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1.  INTRODUCTION

One of the recurring themes of research in environ-
mental resources management is the preservation
and sustainability of wetlands and their associated
ecosystem services (Smardon 2009, Tiner 2002). How-
ever, our knowledge of the geospatial extent, behav-
ior, and classification of wetlands is extremely limited
due to their complex spatial scale and temporal dy-

namics (Tiner 2002, Wardrop et al. 2007b). From a
 hydrological view, it is generally recognized that shal-
low groundwater is a defining feature of many wet-
land types and can exert a strong control on plant and
animal life, as well as on soil development (NRC
1995). The US National Research Council (NRC 1995,
p. 50) concluded: ‘The concept of wetland embraces a
number of characteristics, including the elevation of
the water table with respect to the ground surface, the
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duration of surface water, soil types that form under
permanently or temporarily saturated conditions, and
various types of plants and animals that have become
adapted to life in a wet environment.’ Tiner (2002,
p. 21) stated: ‘Wetland hydrology should be consid-
ered to be saturation within 30 cm of the soil surface
for 2 wk or more during the growing season in most
years (about every other year on average)’. More re-
cently, US Federal authorities proposed new rules to
define the waters of the United States, including the
definition of a wetland as ‘those areas that are inun-
dated or saturated by surface or groundwater at a fre-
quency and duration sufficient to support, and that
under normal circumstances do support, a prevalence
of vegetation typically adapted for life in saturated
soil conditions’ (US Army Corps of Engineers and EPA
2015, p. 37106). Clearly, the definitions of wetland ex-
plicitly incorporate a temporally dynamic understand-
ing of a distributed variably saturated zone, which is
not reported in many wetland assessment studies.

The National Wetlands Inventory (NWI) is the most
readily available data source for mapping the loca-
tion and spatial extent of wetlands throughout the
United States (Martin et al. 2012), though it has limi-
tations. A number of investigators have critiqued and
attempted to improve the NWI database (Kudray &
Gale 2000, Johnston & Meysembourg 2002, Ozesmi
& Bauer 2002, Maxa & Bolstad 2009). These efforts to
improve wetland maps and the underlying database
have used remotely sensed, geospatial information
(Maxa & Bolstad 2009) as well as geomorphological,
biophysical, and hydrologic observations (Wardrop
et al. 2007b) to establish and map a variety of wet-
land types on a watershed basis. It is generally
agreed that quantitative hydrologic characteristics
are among the most important factors in wetland
identification, delineation, classification, and evalua-
tion (Johnson et al. 2004, Wardrop et al. 2007b,
McLaughlin et al. 2014, Fossey et al. 2015).

Clearly, geospatial classification of specific wet-
land types and their relation to shallow groundwater-
stream conditions across the watershed provide a
valuable tool for resource assessment, and the close
relationship of these specific wetland types to shal-
low groundwater suggests that they may, in turn,
also play a useful role in watershed modeling studies.
Traditional watershed modeling has focused prima-
rily on streamflow simulation (Pyzoha et al. 2008, Su
et al. 2000, Yuan et al. 2011), with limited attention
paid to understanding spatial patterns of hydro -
logical responses and temporal patterns of lateral
groundwater flow (Grayson et al. 2002). More re -
cently, advances in the representation of hydrologic

processes have substantially improved the fidelity of
spatial simulations. Many modeling groups now use
geospatial data for terrain, vegetation, soil, and geol-
ogy as the basis for a complete representation of
groundwater dynamics, stream-aquifer interactions,
and channel/floodplain routing (Mirus & Loague
2013, Golden et al. 2014, Clark et al. 2015). A ques-
tion we attempt to answer here is: Can distributed
watershed models utilize the NWI as a data source
for constraining surface-groundwater conditions (Lu
et al. 2009, Min & Wise 2009, Scibek & Allen 2006)?

Within the Chesapeake Bay watershed, climate
variability has influenced, and is expected to continue
to influence, environmental changes in the Bay itself
(Neff et al. 2000, Rogers & McCarty 2000, Najjar et al.
2009). Statistical analysis suggests that a 3°C increase
in mean annual temperature may be associated with
a stronger drought response in the mid-Atlantic
United States. Although concomitant increases in
precipitation may mitigate part of the likely water
shortage (Huntington 2003), it is also reasonable to
assume that freshwater wetlands would be vul -
nerable to climate change under these conditions
(Najjar et al. 2010, Wardrop et al. 2007a). Located
within the Chesa peake Bay watershed, the Susque-
hanna River Basin (SRB) encompasses an area of
71 225 km2, of which 76% is in Pennsylvania, 23% in
New York, and 1% in Maryland. Over 90% of the
basin is underlain by flat-lying sedimentary rock
strata of the Appalachian Plateau Physiographic
Province. The principle tributaries are the Susque-
hanna (747 km), the West Branch of the Susquehanna
(391 km), and the Juniata (167 km). Approximately
90% of the freshwater inputs to the Upper Chesa-
peake Bay and 50% to the entire Chesapeake Bay
are from the Susquehanna. Groundwater is by far the
largest store of water in the Basin, serving 50% of the
water users. Groundwater recharge, discharge (base-
flow), and shallow groundwater storage are highly
sensitive to climate conditions (Fan et al. 2013, Green
et al. 2011, Taylor et al. 2013, Kløve et al. 2014). The
timing and magnitude of drought conditions depend
on the space and time scales of groundwater storage.
Recently, the assessment of climate change impacts
and management practices on watershed resources
was the focus of a comprehensive multidisciplinary
study (Brooks & Wardrop 2013, Zhang et al. 2010).

