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Abstract As a direct measure of watershed resilience, watershed storage is important for understanding
climate change impacts on water resources. In this paper we quantify water budget components and stor-
age changes for two of the largest watersheds in the State of Michigan, USA (the Grand River and the Sagi-
naw Bay watersheds) using remotely sensed data and a process-based hydrologic model (PAWS) that
includes detailed representations of subsurface and land surface processes. Model performance is evaluated
using ground-based observations (streamflows, groundwater heads, soil moisture, and soil temperature) as
well as satellite-based estimates of evapotranspiration (Moderate-resolution Imaging Spectroradiometer,
MODIS) and watershed storage changes (Gravity Recovery and Climate Experiment, GRACE). We use the
model to compute annual-average fluxes due to evapotranspiration, surface runoff, recharge and ground-
water contribution to streams and analyze the impacts of land use and land cover (LULC) and soil types on
annual hydrologic budgets using correlation analysis. Watershed storage changes based on GRACE data
and model results showed similar patterns. Storage was dominated by subsurface components and showed
an increasing trend over the past decade. This work provides new estimates of water budgets and storage
changes in Great Lakes watersheds and the results are expected to aid in the analysis and interpretation of
the current trend of declining lake levels, in understanding projected future impacts of climate change as
well as in identifying appropriate climate adaptation strategies.

1. Introduction

Storing water is one of the important hydrologic functions of a watershed [Black, 1997; Sivapalan, 2006].
Watershed storage is a key variable used in watershed classification [Wagener et al., 2007] and is intimately
tied to surface and subsurface stormflows and runoff ratios in a watershed [Sawicz et al., 2011; Sayama et al.,
2011]. Storage is also a key variable that controls the coevolution of hydrologic and biogeochemical states
of a watershed. Recent research highlights the link between watershed storage and nutrient levels [Seil-
heimer et al., 2013] and between nutrient (specifically, nitrogen) levels, net primary production and hydro-
logic fluxes such as evapotranspiration (ET) [Dickinson et al., 2002; Shen et al., 2013]. Understanding changes
in watershed storage is important for climate change studies as storage is directly related to the resilience
of a watershed [Tague et al., 2008]; however, quantifying storage is difficult since many watershed models
do not explicitly simulate subsurface processes and thus do not adequately describe the past storage trajec-
tory and the storage-discharge relations due to complex subsurface heterogeneity [Beven, 2006; Sayama
et al., 2011]. Recently there has been a surge of interest in the application of physics-based watershed mod-
els that explicitly describe surface (e.g., St. Venant equations for channel flow) and subsurface (e.g., Richards
and/or Darcy equation-based) processes (e.g., see the descriptions of seven hydrologic models in Maxwell
et al. [2014]). The application of physics-based watershed models to large river basins is a topic of increasing
interest. Recently gravity-based satellite measurements have been used to estimate water budgets and total
water storage anomaly (TWSA) for continents [Wang et al., 2014] and large river basins such as the Missis-
sippi [Rodell et al., 2007] and the Amazon [Pokhrel et al., 2013]. Long et al. [2014] and Rodell et al. [2004]
describe uncertainties in water budget estimates of TWSA. High precision gravimeters have been used to
study TWSA dynamics in response to climate variability and extremes or storage – baseflow relationships at
different catchment scales [Creutzfeldt et al., 2012; Creutzfeldt et al., 2013]. Combining gravity-based
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measurements with MODIS products for evapotranspiration and leaf area index, passive distributed temper-
ature sensing [Steele-Dunne et al., 2010] and ground-based measurements for other key hydrologic variables
(e.g., soil moisture, including the method based on cosmic-ray neutron probes [Zreda et al., 2008], stream-
flows, groundwater heads and temperature) opens up the possibility to test physics-based watershed mod-
els for their ability to describe major hydrologic fluxes and changes in watershed storage in regional
watersheds; however, there are no such studies in the Great Lakes region to the best of our knowledge.

The Great Lakes account for 18% of the World’s and 90% of the United States’ freshwater supply [Sea Grant
College Program, 1985]. The Great Lakes are an important source of fresh water, recreational resource and
transportation corridor for the Midwestern United States and Canada [Cherkauer and Sinha, 2010]. Estimates of
runoff (related to watershed storage) and other components of the hydrologic cycle are important to under-
stand and quantify lake level changes. According to previously reported research annual average and high tem-
peratures in summer are on the rise, and the frequency of extreme rain events has been increasing [Christensen
et al., 2007; Kling et al., 2003; Trapp et al., 2007; Wuebbles and Hayhoe, 2004]. It is important to understand how
key components of the hydrologic cycle are changing in response to climate change, relative to current condi-
tions. However, except for a few major components of the water cycle, considerable variability exists in esti-
mates of current water budgets due to differences in model conceptualizations of hydrologic processes (e.g.,
lumped parameter versus process-based models). Regional groundwater flow is a major component of the
water budget globally and also in the Great Lakes region. However, not all watershed models explicitly describe
groundwater processes; therefore, there is a need to quantify water budgets using models that include subsur-
face processes. While a number of climate change-related projects are underway, there is a need to quantify
current water budgets, comparing estimates from different types of hydrologic models in order to assess and
compare inter-model variability in water budget estimates to projected future changes due to climate change.

The hydrologic water budget represents the balance between precipitation, evapotranspiration, surface run-
off, and total water storage change, and includes all water pathways at or near the land surface, including
streamflow, infiltration, recharge and exfiltration. There are several ways to estimate hydrologic budgets, e.g.,
using field observations and data for different hydrologic components, or via real-time satellite products [Gao
et al., 2010]. Among these water budget components, streamflow can be observed by stream flow gauges.
With dense weather station network and satellite-based estimates, precipitation can be quantified. The chal-
lenge remains for estimating other spatially varying components of the hydrologic budget at large scales. For
example, information on how the largest storage components within the watershed are changing has impor-
tant implications for water resources management. In addition, due to the spatial heterogeneity and sampling
errors, the existing observational data alone may not be sufficient to provide accurate water budget informa-
tion for research interests [Pan and Wood, 2006; Roads et al., 2003]. Spatially distributed hydrologic fluxes from
model reanalysis have become more popular, e.g., NLDAS [Mitchell et al., 2004] and NLDAS-2 [Xia et al., 2012a,
2012b]. Well-tested, process-based hydrologic models, which are based on conservation principles of mass,
momentum and energy, may be well suited for providing detailed estimates of water budgets and provide
information on how storage components are changing within the watershed.

