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[1] The Gulf of Mexico (GOM) is facing large pressures from environmental changes since
the beginning of the last century. However, the magnitude and long-term trend of total water
discharge to the GOM and the underlying processes are not well understood. In this study, the
dynamic land ecosystem model (DLEM) has been improved and applied to investigate spatial
and temporal variations of evapotranspiration (ET) and runoff (R) over drainage basins of the
GOM during 1901–2008. Modeled ET and discharge were evaluated against upscaled data
sets and gauge observations. Simulated results demonstrated a significant decrease in ET at a
rate of 15 mm yr�1 century�1 and an insignificant trend in runoff/precipitation (R/P) and river
discharge over the whole region during 1901–2008. However, the trends in estimated water
fluxes show substantial spatial and temporal heterogeneities across the study region.
Generally, in the west arid area, ET, R, and R/P decreased; while they increased in the eastern
part of the study area during the last 108 years. In the recent 30 years, this region experienced
a substantial decrease in R. Factorial simulation experiments indicate that climate change,
particularly P, was the dominant factor controlling interannual variations of ET and R ; while
land use change had the same magnitude of effects on long-term trends in water fluxes as
climate change did. To eliminate modeling uncertainties, high-resolution historical
meteorological data sets and model parameterizations on anthropogenic effects, such as water
use and dam constructions, should be developed.
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1. Introduction

[2] The global water cycle has been substantially altered
by the changing climate and intensifying human activities
[Hutjes et al., 1998; Jackson et al., 2001; Foley et al.,
2005; Huntington, 2006]. Increased air temperature (T)
enlarges the holding capacity of air moisture and poten-
tially increases the evapotranspiration (ET), which eventu-
ally intensifies precipitation (P) [Intergovernmental Panel
on Climate Change (IPCC), 2007]. Human behavior
changes the water cycle through altering land cover (LC),
withdrawing surface and ground water, changing rivers
flow paths and the infiltration capacity [DeFries and Eshle-

man, 2004; Huntington, 2006]. The effects of human activ-
ities on water resources are spatially explicit, and there are
still many arguments on how land use change affects runoff
(R) processes. For example, deforestation could increase
runoff by decreasing ET and the infiltration capacity
[Bosch and Hewlett, 1982; Andreassian, 2004; Farley et
al., 2005; Bormann et al., 2007]. However, other studies
have suggested that deforestation caused by agricultural
land expansion tends to consume more water because of
huge irrigation water use compared with natural ecosys-
tems [Liu et al., 2008].

[3] Attributing driving forces to the dynamics of the
water cycle is another challenge. Paired watershed experi-
ments and statistical methods are watershed-specific and
thus are difficult to apply elsewhere [Liu et al., 2012]. In
addition, understanding how human activities interact with
climate in changing water fluxes is far from sufficient [Vor-
osmarty and Sahagian, 2000; Jackson et al., 2001; Piao et
al., 2007]. Some scientists have emphasized the effects of
climate and/or atmospheric chemical compositions [Ged-
ney et al., 2006; McLaughlin et al., 2007; Qian et al.,
2007], while others highlighted the importance of human
influences in the water cycle [Vorosmarty and Sahagian,
2000; Jackson et al., 2005; Sun et al., 2005]. By using fac-
torial experiments, it is possible to quantify the consequen-
ces of different combination of environmental and human-
caused factors on water fluxes [Shi et al., 2011]. Several
studies have attempted to reconstruct historical patterns of
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river discharge and to identify their driving forces through
combining long-term observations with hydrological mod-
els [Gedney et al., 2006; Piao et al., 2007; Dai et al.,
2009]. These global scale studies, however, are too coarse
to represent watershed-scale interactions between climate
change and land use. Hence, the combination of field obser-
vations, remotely sensed data, and process models is
becoming an efficient way to study water fluxes at regional
scales [Dirmeyer et al., 1999; Guo et al., 2006; Fisher et
al., 2008; Jung et al., 2009, 2010; Sun et al., 2011; Vinu-
kollu et al., 2011a, 2011b]. These intermediate-scale mod-
eling efforts can enhance our understanding of climate
change and human activities affect the vertical and horizon-
tal water fluxes at regional scales.

[4] The Gulf of Mexico (GOM) is one of the largest semi-
enclosed marine systems of the world, which is sensitive
and vulnerable to the environmental changes over the drain-
age area [MacCracken et al., 2009]. It contains the second
largest zone of coastal hypoxia in the world. It is located on
the northern GOM continental shelf adjacent to the outlets
of the Mississippi and Atchafalaya rivers [Rabalais et al.,
2002b]. The drainage area of the GOM has experienced sig-
nificant land use changes over the last century. The industri-
alization of agriculture since the 1950s has caused a
dramatic change in the agricultural LC and land use prac-
tices in the Mississippi River basin [Foley et al., 2004]. For
example, soybean cultivation has expanded by about 200%
by replacing maize, wheat, and pastures in the Upper Missis-
sippi River [Schilling et al., 2010]. Land use change may al-
ter the magnitude and seasonal variations of fresh water and
nutrients discharge to the coastal area, which affect the pro-
ductivity and biogeochemical cycles of the marine ecosys-
tem [Turner and Rabalais, 2003; Donner et al., 2004;
Schilling et al., 2010]. Currently, our understandings are still
insufficient on how human activities interact with climate
factors in changing water resources in the drainage basins of
the GOM. The objective of this study is to investigate how
climate change and human activities may have affected the
freshwater discharge to the GOM by improving and apply-
ing a process-based land ecosystem model—the dynamic
land ecosystem model (DLEM). This article consists of five
parts: (1) descriptions of the model and major improve-
ments; (2) model evaluations; (3) simulation results on ET
and R during 1901–2008; (4) attribution of the temporal and
spatial patterns of water fluxes to changes in major climate
variables (T and P) and land use; and (5) discussion.

2. Study Area

[5] The drainage basins of the GOM cover an area of 5.37
million km2 or 27% of continental North America (Figure
1). Increasing populations and intensifying land use activ-
ities in this area have caused serious long-term impacts on
the natural ecosystems and coastal regions during the last
century [Environmental Protection Agency, Office of Water
Gulf of Mexico Program, 1994; Donner et al., 2002; Raba-
lais et al., 2002a]. For regional comparisons, the GOM
drainage basin is divided into five major regions: East Coast
of the GOM (EC), Mississippi-Atchafalaya River Basin
(MARB), Texas Basin (TB), Rio Grande Basin (RGB), and
Western and Southern Coast of the GOM (WSC) (Figure 1).
Among these five regions, the MARB is the largest basin

which covers more than 16% of the continental North Amer-
ica and supports about 70 million people (22% of U.S. popu-
lation). The MARB is further divided into eight subbasins
for regional analysis: Upper Missouri (UMO); Lower Mis-
souri (LMO); Upper Mississippi (UMS); Lower Mississippi
(LMS); Upper Ohio (UOH); Lower Ohio (LOH); Arkansas
(AR); and Red and Ouachita (RO) (Figure 1).

3. Model and Improvements

[6] DLEM is a process-based land ecosystem model that
couples major biogeochemical cycles, water cycle, and
vegetation dynamics to make daily and spatially explicit
estimates of fluxes of water, greenhouse gases (GHGs)
(including CO2, CH4, and N2O), and a variety of storage
pools of carbon, nitrogen, and water in terrestrial ecosys-
tems [Chen et al., 2006; Ren et al., 2007b; Zhang et al.,
2007a; Liu et al., 2008, 2012; Tian et al., 2010c, 2011a;
Xu et al., 2010]. It includes five core components: (1) bio-
physics, (2) plant physiology, (3) soil biogeochemistry, (4)
dynamic vegetation, and (5) disturbance, land use, and
management [Tian et al., 2010a]. Briefly, the biophysics
component simulates instantaneous fluxes of energy, water,
and momentum within land ecosystems and their
exchanges with the surrounding environment. The plant
physiology component simulates major physiological proc-
esses, such as plant phenology, carbon (C), and nitrogen
(N) assimilation, respiration, allocation, and turnover. The
soil biogeochemistry component simulates the dynamics of
nutrient compositions and major microbial processes,
including nutrient mineralization/immobilization, nitrifica-
tion/denitrification, decomposition, and methane produc-
tion/oxidation. The dynamic vegetation component
simulates the structural dynamics of vegetation caused by
natural and human disturbances. Like most dynamic global
vegetation models, DLEM employs the concept of plant
functional types (PFTs) to characterize terrestrial biomes.
The disturbances, land use, and management component
simulate cropland conversions, reforestation after cropland
abandonment, and forest management practices such as
harvest, thinning, fertilization, and prescribed fires.

[7] Recent improvements on the model include a rede-
sign of grid structure, additional soil layers, revision of
rainfall-runoff process, and an implementation of a river
routing system. Hereafter, DLEM v1.0 refers to the old ver-
sion of the model and DLEM v2.0 refers to the current ver-
sion. Without special notification, DLEM refers to DLEM
v2.0 throughout the paper.

3.1. Configuration for Subgrid Hierarchy

[8] As a distributed and spatially explicit ecosystem
model, DLEM uses a regular grid as its fundamental simu-
lation unit. In DLEM v1.0, each grid cell only has one PFT.
In the current version, a cohort structure is used to repre-
sent multiple PFTs and LCs in each grid. Seven types of
LC and water bodies can be specified in each grid, includ-
ing vegetation cover, impervious surface, lake, stream, sea,
bare ground, and glacier. The vegetation cover may contain
at most five PFTs, among which four types are reserved for
natural PFTs and one for crops. All LCs in each grid share
a common soil water column, while each PFT is simulated
independently in physiological and soil biogeochemical
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processes. The interception of rainfall and snowfall by each
PFT is also estimated individually. Detailed descriptions of
the C and N pools and the major biogeochemical processes
can be found in previous publications [Ren et al., 2007b;
Tian et al., 2010a, 2010c, 2011a; Xu et al., 2010; Liu et
al., 2012].

