the Penman-Monteith equation deploys an equation that has
demonstrated robustness in capturing rapidly developing
drought conditions (Peel and McMahon 2014). It also affords

users’ flexibility: they may choose different levels of Ks, t at
which to add irrigation water, adjust basic Penman-Monteith
coefficients to reflect individual crop and soil characteristics,
conduct comparisons of water demand by different vegeta-
tion, and reproduce this methodology at specific plots if accu-
rate on-site weather observation equipment is available.

Challenges related to this methodology are briefly
discussed: The averaging of recorded daily rainfall across a

Fig. 6 Modeled average annual
precipitation, 2019 (mm)

Fig. 7 Change in monthly water
scarcity as measured by the
Reimann sum (year−1)
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Fig. 9 Modeled average annual
irrigation water demand, 2019
(mm)

Fig. 8 Modeled average annual
irrigation water demand, 1986
(mm)
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subregion resulted in a moderating effect that increased the
number of days during which measurable precipitation fell,
decreased the magnitude of extreme events, and likely
underestimated modeled soil moisture deficits. For example, a
first-order observation site in grid 3 had no measurable precip-
itation for 68.2% of the days in the 1985–2019 period and
132 mm of rain fell during its most severe 1-day precipitation
event. In contrast, only 45.6% of the days in aggregated grid 3
data were dry and the largest single-day rainfall was 85 mm.
Even though this resulted in a large difference in the number of
wet days, the precipitation amounts were close to negligible: if
a small number of stations out of 30 reported measurable pre-
cipitation, a non-zero daily value would be recorded, but this
had little effect on soil moisture trends and resulting irrigation
water demand. Since neither algorithm handles hourly data, the
extreme rainfall moderation by grid averaging is less conse-
quential, as the model assumes that any precipitation falling
on unsaturated soils is eligible to replenish moisture levels.
Given the relatively short analysis period, exceptionally dry
or wet years in the beginning or end of the period can also
falsely influence trends. For nearly all subregions, 2001 was
the driest year on record. While 2018 was the wettest year on
record in some areas, 2016, 2017, and 2019 were mostly dry to
near-average years. As homogenized records were averaged
across each gridded partition, there was a lower risk of outlier

years exerting oversize influence, as weather systems would
not have had an identical effect at all locations.

Future research is planned to estimate hourly infiltration
rates of different soils and topographies. Quantifying extreme
events on an hourly timescale resolution can enhance runoff
modeling and determine if greater amounts of precipitation are
not able to be absorbed into the ground, providing insight into
Mid-Atlantic flooding issues. However, early investigation
shows that fewer than one dozen Mid-Atlantic stations have
sufficient hourly coverage, so probabilistic modeling would
be required, and a determination of feasibility has not yet been
initiated. As this area of study is focused on a coastal plain
with relatively homogenous topography, the assumption that
soil moisture levels in each gridded partition are independent
of each other does not compromise accuracy, even as water-
sheds and supply are interconnected. Although this method-
ology is easily reproducible for many global regions where
agricultural production is concentrated, it can be applied nei-
ther to valleys that receive runoff from nearby elevated terrain
nor to other mountainous areas with highly variable and over-
all lower absorption rates without the aforementioned en-
hancements. Also important in the agricultural context is the
source fromwhich landowners obtain their irrigation water, as
runoff that is captured in infiltration basins is eligible for reuse
(Sweet et al. 2017). This issue is left for future work.

Fig. 10 Modeled change in
average annual irrigation water,
difference of 2019 demand from
1986 demand (mm)
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6 Conclusion

The deployment of two algorithms produced a regional analysis
that used historical climate station data to evaluate trends in me-
teorological and agricultural drought. Using an approach that
expanded the number of included observation stations reporting
climate parameters necessary for the FAO-56 Penman-Monteith
equation, the analysis was able to utilize high-quality data with
brief periods of record that have been excluded from previous
studies. The homogenized, averaged data was used to determine
daily soil moisture levels and the demand for irrigation water to
preserve vegetation in a well-watered state. By incorporating a
high number of observation series and a daily drought estimation
procedure, this methodology captured developing drought con-
ditions that can be underrepresented in monthly or weekly his-
torical summary analysis.

This combined methodology was used to study the Mid-
Atlantic, straddling the Northeast and Southeast regions of the
USA. Existing literature provided definitive evidence that the
Northeast has become wetter in a meteorologically defined con-
text in recent years, with the trend accelerating, but similar precip-
itation analyses for the Southeast have not shown robust increases
(Easterling et al. 2017). While the Mid-Atlantic reference evapo-
transpiration trends are positive, largely due to increased levels of
solar radiation and not attributed to declines in relative humidity,
average annual precipitation has increased at a faster rate. Via the
recursive soil moisture algorithm, these two trends interacted on a
daily timescale, producing accurate trends of soil dryness. Results
showed near-universal declines in the measure of accumulated
drought severity across the Mid-Atlantic and universal declines
in hypothetical irrigation water demand related to soil dryness.
Only two trends in either of these categories are statistically sig-
nificant, suggesting that rain ismore frequently fallingon saturated
soils during prolongedwet periods, leading to higher variability in
soil dryness than would otherwise be seen if precipitation patterns
had not evolved. Interestingly, southern portions of the Mid-
Atlantic had declines in drought that exceeded the decreases in
the North when previous analyses have shown higher confidence
in themoisteningof locations at northern latitudes.As the southern
Mid-Atlantic has fewer cold days with an average temperature
below4.5 °C, the threshold assumed for reference crop dormancy,
the effect of the longer growing season on reference evapotrans-
piration in the North was more pronounced. In contrast to other
regions of the USA that have shown increased drought vulnera-
bility from climate change, the Mid-Atlantic is experiencing less
drought and, if trends continue,will require less irrigationmoisture
per hectare to preserve vegetation in a well-watered state.
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