Recently, process-based models became an important tool for studying the hydrologic water budget [Ber-
bery et al., 2003; Luo et al., 2005; Roads et al., 2003; Shen et al., 2013; Shen and Phanikumar, 2010; Su and Let-
tenmaier, 2009]. The PAWS (Process-based Adaptive Watershed Simulator) model used in this paper uses a
coupling method to link surface and subsurface processes efficiently in order to facilitate the application of
process-based models to large watersheds. The model has been tested extensively using available analytical
solutions, laboratory data [Shen and Phanikumar, 2010; Maxwell et al., 2014], streamflows, field and satellite-
based observations for medium and large watersheds [Shen et al., 2013; Shen and Phanikumar, 2010; Shen
et al., 2014; Riley and Shen, 2014].

The aim of this paper is to quantify storage changes and water budgets in two regional Great Lakes water-
sheds using a physics-based watershed model and independent (satellite and ground-based) measure-
ments of key hydrologic fluxes. Our working hypothesis is that if the model is able to describe observations
for different domains (groundwater heads, soil moisture and stream flows) and major fluxes (e.g., ET), all of
which contribute to changes in storage, then model-based estimates of water storage changes can be
expected to be reliable. Specifically, we seek to answer questions such as: How is storage changing in
regional Great Lakes watersheds? Can process-based hydrologic models describe the observed changes in
storage? What hydrologic components are mainly responsible for the observed storage changes?
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The paper is organized
as follows. After briefly
describing the PAWS
model and various data
sources, we examine
water budgets and stor-
age components for two
of the largest water-
sheds in the State of
Michigan (the Grand
River and the Saginaw
Bay watersheds) over 12
years (1995–2007). Simu-
lated streamflows,
groundwater heads, soil
moisture, soil tempera-
ture, and ET are com-

pared to the observed data to demonstrate model performance. Simulated storage changes are then
compared with gravity-based satellite measurements of storage change (GRACE data reported as water
thickness anomalies). A statistical linear correlation analysis is also performed to examine the relation of the
hydrologic budget components to the physical characteristics of the watersheds including land use and
land cover, and soils type. A trend analysis of water thickness anomaly data is then reported and an expla-
nation for the observed trends is provided.

2. Methodology

2.1. The PAWS Model
The major hydrologic processes simulated by PAWS [Shen and Phanikumar, 2010] are depicted in Figure 1 and
the solution schemes are summarized in Table 1. The discretized differential equations for overland, soil water
and groundwater flows are solved using structured grids. The river network, which is extracted from National
Hydrography Dataset (NHD), is explicitly modeled [Shen et al., 2014]. A flexible strategy that computes the
exchange fluxes between land grid and river cells allows river and land domains to be discretized independently.
Two subdomains—the ponding water layer and the flow domain are used to separate water on the ground.
Water can only move between cells (including river cells) in the flow domain, while infiltration and evaporation
happen in the ponding layer. Runoff from ponding layer to the flow domain is estimated based on Manning’s
equation and is solved simultaneously with the soil-water flow. A layer of snow, which is quantified by the snow-
cover fraction and Snow Water Equivalent (SWE), may also exist on the ground depending on the climatic condi-
tion. A mosaic approach is used to model the subgrid heterogeneity within each land cell. Several generic plant
functional types (PFT) [Thornton and Zimmermann, 2007] represent model classes and are used to reclassify the
land use data. Rainfall and snowmelt are joined and add to the ponding layer after canopy interception. In PAWS,
for each land cell there is one soil column modeled. The three-dimensional unsaturated vadose zone is concep-
tualized as an array of one dimensional soil columns connected to the unconfined aquifer at the bottom. PAWS
makes the simplifying assumption that water moves only vertically in the unsaturated zone [Shen and Phaniku-
mar, 2010, Shen et al., 2013]. Water and energy can be exchanged between the soil column and the unconfined
aquifer. Through a layer of aquitard, water can percolate further down to deeper aquifers and exchange with river
water via riverbed materials. Water can also be directly extracted from the aquifer layers by pumping activities.
For the confined aquifer which is represented as a mixture of different fractured bedrock formations as shown in
Figure 1, the exchange exists primarily with the unconfined layer above. Another assumption is that the lateral
flow is uniformly distributed along the saturated thickness of the unconfined and confined aquifers. The details of
the model conceptualization and coupling between different layers can be found in Shen and Phanikumar [2010].

The coupling of CLM (version 4) to PAWS [Shen et al., 2013] provides detailed, process-based vegetation
dynamics [Thornton and Zimmermann, 2007], energy cycle and carbon/nutrient cycling. The soil hydrology and
river routing routines in PAWS replace the corresponding procedures in CLM. Except due to snowmelt and
freeze-thaw phase change, soil moisture states are unchanged in CLM. The resulting ET fluxes, soil water/ice
content are returned to PAWS for the calculations of flow processes after completing CLM calculations.