In this study, we examine the spatial response of
shallow groundwater conditions of specific wetland
types to climate change for 7 mesoscale watersheds
of the SRB, ranging in size from 163 to 902 km2. Our
first objective is to test the ability of a coupled
 surface–subsurface hydrologic model to capture spa-
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tial shallow water table dynamics. In the model, the
spatial heterogeneity of the watersheds is explicitly
resolved in the watershed responses, which should
improve our understanding from streamflow to land-
scape scale. The second objective is to project how
future climate changes would affect the watershed
re sponse in terms of total water budget and local spa-
tial hydrologic dynamics. The methodological steps
of the study are (1) calibration and evaluation of a
coupled surface–subsurface, spatially distributed
hydro logic model utilizing NWI data as a constraint
on the water table over each watershed; (2) use of the

model simulation during 2004 to 2010 to extract wet-
land locations and distribution; and (3) examination
of the sensitivity of basin-scale and distributed
hydro logic response under future climate change
using the best climate scenario.

2.  DESCRIPTION OF STUDY AREA

The 7 watersheds in this study are shown in Fig. 1
and their characteristics are listed in Tables 1 & 2. A
brief description of each watershed follows.

213

Fig. 1. Large-scale map: location and areas (pink) of the 7 watersheds in the Susquehanna River Basin (SRB) in the northeast-
ern United States used to model the impacts of climate change on freshwater wetlands. The boundaries of Kettle Creek and
Little Juniata River are outlined to demarcate them from adjacent watersheds. Subplots (a−g) show the Penn State Integrated
Hydrologic Model (PIHM) grid for each watershed. PIHM uses triangle mesh (gray) to represent the watershed, and linear 

segment (black) to represent the stream channel
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(a) Kettle Creek. Kettle Creek (KC) is a tributary of
the West Branch of the Susquehanna River, which
has a drainage area of 352.2 km2. Overall, land cover
in the watershed is categorized as 85.32% forest and
13.98% agriculture.

(b) Young Womans Creek. Young Womans Creek
(YWC) is another tributary of the West Branch of the
Susquehanna River, encompassing an area of
119.7 km2. Heavy forest covers 98.78% of the water-
shed.

(c) Little Juniata River. The Little Juniata River
(LJR) is a tributary of the Juniata River, the second-
largest tributary of the Susquehanna River. The
drainage area is 569.8 km2. The land cover of the LJR
is 72.02% forest and 25.61% agriculture.

(d) Shaver’s Creek. Shaver’s Creek (SC) is located
southeast of LJR. The drainage area is 120.2 km2. The
land use in the valleys of SC is mixed, primarily, with
farming (28.39%) and significant amounts of forests
(70.64%) that cover the run along the ridges.

(e) East Mahantango Creek. East Mahantango
Creek (EMC) is located in east-central Pennsylvania,
with a drainage area of 419.6 km2. The land cover is

characterized by being
pre dominantly forested
(53.76%) at ridge tops with
agriculture (43.06%) domi-
nating the valley floors.

(f ) Muddy Creek. Mud -
dy Creek (MC) is a tribu-
tary of the Susquehanna
River in York County, PA.
The drainage area is
344.5 km2. MC watershed
represents an intensive
farming watershed, with
agricultural land covering
65.68%.

(g) Lackawanna River. The Lackawanna River (LR)
is the largest tributary to the North Branch of the
Susquehanna River in Northeastern Pennsylvania.
The drainage area is 859.9 km2. The land cover is
predominantly forest (70.09%) and urban area
(14.58%).

3.  MATERIALS AND METHODS

3.1.  Coupled surface–subsurface hydrological
modeling

The Penn State Integrated Hydrologic Model
(PIHM) is a coupled surface–subsurface, spatially
distributed, hydrologic model. It simulates the terres-
trial water cycle, including interception, throughfall,
infiltration, recharge, evapotranspiration, overland
flow, unsaturated soil water, groundwater flow, and
channel routing, in a fully coupled scheme (Qu &
Duffy, 2007). Evapotranspiration is calculated using
the Penman-Monteith approach adapted from Noah_
LSM (Chen & Dudhia, 2001), which resolves the land
surface energy balance with specific meteorologic
conditions. Overland flow is modeled using a 2-D
estimation of the St. Venant equations. Movement of
moisture in unsaturated zones is assumed to be verti-
cal only (1-D), which is modeled using Richard’s
equation. When the moisture recharges into satu-
rated zone, the water can flow laterally; lateral flow is
governed by the continuity equation and Darcy’s law.
The model assumes that each subsurface layer can
have both unsaturated and saturated storage compo-
nents. Balance equations of the unsaturated and
 saturated zones are formed in a fully coupled way.
Channel routing is modeled using a 1-D estimation of
the St. Venant equations. Spatially, the modeling
domain is decomposed into Delaunay triangles. The

            Watershed name                Modeling           USGS gauge
                                                        area (km2)         ID            LAT        LON     Drainage 
                                                                                                                              area (km2)

KC       Kettle Creek                         355.44       01544500   41.4758  −77.8261     352.2
YWC   Young Womans Creek         230.70       01545600   41.3894  −77.6911     119.7
LJR      Little Juniata River               843.26       01558000   40.6125  −78.1408     569.8
SC       Shaver’s Creek                     162.71       01558500   40.6106  −78.0072     120.2
EMC    East Mahantango Creek      422.37       01555500   40.6111  −76.9122     419.6
MC      Muddy Creek                       360.50       01577500   39.7725  −76.3161     344.5
LR        Lackawanna River               902.03       01536000   41.3592  −75.7447     859.9

Table 1. The 7 watersheds in the Susquehanna River Basin (SRB) in the northeastern
United States used to model the impacts of climate change on freshwater wetlands and 

details of corresponding USGS gauges

               Wetland      Forest       Developed   Agricultural
                (91, 92)   (41, 42, 43)   (21, 22, 23)    (81, 82, 85)

KC              0.23           85.32            0.12              13.98
YWC          0.15           98.78            0.10              0.61
LJR             0.40           72.03            1.75              25.61
SC              0.78           70.64            0.16              28.39
EMC          0.65           53.76            1.27              43.06
MC             1.08           33.06            0.39              64.68
LR              4.04           70.09            14.58              9.20

Table 2. Percentage of land cover classes in each watershed.
Source: National Land Cover Database (NLCD 92) land
cover descriptions (http://landcover.usgs.gov/classes.php). 