[9] DLEM v1.0 designated two layers of mineral soil
with a depth of 0.5 and 1.0 m, respectively [Liu et al., 2008].
To enhance the model0s ability to address water pressure for
each PFT that has specific root distributions, the soil column
is divided into 10 layers similar to the Community Land
Model (CLM) [Oleson et al., 2004]. To account for the sur-

face water storage, a pond above the soil water column was
included in DLEM v2.0. Using the Simple Groundwater
Model (SIMGM) as in CLM [Niu et al., 2007; Oleson et al.,
2008], DLEM quantifies the water interactions between root
zones and defines a virtual unconfined aquifer. Two ground
water pools in the soil water column were considered: the
water stored in an unconfined aquifer (Wa) and the total
ground water (Wt) that included the water in the soil column
and the water in the aquifer. Other water pools in each grid
included lake (Wlake), stream (Wstream), sea (Wsea), surface
runoff pool (Ws), subsurface drainage pool (Wd), snowpack
(Wsnow), and water interceptions by each PFT.

Figure 1. Study area, LC, and distributions of validation sites (LC shows the dominant type in each 5
arc min grid). The abbreviations of basin names: EC, East Coast of the GOM; MARB: Mississippi-
Atchafalaya River Basin; UMO: Upper Missouri; LMO: Lower Missouri ; UMS: Upper Mississippi ;
LMS: Lower Mississippi; UOH: Upper Ohio; LOH: Lower Ohio; AR: Arkansas; RO: Red and Ouach-
ita; TB: Texas Basin; RGB: Rio Grande Basin; and WSC: Western and Southern Coast of the GOM.
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3.2. Parameterizations on Major Hydrological
Processes

[10] Some parameterization processes were kept the
same in DLEM v2.0, including the partition of precipita-
tion into snow and rainfall interception, canopy intercep-
tion, snow sublimation, and snowmelt. The model
descriptions on the aforementioned processes can be
found in the supplement material of Liu et al. [2012]. New
model improvements are summarized in the following
sections.
3.2.1. Rainfall Disaggregation

[11] In DLEM v1.0, as well as most of terrestrial ecosys-
tem models, rainfall was assumed to be evenly distributed
within a day. Without exceptions, this assumption may
cause an underestimation on the Horton overland flow (i.e.,
rainfall exceeds the infiltration capacity). At the same time,
it also affects the estimated timing of Dunne (saturated)
overland flow. To avoid these problems, a disaggregation
algorithm in DLEM v2.0 was introduced for the rainfall-
runoff process while keeping biogeochemical and ecologi-
cal processes running at a daily time step. In the model, P
is first divided into fractions of rainfall and snowfall
according to T. Interceptions of rainfall and snowfall by
each PFT is quantified by its leaf properties and leaf area
index (LAI). Then the canopy throughfall is disaggregated
into 2 h timepieces according to the method of Connolly et
al. [1998]. No disaggregation treatment is applied to snow-
fall. The intercepted snowfall will fall on the ground to
form snowpack.
3.2.2. Surface Runoff and Baseflow

[12] In DLEM v1.0, surface runoff is generated when the
first soil layer (i.e., the upper layer with the depth of 50 cm)
becomes saturated [Liu et al., 2008, 2012]. To consider the
effects of local topography on surface runoff and water ta-
ble, DLEM is combined with the SIMTOP model [Niu et
al., 2005], which is based on the TOPMODEL runoff
scheme of Chen and Kumar 2001. The detail equations and
processes can be found in Appendix A.
3.2.3. Soil Moisture Movement and ET Process

[13] For the soil moisture movement, DLEM follows
the CLM with Richards equation [Oleson et al., 2008].
The transpiration loss from each soil layer is the area-
weighted sum of all PFTs. The transpiration is calcu-
lated by the Penman-Monteith approach [Wigmosta et
al., 1994]. To consider the CO2 fertilization effects on
stomatal conductance, a response curve was added
according to field observations. Appendix B lists major
equations and improvements on the evapotranspiration
processes.
3.2.4. River Routing Process

[14] To route the runoff from each grid cell to the stream
network, HYDRA model has been combined into DLEM
[Coe, 2000]. The simulating time step for the water flow
from the land to the water pools is 30 min. The daily sur-
face R and baseflow are evenly allocated into each 30 min
slot, and thereafter they directly flow into the surface water
pool (Ws) and subsurface drainage pool (Wd), respectively.
Then, the water in these water pools discharges into the
downstream grid with a flow rate determined by their resi-
dence time [Coe, 2000]. Appendix C describes major equa-
tions and processes.

4. Data and Simulation

4.1. Geographic Background and Land Use Data Sets

[15] To drive DLEM v2.0, time-series spatial data sets
with a spatial resolution of 5 � 5 arc min (�9.2 � 9.2 km
at the equator) are developed. There are three major groups
of input data to DLEM v2.0: the environmental variables
that do not change over time, such as the soil properties,
elevation, and the river network; the physiological and bio-
geochemical parameters of each PFT; and the driving fac-
tors including climate and atmospheric chemistry (e.g., N
deposition and atmospheric CO2), human disturbances such
as land use conversion, and management practices.

[16] These data sets were developed from multiple sour-
ces. Table 1 lists the major data sources and their resolu-
tions. For soil properties for different layers, the top five
soil layers (i.e., from ground surface to one meter depth
with 20 cm interval for each layer), or the value of the top
soil layer if the remaining layers have no data, are used for
all 10 soil layers in DLEM. In the river flow direction map,
those island grids without flow direction are identified and
assigned with directions so that all exotic river discharges
can finally flow to the ocean.

[17] The land use and LC in DLEM v2.0 are processed
as fractions of each PFT and nonvegetated cover. To gener-
ate these historical annual data sets from 1901 to 2008, the
following steps are involved. The first step is to identify the
constant fractional cover of the land and the water within
each grid. It is assumed that surface areas of lakes, streams,
oceans, glaciers, and bare ground in each grid do not
change over time. The lake and stream surface areas are
estimated from the Shuttle Radar Topography Mission
(SRTM) Water Body Data (SWBD) products (Table 1).
The fractional distributions of the glaciers and bare ground
are quantified with the GLC2000. The second step is to cal-
culate percentages of each natural PFT within each grid.
The distributions of contemporary PFTs are integrated
from multiple data sources : the GLC2000, global potential
vegetation map, and the Global Lakes and Wetlands Data-
base (GLWD) (Table 1). The methodologies for the map
integration are based on Liu and Tian [2010] and Tian et
al. [2010a]. The final step is to generate historical distribu-
tions of impervious surface and cropland at annual time
step. By comparing remote sensing-based global impervi-
ous surface data with HYDE urban area data (Table 1), the
average fraction of impervious surface in urban area is cal-
culated. Then this fraction is used to convert urban area to
impervious surface area for historical periods. With the an-
nual fractional impervious surface area and the nonvege-
tated covers (i.e., lakes, streams, glaciers, bare ground, and
oceans), the total fractional vegetated area is identified.
Finally, historical fractional cropland data are generated by
integrating HYDE2005 cropland area data with the frac-
tional vegetated area. Limited by data availability, no land
use/LC change is assumed after 2005.

[18] For agricultural ecosystems, a cropping system map
is produced by combining the crop harvest area and the
global crop area distributions from Monfreda et al. [2008].
In DLEM, the cropland is treated as either irrigated or non-
irrigated. Therefore, the fractional data of total area avail-
able for irrigation (TAAI) (Table 1) was converted into a
Boolean map with a criterion of 30% irrigation rate in each
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grid, i.e., if the irrigated area is more than 30%, the grid is
defined as irrigated; otherwise it is defined as nonirrigated.
This percentage (30%) assures total irrigation area over
North America is consistent with the original TAAI data.
The historical nitrogen fertilizer use for major crops since
1960 is derived from United States Department of Agricul-
ture (USDA) for the U.S. and Food and Agriculture Organi-
zation (FAO) global nitrogen fertilizer data for Mexico and
Canada. For the period of 1900–1960, a linear increasing
trend in nitrogen fertilizer use is assumed.

4.2. Reconstruction of Historical Meteorological Data

[19] The historical daily climate data were generated
from high-resolution gridded met data products TS 2.1
from station observations by the Climatic Research Unit
(CRU) of the University of East Anglia TS 2.1 and North
America Regional Reanalysis (NARR) data set from a
combination of modeled and observed data [Mitchell and
Jones, 2005; Mesinger et al., 2006]. NARR data covered
the period of 1979–2008 and had 32 km resolution. At first,
NARR data were interpolated into 5 arc min resolution
data with an inverse distance squared weighted interpola-
tion method. Then, for the period of 1901–1978, a revised
delta method was used to combine monthly CRU data with
daily NARR data. The daily pattern of reconstructed histor-
ical climate data was from NARR, but the monthly mean T

and P was perturbed with CRU data. The final climate data
contained historical monthly anomalies in P and T (includ-
ing monthly mean daily T, monthly mean minimum T, and
monthly mean maximum T) from CRU and daily and spa-
tial patterns from NARR. We assumed no long-term trends
occurred in relative humidity and solar radiation. For the
period of 1979–2008, the interpolated NARR reanalysis
data sets were directly used. A brief description of the data
process can be found in Appendix D.