Table 1. Processes and Governing Equations of the Hydrological Model PAWS

Process Governing Equations

Snowfall accumulation and melting SNICAR model [Toon et al., 1989] in CLM 4.0
Canopy interception Bucket model in CLM, storage capacity related

to total Leaf Area Index (tLAI)
Depression storage Specific depth
Runoff Manning’s formula 1 Kinematic wave formulation 1

Coupled to Richards equation
Infiltration/exfiltration Processes coupled to Richards equation
Overland flow 2-D Diffusive wave equation
Overland/channel exchange Weir formulation
Channel network Dynamic wave or diffusive wave
Evapotranspiration Penman Monteith 1 Root extraction
Soil moisture Richards equation
Lateral groundwater flow Quasi-3-D
Recharge/discharge

(Vadose zone/groundwater interaction)
Noniterative coupling inside Richards equation

Stream/groundwater interaction Conductance/leakage
Vegetation processes CLM ver. 4.0
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2.2. Description of Sites
The Grand River (GR) watershed is the second largest watershed in Michigan (Figure 2). It is located in the
middle of Michigan’s Lower Peninsula. The GR is the longest river in Michigan, which runs 420 km across
several counties before emptying into Lake Michigan. The watershed drains an area of 14,431 km2 including
18 counties and 158 townships. The basin mainly contains flat terrain and many swamps and lakes. The Sag-
inaw Bay (SB) watershed is the largest drainage basin in Michigan (Figure 2), draining approximately 15% of
the total land area in the state. The watershed includes a part of 22 counties and contains the largest con-
tiguous freshwater coastal wetland system in the United States. It is located in the east central portion of
Michigan’s Lower Peninsula. The Saginaw River is a 35 km river formed by the confluence of tributaries at
southeast of Saginaw. It flows northward into the Saginaw Bay of Lake Huron just northeast of Bay City. The
area of the SB watershed is 22,556 km2 and over half of the land use in the region is agricultural. The land
use and land cover map for both watersheds is shown in Figure 3.

For both watersheds, we use a 1 km2 cell size for spatial (horizontal) discretization, which results in a grid
size of 1953170 for GR and 2013210 for SB. We use 20 vertical layers to discretize the vadose zone and to
solve the Richards equation and two layers for the fully saturated groundwater domain – the top layer in
the groundwater domain represents the unconfined aquifer while the bottom layer represents the confined
aquifer. The resolution for the river cells is 1 km. For temporal discretization, the base time step is 1 h for
groundwater and land surface processes, 10 min for the overland flow and channel flow, and adaptive time
steps ranging from 10 min to 1 h are applied for the unsaturated zone.

2.3. Data Sources
The 30 m resolution National Elevation Dataset (NED) from U.S. Geological Survey (USGS) (http://ned.usgs.
gov) was used for the Digital Elevation Model (DEM) input for both watersheds to calculate the slope and
for surface runoff routing computations. The daily based meteorological elements, precipitation, snowfall,
maximum temperature, minimum temperature, wind speed, and relative humidity acquired from National
Climatic Data Center (NCDC, stations listed in Table 2) of the National Oceanic and Atmospheric Administra-
tion (NOAA) or Michigan Automated Weather Station Network (MAWN) [Enviro-weather, 2010] were used as
weather data inputs for the model. In our study regions there are 14 weather stations available. The nearest
neighbor interpolation scheme was used for spatial interpolation of data. For land use and land cover
(LULC) data we used the Integrated Forest Monitoring Assessment and Prescription (IFMAP) data set that
has a 30 m resolution provided by the Michigan Department of Natural Resources [MDNR, 2010]. Using the
land use classification percentile values reported in the literature [e.g., Jia et al., 2001; Lu and Weng, 2006],
we transformed the land use classification into several different model classes, called Plant Functional Types
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Figure 1. Definition sketch illustrating the bedrock geology and some of the key processes modeled in PAWS. T: transpiration, P: precipitation, EO: evaporation from overland flow/
stream, Eg: evaporation from bare soil, ED: evaporation from depression storage, Inf: infiltration, R: recharge.
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(PFT). Since land use maps normally have finer resolution than model grid, we use three PFTs in a model
cell. The eight main MDNR land use class coverage percentiles for both watersheds are listed in Table 3.

Soil Survey Geographic (SSURGO) database from U.S. Department of Agriculture, Natural Resources Conser-
vation Service (NRCS) was processed to provide soil water retention and unsaturated conductivity informa-
tion, via the pedotransfer functions provided in Rosetta [Schaap et al., 2001]. For the channel flow network,
we used National Hydrography Dataset (NHD) from USGS. The streamflow and groundwater head data for
comparison were observed by a number of USGS gauging stations (listed in Table 4 and shown in Figure 2)
within the two watersheds. There are a few stations with soil moisture and soil temperature data available
from the Enviro-Weather Network (data available at http://www.enviroweather.msu.edu/homeMap.php).
We compared soil moisture and soil temperature at 10 cm depth for Enviro-Weather station located at Beld-
ing (Kropf farms, latitude 43.1125, longitude 285.3122, elevation 257 m) in the GR watershed.

The evapotranspiration data were downloaded from the MODIS Global Evapotranspiration Project (MOD16),
which is a part of NASA/EOS project to estimate global terrestrial evapotranspiration from earth land surface
by using satellite remote sensing data (http://www.ntsg.umt.edu/project/mod16). The MOD16 global ET data
sets are regular 1 km2 land surface ET data sets for the 109.03 million km2 global vegetated land areas at 8
day, monthly, and annual intervals. The data set covers the time period 2000–2012. The MOD16 ET data sets
are estimated using an improved ET algorithm [Mu et al., 2011] over the previous one [Mu et al., 2007]. The ET
algorithm is based on the Penman-Monteith equation. GRACE equivalent water thickness product was down-
loaded as monthly mass grids from the Jet Propulsion Laboratory (JPL) (http://grace.jpl.nasa.gov/data/
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Figure 2. Map of Grand River (GR) and Saginaw Bay (SB) watersheds. Elevation is shown as the color gradient. National Hydrography Dataset
(NHD) streams, U.S. Geological Survey (USGS) gauges, groundwater stations and National Climatic Data Center (NCDC) weather stations are shown.
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gracemonthlymassgridsland/). The data are based on the Release 5.0 (RL05) spherical harmonics from JPL,
CSR (the Center for Space Research at the University of Texas) and GFZ (GeoForschungsZentrum in Potsdam)
and a glacial isostatic adjustment correction was applied to the data based on the model of [Geruo et al.,
2013]. The uncertainties in spherical harmonics from the latest release (RL05) of CSR have been reduced by
about 40% compared with the previous CSR release (RL04) [Long et al., 2013]. The distributed GRACE product
uses a destriping filter and a 300 km wide Gaussian filter as well to minimize North-South stripes in the
monthly maps. This data product provides time series for global river basins with seasonal and trend esti-
mates over land area with a spatial sampling of 18318 in latitude and longitude (approximately 111 km at the
Earth’s equator). As described earlier, a majority of the previous applications of GRACE data focused on conti-
nents and large river basins such as the Amazon. This is consistent with the large footprint of GRACE, which
has a resolution�200,000 km2. Although the GR and SB watersheds are considered large watersheds, they
are relatively small compared to the GRACE footprint (e.g., the GR watershed has an area of approximately
14,000 km2). For relatively small watersheds the uncertainties in total water storage (TWS) anomalies can be