Parentheses: NLCD 92 land cover class ID codes
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resolution of the triangular mesh allows users to cus-
tomize according to the geomorphological or hydro-
logical characteristics of the watershed. Also, the tri-
angles can be constrained by point observations (e.g.
streamflow, groundwater level, soil moisture, and
leaf area index), and the watershed boundary condi-
tions (Kumar 2009). The model resolves hydrological
processes for land surface energy, overland flow,
channel routing, and subsurface flow, governed by a
partial differential equation (PDE) system. The sys-
tem is discretized on the triangular mesh and on pro-
jected prisms from canopy to bedrock. The model
also includes canopy interception, evapotranspira-
tion, infiltration, and recharge within the fully cou-
pled system. PIHM uses a semi-discrete, finite-vol-
ume formulation for solving the system of coupled
PDEs, resulting in a system of ordinary differential
equations (ODEs) representing all processes within
the prismatic control volume. The local system is
assembled throughout the model entire domain, and
the global ODE system is solved using the CVODE
implicit solver (Cohen & Hindmarsh 1996). De tailed
descriptions of the modeling theory and mathemati-
cal formulation can be found at the PIHM website
(www.pihm.psu.edu) and associated publications
(Kumar 2009, Qu & Duffy 2007).

Advantages of PIHM for simulating wetland hydro -
logy are: (1) the space-time patterns of the water
table can be explicitly simulated across the basin;
and (2) using the PIHMgis (Bhatt et al. 2014) tool, the

spatial simulated wetland can be compared and re -
solved with the NWI dataset. An important result of
the study is that high-resolution, coupled surface–
subsurface models can be used for establishing a sci-
entific basis for the evaluation of environmental
change and the impact on ecosystem services.

3.2.  Climate scenarios for SRB

The possible effects of climate change on wetland
hydrology were investigated by creating historical
and future climate scenarios based on the output of
one global climate model from Phase 3 of the Cou-
pled Model Intercomparison Project (CMIP3) (Meehl
et al. 2007). The historical scenario in this study is
based on years 1979−1998 from the  20th century ex -
periment (20C3M), and the future scenario is based
on years 2046−2065 from the SRES A2 emissions
experiment.

Because differences among climate models ac -
count for much of the spread in future climate projec-
tions, it is preferred to use multiple climate models
when projecting the impact of future climate change
(Chien et al. 2013, Masood et al. 2015). However,
computational resource limitations in running PIHM
forced us to select a single model for the wetland
impact assessment.

To select the best climate model, we analyzed daily
output from the 12 CMIP3 climate models listed in
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Originating group(s)                                                                                           Country         CMIP3 I.D.       Reference

Bjerknes Centre for Climate Research                                                              Norway     BCCR-BCM2.0   Furevik et al. (2003)

Canadian Centre for Climate Modelling & Analysis                                       Canada     CGCM3.1(T47)   Flato & Boer (2001)

Météo-France; Centre National de Recherches Météorologiques                  France        CNRM-CM3     Salas-Mélia et al. (2005)

CSIRO Atmospheric Research                                                                          Australia     CSIRO-Mk3.0    Gordon et al. (2002)

CSIRO Atmospheric Research                                                                          Australia     CSIRO-Mk3.5    

Max Planck Institute for Meteorology                                                             Germany        ECHAM5/       Jungclaus et al. (2006)
                                                                                                                                                     MPI-OM

Meteorological Institute of the University of Bonn; Meteorological            Germany /       ECHO-G        Legutke & Voss (1999)
Research Institute of Korea Meteorological Administration (KMA);               Korea
Model and Data group

US Dept. of Commerce; NOAA; Geophysical Fluid Dynamics Laboratory      USA          GFDL-CM2.0     Delworth et al. (2006)

US Dept. of Commerce; NOAA; Geophysical Fluid Dynamics Laboratory      USA          GFDL-CM2.1     Delworth et al. (2006)

Institute for Numerical Mathematics                                                                  Russia         INM-CM3.0      Diansky & Volodin (2002)

Center for Climate System Research (The University of Tokyo);                    Japan           MIROC3.2       K-1 Model Developers 
National Institute for Environmental Studies; Frontier Research Center                              (medres)         (2004)
for Global Change of the Japan Agency for Marine-Earth Science and 
Technology (JAMSTEC)

Meteorological Research Institute                                                                      Japan     MRI-CGCM2.3.2  Yukimoto et al. (2001)

Table 3. List of selected climate models from Phase 3 of the Coupled Model Intercomparison Project 3 (CMIP3)
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Table 3, using a ranking method similar to that of
Reichler & Kim (2008), who developed an error index
based on the ability of general circulation models
(GCMs) to simulate the spatial distribution of several
climate variables. Here, we focus on the ability of
each model to reproduce the observed annual cycles
of 3 basic metrics each for temperature and precipita-
tion: (1) the climatological monthly mean value, (2)
the standard deviation of the monthly mean value (a
metric of interannual variability), and (3) the clima -
tological standard deviation within each month (a
metric for sub-monthly variability). Each model has
multiple realizations, using the same boundary con-
ditions but different initial conditions. Before de -
termining the rankings, the first realization for each
model was selected, and the output of each model
was linearly interpolated to a 1° grid covering the
watersheds (Fig. 2). Following Reichler & Kim (2008),
the error index for an individual GCM (g, a total of
12) and variable (v, a total of 6) was calculated by:

(1)

where n denotes a 1° grid point, m denotes month
(January to December),⎯s and ⎯o respectively repre-
sent the model and observed annual cycle, and σ2 is
the interannual variability of the observed monthly
means. Observations from the University of Dela ware
monthly-mean temperature and precipitation dataset
(http://climate.geog.udel. edu/ ~ climate/  html _ pages/

archive.html) were used for the mean and interannual
variability of temperature and precipitation, and the
North American Regional Reanalysis (NARR) (Me -
singer et al. 2006) was used for sub-monthly variability
of temperature and precipitation. Both of these prod-
ucts were interpolated to the same 1° grid as the
GCMs. Next, for each variable, each GCM error index
was divided by the model mean error index over the
ensemble of GCMs for the given variable:

(2)

This scales the error indices so that they each vary
around 1, with models with above-average perform-
ance <1 and those with below-average performance
>1. Finally, for each model, the overall error index
used to rank the model is an average over the scaled
error index of each variable:

(3)

As a result, models with monthly climatologies that
closely match the observed climatology have a lower
error index, and a perfect model would have an error
index of zero. Following Reichler & Kim (2008), 95%
confidence intervals for each ranking were also
derived by recalculating the error index after resam-
pling the values used to calculate the mean of each
month in the observed climatology of each variable.
We used bootstrap resampling with 1000 samples.
The error indices are shown in Fig. 3. The rankings
indicate that the MRI-CGCM2.3.2 model is the best-
performing model.

After identifying the MRI-CGCM2.3.2 as the best-
performing climate model, daily output from this
model (surface temperature, precipitation, down-
welling solar radiation, specific humidity, and wind
speed) was prepared for use in PIHM by applying
bias correction. The regridded NARR product was
used to determine bias in temperature and precipita-
tion. Biases in wind and humidity were determined
from an average of observations at 7 Automated
 Surface Observing System stations within the Sus -
quehanna River Basin from 1999 to 2009. Bias in
downwelling solar radiation was determined from
measurements at the Surface Radiation station at The
Pennsylvania State University near State College,
Pennsylvania. These products were not interpolated
to the GCM grid.

Daily mean temperature and total precipitation
were bias corrected using equidistant and equiratio
cumulative distribution function (CDF) matching,
respectively (Li et al. 2010, Wang & Chen 2014).
For historical scenario data, the bias correction pro-
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Fig. 2. The General Circulation Model (GCM) interpolation
grid for the approximation of entire Susquehanna River Basin
(SRB). The area of the SRB is outlined in black. The 8 dark-
gray tiles are the areas selected for the interpolation of climate 

projections
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duces a time series with the same CDF as the
observed time series. For future scenario data, the
CDF of the corrected data is the CDF of the model
future data shifted by the mismatch between the
modeled historical and observed CDFs. This cor-
rects the model bias while still allowing the shape
of the data distribution to change from the historical
to the future period. Mathematically, using the
same notation as Wang & Chen (2014), the correc-
tion applied to temperature was

(4)

where xm–p is a value from the model during the pre-
diction period (either the historical or future), Fm–p is
the CDF of the model prediction data, F –1

o–c is the
inverse CDF of the current observed data, and F –1

m–c is
the inverse CDF of the model data during the current
(historical) period. The CDF is the empirical cumula-
tive distribution function, which is defined as:

The inverse CDF is then just x(F).

An additive adjustment could cause precipitation
to be corrected to below zero. Instead, precipitation
was adjusted using a multiplicative scaling factor:

(5)

The CDFs were calculated and shifted separately
for each month in the calendar year to allow for the
bias and projected change in the model to change
throughout the year. For ex ample, spring and fall
months may have similar temperatures but different
biases and projected changes.

Daily mean downwelling solar ra diation, specific
humidity, and wind speed were corrected using a
simple scaling method that applies the same multi-
plicative shift to the current and future data. To apply
the correction, each variable is multiplied by the ratio
of the observed mean of the variable to the model
historical mean. This method corrects the mean but
not the higher-order statistics. Separate scaling fac-
tors were calculated and applied for each variable,
grid point, and month of the calendar year.

After performing the bias correction, spatially uni-
form, daily meteorological conditions for the hydro-
logical model were generated by selecting data
from one GCM grid cell near the center of the water-
sheds to retain temporal variability (for precipitation)
and by averaging the model output over all of the
grid cells (remaining variables). Finally, specific
humidity was converted to relative humidity and
vapor pressure.

The resulting historical and future scenarios of cli-
matological input data are shown in Fig. 4. Overall,
annual total precipitation amounts increase slightly
from the historical scenario to the future scenario.
Annual mean temperature increases, and both ex -
treme high and low temperatures increase. Average
vapor pressure increases, but average relative hu -
midity decreases slightly as a result of significantly
higher temperatures. Finally, both wind speed and
solar radiation are slightly higher and more variable
in the future scenario.