[20] Comparisons of T and P were made between recon-
structed historical met data and CRU data over the study
area (Figure 2). The reconstructed historical T and P
retained the interannual and decadal variations recorded in
the CRU data set so they are valid for conducting long-
term trend analyses. However, discrepancies between the
CRU and NARR in spatial resolution and magnitude may
introduce some uncertainties in this study. Another short-
coming of this method is that P in the selected NARR year
could not have been enough to reproduce historical
decreases according to CRU data. To eliminate biases that
might be derived from discontinuity of climate data sour-
ces, analyses over three time periods, i.e., 1901–1978,
1979–2008, and 1901–2008 were separated throughout this
paper. Variation of trends in these different time periods
could provide further information on the evolution of water
flux variations over the study area.

Table 1. Major Data Sources for Running DLEM

Name Original Spatial Resolution Data Source

Environmental variables DEM 30 arc sec HYDRO1K, EROS Data Center,
U.S. Geological Survey

River network 5 arc min Graham et al. 1999
Soil properties (%silt, % sand,

%clay, pH)
0.5� ISRIC-WISE [Batjes, 2006]

Land area 30 arc sec GLC2000 [Latifovic et al., 2004]
Lake and stream surface area 1 arc sec Shuttle Radar Topography Mission

(SRTM) Water Body Data
(SWBD) products, http://
www2.jpl.nasa.gov/srtm/

Driving forces Potential vegetation map 5 arc min Ramankutty and Foley 1999
Wetland distribution 30 arc sec Global Lakes and Wetlands Database

(GLWD) [Lehner and Doll, 2004]
Historical cropland and urban area 5 arc min (1700–2005) History Database of the Global

Environment (HYDE), ftp://
ftp.mnp.nl/hyde/hyde_sept08
[Goldewijk and Ramankutty,
2004]

Impervious surface area 1 km [Elvidge et al., 2007]
Crop area and crop types 5 arc min Monfreda et al. 2008; U.S. Census

of Agriculture, http://
www.agcensus.usda.gov

Irrigation area 5 arc min International Water Management
Institute (IWMI)’s Total Area
Available for Irrigation (TAAI)
data set [Thenkabail et al., 2009]

Nitrogen fertilizer use State level (1960–2008) USDA Economic Research Service
(http://www.ers.usda.gov/Data/
FertilizerUse/) for U.S. and FAO
global nitrogen fertilizer data for
Mexico and Canada [Food and
Agriculture Organization of the
United Nations, 2006]

Historical climate data 0.5� (1901–2002) CRU TS 2.1 [Mitchell and Jones,
2005]

Contemporary climate data 32 km (1979–2008) NARR data set [Mesinger et al.,
2006]
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4.3. Simulation Experiments

[21] DLEM simulations included three runs: equilibrium,
spinning-up, and transient runs. In the equilibrium run, the
environmental conditions in the year 1900 (the climate was
the average between 1901 and 1930; other environmental
factors, including land use, atmospheric CO2 concentration,
and nitrogen deposition were static for the year 1900) are
used to drive the model for achieving an equilibrium state
that is defined as the interannual variation of net fluxes less
than 0.1 g C m�2 yr�1 for carbon, 0.1 g N m�2 yr�1 for nitro-
gen, and 0.1 mm m�2 yr�1 for water within a 50 year simula-
tion cycle. Three spin-up runs by using climate over the
period of 1901–1930 were conducted to reduce the biases in
the simulations toward the transient run [Thornton and
Rosenbloom, 2005]. To quantify relative contributions of
major environmental factors to variations in water fluxes,
five transient simulation experiments for the period of
1901–2008 were set up as listed in Table 1. In the ‘‘Base’’
experiment, all environmental factors were transient, while
in factor-controlled simulation experiments, only one or one
group of environmental factors were transient and other fac-
tors are constant. In the ‘‘FixT’’ and ‘‘FixP’’ experiments, all
transient factors were used to run the model except T, and P,
respectively. In the FixT simulation run, T of the year 1900
(i.e., the average during 1901–1930) was used every year
during 1901–2008; while in the FixP experiment, P of the
year 1900 (the average during 1901–1930) was used during
the simulation period. The differences between simulation
results of experiment Base and FixT represent effects of
transient T on water fluxes. The differences between Base
and FixP represent effects of P.

4.4. Model Parameterization and Evaluations

[22] During the development of DLEM v1.0, field obser-
vations and plant physiological data were collected to cali-
brate the model and evaluate model0s performance in
simulating GHG emissions and water fluxes [Ren et al.,
2007a, 2007b; Liu et al., 2008, 2012; Xu et al., 2010; Tian
et al., 2011a, 2011b]. In DLEM v2.0, most of the parame-
ters related to biogeochemical and plant physiological
processes are the same as the previous DLEM simulations
on GHG emissions over North America [Xu et al., 2010].
Parameters related to hydrological processes, including

interception coefficients, maximum stomatal conductance,
canopy resistance, and allocation parameters, have been
recalibrated due to the changes in the model structure and
equations. The China sites for model calibrations can be
found in Liu et al. [2012], and the sites over North America
can be found in prior publications using DLEM [e.g., Tian
et al., 2010a, 2010b; Xu et al., 2010].

[23] In the figures and tables of this paper, the long-term
trend was quantified by the linear regression coefficient
between simulated variables and the year. The significance
was determined by testing the null hypothesis that the linear
regression coefficient was not different from zero. A signifi-
cance level of 0.05 was used to identify significant trends.
4.4.1. Model Evaluations on ET

[24] To verify ET simulations, the simulated results were
compared with observations from 20 Ameriflux networks
sites (Table 3), which mainly cover the period of 2001–
2006 (ftp://cdiac.ornl.gov/pub/ameriflux/data/Level4/All-
Sites/ ; http://daac.ornl.gov/FLUXNET/fluxnet.shtml). The
observed latent energy flux has been converted to water
equivalent using the algorithm suggested by the AmeriFlux
data support system [Henderson-Sellers, 1984]. Generally
speaking, the model captures the magnitude of annual ET
and variations across most biome types reasonably well
(coefficient of determination R2¼ 0.5 and the root-mean-
square error (RMSE)¼ 116 mm yr�1), but it still has some
large biases over a few stations (Figure 3). The mismatch
of vegetation type between model input and the real vegeta-
tion type may cause large deviations between model results
and observations. For example, the eddy flux tower in
Brookings is set on a pasture land, but the dominant LC in
this reconstructed historical land use data at this site is non-
irrigated corn (Table 3). Another reason for these model-
data biases might be that the footprint of eddy flux observa-
tions (around 1 km in radius) is much smaller than model
resolution (roughly 9.3 km), and the local meteorological
conditions may not reproduce the coarse climate data of the
model input. The energy closure issue in the eddy flux ET
observations could also produce biases between modeled
results and observations [Foken, 2008].
4.4.2. Model Evaluations on Streamflow

[26] To evaluate model performance in reproducing the
magnitude and interannual variability of river discharge,

Figure 2. Reconstructed interannual variations of mean annual temperature and annual precipitation
versus CRU climate data over the study area.
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long-term historical records were collected. Three major
data sources were used for model evaluations: the Global
River Discharge Database (RIVDIS v1.1) (http://www.riv-
dis.sr.unh.edu/) [Vorosmarty et al., 1998], the reconstructed
Global River Flow and Continental Discharge Dataset from
Dai et al. [2009, hereinafter referred to as Dai], and the
Hydro-Climatic Data Network (HCDN) Streamflow Data
Set from U.S. Geological Survey (USGS) [Slack et al.,
1993]. The criteria for selecting sites for model evaluations
are that the delineated river basin should be at least 1000
grid cells (5 arc min) and its derived basin area should be
within 10% bias from the recorded basin area of these orig-
inal data sources. In total, 71 rivers (23 from RIVDIS, 10
from Dai, and 38 from HCDN) were selected for model-
data comparisons (Figure 1 and Table 4). For evaluating
modeled long-term trends in river discharge, only the
HCDN data were used because they represent long-term
continuous observations.

[27] Figure 4 depicts results of comparisons between
modeled river discharge, runoff, and long-term trends in
river discharge. The model successfully reproduced the
spatial and interannual variability of river discharge across
the study area with an average R2 of 0.7 (Figure 4a). The
runoff, which is defined as discharge/drainage area for this
comparison, shows an overall good match of modeled

results with observations with a R2¼ 0.74. Compared to
simulated results on average magnitude, simulated long-
term trends in river discharge has higher bias but still ac-
ceptable (R2¼ 0.70) (Figures 4c and 4d). Among the 38
selected rivers, 25 (65%) had aggreement between simu-
lated trends and observations. It needs to be pointed out
that the observations are regulated discharge that has been
influenced by dam construction, and currently DLEM does
not consider these anthropogenic effects.