expected to be large. To address the scale issue
we first extracted GRACE data for a larger rectan-
gular area that encloses our watershed and then
used area-weighted averaging to obtain the TWS
anomaly for the watershed. For the GR water-
shed, we used 1 km2 grid cells and a computa-
tional grid with 195 3 170 cells; therefore the
area of the rectangular bounding box is
33,150 km2 with 7 sampled and postprocessed
GRACE grid cells covering the area. After com-
puting the area-weighted average anomalies,
we compute GRACE error estimates using the
algorithm reported by JPL (http://gracetellus.
jpl.nasa.gov/data/gracemonthlymassgridsland/
) [Landerer and Swenson, 2012; Swenson and
Wahr, 2006]. Since surface mass variations at

Figure 3. Land Use and Land Cover map for the Grand River (GR) and the Saginaw Bay (SB) watersheds.

Table 2. National Climatic Data Center (NCDC) Weather Stations

Stations
Number Stations Name Latitude Longitude

200146 Alma 43.38 284.67
201818 Corunna 2NE 43.00 284.07
202395 East Lansing 4 S 42.67 284.48
202437 Eaton Rapids 42.52 284.65
203333 Grand Rapids 42.88 285.52
203429 Greenville 2 NNE 43.20 285.25
203664 Hastings 42.65 285.28
204078 Ionia 2 SSW 42.95 285.08
204150 Jackson Reynolds FLD 42.27 284.47
204320 Kent City 2 SW 43.20 285.77
204641 Lansing Capital City AP 42.78 284.58
204944 Lowell 42.93 285.33
205712 Muskegon CO AP 43.17 286.23
209006 Williamston 3NE 42.72 284.25
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small spatial scales tend to be attenu-
ated due to the low-pass filtering of
GRACE spherical harmonics, the scaling
factor should be applied to the original
gridded data to restore signal losses. The
scaling grid is a set of scaling coeffi-
cients, one for each 1� bin of the land
grids, which can be accessed from the
link ftp://podaac-ftp.jpl.nasa.gov/allData/
tellus/L3/land_mass/RL05/ascii/. To com-
pute error estimates for the scaled val-

ues, two additional grids are provided in the same link, the measurement error and the leakage error that
is the residual error after filtering and rescaling. The error data of all 7 GRACE grid cells were used to cal-
culate the variance and standard deviation which were used for further estimation of the confidence
intervals of the GRACE anomalies time series data. This approach, which was used by [Ferrant et al., 2014]
to apply GRACE data to a small watershed (983 km2), allows us to take the large uncertainties into account
while evaluating model results against GRACE data.

2.4. Simulation Details
There are uncertainties associated with parameters such as riverbed conductance and the van Genuchten
parameters for the soils. There are 8 calibration parameters that are described in Shen et al. [2013]. Parame-
ters that are spaially variable can be adjusted using ‘‘global multipliers’’ within the framework of a linear
transformation (that is, a positive multiplicative constant that multiplies the original variable plus an addi-
tive constant, which can be zero). For example, a global multiplier applied to the hydraulic conductivity field
uniformly increases or decreases conductivity while honoring the geology (that is, retaining the natural vari-
ability and heterogeneity in the original data). The parameter estimation, based on the differential evolution
algorithm [Price et al., 2005] was done using the High Performance Computing Center (HPCC) resources at
Michigan State University by minimizing the following objective function f ðxÞ, which represents model error
relative to observed streamflows and groundwater heads:

f ðxÞ5
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where x denotes the vector of parameters, fci and fgk denote the objective functions for individual stream
gauging stations (c denotes channel, index i denotes the i-th stream gauge, i51,2. . .N) or stations for which
groundwater head data are available (g denotes groundwater, index k denotes the k-th well, k, k51,2,. . .M),
and wci and wgk are the weights given to a station. How to assign weights to different stream gauging sta-
tions and groundwater wells is an important research question. In the past any additional information from
a station is considered useful and therefore worthy of including in the objective function f ðxÞ. Recently, Fry

Table 3. Land Use and Land Cover (LULC) Coverage Percentages in the
Grand River and Saginaw Bay Watersheds

GR (%) SB (%)

Needle leaf evergreen temperate tree 2.44 3.71
Broadleaf deciduous temperate tree 19.64 25.48
Broadleaf deciduous temperate shrub 0.63 1.91
C3 non-arctic grass 5.98 8.39
Crops 57.91 47.84
Impervious 5.30 3.73
Water 1.29 1.25
Wetland 6.81 7.69
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et al. [2013] showed that infor-
mation from some gauging sta-
tions can reduce model skill
and provided evidence to chal-
lenge this view. The factors that
influence the relative impor-
tance of a gauging station are
many and a systematic analysis
of these factors for our large
watersheds is beyond the
scope of the present paper. In
the absence of such informa-
tion we have assigned equal

weights to all stations such that the sum of the weights is equal to unity. The Nash-Sutcliffe efficiency metric
(NASH) and the square-root-transformed NASH metric (RNASH) are also defined above where Oj and Pj

denote observations and simulations at a given time respectively (j 5 1,2,. . .n). As described in [Shen and
Phanikumar, 2010], NASH is biased toward the peaks in streamflow data; therefore use of the RNASH metric
is expected to give more emphasis on groundwater processes such as the baseflow contribution to streams.
For the SB watershed, we did not adjust any parameters. Instead all model parameters and multipliers for
the GR watershed were used for the SB watershed to assess model performance and to test whether param-
eters from a geographically similar watershed will produce acceptable results. The model performance was
evaluated using the NASH, the absolute percent bias (APB), and the root mean squared error (RMSE)
defined as below.