3.3.  Proposed methodology

In principal, distributed watershed hydrologic
modeling attempts to capture all the hydrological
processes and predicted different hydrological state
variables and fluxes within an integrated modeling
framework. Of particular focus here is the coupled
surface–subsurface response across the catchment.
Limited spatial water-table depth data were avail-
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Fig. 3. Temperature and precipitation error index (I 2) of 12
CMIP3 climate models (see Table 3). Better models have a
lower error index. Error bars indicate 95% confidence regions
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able, and the NWI maps were
used to constrain the water table
during calibration (e.g. all wet-
lands depicted in the NWI in this
area are non-tidal, thus are
defined as having a water table
within 30 cm of the surface for at
least part of the year). US Geolog-
ical Survey (USGS) streamflow
data provide another constraint
in the optimization process. The
procedure includes the following
steps: (1) assign PIHM modeling
parameters from national data
sets for land cover, soils, hydroge-
ology, and topography; (2) cali-
brate the model by following the
method of Yu et al. (2013) with
the constraints of streamflow time
series and the NWI spatial map;
and (3) assess wetland responses
to the downscaled climate change
scenario.

3.4.  Model data setup and
parameter calibration

We applied PIHM at each
watershed. The model input data
included spatial information on
land cover, soil, and geology,
which were derived from natio nal
databases (Yu et al. 2013). PIHM
has a tightly coupled GIS tool
called PIHMgis (Bhatt et al. 2014)
to discretize the watershed and
then overlay the GIS layer with
the computational mesh. The
model data preparation processes
for KC are illustrated in Fig. 5.
The soil, vegetation, and topogra-
phy parameters were estimated
by overlapping national data with
the model mesh. Also the hourly

218

Fig. 4. Annual mean time series of cli-
matological inputs to the hydrological
model for the historical (1979−1998)
(blue) and future (2046−2065) (red)
scenarios. Horizontal lines (for tem-
perature, the lines are not straight)
show the average across time for each 

scenario
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meteorological forcing from NLDAS-2 (NASA, 2013)
was assigned to the model mesh. Similarly, all other
watersheds were processed for PIHM modeling. The
resolution and other metrics of the mesh for each
watershed are listed in Table 4.

In previous studies, PIHM was manually cali-
brated (Kumar et al. 2013) based on a relaxation
experiment designed to capture the drying soil
matrix and macro hydraulic properties (porosity and
conductivity) and the baseflow recession to the

stream reach. To reduce the labor in
model calibration, an evolutionary
algorithm Covariance Matrix Adap-
tation Evolution Strategy (CMA-ES;
Hansen & Ostermeier, 2001) was
introduced for PIHM parameter opti-
mization (Yu et al. 2013). The new
calibration process partitions PIHM
parameters into 2 groups: the first
group of parameters generally de -
scribes hydrologic processes influ-
enced by hydrologic events and is
calibrated by CMA-ES, while the

Fig. 5. The PIHM model data setup processes. The domain of Kettle Creek is used to illustrate the model data preparation, 
model processes, and spatial model mesh representation

Watershed     Modeling  No. of triangles  No. of channels        Spatial 
                           area          in the mesh         in the mesh         modeling 
                          (km2)             domain                domain        resolution (km2)

KC                    355.44              3098                      342                    0.115
YWC                 230.70              3172                      651                    0.073
LJR                   843.26              2089                      264                    0.404
SC                     162.71              1986                      414                    0.082
EMC                 422.37              2606                      509                    0.162
MC                   360.50              4779                     1399                   0.075
LR                     902.03              5355                     1521                   0.168

Table 4. PIHM modeling mesh resolution
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second group of parameters is largely influenced by
seasonal changes in energy and is calibrated using
the annual water budget. In this study, we used
both streamflow and water table depth as estimated
by NWI to constrain the model. The NWI map was
overlaid on the model domain, and NWI wetlands
were identified. For each triangle that includes a
wetland, the average of simulated groundwater
depth was constrained to be <0.3 m below the land
surface. Also, daily streamflow time series were
used to calibrate the soil and subsurface hydrologic
parameters. The calibration objective was formu-
lated as:

(6)

where e is the objective function, NSEstreamflow is the
Nash-Sutcliffe model efficiency coefficient (Nash &
Sutcliffe 1970) of streamflow, n is the number of tri-
angles with maximum water table depth >0.3 m
and overlapping with NWI maps, and GWi is the
corresponding maximum water table depth. The
event-based calibration time period (Yu et al. 2013)
was a 2 wk temporal window with at least 1 flood-
ing event during the growing season (from May to
September) in 2004. To minimize the initial condi-
tion impact (Qu & Duffy 2007), we ran the model
for another 1 mo period in advance as spin-up. We
only calculated the objective function using the
hydrologic variables during the 2 wk temporal win-
dow after the spin-up. The seasonal-scale calibra-
tion period (Yu et al. 2013) was the entire year of
2004. The calibration results are listed in the Sup-
plement at www.int-res.com/ articles/ suppl/ c066
p211_ supp. pdf. 

The statistical criteria used to evaluate PIHM per-
formance included mean error (ME), Pearson’s corre-
lation coefficient (R), and NSE (Nash & Sutcliffe
1970). ME is commonly used to evaluate the average
systematic error among the simulated and the ob -
served values. Negative values of ME indicate model
under-estimation, while positive values correspond
to over-estimation. R is a measure of the strength of
the association between observed and predicted val-
ues and may take any value between −1 and 1. NSE
varies from minus infinity to 1.0, with higher values
indicating better agreement.

(7)

(8)

(9)

where Oi is observed variable at time i, Pi is model
simulated variable at time i. ⎯O and⎯P are the mean
of observed and simulated variable.

In this study, we explore the prospect that climate
change in the region may result in water table
responses that might affect wetland extent and func-
tion across the SRB. The distribution of groundwater
level responses was classified into wetland, upland,
and other categories to examine the spatial hetero-
geneity of the climate change impacts. Specifically,
the PIHM simulation identifies the wetland triangles,
and then categorizes the rest of the triangles: if the
drainage area of a triangle is <10% of the whole
watershed, the triangle is classified as the ‘upland’;
the remaining triangles are classified as the others’.