[28] To demonstrate performance of DLEM v2.0 on
interannual variations over large river basins, comparisons
between the simulated river discharge of the Mississippi-
Atchafalaya River and gauge observations from USGS
(http://toxics.usgs.gov/hypoxia/mississippi/flux_ests/deliv-
ery/index.html) (data available period: 1968–2008) and
reconstructed long-term river discharge based on a land
surface model (data available period: 1928–2005) [Dai et
al., 2009] were conducted. It is encouraging that the model
reasonably captures the interannual variations and long-
term trend of the river discharge for the Mississippi River
during the past 80 years (Figure 5). The Nash-Sutcliffe
model efficiency coefficient is 0.52 when comparing
DLEM simulation results with USGS observations. Since
the river discharge from MARB shares more than half of
total freshwater discharge to the GOM, it is reasonable to

Table 2. Simulation Experiments

Name Changing Environmental Factors Objective

Climate only Climate change To quantify effects of climate change on water fluxes
Land use only Land use conversions; nitrogen fertilization To quantify effects of land use change on water fluxes
FixT Land use, nitrogen deposition, increasing atmospheric CO2,

and other climate factors except temperature
To quantify effects of changing temperature on water fluxes

through interaction with other environmental factors
FixP Land use, nitrogen deposition, increasing atmospheric CO2,

and other climate factors except precipitation
To quantify effects of changing precipitation on water fluxes

through interaction with other environmental factors
Base Land use, nitrogen deposition, increasing atmospheric CO2,

and climate
To quantify variations of water fluxes under impacts of

multienvironmental factors

Table 3. Selected AmeriFlux Eddy Flux Towers for Model Verifications

Site Abbreviation State Latitude Longitude
Vegetation Type

(IGBP Classification) DLEM Classificationa

ARM SGP Main ARM OK 36.61 �97.49 Grassland 100% G3
Atqasuk ATQ AK 70.47 �157.41 Grassland 71% HW; 29% Tundra
Bondville BON IL 40.01 �88.29 Cropland 100% croplands
Brookings BRO SD 44.35 �96.84 Cropland (Pasture) 80% croplands; 17% G3
Fort Peck FPE MT 48.31 �105.10 Grassland 100% grassland
Harvard forest HAR MA 42.54 �72.17 Mixed Forest 96% TBDF; 4% TNDF
Howland forest main HOW ME 45.20 �68.74 Mixed Forest 97% TNDF; 3% TBDF
Lost Creek LOS WI 46.08 �89.98 Deciduous broad-leaf forest 47% TeWW; 20% TBDF
Metolius intermediate pine MET OR 44.45 �121.56 Evergreen needle-leaf forest 96% TNEF; 4% DS
Missouri Ozark MIS MO 38.74 �92.20 Deciduous broad-leaf forest 96% TBDF
Morgan Monroe State Forest MOR IN 39.32 �86.41 Deciduous broad-leaf forest 100% TBDF
Niwot Ridge NIW CO 40.03 �105.55 Evergreen needle-leaf forest 76% TNEF
Sky Oaks Old SKY CA 33.37 �116.62 Woody Savannas 100% TNEF
Sylvania wilderness SYL MI 46.24 �89.35 Mixed forest 70% TNEF; 20% TBDF
Tonzi ranch TON CA 38.43 �120.97 Woody savannas 54% DS; 22% TNEF
UMBS UMB MI 45.56 �84.71 Deciduous broad-leaf forest 37% TNEF; 28% TBDF
Vaira ranch VAR CA 38.41 �120.95 Woody savannas 29% TNEF; 25% DS
Walker branch WAL1 TN 35.96 �84.29 Deciduous broad-leaf forest 87% TBDF; 3% TNDF
Walnut River WAL2 KS 37.52 �96.86 Grassland 58% G3
Willow Creek WIL WI 45.81 �90.08 Deciduous broad-leaf forest 39% TBDF; 33% TWW

aThe percentage: % vegetated area in 5 arc min grid in the year 2000, and the remnant percentage is cropland. DS, deciduous shrub; ES, evergreen
shrub; HW, herbaceous wetland; TBDF, temperate broadleaf deciduous forest; TeWW, temperate woody wetland; TNDF, temperate needleleaf decidu-
ous forest; TNEF, temperate needleleaf evergreen forest.
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conclude that simulated results are able to represent the his-
tory of freshwater discharge to the GOM during the last
century.

5. Results

5.1. Land Use Change During 1901–2008

[29] The study area has experienced substantial changes
in land use since the last century. Cropland increased by
41.7%, or 427,735 km2, during 1901–2008, and the peak
occurred in the middle of the 1980s. During the same pe-
riod, forest area decreased by 1.4%, or 21,604 km2 and im-
pervious surface increased by 2.5 folds, or 27,241 km2, due
to urbanization. Different types and intensities of land use
conversions were unevenly distributed across the drainage
basins of the GOM. The cropland expansions mainly
occurred in the west, while reforestation occurred in the
east (Figure 6a). In the study area, most subbasins have a
significant increase in cropland area and decrease in forest
area or other types. Only EC, UOH, and LOH subbasins
show a trend of reforestation over the cropland area (Figure
6b). Most of the land use conversions happened during the
first half of the 20th century (Figure 6b). For example,
cropland area increased by 210,000 and 61,000 km2 in the
MARB and TB basins during 1901–1950, respectively
(Figure 6b). In the WSC, the cropland expansion and defor-
estation continued through the last hundred years (Figures
6a and 6b).

5.2. Interannual Variations and Long-Term Trends in
Climate and Water Fluxes

5.2.1. Changes in Climate and ET
[30] In the past 108 years, our study area experienced

substantial climate change. According to the reconstructed
historical climate data, the annual total P had no significant
trend during 1901–2008 within the GOM drainage basin as
a whole, despite large spatial heterogeneity across the study
area (Figure 7d). The increasing P mainly occurred in the

northern part of the MARB such as the UMS and UOH dur-
ing 1901–2008 (Figure 8). During the most recent 30 years
of the simulation, P increased over the central part of the
MARB and upstream area of the UMO (Figure 8) and
decreased in the EC, LOH, and WSC (Figure 9d). The
mean annual T showed a significant increase by 0.49�C
during 1901–2008 (Figure 7d). Again, different regions
experienced different changes in T across the study area.
For instance, the northern coastal area of the GOM had
decreases in T compared with increases in all other areas
during 1901–2008 (Figure 8). During 1979–2008, however,
almost everywhere in the study area there was a substantial
warming trend and the overall temperature increased by
0.9�C (Figures 7d, 8, and 9e).
5.2.2. Changes in ET

[31] Water fluxes exhibited significant variations in
response to environmental changes in the GOM drainage ba-
sin. The average estimated ET was 554.4 6 46.6 mm yr�1

(95% confidence interval), which is roughly 73% of annual
P. Simulation results indicated a significant downward trend
(p< 0.05) in ET by 15 mm yr�1 century�1 during the last
108 years (Figures 7a and 8). However, large decadal fluctu-
ations dominated in this long time period (Figure 7a). ET
declined in the west of the GOM drainage basin and south-
ern United States, while there were increases in the upper
MARB, such as the UMS and the UOH, and the west coast
of the GOM during 1901–2008 (Figure 8). In recent decades,
ET shows a conversion from a downward trend starting in
the mid-1970s to an upward trend (Figure 7a). In the recent
30 years, all subbasins of the MARB, EC, and TB showed
increasing ET, and only RGB and WSC show negative ET
trends (Figures 8 and 9a).
5.2.3. Changes in Runoff

[32] The simulated mean annual R (includes surface run-
off and baseflow) is 201.4 6 62.8 mm (95% confidence
limits) in the GOM drainage basin. Within the study area as
a whole, R showed no significant trend during 1901–2008
(Figure 6). Similarly with ET, R showed large decadal var-
iations through the last century and peaks were located in
the 1940s, 1970s, and the beginning of the 1990s (Figure
7b). Compared with ET, R showed much larger spatial var-
iations in its long-term trends during 1901–2008 (Figure 8).
With the exception of the central MARB and the Southern
Mexico basins, most places had significant decrease in run-
off during the last century (Figure 8). Comparing with
1901-1978, the EC, LOH, LMS, and WSC show substantial
decrease in the recent 30 years (Figures 8 and 9b).
5.2.5. Changes in Runoff/Precipitation Ratio

[33] The temporal variations of ET, R, and P have signif-
icant correlations with each other (p< 0.05 for all correla-
tions) (Figure 7). Taking this study region as a whole, the
R/P ratio shows no significant trend over the study period
(Figure 7c). However, this is a result of a balance between
regions with trends of different signs. The R/P ratio
decreased substantially in most subbasins of the MARB
(e.g., UMO, LMO, UOH, LOH, and LMS) (Figures 8 and
10). In the UMS, AR, RO, and WSC, the R/P ratio had
upward trends (Figures 8 and 10). Normally, ET mediated
the responses of R to the changing P, i.e., ET increased
when P decreased, which would moderate the increase of
R, and vice versa. However, there were some periods dur-
ing which the responses of ET and R were not concurrent,

Figure 3. Plot of simulated mean annual ET versus
observations from eddy flux towers.
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Table 4. Average Annual Simulated and Observed River Discharge (km3 yr�1) and the % Difference

Source Name Longitude Latitude
Periods of

Available Data Observed Simulated
Difference

(%)

Dai Apalachicola �85.25 29.75 1928/10–2006/9 19.6 28.0 42.9
Colorado, TX �95.75 28.75 1919/4–1925/9,

1938/10–2006
2.5 7.1 184.3

Grijalva �92.75 18.25 1947–1973,
1976–1981

16.9 20.6 21.6

Mississippi �90.25 29.75 1928–2006 536.4 650.2 21.2
Neches �94.09 30.36 1904/8–1906,

1921/4–1999/9
5.6 9.4 67.0

Nueces �97.86 28.04 1939/9–1999/9 0.6 2.2 241.5
Pascagoula �88.72 30.98 1930/10–1999/9 9.0 12.8 41.9
Sabine �93.74 30.30 1924/10–1999/9 7.5 9.4 25.6
Suwannee �82.93 29.96 1931/7–1999/9 6.4 13.3 110.0
Trinity �94.85 30.42 1924/5–1999/9 7.0 10.2 45.3

HCDN (HydroCli-
matic Data
Network)

Apalachicola River at
Chattahoochee, FL

�84.86 30.70 1929–1988 19.8 24.9 26.1

Beaver River at Beaver,
OK

�100.52 36.82 1938–1958 0.1 0.8 513.1

Big Dry Creek near Van
Norman, MT

�106.36 47.35 1940–1988 0.0 0.1 100.5

Choctawhatchee River
near Bruce, FL

�85.90 30.45 1931–1988 6.3 7.8 24.4

Colorado River at
Ballinger, TX

�99.95 31.73 1940–1952 0.3 2.8 719.0

East Fork White River at
Shoals, Ind.