APB5

Xn
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� �

3100

Xn

j51

Oj
� �

RMSE5
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2.5. Storage and Water Budget Calculations
To estimate storage changes based on water balance components, we use the following equation for the
TWS, which represents the mass (directly related to volume via density) of water in all hydrologic domains
including the subsurface component. The total water storage anomaly (TWSA) is computed by subtracting
the mean value over the simulation period (TWS) from the instantaneous value (TWS):

TWS5GW1SW5ðVDZ1GWU1GWCÞ1ðOVN1CS1SWE1CFÞ

TWSA5TWS2TWS
(3)

Here GW represents the water stored in the subsurface that includes the unconfined (GWU) and confined
(GWC) aquifers and water in the vadose zone (VDZ) as well; OVN represents the amount of water from over-
land flow components (but not channel flow) and all surface water components including the ponding
domain, low land and depression storages; CS denotes canopy storage; SWE is snow water equivalent and
CF represents the amount of water from channel flow. In equation (3), all terms have the units of volume
[L3] or length [L] if divided by the drainage area. TWSA is the anomaly used for comparison with GRACE
data [Wang et al., 2014; Pokhrel et al., 2013]. Because of the subsurface coupling scheme employed in PAWS,
the water in the vadose zone and the unconfined aquifer are computed together using the variable w as
shown by the following equation:

w5 VDZ1GWUð Þ5
ðE

EB

h dz

GW5w1GWC

(4)

where h is the soil moisture content, EB is elevation of top of the bedrock and E is the groundwater surface
elevation.

Table 4. U.S. Geological Survey (USGS) Gauging Stations

Gauge Number Gauge Name Latitude Longitude

GR 04111000 Grand River near Eaton Rapids 42.5347 284.6231
04112500 Grand River at East Lansing 42.7272 284.7481
04113000 Grand River at Lansing 42.7505 284.5553
04114000 Grand River at Portland 42.8564 284.9122
04114498 Looking Glass River near Eagle 42.8281 284.7594
04116000 Grand River at Ionia 42.9720 285.0692
04117500 Thornapple River near Hastings 42.6159 285.2364
04119000 Grand River at Grand Rapids 42.9645 285.6764

SB 04147500 Flint River near Otisville 43.1111 283.5194
04155000 Pine River at Midland 43.5645 284.3692
04157000 Saginaw River at Saginaw 43.4128 283.9630
04148500 Flint River near Flint 43.0389 283.7717
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3. Results and Discussion

3.1. Stream Flow and Groundwater Head Comparisons
Figure 4 shows 12 year streamflow comparison at eight different USGS gauging stations in the GR water-
shed. The NASH values for all comparisons ranged from 0.38 to 0.64. The same parameter set estimated for
the GR watershed simulation was applied for the SB watershed simulation since major watershed-specific
input data including soils, geology, climate and topography have already been used for the SB watershed.
The NASH were still above 0.37 for four USGS gauges in the SB watershed shown in Figure 5. We note that,
in all cases, the base flow is generally described very well. However, there are mismatches in streamflows
including the underestimation of streamflow peaks during snowmelt periods due to measurement uncer-
tainty of snowfall depths at stations, and some deficiencies of the snow energy balance routine of current
CLM model as it does not account for the effect of snow cover fraction in heat exchange, which would
result in errors in snow melt timing and we have found this to be a major suspect for some under-
estimation of spring peaks. For example, for USGS 4116000, 4119000, and 4114000, the peaks in spring
2007 and generally after that are not well resolved. Careful examination revealed that coverage of precipita-
tion records for two important weather stations (Williamston and Eaton Rapids) was intermittent with signif-
icant loss of data after 2005. The missing records are filled by borrowing records from neighboring stations,
which resulted in a drop in model performance. The lack of weather stations with valid/reliable data records
during the simulation period also caused the reduction of NASH for the stream flow comparison for the SB
watershed. The plots of simulated versus observed groundwater head from Wellogic data set for each com-
putation grid cell are shown in Figure 6a for the GR and Figure 6b for the SB watersheds. The overall R2 val-
ues are over 0.9 showing a spatially good match. The discrepancies came from the coarse observation of
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Figure 4. Simulated and observed streamflow comparison for the Grand River (GR) watershed at different U.S. Geological Survey (USGS)
gauges. USGS gauge station ID and model performance metrics are shown for each subplot.
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the Wellogic data and the fact that no parameters were estimated may have resulted in the deviation for
large head values in the SB watershed. The availability of transient groundwater head observations from
USGS gauging station is limited in our study area. Thus we only have one groundwater head comparison in
the GR watershed (Holt, Michigan) shown in Figure 7. The comparison (R2 5 0.72) represents a good match
considering the fact that transient head comparisons are sensitive to local agricultural, municipal and indus-
trial pumping which are difficult to quantify accurately.