4.  RESULTS

4.1.  Model simulation

The simulated and observed streamflow are plotted
in Fig. 6 and model performance is listed in Table 5,
including ME, R, and NSE criteria for daily stream-
flow. Using the criteria of NSE > 0.50 and ME < ±25%
(Moriasi et al. 2007) as satisfactory, the performance
of simulated daily streamflows were all found to have
NSE > 0.50, except LR. All NSE metrics were lower
during the 6-yr (2005−2010) validation, again using
daily streamflows. Simulations for 2 watersheds (KC
and LR) were deemed unsatisfactory during the vali-
dation period with NSE < 0.36 (Moriasi et al. 2007).

Using simulated daily water table depth from 2004
to 2010, we evaluated the dynamic wetland area over
the growing season using a definition for a wetland
as ‘having a water table depth <0.3 m for >2 wk dur-
ing the period from May to September’. As expected,
the model is able to identify the location of the major-
ity of NWI wetlands during the simulation (Table 6,
Fig. 7), since wetlands were used as a spatial con-
straint on the depth to groundwater during calibra-
tion. The identification rate of NWI wetlands ranges
from 73 to 98%. It is interesting to note that the
model-predicted wetland area is significantly larger
than NWI wetland area (Table 6). The over-predic-
tion rate ranges from 5.4 to 25.0%. This suggests
either that hydrologic modeling with high-resolution
terrain produces false positives or that the model can
explicitly reveal additional potential wetland loca-
tions, which are not constrained during the calibra-

1 NSE
1

(GW 0.3)streamflow
2

1
∑= − + −
=

e
n

i
i

n

ME
–= P O
O

( )( )

( ) ( )

1

2

1

2

1

R

O O P P

O O P P

i i
i

t

i
i

t

i
i

t

∑

∑ ∑
=

− −

− −

=

= =

NSE 1

( )

( )

2

1

2

1

∑

∑
= −

−

−

=

=

O P

O O

i i
i

t

i
i

t

220

http://www.int-res.com/articles/suppl/c066p211_supp.pdf
http://www.int-res.com/articles/suppl/c066p211_supp.pdf


Yu et al.: Climate change impacts on wetlands 221

Fig. 6. Observed and simulated streamflow (2004−2010) at the 7 watersheds. First column: hydrographs. Gray: calibration pe-
riod (2004); unshaded: validation period (2005−2010). The second and third columns show simulated versus observed stream-
flow during the calibration period and validation period, respectively. Note that USGS gauges for Shaver’s Creek and Muddy 

Creek do not have data available for 2004 to 2010
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tion. There is qualitative evidence to suggest that the
latter is most likely case at least for the SC watershed
where fieldwork indicates many more actual wet-
lands than listed in the NWI.

4.2.  Hydrologic responses

The future climate in Pennsyl-
vania was predicted to increase
in both temperature and precip-
itation, though the relationship
is complex. The simulation
 suggested that future climate
change increases evapotranspi-
ration and streamflow in the all
the watersheds. The combined
effects cause the decline of the
basin-averaged groundwater
table elevation (Table 7).

The local responses are classified into 5 groups
(according to the overall distribution of the water
table change): < −0.1 m severe dry; −0.1 to −0.05 m
medium dry; −0.05 to −0.02 m mild dry; −0.02 to

222

Fig. 7. National Wetlands Inventory (NWI) locations (red dots) and PIHM simulated shallow water table wetland areas (blue) during 2004 to 
2010 for the 7 watersheds

Watershed Mean error (%)        Pearson’s correlation coefficient Nash−Sutcliffe coefficient of efficiency

                      Calibration      Validation               Calibration       Validation                         Calibration       Validation

KC                      −1.70                4.88                           0.84                  0.66                                     0.55                  0.33

YWC                   −2.82               −11.7                          0.80                  0.68                                     0.65                  0.45

LJR                       8.02                −3.63                          0.89                  0.77                                     0.79                  0.58

SC                        N/A                 N/A                          N/A                  N/A                                     N/A                  N/A

EMC                    3.15                21.94                          0.63                  0.67                                     0.56                  0.43

MC                      N/A                 N/A                          N/A                  N/A                                     N/A                  N/A

LR                       −9.48               −4.66                          0.77                  0.65                                     0.36                  0.21

Table 5. PIHM performance in daily streamflow simulation during calibration (2004) and validation (2005−2010) periods. N/A: 
not available

Watershed    (A) NWI     (B) PIHM          (C) Wetland               (D)            (E) Over-
                     wetland     predicted      overlapping with   Identification  prediction 
                        area     wetland area    PIHM prediction      rate (C/A)     rate (B/A) 
                        (km2)           (km2)                    (km2)                     (%)                 (%)

KC                    0.82             5.70                      0.73                       88                  6.9
YWC                0.35             6.03                      0.32                       93                 17.3
LJR                   3.37            53.59                     3.29                       98                 15.9
SC                    1.28            22.74                     1.09                       86                 17.8
EMC                2.75            68.75                     2.02                       73                 25.0
MC                   3.89            45.90                     3.07                       79                 11.8
LR                    36.47          197.26                   32.89                      90                  5.4

Table 6. PIHM performance in wetland area identification



Yu et al.: Climate change impacts on wetlands

0.02 m no change; >0.02 m wet (Fig. 8). The grouped
water table response is plotted in Fig. 9. We used Z-
test to test if the water table response is not signifi-
cantly different than zero (Table 8). The re sults sug-
gested that the future water tables are different from
historical water table at significance level 0.01.
Clearly, groundwater in upland areas is more vulner-
able to future climate.