�86.79 38.67 1924–1988 4.8 5.7 17.3

Escambia River near
Century, FL

�87.23 30.97 1935–1988 5.6 7.0 25.6

Flint River at Bainbridge,
GA

�84.58 30.91 1929–1954 7.8 9.9 27.4

Frio River near Derby,
TX

�99.14 28.74 1916–1988 0.1 0.5 300.3

G Miami R at Hamilton
OH

�84.57 39.39 1930–1988 2.9 3.2 9.7

Gasconade River at
Jerome MO

�91.98 37.93 1905–1988 2.3 2.7 15.4

Kaskaskia River at
Carlyle, IL

�89.36 38.61 1909–1966 1.7 2.1 19.7

Kaskaskia River at New
Athens, IL

�89.88 38.33 1910–1966 3.2 3.7 14.0

Little Missouri River at
Marmarth, ND

�103.92 46.30 1939–1988 0.3 0.3 �13.4

Little Missouri River near
Watford City, ND

�103.25 47.59 1935–1988 0.5 0.4 �20.6

Llano River at Llano, TX �98.67 30.75 1944–1988 0.3 0.6 76.1
Mississippi River near

Arkansas City, ARK
�91.24 33.56 1929–1980 494.7 512.2 3.5

Mississippi River at
Clinton, IA

�90.25 41.78 1902–1988 41.6 37.4 �10.2

Mississippi River at
Keokuk, Iowa

�91.37 40.39 1902–1988 57.7 55.9 �3.1

Mississippi River at
Memphis, Tenn.

�90.07 35.13 1934–1988 431.4 417.4 �3.2

Mississippi River at
Vicksburg, MS

�90.91 32.31 1932–1988 523.4 545.2 4.2

N Platte R Ab Seminoe
Res near Sinclair Wyo

�107.06 41.87 1940–1988 1.0 0.6 �38.5

Neches River At Evadale,
TX

�94.09 30.36 1908–1964 5.6 8.4 48.6

Neosho R near Iola, KS �95.43 37.89 1902–1962 1.5 1.7 11.5
Nueces River near Three

Rivers, TX
�98.18 28.43 1926–1983 0.8 2.2 194.0

Nueces River near Tilden,
TX

�98.56 28.31 1916–1988 0.4 1.0 156.5

Pease River near
Childress, TX

�100.07 34.23 1925–1988 0.1 0.4 658.5

Rio Grande below Taos
Junction Bridge near
Taos, NM

�105.75 36.32 1929–1988 0.7 1.2 75.8
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thus potentially triggering abnormal R/P. Trends in R/P
normally followed with the trends in P. With decreasing P
in the EC, LOH, RGB, and WSC during 1979–2008, the R/
P also decreased (Figures 8 and 9), which means these
regions became much drier due to increased ET loss.

5.3. Seasonal Patterns of Water Fluxes

[34] Simulation results indicated a statistically signifi-
cant (p< 0.05) decrease of ET during the winter season
(December–February) and a significant increasing trend in
R during the fall season (September–November) during
1901–2008 over the study area as a whole (Table 5). ET
showed the largest decrease by 5 mm season�1 century�1

in the winter compared with other seasons, which was cor-
responding with substantial decreases in P during winter
season (Table 5). Runoff had a substantial increase by 8.6
mm season�1 century�1 in the autumn (Table 5). During
the recent 30 years, both R and ET decreased in the winter
and the spring due to a large decrease in P (Table 5).

5.4. Effects of Changing T, P, and Land Use on Long-
Term Trends of Water Fluxes

[37] Among the environmental factors, the climate varia-
tion was the dominant factor controlling the temporal and
spatial patterns of ET and R anomalies during 1901–2008,
which could explain 99% of interannual variations of ET
(Figure 7). However, for the long-term trend of ET, land
use change contributed approximately the same as climate
change did. For example, ET was reduced by 9.1 and 10.5
mm yr�1 century�1 due to land use and climate change dur-
ing 1901–2008, respectively (Table 6). The net contribu-
tions from other environmental factors was relatively small
(i.e., around 4.4 mm yr�1 century�1) (Table 6). Among the
climate factors, P played a dominant role in determining
interannual variations of ET (Figure 7a). Combined with
other factors, long-term changes in P caused a decrease in
ET of 9 mm yr�1 century�1over the GOM drainage basin
during 1901–2008. In the past 30 years, effects of P on ET
were much larger than prior periods (Table 6). Although T

Table 4. (continued)

Source Name Longitude Latitude
Periods of

Available Data Observed Simulated
Difference

(%)

Rock River at Afton, WI �89.07 42.61 1915–1988 1.7 1.8 7.2
Sabine River near Ruliff,

TX
�93.74 30.30 1905–1966 7.5 9.1 20.7

Saline R at Tescott, KS �97.87 39.00 1920–1964 0.2 0.4 67.7
Scioto R at Higby, OH �82.86 39.21 1931–1988 4.1 3.9 �5.1
Suwannee River at Bran-

ford, FL
�82.93 29.96 1932–1988 6.3 13.2 110.3

Tombigbee River at
Demopolis L&D Near
Coatopa AL

�87.88 32.52 1929–1988 20.6 25.0 21.6

Wabash River at Lafay-
ette Ind

�86.90 40.42 1924–1988 5.8 5.0 �13.5

Wabash River at Mt. Car-
mel, IL

�87.75 38.40 1928–1988 24.6 25.4 3.6

White River at Newberry,
Ind.

�87.01 38.93 1929–1988 4.2 5.6 33.4

White River at Petersburg
Ind.

�87.29 38.51 1929–1988 10.5 11.2 6.2

RIVDIS (The Global
River Discharge
Database)

Brandford, Florida �82.93 29.95 1965–1984 6.8 13.3 93.8
Chattahoochee, Florida �84.86 30.70 1930–1984 19.8 25.9 31.0
Claiborne, Alabama �87.51 31.53 1931–1976,

1980–1983
29.6 32.9 10.9

Culbertson, Montana �104.46 48.11 1965–1967,
1969–1984

46.3 41.9 �9.4

Evedale, Texas �94.10 30.35 1965–1984 11.0 9.1 �17.6
Little Rock, Arkansas �92.26 34.75 1928–1984 21.5 26.9 24.8
Little Rock, Arkansas �91.45 34.78 1965–1969 4.7 9.1 92.4
Little Rock, Arkansas �90.90 32.31 1965–1982 73.1 87.3 19.5
Louisville, Kentucky �85.78 38.28 1965–1983 33.5 51.5 53.8
Mathis, Texas �97.86 28.03 1965–1984 108.7 89.2 �17.9
Merrill, Missisippi �88.73 30.98 1931–1984 0.8 2.2 181.1
Metropolis, Illinois �88.73 37.15 1928–1984 8.9 12.5 40.3
Monroe, Louisiana �92.13 32.50 1965–1975 234.1 220.3 �5.9
Monroe, Louisiana �91.43 38.71 1898–1987 17.4 22.9 31.2
Monroe, Louisiana �90.25 41.78 1965–1984 26.3 26.1 �0.6
Mt Carmel, Illinois �87.75 38.40 1965–1983 36.3 37.8 4.1
Nebraska City, Nebraska �95.83 40.66 1965–1983 6.5 9.8 52.1
Romayor, Texas �94.85 30.43 1969–1984 6.5 9.0 38.5
Ruliff, Texas �93.75 30.30 1965–1984 18.7 16.6 �11.2
Samaria �93.29 17.97 1976–1981 12.3 6.3 �49.3
Sidney, Montana �104.16 47.61 1965–1984 6.2 14.4 132.0
Tulsa, Oklahoma �96.00 36.15 1965–1967,

1969–1978,
1980–1984

536.3 548.2 2.2

Wharton, Texas �96.10 29.30 1965–1984 2.3 7.0 198.2
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can change ET, this change is mostly moderated by P. For
instance, in the beginning of the 1950s and the period
around 2000, the higher T tended to result in higher poten-
tial ET, but the real ET was limited by lower P (Figures 7a
and 7d). A similar pattern on the global level was reported
by Jung et al. [2010]. Overall, the recent warming during
1979–2008 increased ET by a rate of 12.8 mm yr�1 cen-
tury�1 in the GOM drainage basin.

[41] As for R, climate variations could account for more
than 99% of its fluctuations (Figure 7b). Only land-use
change significantly altered the long-term trend of R and the
total effects of climate were small during the last 108 years.
However, the effect of P on R was substantial during short-
term periods such as the recent 30 years. Climate change
(decreasing P and increasing T and changes in other factors)
reduced R by 32 mm yr�1 during the 30 year period (Table 6).
As for the R/P ratio, land use change caused a consistent
increase it over the last 108 years when taking the GOM
drainage basin as a whole (Table 6), while the climate change
decreased the R/P ratio, particularly over the last 30 years.