3.2. Soil Moisture and Soil Temperature Comparisons
The soil moisture and soil temperature comparisons at 10 cm depth are presented in Figures 8a and 8b,
respectively. It should be noted that our simulation results represent an average over the 1 km2 grid cell,
whereas the observed data represent a point measurement as data were collected using a Campbell Sci-
entific CS616 water content reflectometer (WCR) with a sampling volume of a few cubic centimeters. The
simulated soil moisture is generally lower compared to observations and this is particularly true during
warmer periods and during winter months. Several researchers found that the response of WCRs such as
the CS616 is sensitive to both temperature and soil type and that a soil-specific (or an isothermal) calibra-
tion alone cannot capture the effects of temperature and therefore can introduce significant errors into
the measurement. For example, Saravanathiiban [2014] found that if a temperature correction is not
applied, the measured volumetric water content (VWC) is overestimated by 40 to 50% for temperatures
below 10�C during the winter months and that it is overestimated by about 10% during the summer
months when temperature exceeds 23�C. For their soil, Benson and Wang [2006] found that the VWC can
vary by 0.1 over the environmental temperature range of 5–35�C if a correction is not applied. They also
noted that the use of the manufacturer’s equation will also result in overestimation of the VWC. This tem-
perature effect can be clearly seen in our comparisons since a correction was not applied. For example,
around 23 February 2004, while the simulated results show a dip in soil moisture, the observed values
remained quite high in Figure 8a, consistent with the observations of earlier researchers [e.g., Benson and
Wang, 2006; Saravanathiiban, 2014]. In view of these differences, the comparisons are considered
acceptable.

3.3. Evapotranspiration Comparisons With MODIS Data
Model ET result was both temporally and spatially averaged through the whole computational domain and
each month during 8 years (2000 to 2007). MODIS data were extracted for the same watershed area and
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Figure 5. Simulated and observed streamflow comparison for the Saginaw Bay (SB) watershed at different U.S. Geological Survey (USGS)
gauges. USGS gauge station ID and quality measurement values are shown for each subplot.
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time period. The comparisons for both
watersheds are presented in Figures
9a and 9b in the form of time series.
The seasonal variation is clear: ET
reaches its maximum value during
summer and a minimum value during
winter as expected. The NASH values
of the 8 year comparison for the GR
and SB watersheds shown in Figures
9a and 9b are 0.71 and 0.82 respec-
tively, which represent a good match
between the observed and the simu-
lated, except for the deviation at the
higher values in July and August. The
possible reason for the deviation is
attributed to the different ET algo-
rithms and water stress formulations
used between CLM and MODIS esti-
mates. PAWS1CLM uses a resistance
approach to describe ET based on the
two-big leaf model [Dai et al., 2004],
while the MODIS product is based on
the Penman-Monteith formulation
[Mu et al., 2011; Mu et al., 2007].

A comparison (observed versus simu-
lated) of the spatial maps of 5 year
average ET for the GR and SB water-
sheds is shown in Figures 10 and 11.
The mean annual average ET values
are 568 and 520 mm/yr, which is com-
parable to 579 and 617 mm/yr of the
MODIS evapotranspiration data. The
highest ET values (about >800 mm/yr)
occur due to evaporation from open
water bodies, while some of the low-
est ET values (below 300 mm/yr) are
found for urban areas (there is no
MODIS data available for urban areas;
thus these areas are blanked out in
the MODIS ET map) and the places

with low sand percentage in soil. While there are similarities in the observed and simulated spatial patterns
in ET (e.g., areas with open water), we also note significant differences in the patterns. The most significant
difference is noted in the northern part of the Grand River watershed where the clay percent of soil is
extremely high in some grid cells. Sandy soils readily bring water to the surface producing high ET values
and the opposite is generally true of clayey soils (low ET); although low ET values are expected for these
grid cells based on soil type, such low values are absent in the MODIS data sets. The reason for this differ-
ence is most likely related to the different ET algorithms used in PAWS1CLM and to process MODIS data.

3.4. Budget Analysis
3.4.1. Linear Correlation Analysis of Annual Average Results
To better understand the factors influencing the hydrologic water budgets and to understand the reasons
for the spatial variability in key budget components such as ET, a linear correlation analysis was performed
on different water budget components against the explanatory variables including LULC and soil types. The
results are summarized in Table 5. In the table, q is the pair-wise linear correlation coefficient, and p is the
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probability for testing the null hypothesis of no correlation against the alternative hypothesis that there is a
significant correlation. Statistical significance is assessed at a p value of 0.05. In the GR watershed, ET values
are positively correlated to forested areas strongly (q50:27), but negatively related to impervious land use,
which represents urban areas (q520:35). ET is also strongly correlated to wetlands (q50:26). In the SB
watershed, ET is also strongly and positively correlated to wetlands (q50:38), followed by forested areas
(q50:35). The different ET correlation coefficients in the two watersheds are due to differences in the areas
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Figure 7. Simulated and observed transient groundwater heads at Holt, Michigan (Grand River watershed).

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4
(a) 10cm soil moisture

So
il 

M
oi

st
ur

e 
(m

3 /m
3 )

Simulated
Observed

10/11/02 02/23/04 07/07/05 11/19/06 04/02/08
−10

−5

0

5

10

15

20

25

30

35

So
il 

Te
m

pe
ra

tu
re

 (°
C

)

(b) 10cm soil temperature

Time (MM/DD/YY)

Figure 8. Comparison of observed and simulated (a) soil moisture and (b) soil temperature at Belding, Michigan (Grand River watershed).

Water Resources Research 10.1002/2014WR015589

NIU ET AL. VC 2014. American Geophysical Union. All Rights Reserved. 7370



of different LULC in two watersheds; for example, there is a larger fraction of forested areas in the SB water-
shed than in the GR watershed (in Table 3, needleleaf evergreen temperate tree is 2.44% in GR and 3.72% in
SB, broadleaf deciduous temperate tree is 19.64% in GR and 25.48% in SB). We also found that ET is very sen-
sitive to soil types. Larger percentages of sand (q50:55 in GR and q50:63 in SB) and lower percentages of
clay (q520:59 in GR and q520:69 in SB) in the soil result in higher ET although some earlier work [Istan-
bulluoglu et al., 2012; Wang et al., 2009] found a negative dependence between mean annual ET and basin
sand coverage in some of the major Nebraska Sand Hills.