5.  DISCUSSION

5.1.  How PIHM explains groundwater and stream
water interaction

Coupled surface–subsurface hydrologic modeling
discretizes the whole watershed into landscape grid
elements. The water movement equations govern the

groundwater-surface water ex change in each grid
and lateral convergence be tween neighboring grids.
This reveals the spatial dynamics that is hidden in
the lumped runoff signal monitored at the catch-
ment outlet. In the real-world application of coupled
surface–subsurface models, appropriate calibration
constraints are required to improve the simulation
fidelity. Clearly, without considering water table
depth during the calibration process, the model
results might not be adequate for understanding the
spatial near-surface hydrological dynamics (Ebel &
Loague 2006). The addition of water table depth may
also affect the general model performance. For
example, the YWC and LJR were modeled by PIHM
in a previous study (Yu et al. 2013); the NSE showed
that the streamflow performance was poorer. This
implies that the spatial constraint may cancel out the
streamflow performance. In 6 of the watersheds, the
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Watershed Precipitation (mm yr−1) ET (mm yr−1) Streamflow (mm yr−1) Average water table 
                      1979−1998    2046−2065       1979−1998    2046−2065       1979−1998    2046−2065 elevation (m)
                                                                                                                                                                    1979−1998    2046−2065

KC                      1025               1124                  395                 433                   522                 616                   2.06                2.02
YWC                  1025               1124                  281                 312                   618                 732                   2.89                2.85
LJR                     1025               1124                  425                 468                   545                 652                   3.44                3.39
SC                      1025               1124                  482                 487                   459                 591                   4.32                4.28
EMC                  1025               1124                  433                 474                   491                 605                   2.45                2.39
MC                     1025               1124                  243                 261                   611                 716                   4.38                4.35
LR                       1025               1124                  304                 332                   614                 731                   2.91                2.87

Table 7. Basin-average large-scale response. ET: Evapotranspiration

Fig. 8. Difference maps for the simulated groundwater table elevation between the climate scenario period 2046−2065 and the reference
period 1979−1998 for the 7 watersheds. A negative/positive value indicates the region is drier/wetter under the climate change projection 

scenario. The color bar is selected based on the distribution of all the changes of groundwater table elevation (m).
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streamflow performance was satisfactory (i.e. NSE >
0.50 and ME < ±25% [Moriasi et al. 2007]), which
suggested that it is reasonable and practical to add
groundwater constraints according to wetland distri-
bution in NWI. The PIHM streamflow simulation
does not perform well at LR. This could be due to the
large NWI wetland coverage (Table 2) in LR, which
led to overwhelming spatial constraints in Eq. (6).
Finally, the calibration did not lead to satisfactory
streamflow performance (NSE > 0.5).

Due the limited data regarding the subsurface, we
applied a uniform subsurface layer for all the water-
sheds. A 5 m depth was assumed as the bottom
boundary of shallow groundwater throughout the
whole watershed. A large-scale groundwater model-
ing study (Fan et al. 2013) suggested that shallow

groundwater depth in the SRB is around 0
to 40 m. In LJR, another PIHM modeling
study used 40 m as the uniform subsur-
face layer (Kumar, 2009). Here, we focus
only on the top 0.3 m dynamics. The spa-
tially distributed wetland locations are
well predicted by PIHM simulation
(Table 6). Also the temporal validation of
the streamflow performance (Fig. 6, col-
umn 3) is consistent with the performance
during calibration period (Fig. 6, column
2). We argue that though the absolute
water table depth is definitely not per-
fectly simulated across each watershed,

the dynamics of water table fluctuation is captured
with a 5 m subsurface layer, and this is enough to
identify the freshwater wetland. It will be interesting
to examine the role of subsurface complexity in mod-
eling surface runoff and shallow groundwater
dynamics.

Our study focused in particular on data availability,
hydrologic model behavior constraints, wetland
hydrology interpretation, and spatial heterogeneity
of water table dynamics. This is especially important
for data and model applications in the framework of
national databases (Duffy et al. 2011). Furthermore,
temporal and spatial wetland dynamics modeling
using a hydrological modeling-driven method pro-
vides an alternative for wetland ecosystem manage-
ment (Brooks & Wardrop 2013).
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Fig.9.Distributionofwatertable
elevation responses in the wet-
land, upland, and the remaining
area of the watershed. A nega-
tive/ positive change indicates
the region is dryer/wetter under
the climate change projection
scenario. Horizontal line: me-
dian; box: 25th and 75th per-
centiles; whiskers: minimum
and maximum differences of the
water table elevation responses

Watershed        Wetland                    Upland                      Others

KC              −0.0257 ± 0.0019     −0.0803 ± 0.0013      −0.0175 ± 0.0006
YWC          −0.0310 ± 0.0002     −0.0840 ± 0.0017      −0.0094 ± 0.0006
LJR             −0.0333 ± 0.0005     −0.0746 ± 0.0032      −0.0262 ± 0.0011
SC               0.0132 ± 0.0014     −0.0773 ± 0.0032      0.0189 ± 0.0007
EMC           −0.0559 ± 0.0008     −0.0795 ± 0.0010      −0.0504 ± 0.0005
MC             −0.0225 ± 0.0011     −0.0645 ± 0.0012      −0.0191 ± 0.0006
LR               −0.0428 ± 0.0004     −0.0554 ± 0.0009      −0.0429 ± 0.0006

Table 8. Water table responses (m, mean ± SE) (plotted in Fig. 9). A nega-
tive/positive change indicates the region is dryer/ wetter under the climate
change projection scenario. The water table responses are significant at 

0.01 level (Z-test)
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5.2.  Differences between NWI and hydrologic
identification