[42] The impacts of environmental change on hydrological
processes vary immensely across the GOM drainage basin.
Figures 8 and 11 indicate that climate change generally con-
trols the spatial patterns of long-term trends in ET. However,
land use change does act as a dominant role in shaping the
long-term trend of ET in certain places such as the upper basin
of the Ohio River and the deforestation area in the WSC (Fig-
ure 11). In the UMS and UOH, the land use and climate
change both have a positive effect on ET, thus they cause sub-
stantial increases of ET in these regions (Figures 10 and 11).

[43] In the water-limited area such as the west of
the GOM drainage basin (RGB, TB, RO, AR, LMO, and

Figure 5. Simulated river discharges versus reconstructed
historical discharge [Dai et al., 2009] and USGS
observations.

Figure 4. Plots of simulated river discharge and runoff vs observations. (a) Mean annual river dis-
charge; (b) mean annual runoff; and (c and d) long-term trend.
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UMO), trends in ET are mainly controlled by the available
P (Figures 8 and 10). The decrease of P in this water-lim-
ited region caused ET to decrease even though T rose con-
currently (Figure 8). In the upper Mississippi River Basin
(UMS and UOH), ET was both energy limited and water
limited, so the increasing T and P accelerated ET during
the last 108 years (Figures 10 and 11). In the northern
coastal area of the GOM, ET was mainly energy limited
and the cooling trend in this region caused a decrease in ET
even with increasing P during 1901–2008 (Figures 8 and

10). The combined effects of changes in T, P, and land use
were revealed by the long-term trends in the R/P ratio (Fig-
ure 8). The widely distributed deforestation in WSC
increased the R/P ratio by 30% during 1901–2008. The re-
forestation area in the Appalachian Mountains and the
cropland abandonments might explain the decrease of R/P
ratio in this region. In almost all other subbasins, land use
change increased the R/P ratio (Figure 10).

5.5. Changes in Freshwater Discharge

[44] According to simulated results, the average water
flow to the GOM from the drainage area was about 1,100
km3 yr�1. The water discharge from the MARB contributed
around 60% of the total water yield (655 km3 yr�1) (Table
7). The second and third contributors are the EC (18%) and
the WSC (14%), respectively. The interannual variations of
total freshwater discharge to the GOM are mainly regulated
by the MARB as depicted in Figure 12. No significant
long-term trend in total freshwater discharge to the GOM is
detected for this century-long period (Table 7 and Figure
12). During the period from the mid-1970s to the beginning
of 21st century, however, a significant decreasing trend
with a slope of 13% is estimated by the model (Figure 12).
The fluctuations of freshwater discharge from these basins
have some common patterns. However, they represent dif-
ferent signs and magnitude in long-term trends (Figure 12).
Subbasins UMO, EC, and RGB all have a more than 5%
decrease during 1979–2008 than the prior period, while the
UMS, AR, RO, and TB have substantial increase in fresh-
water discharge (Table 7).

[46] From Dai et al.0s [2009] global observational river
discharge data base, 32 rivers that flow into the GOM were
selected and the missing data were filled with multiyear
mean monthly flow observations for a comparison with
DLEM results. Figure 12 illustrates that the modeled esti-
mation is very close to the observed flow at both interan-
nual variations and decadal trends. The simulated
freshwater discharge to the GOM is larger than Dai et al.0s
reconstructed records by 32.5% during 1928–2006 (Figure
12). The primary reason for this difference is that total
GOM drainage area (5.37 million km2) in these simulations
is larger than the drainage area of these 32 rivers (4.31 mil-
lion km2) by 25.7%. Considering the difference in drainage
area, the simulated average annual discharge is about 6%
larger than observations. One reason for this overestimation
is that DLEM does not consider the effect of dam construc-
tions and so underestimates the water loss through ET. The
second reason is that the reconstructed records only take
the sample from the river gauges, not including the subsur-
face flow from land to the ocean. The fluctuations and
long-term changes in water flow, as well as the accompa-
nied nutrients exports from land to the GOM, may influ-
ence the physical and biogeochemical cycles in the ocean
and coastal regions which needs further investigations
[Seitzinger et al., 2005; Cai, 2011].

6. Discussions

6.1. Comparison With Other Studies

[47] Recently, many research activities in the context of
global change have been conducted to assess effects of
environmental change on large-scale water resources.

Figure 6. Land use change in the first and second half
20th century in each subbasin. (a) Spatial distribution (the
color of each grid cell represents the dominant land use
conversion type that has at least 0.5% change in total area
of the grid cell) and (b) relative change from the start year
1901 for each subbasins.
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Besides land surface modeling efforts, two new methods
are considered as efficient ways to estimate contemporary
ET with finer spatial and temporal scales: one is the remote
sensing-based estimations and the other is the upscaling
method from continuous field observations [Baldocchi et
al., 2001; Mu et al., 2007, 2011; Jung et al., 2009, 2010;

Wang et al., 2010a, 2010b; Zhang et al., 2010; Mueller et
al., 2011]. Mueller et al. [2011] reported differences among
41 global land ET data sets, including global GCM simula-
tions and observations-based estimations. However, the
observational data sets also have large uncertainties, which
add difficulties in evaluating model simulation accuracy

Figure 7. Anomalies of annual ET, runoff, precipitation, and mean annual temperature during 1901–
2008. The lines in Figures 7a–7c represent simulated results from different factorial experiments. The
columns in Figures 7a–7c represent simulated results from Base run (i.e., all environmental factors) ; the
baseline is the average between 1961–1990. Each panel represents (a) ET; (b) runoff; (c) R/P ratio; and
(d) precipitation and temperature.
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Figure 8. Spatial distributions of trends in annual ET, runoff (R), R/P, P (precipitation), and T (temper-
ature) during periods of 1901–1978, 1979–2008, and 1901–2008. The unit for ET, R, R/P, and P is the
percentage rate of change during different period (base period: 1961–1990); the unit for T is total
change in degree Celsius per period.
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and reliability [Mueller et al., 2011]. In spite of the uncer-
tainties of upscaling estimations from eddy-covariance flux
measurements, the upscaled products have been considered
as the most reliable ET estimations in representing ET0s
spatial distributions, magnitude, and long-term trend. Here,
DLEM simulated results were compared with an upscaled
ET estimation from FLUXNET over the period of 1982–
2008, which was derived from a machine-learning algo-
rithm (the model tree ensemble or MTE) and had a spatial
resolution of half degree [Jung et al., 2009, 2010]. The
multiyear average of estimated ET from DLEM and MTE
is highly consistent as shown in Figures 13a and 13b
although DLEM slightly underestimated ET in coastal
areas. Furthermore, DLEM and MTE both detected
decreasing trends of ET in the UMO and increasing trends
in LOH, UOH, EOC, LMS, and RO (Figures 13c and 13d).
However, in UMS and RGB, DLEM and MTE show oppo-
site trends. For the period of 1992–2002, both of them
detected a decline of ET but DLEM estimated a larger
decrease than MTE. As to the interannual variations,
DLEM and MTE had comparable results for interannual
variations and magnitudes (Figure 13e). It needs to be

pointed out that the MTE data sets are also modeled results
with uncertainties from training data and explanatory varia-
bles [Jung et al., 2009].

[48] Simulated results were also compared with variable
infiltration capacity (VIC) derived evaporation data for the
period of 1950–1999 [Maurer et al., 2002]. The overlay
area of these two data sets covers most of the drainage ba-
sin of the GOM except the Mexico area. These two models
have close estimations the magnitude of ET and its interan-
nual variations (Figure 14), but they have different estima-
tions of the trend. VIC detected a significant increasing
trend of ET in this period while DLEM did not (Figure 14).
However, both models detected a strong decrease of ET
since 1992, which MTE failed to catch (Figure 14). To
quantify uncertainties and improve simulation performance
in long-term trends, new global data sets from multisource
can be applied as training data and evaluation base lines
[Fisher et al., 2008; Vinukollu et al., 2011a, 2011b; Pan et
al., 2012].

6.2. Driving Forces to the Variations of Water Fluxes
to the GOM

[49] Currently, there are different opinions over long-
term trend of global fresh water export from land to the
ocean. As to the global scale studies, some scientists
reported an increasing trend of runoff during the last cen-
tury [e.g., Labat et al., 2004; Gedney et al., 2006; Piao et
al., 2007]. This conclusion, however, is likely questionable
due to the representativeness of the limited number of
selected rivers as discussed in detail by Dai et al. [2009].
Another argument is whether land use [e.g., Vorosmarty
and Sahagian, 2000; Sun et al., 2005; Piao et al., 2007;
Zhang et al., 2007b] or natural factors [Gedney et al.,
2006; Wang et al., 2008; Dai et al., 2009] dominate the
long-term trends and decadal variations of water fluxes at
the global scale [IPCC, 2007]. According to this study, it
can be found that in certain places land use play major roles
in variations of water fluxes, while in other places natural
factors may dominate. To the policy makers, assessments
on impacts of natural environmental changes and human
disturbances on the water resources from local and regional
scales are critical for sustainable water resource
management.