The correlation analysis results not only support our understanding of ET dependence on soils and land use
but also explain the 5 year average ET spatial maps very well. Correlation analysis results for other hydro-
logic components are also given in the same table. We also note that the two major runoff generation
mechanisms (Dingman, 2002) in the two watersheds—infiltration excess (or Hortonian runoff) and satura-
tion excess (or Dunne runoff) are strongly correlated to the urban and forested land uses respectively. Satu-
ration excess is negatively correlated with forested land use while infiltration excess is positively correlated
with urban land use. For example, in the GR watershed, the correlation coefficient is 20.23 between for-
ested land use and saturation excess. In the SB watershed, the corresponding value is 20.40. Similarly, the
correlation coefficients between urban land use and infiltration excess are 0.39 for the GR watershed and
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0.34 for the SB watershed respectively. These results partially support the view that forest vegetation main-
tains the soil water storage minimizing runoff, and that water is withdrawn from the soil to support ET. Sur-
face runoff is also strongly correlated to soil types, negatively with soil sand percent and positively with clay
percent. Infiltration is very sensitive to the land use types other than different soil type percentile coverage
(small q values for soil sand and soil clay in GR and SB in Table 5). It is negatively correlated to wetlands and
forested areas (q520:44 and 20:49 for wetlands in GR and SB respectively, q520:37 for forest in both
watersheds) but strongly positively correlated to crops (q50:56 and 0.52), and no correlation was found
with urban areas (q50:06 and 0.05).

3.4.2. Storage and Partition
Annual averages of different water budget components for the GR and SB watersheds are presented in
Table 6, where SUBM is sublimation; Qoc is surface runoff or overland flow; Dperc is groundwater
recharge and the other terms are described earlier. The components shown in Table 6 represent the
major hydrologic components and, as in the case of runoff, represent different processes (infiltration
excess, saturation excess, melting snow and so on) contributing to the same component, therefore they
are not expected to add up to a 100%. In our study, the sum of SUBM, Qoc, Qgc, Dperc and ET is about
10% to 20% larger than P, which is reasonable because there may be other inputs/outputs or storage
mechanisms in the watershed. We can calculate the ratio of each hydrologic component based on the

Figure 10. Spatial map of mean evapotranspiration for the Grand River watershed for the 5 year period (2003–2007) based on (a) MODIS
data and (b) the PAWS model.

Figure 11. Spatial map of mean evapotranspiration for the Saginaw Bay watershed for the 5 year period (2003–2007) based on (a) MODIS
data and (b) the PAWS model.
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amount of precipitation; for example, the annual average ET percentages are 68.9% and 65.8% for GR and
SB respectively. These ET percentages are comparable to the values reported for three watersheds in Illi-
nois by Arnold and Allen [1996].

A time series plot of the TWSA from GRACE data and the PAWS model anomalies computed using equation
(3) is shown in Figure 12 for the GR watershed. The GRACE error estimates, computed using the algorithm
provided on the JPL website are used to estimate the 95% confidence intervals for the data and these are
shown in the same plot using the light blue shaded area. As expected, TWS increases in cold seasons, when
there is no plant growth (small ET), and declines as we proceed to spring and summer. Figure 12 clearly
illustrates the seasonal energy cycle, together with effects of individual precipitation events. The differences
of amplitude variation between model and data shown in the figure are attributed to the coarse resolution
of GRACE data and smaller spatial scale of the watersheds in this study, and the smoothing processes used
in the GRACE data that are necessary for reducing high-frequency noise in both high-degree and high-
order spherical harmonics. In spite of these differences both the model result and the GRACE data show a
similar pattern for watershed storage over the 10 year period considered in this work. Figure 12 also
includes monthly storage changes due to key hydrologic fluxes computed using the model and shown as a
stacked column plot. It is clear that storage changes due to subsurface water components dominate the

TWSA signal with overland flow (OVN), can-
opy storage (CS), snow water equivalent
(SWE) and channel flows (CF) making rela-
tively small contributions to the overall TWSA.
In Figure 12, GW denotes the contribution
from the entire subsurface domain. Although
not shown in Figure 12, the contribution from
w (vadose zone plus unconfined aquifer,
defined in equation 4) dominates the contri-
bution from GW (the subsurface domain) and
the overall TWSA signal with water in the con-
fined aquifer contributing relatively little to
the overall change in storage.

Trend analysis results are sensitive to the
period chosen for analysis and results based

Table 5. Spearman Correlation Coefficientsa

Watershed

Land Use/Land Cover Soils

Forest* Grass* Crops Urban Wetland Soils Sand Soils Clay

ET GR q 0.27 20.03 20.21 20.35 0.26 0.55 20.59
p 0.00 0.00 0.00 0.00 0.00 0.00 0.00

SB q 0.35 20.11 20.28 20.34 0.38 0.63 20.69
p 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Inf GR q 20.37 0.03 0.56 0.06 20.44 20.04 0.09
p 0.00 0.00 0.00 0.00 0.00 0.00 0.00

SB q 20.37 0.13 0.52 0.05 20.49 20.06 0.12
p 0.00 0.00 0.00 0.00 0.00 0.00 0.00

SatE GR q 20.23 20.17 0.23 0.09 0.13 20.44 0.41
p 0.00 0.00 0.00 0.00 0.00 0.00 0.00

SB q 20.40 20.12 0.40 0.35 20.13 20.57 0.55
p 0.00 0.00 0.00 0.00 0.00 0.00 0.00

InfE GR q 20.10 0.05 20.02 0.39 20.13 20.57 0.58
p 0.00 0.00 0.02 0.00 0.00 0.00 0.00

SB q 20.26 0.01 0.16 0.34 20.15 20.57 0.59
p 0.00 0.09 0.00 0.00 0.00 0.00 0.00

Recharge GR q 20.17 0.00 0.23 0.09 20.26 20.12 0.18
p 0.00 0.98 0.00 0.00 0.00 0.00 0.00

SB q 20.09 0.14 0.11 0.00 20.29 20.13 0.18
p 0.00 0.00 0.00 0.81 0.00 0.00 0.00

aq is the Correlation Coefficient. p < 0:05 indicates statistical significance. ET: evapotranspiration, Inf: infiltration, SatE: saturation
excess, InfE: infiltration excess, GR: Grand River watershed, SB: Saginaw Bay watershed. forest*: broadleaf deciduous temperate tree;
grass*: c3 non-arctic grass.