The NWI maps are prepared through conventional
photointerpretation techniques, as well as through
field checks (Tiner 2002). Studies have shown that if
an NWI map indicates the presence of a wetland in a
given area, it is highly likely that a wetland is there
(Johnston & Meysembourg 2002, Kudray & Gale
2000, Maxa & Bolstad 2009). Conversely, if an NWI
map does not indicate a wetland, there is quite a high
probability that one is not there, but nevertheless,
one can still find unmapped wetlands on the ground,
particularly in favorable landscape positions such as
along streams in narrow valleys or in depressions
(Tiner 2002). Many of the wetlands in these land-
scape positions may also be forested, leading to
under-representation in the NWI. For example, in the
Upper Juniata watershed, a probability-based survey
allowed us to ascertain that the NWI represented
only 54% of the total wetland resource (Wardrop et
al. 2007b). Model simulated wetlands preserved the
spatial water table depth pattern and also provided a
likely mapping for exploring missing wetlands in the
NWI, which was consistent with the conclusion that
NWI maps tend to err more by omission that by com-
mission (Tiner 2002). Future study may validate the
authenticity of the un-mapped wetland area.

5.3.  Groundwater level response at a local and
large (basin-averaged) scale

In the SRB, the average groundwater level re sponse
to climate change was subtle due to the combined ef-
fects of increased precipitation and in creased evapo-
transpiration. Distributed modeling en abled the analy-
sis of regional or local scale groundwater level
changes controlled by land cover, soil, topography,
etc. For example, this study identified different be-
havior in wetlands and uplands. In general, the model
results suggested that the upland groundwater level
was more sensitive to climate change than the
wetland groundwater level. This may be due to the
lateral redistribution of ground water flow in PIHM. If
this simulated heterogeneity of water table responses
is correct, local field monitoring data of groundwater
tables at wetlands only will lead to a biased con -
clusion about the climate change responses. For ex-
ample, if one were to monitor limited locations of wet-
land water tables, one would conclude there was no
change, which would not  provide a complete picture
of the watershed as a whole. Notably, if the decrease

in up land groundwater level continues for a long time
period, it will eventually affect the rest of the water-
shed including wetland areas.

5.4.  Uncertainty in climate project and spatial
hydrologic prediction

An important issue when considering adaption and
mitigation of hydrologic responses to climate change
is uncertainty. Due to the uncertainty of climate mod-
els, it is robust to use multiple greenhouse gas emis-
sion scenarios from multiple climate models (e.g.
Chen et al. 2011, Benčoková et al. 2011, Masood et
al. 2015). Due to the uncertainty of hydrological pre-
diction, coupled surface–subsurface simulation is
recommended to resolve potential spatial impacts
due to the combined heterogeneity of topography,
soil, land cover (e.g. Sulis et al. 2011). Both sources of
uncertainty require computational resources. In this
study, we focused on reducing spatial uncertainty in
the prediction of the water table, which required
 coupled surface–subsurface simulation. Therefore
we se lected PIHM, a complex hydrologic model, with
2 coupled subsurface layers (saturated and unsatu-
rated) and a spatially distributed computational
mesh. Temporally, PIHM uses a fully implicit scheme
to simulate continuous coupled surface–subsurface
processes. Due to the computational expense of run-
ning PIHM, we used historical performance metrics
and applied bias correction to force PIHM with only
the best-performing climate model. This can be con-
sidered as a preliminary ana lysis of the sensitivity of
spatial water table dynamics to climate change (Sulis
et al. 2011). We demonstrated that PIHM is a poten-
tial tool for the simulation of spatial groundwater
dynamics and assessment of wetland resources. The
difference between basin scale response and re -
gional scale response ad dres sed the importance of
resolving spatial hydrologic heterogeneity.

Notably, other sources of uncertainty, such as
future vegetation resilience, societal priorities and
land-use dynamics (Jones 2011), are all linked to the
complex environmental system. The uncertainty re -
lated to climate projection scenarios, watershed spa-
tial representation, and subsurface complexity re -
mains an important area of future work.

6.  CONCLUSIONS

In this study we present the first attempt to model
the water table over 7 watersheds in the SRB to cap-
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ture the hydrologic control of freshwater wetlands.
The model application was made possible by a
 coupled surface–subsurface distributed hydrologic
model, PIHM, that utilized a combination of spatial
water table and streamflow constraints. We were able
to predict spatial groundwater re sponses to future cli-
mate change. Scrutinizing the model performance
and future climate responses reveals important in -
sights in the distributed modeling of freshwater wet-
land dynamics:

(1) In general, the combined constraint of stream-
flow and spatial wetland location could lead to ex -
plicit hydrologic identification of wetland locations
and area.

(2) PIHM not only reproduced the NWI located
wetland, but also predicted extra wetland area,
which provides a potential tool for verifying and
improving the quality of the NWI map.

(3) Based on the selected best-performing climate
model MRI-CGCM2.3.2, a future climate of increased
precipitation and temperature will decrease the basin
averaged water table elevation from 0.03 to 0.06 m.

(4) The shallow groundwater demonstrated com-
plex responses to climate change, including a signif-
icant decrease in upland groundwater levels under
the climate scenario for years 2046 to 2065 from MRI-
CGCM2.3.2.

An important consideration when assessing wet-
land function is the temporal variability of hydro -
logical regimes at daily to seasonal scales. From the
coupled surface–subsurface modeling framework,
temporal variability can be explicitily represented at
shorter time scales for transpiration, soil moisture, lat-
eral groundwater fluxes, etc. Wetland functions are
closely tied to hydrologic flux and storage. The next
step is to investigate the temporal signals of hydro-
logic conditions in these wetlands. Much more work
is needed to evaluate the temporal dynamics of the
wetlands and the associated ecological impacts.
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