[50] A few studies have reported driving force analyses
on the hydroclimatic trends in the MARB [e.g., Milly and
Dunne, 2001; Qian et al., 2007]. Qian et al. [2007] claimed
that ‘‘the increase of precipitation is compensated by both
runoff (65%) and evapotranspiration (38%).’’ However,
their study did not take in account the LC change and irri-
gation effects on cropland ET. Uncertainties related to land
surface model (namely CLM) and P data could also lead to
bias of their estimations [Lawrence et al., 2007; Qian et
al., 2007; Oleson et al., 2008]. For the same period of
1948–2004, DLEM resulted in a decrease of ET at a rate of
�23 6 32 mm yr�1 century�1 and an increasing trend of R
at a rate of 18 6 65 mm yr�1 century�1 in the MARB.
Since P slightly decreased by �3 6 10 mm yr�1 century�1,
it can be concluded that the increasing R is primarily
caused by the decreasing ET. One reasonable explanation
for the discrepancy between this study and Qian et al.
20070s study (by using NCEP-NCAR 1.6� global data sets)
may be the differences in P data.

Figure 9. Trends in ET, runoff, R/P, precipitation, and
temperature during the period of 1901–1978 and 1979–
2008 over different basins. The lowercase names represent
subbasins of the MARB. (a) ET; (b): runoff ; (c) R/P ; (d)
precipitation; and (e) temperature.
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[51] Among the effects of major land use conversions on
ET, urbanized area (i.e., the dominant conversion type and
total change greater than 5% of grid area, as shown in Fig-
ure 6a) had the largest decrease in ET at a rate of 100 mm
yr�1 century�1 and deforestation area had an average
decrease of 28 mm yr�1 century�1. In the area of cropland
abandonment, ET decreased by 19 mm yr�1 century�1 on
the average. Land conversion-caused increase in ET hap-
pened only in afforestation or reforestation areas, and the

magnitude was very small (2.2 mm yr�1 century�1) as esti-
mated by DLEM. Since DLEM considers irrigation and fer-
tilizer use on cropland, its conversions to forest land or
grassland do not always end with increasing ET as pro-
posed by Sun et al. 2005, but may possibly even decrease
ET as documented by Liu et al. 2008. Grid cells with more
than 50% changes in land use were collected, and the statis-
tics demonstrate that that irrigated cropland abandonment
generally reduce ET by 93 mm yr�1 and nonirrigated

Figure 10. Estimated trends in annual ET, runoff, and R/P during 1901–2008 driven by different com-
bination of environmental factors over each subbasin of the GOM drainage basin. The unit for ET and
runoff is mm yr21 yr21 and for R/P is 0.001 yr21 (i.e., the y axis reading multiply 0.001 to get the annual
changing rate of R/P).

Table 5. Seasonal Trend of ET, Runoff, and Precipitation During 1901–2008a

Season

ET (mm season�1 century�1)
Runoff

(mm season�1 century�1)
Precipitation

(mm season�1 century�1)
Temperature

(�C century�1)

1901–
1978

1979–
2008

1901–
2008a

1901–
1978

1979–
2008

1901–
2008a

1901–
1978

1979–
2008

1901–
2008a

1901–
1978

1979–
2008

1901–
2008a

Winter: Dec.–Feb. �3.4 �28.1� �5.1� 2.6 �50.1 �1.5 �13.1 �190.6 �36.9 �0.01 5.85� 0.56
Spring: Mar.–May. 3.5 �14.5 �3.7 4.2 �27.6 �1.5 24.5 �152.2 �10.2 0.39 2.64 0.68�

Summer: Jun.–Aug. �2.7 20.8 �2.2 3.8 �0.1 1.8 11.5 72.9 7.5 0.79� 1.46 0.60�

Autumn: Sep.–Nov. 4.1 13.7 �2.9 18.5� �7.3 8.6� 95.0 0.9 28.9 0.16 1.96 0.17
Annualb �2.8 �38.9 �16.0� 28.3 �102.8 3.8 50.6 �147.3 �1.6 0.33 3.81� 0.48�

aValues with an asterisk indicate significance, i.e., p< 0.05
bThis ‘‘annual’’ is counted from December to second year’s November and the start year is 1902 for the period of 1901–1978 and 1901–2008.

LIU ET AL.: LONG-TERM TRENDS IN ET AND RUNOFF IN GOM BASIN

2003



cropland abandonment only reduce ET by 50 mm yr�1

(Figure 15). Cropland expansions did not significantly
increase ET in the GOM basin as a whole, but it needs to
be pointed out that there are wide distributions of the range
(Figure 15). The effects of land management and land con-
versions on large-scale water cycles need to be further
investigated through integrating field observations and finer
resolution hydrological models [Andreassian, 2004; Jack-
son et al., 2005; Zhang and Schilling, 2006; Rotter et al.,
2011].

6.3. Model Limitations

[52] DLEM has been intensively calibrated with ET
observations. Zhang et al. 2009 have indicated that calibra-
tions both on ET and streamflow can significant improve
the model0s capabilities in simulating regional water fluxes
and streamflow simulations, particularly over ungauged
basins. To enhance DLEM0s performance in seasonal
streamflow, parameters related to water routing processes,
such as the stream flow rate and residential times of lakes,
surface and ground water reservoirs, and runoff processes

Table 6. Relative Contributions of Environmental Changes to the Linear Trend of ET and Runoff as Estimated by DLEM During
1901–2008a

Factors

ET (mm yr�1 century�1) Runoff (mm yr�1 century�1) Runoff/Precipitation (1 century�1)

1901–1978 1979–2008 1901–2008b 1901–1978 1979–2008 1901–2008b 1901–1978 1979–2008 1901–2008b

FixP �5.4 46.1� �6.1� 4.0 �41.0� 3.6 0.002 �0.040� 0.001
P effectsc 4.7 �52.5 �9.1 21.5 �45.4 2 0.003 0.004 �0.003
FixT �2.0 �19.2 �17.4� 26.4 �75.0 8.9 0.008 �0.027 0.004
T effectsc 1.3 12.8 2.2 �0.9 �11.4 �3.3 �0.003 �0.009 �0.006
Climate 1.1 14.8 �10.5 23.8 �105.0 1.8 0.004 �0.062 �0.006
Land use �6.9� �17.2� �9.1� 6.5� 13.1� 8.1� 0.006� 0.013� 0.008�

Base �0.7 �6.4 �15.2� 25.5 �86.4 5.6 0.005 �0.036 �0.002

aValues with an asterisk indicate significance, i.e., p< 0.05;
bBecause of a time interrupt in 1978–1979, the linear trend during 1901–2008 is not the same as the mathematic summary of linear trend during 1901–

1978 and 1979–2008;
cThe effects of P and T are calculated as the differences in long-term trends between base simulations (i.e., all environmental factors) and experiment

of FixP and FixT, respectively. There is no significant indicator for these estimates.

Figure 11. Spatial distributions of trends in ET during different periods driven by climate change and
land use change (unit : the percentage rate of change per period) (base period: 1961–1990).
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over wetland area, should be further calibrated against
gauge observations. The model also needs further imple-
mentations on simulating land use influences such as dam
constructions and irrigation projects. As to effects of land
use and LC change on water fluxes, more and more water-
shed-level paired experiments and metadata analysis [e.g.,
Bosch and Hewlett, 1982; Farley et al., 2005; Jackson et
al., 2005; Sun et al., 2005] have been conducted through
recent decades, and these data sets could be used for further
model evaluations and sensitivity analyses.

[53] Another limitation in this modeling study relates to
meteorological data and simulation experiments on climate
factors. In FixT and FixP experiments, T and P are fixed,
respectively, but other factors such as humidity and solar
radiations are transient. The reality is that all climate fac-
tors are always connected and influenced by each other.
Therefore, the factor simulations might have big bias with
realities. To improve the simulation experiments, a better
solution would be to use regional climate models to gener-
ate high-resolution data set for driving this model or even

Figure 12. Estimated water discharges from each subbasin to the GOM during 1901–2008 and the total
observed discharge from selected rivers) (unit : m3 s21). Note: The total GOM drainage area is larger
than total drainage area of selected rivers (observations) by 25.7%.

Table 7. Changes in Water Discharges of Each Subbasin During 1901–2008

Subbasins

Average annual
discharge (km3 yr�1)

Change (Post-1979
vs. Pre-1979)

Linear Trend

1901–1978 1979–2008

1901–1978 1979–2008 km3 yr�1 % km3 yr�1 yr�1 % yr�1 km3 yr�1 yr �1 % yr�1

East Coast of the GOM (EC) 205.92 194.72 �11.20 �5.4% 0.26 0.13% �1.48 �0.76%
Mississippi-Atchafalaya River

Basin (MARB)
653.05 660.49 7.44 1.1% �0.12 �0.02% �1.85 �0.28%

Upper Missouri (UMO) 28.19 22.81 �5.38 �19.1% �0.03 �0.10% 0.04 0.17%
Lower Missouri (LMO)a 62.94 59.98 �2.96 �4.7% �0.13 �0.20% 0.17 0.28%
Upper Mississippi (UMS) 81.09 89.59 8.50 10.5% 0.03 0.04% �0.22 �0.25%
Lower Mississippi (LMS)a 120.76 126.60 5.83 4.8% 0.04 0.03% �0.90 �0.71%
Upper Ohio (UOH) 137.71 140.97 3.26 2.4% �0.12 �0.09% �0.05 �0.04%
Lower Ohio (LOH) 81.54 78.79 �2.74 �3.4% 0.05 0.06% �1.14 �1.45%
Arkansas (AR) 56.58 59.70 3.12 5.5% 0.03 0.06% 0.38 0.63%
Red and Ouachita (RO) 56.07 59.26 3.19 5.7% 0.03 0.06% �0.17 �0.28%
Texas Basin (TB) 62.64 65.59 2.95 4.7% 0.02 0.04% 0.56 0.86%
Rio Grande Basin (RGB) 26.12 24.61 �1.51 �5.8% 0.01 0.03% 0.00 �0.01%
Western and Southern Coast of

the GOM (WSC)
153.81 147.01 �6.80 �4.4% 1.19 0.77% �1.90 �1.29%

Total discharge to the GOM 1101.54 1092.42 �9.11 �0.8% 1.36 0.12% �4.67 �0.43%

aThe discharges from Lower Mississippi and Lower Missouri are the net discharge from these subbasins, i.e., total streamflow leaving from these basins
minus streamflow from upper subbasins.