Table 6. Annual Budgetsa

GR GR (%P) SB SB (%P)

P 875.5 100.0 886.8 100.0
SUBM 13.1 1.5 16.0 1.8
InfE 47.3 5.4 57.7 6.5
SatE 28.8 3.3 74.5 8.4
Dperc 173.6 19.8 142.4 16.1
Qoc 223.4 25.5 247.9 27.9
Qgc 21.3 2.4 20.6 2.3
Qout 243.2 27.8 267.8 30.2
ET 603.1 68.9 583.2 65.8

aUnit: mm/yr. %P: percent of annual precipitation, P: precipitation,
SUBM: sublimation, InfE: infiltration excess, SatE: saturation
excess, Dperc: groundwater recharge, Qoc: surface runoff, Qgc:
groundwater outflow, GR: Grand River watershed, SB: Saginaw Bay
watershed.
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on longer data sets maybe more reliable. To detect trends in TWSA for our period of study, we have used the
nonparametric Mann-Kendall (MK) test [Helsel and Hirsch, 2002] and computed the Sen’s slope (s) for both
data sets (GRACE data and model results). The Mann-Kendall test is used to test the null hypothesis H0 that
there is no trend in the data. To establish a trend by rejecting the null hypothesis, the p value from the test
must be less than a significance level (typically 0.05). Test results based on 10 years (2002–2012) of GRACE
data indicated that storage changes have an increasing trend for both GR and SB watersheds (Mann-Kendall
p < 0:05). The results of the trend analysis are shown in Figure 13 for the GR watershed and similar results are
obtained for the SB watershed as well (figure not shown). The Sen’s slope for GRACE data for the GR water-
shed is 10.0078 mm/d over the 10 year period and the slope based on model results is 10.0085 mm/d, which
confirm the increasing trend over the period considered.

Wimbrow [2012] analyzed trends in precipitation and streamflow records for the entire State of Michigan
using the Mann-Kendall test and its variants. Using precipitation data from nearly 563 weather stations and
streamflow data from all available USGS gauging stations within the State, he presented spatial maps of
annual trends in precipitation and streamflow. His results showed increasing trends in both precipitation
and streamflow for the two watersheds considered in this work and over a major portion of the lower pen-
insula of Michigan in general. The increasing trends were noted for the time period of the present study

and over a much longer period
spanning several decades.
These trends in precipitation
and streamflow are expected
to be factors responsible for
the increasing trend in storage
for the two watersheds.
Increasing streamflows result
in increased storage in reser-
voirs. Increasing precipitation
increases soil moisture while
also increasing recharge to the
groundwater domain [McCart-
ney and Smakhtin, 2010].

Recent research shows that
storage (or residence time) is
decreasing in the Great Lakes
due to declining lake levels
which can be attributed to a
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Figure 12. Comparison of total water storage anomaly (TWSA) between gravity-based satellite measurements (Gravity Recovery and
Climate Experiment, GRACE data) and PAWS model simulations. The blue shaded area denotes error bands for the GRACE data.

10/11/02 02/23/04 07/07/05 11/19/06 04/02/08 08/15/09 12/28/10 05/11/12
−60

−40

−20

0

20

40

60

GRACE GR, p = 0.00

GRACE GR, s = 0.0078 ± 0.003
PAWS GR, p = 0.00

PAWS GR s = 0.0085 ± 0.00063

Date (mm/dd/yy)

To
ta

l W
at

er
 S

to
ra

ge
 A

no
m

al
y 

(m
m

)

Figure 13. Trend analysis of total water storage anomaly (TWSA) of GRACE data and PAWS
model results for the Grand River watershed based on the Mann-Kendall test and Sen’s
slope estimate.

Water Resources Research 10.1002/2014WR015589

NIU ET AL. VC 2014. American Geophysical Union. All Rights Reserved. 7374



number of factors including (a) declining subsurface contribution to lakes (b) declining surface runoff and (c)
increasing open lake evaporation or decreasing ice cover among other factors [Gronewold and Stow, 2014].
Nguyen et al. [2014] found that residence time of water in the inner Saginaw Bay decreased by 15% over a
period of roughly four decades due to falling lake levels. Our results suggest a link between increasing storage
on land and decreasing storage in the Great Lakes such as Lake Huron.

4. Conclusions

A process-based hydrologic model has been applied to two of the largest watersheds in the State of Michi-
gan and the water budgets and storage changes were analyzed. In addition to estimating the water budg-
ets and examining their dependence on several key factors, this paper also demonstrated the application of
a process-based hydrologic model to large watersheds in the Great Lakes region. The model was able to
simulate different hydrologic components and states including surface runoff, channel flow, groundwater,
ET, soil moisture, soil temperature and changes in storage. Vegetation growth dynamics were also simulated
by coupling PAWS with the land surface model CLM. The model results are in good agreement with obser-
vations as discussed earlier. The linear correlation analysis suggests that the variations of different hydro-
logic components are sensitive to LULC and soil types. The process-based model was able to predict the
magnitude of key hydrologic components and the partitioning of precipitation as well as changes in water-
shed storage. The annual averages of ET range from 600 to 700 mm, approximately 60–70% of the annual
precipitation, which is comparable to estimates from the MODIS data and other studies reported in the liter-
ature. The GRACE equivalent water thickness anomaly and the anomaly computed from model results are
in agreement within the uncertainties of the data. In response to the questions we set out to answer earlier,
a trend analysis of anomaly data based on the nonparametric Mann-Kendall test indicated that storage is
increasing in both watersheds over the period of study. We also found that subsurface components of
water (mainly water in the vadose zone and the unconfined aquifer) are responsible for the observed
changes in storage and that surface water components as well as water in the confined aquifer contributed
little to the observed storage changes. Finally, well-tested, process-based hydrologic models are capable of
reproducing observed trends in storage change within the uncertainties of the data.
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