LIU ET AL.: LONG-TERM TRENDS IN ET AND RUNOFF IN GOM BASIN

2005



Figure 13. Simulated ET versus upscaled results by MTE (model tree ensemble) during 1982–2008.
(a) DLEM simulated average annual ET; (b) MTE derived average annual ET; (c) linear trends in
DLEM simulated annual ET (mm yr21 yr21); and (d) linear trends in MTE derived annual ET (mm yr21

yr21).
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further to couple DLEM with regional climate models to
investigate the interaction and feedbacks between terres-
trial ecosystems and land use with climate change.

7. Conclusions

[54] In this study, DLEM v2.0 was applied to investigate
the spatial and temporal variations of ET, runoff, and run-
off/precipitation ratio over the drainage basin of the GOM
and to quantify interannual variations of total freshwater
discharge to the ocean during 1901–2008. The agreement
of simulated river discharge and ET with observations indi-
cates that DLEM successfully captures the patterns of his-
torical water fluxes from the scale of small watersheds to
large river basins.

[55] In the past 108 years, the study area has been expe-
riencing dramatic environmental changes in climate and
land use. These environmental stresses were distributed
unevenly across this large region. In conjunction with
newly developed high-resolution spatial data, the
improved DLEM has modified the cohort structure,
explicit river routine, and rainfall subdaily disaggregation
processes to reproduce historical water fluxes over the
land and to quantify relative contributions from climate
change and land use. Simulation results indicated a signif-
icant decreasing trend in ET at a rate of 15 mm yr�1 cen-
tury�1 and a small increase in runoff during 1901–2008.
The R/P ratio showed no significant long term trend over
the study area. However, they all demonstrated substantial
spatial heterogeneity across the study region and decadal
fluctuations throughout the century-long period. Gener-
ally, in the west arid area and the southern area, ET, run-
off, and R/P ratio all decreased during the last 108 years.
Comparing to prior periods, the recent 30 years from 1979
to 2008 shows a conversion in R and total discharge from
an upward trend to a downward trend, particularly in the
EC, LOH, and WSC. ET also shows an increasing trend in
all subbasins except in the RGB and WSC during 1979–
2008.

[56] Factor simulation experiments results indicate that
climate change was the dominant factor controlling the
interannual variations of ET and runoff. More specifically,
precipitation played the major role in shaping variations of

annual water fluxes over the whole region. The effects of
temperature on ET were generally moderated by the precip-
itation, particularly in water-limited area such as the west
arid area of the GOM drainage basin. As to the long-term
trends in water fluxes and R/P ratio, land use changes
resulted in almost the same magnitude of impacts as cli-
mate change. Over the entire study region as a whole, both
changes in land use and climate reduced ET during the last
108 years. However, their effects had significant spatial
heterogeneity because of its uneven distributions in differ-
ent microclimate conditions. Normally, urbanization
decreased ET while reforestation and afforestation
increased ET. The large reforestation area in the Appala-
chian Mountains significantly increased ET and decreased
the R/P ratio during 1901–2008; while the deforestation
processes in Mexico appears to have controversial effects.
Modeled results did not find significant long-term trends in
total freshwater discharge to the GOM in the past 108
years. However, the historical discharge showed substantial
decadal fluctuations and differences among basins. During
the recent 30 years, total freshwater discharge to the GOM
has decreased by 12% compared to an increasing trend in
prior period.

[57] To further investigate how climate change and
human activities affect regional water resources, finer
resolution of spatial data on water use and water proj-
ects including dam information should be considered in
the modeling framework. In addition, uncertainties
from the reconstructed meteorological data and the
interactions between hydrological and biogeochemical
processes should be further quantified in the future
studies.

Figure 14. DLEM modeled ET versus VIC modeled ET
[Maurer et al., 2002] over study area in the United States
during 1950–1999.

Figure 15. DLEM modeled change in ET due to land use
and LC change. The circle area represents the relative
accounts of grid cells fall in the change rate. Irriig. and
Nonirrig. represent irrigated and nonirrigated cropland,
respectively. ‘‘>>’’ represents conversion from one type to
another type. The sampled grid cells for plotting this figure
have more than 50% change in total area in each 5 arc min
grid cell.

LIU ET AL.: LONG-TERM TRENDS IN ET AND RUNOFF IN GOM BASIN

2007



Appendix A: Runoff Processes

[58] Surface runoff (Rs) (mm H2O m�2 s�1) is calculated
as

Rs ¼ train F
0

sat Qwat þ 1� F
0

sat

� �
max 0;Qwat � Imaxð Þ

�

þ 1� trainð Þ F
0

sat Qowat þ 1� F
0

sat

� �
max 0;Qowat � Imaxð Þ

� �
;

(A1)

where train is the fractions of raining time; F
0

sat is the
adjusted fractional saturated area (Fsat) ; Qwat is the total
water input (including throughfall, snow melted water, and
pond) (mm H2O m�2 s�1); Qowat is the total water input
except for the throughfall (mm H2O m�2 s�1) ; Imax is the
soil infiltration capacity depending on soil moisture and
texture (mm H2O m�2 s�1) [Entekhabi and Eagleson,
1989; Niu et al., 2005]. Considering that wetland generally
distributes in flat or slightly elevated areas in the landscape,
it is assumed that 10% of estimated surface runoff leaves
the wetland and the remaining is infiltrated into the soil col-
umn, i.e.,

R
0

s ¼ 1� 0:9fwetlandð ÞRs; (A2)

where fwetland is the fractional wetland within each grid
cell.

[59] The adjusted fractional saturated area is calculated
as

F
0

sat ¼ Fsat þ 1� Fsatð Þfimp (A3)

where Fsat is the fractional saturated area estimated with
SIMTOP [Niu et al., 2005; Niu and Yang, 2006] and fimp is
the fractional impervious surface area of each grid.

[60] Baseflow (Rd) (mm H2O m�2 s�1) is calculated as
[Oleson et al., 2008]

Rd ¼ 1� fimp;frz

� �
Rd;max e �fzrð Þ (A4)

where fimp,frz is the fraction of impermeable area due to ice
content of the soil layer interacting with water table [Niu
and Yang, 2006]; Rd,max¼ 4.5�10�4 mm H2O m�2 s�1 and
f¼ 2.5 m�1 [Niu et al., 2005]; zr is the water table depth
(m). Considering the fact of slow drainage from wetland, an
adjustment for the grids that contain wetland is conducted in
the same way as surface runoff (equation (A2)).

[61] The soil T profile is formulated with the empirical
method from Katterer and Andren [2009].

Tt zð Þ ¼ Tt�1 zð Þ þ Tsurf � Tt�1 zð Þ½ � � e �z �
kspð Þ

1=2
� �

� �� e �kLB LAI tð Þ;

(A5)

where t is time (day); z is soil depth (cm); Tsurf is the sur-
face soil T (�C), which is estimated as the 11 day moving
average of air T (�C); ks is the thermal diffusivity (m2

d�1); p¼ 365; LAI is leaf area index (m2 m�2) at t day;
kLB and � are attenuation factors and kLB¼0.15 and
�¼ 0.11 is set from the calibration results of Katterer and
Andren [2009].

Appendix B: Evapotranspiration Processes

[62] The transpiration of the jth PFT from the ith soil
layer is calculated as

trans ið Þj ¼ transð Þj
rið ÞjwiX10

i¼1
rið Þjwi

h i ; (B1)

where (ri)j is the jth PFT0s root fractions in the ith layer, wi

is the wetness of the ith soil layer, and (trans)j (mm H2O
m�2 s�1) is the total estimated transpiration of the jth PFT.

[63] The transpiration is calculated by the Penman-Mon-
teith approach [Wigmosta et al., 1994]. The maximum tran-
spiration is set as the root-weighted available soil water. In
the Penman-Monteith equation, the canopy resistance is
upscaled from the two-leaf model [Campbell, 1977; Lands-
berg, 1986]:

gcð Þj ¼
LAI sun

j

rsun
s

� �
j

þ
LAI sha

j

rsha
s

� �
j

; (B2)

rcð Þj ¼ 1= gcð Þj; (B3)

where gc (m s�1) and rc (s m�1) is the canopy conductance
and canopy resistance, respectively; rsun

s (s m�1) and rsha
s

(s m�1) is the stomatal resistance of sunlit leaves and
shaded leaves, respectively. The stomatal conductance is
regulated by solar radiation, temperature, vapor pressure
deficit, soil water potential, and atmospheric CO2 concen-
tration. The following equations are used to estimate the
stomatal conductance, which is built upon a combination
from Jarvis and Morison [1981], Running and Coughlan
[1988], and Chen et al. [2005]:

gs ¼ max gmax � rcorr � b� f ppdfð Þ � f Tminð Þ � f vpdð Þð
�f CO 2ð Þ; gmin Þ;

(B4)

where rcorr is the correction factor of temperature and air pres-
sure on conductance; b is the factor of soil moisture; ppdf is
the photosynthetic photo flux density (umol m�2 s�1); Tmin is
the daily minimum T (�C); vpd is the vapor pressure deficit
(pa); CO2 is the atmospheric CO2 concentration (ppm); gmax

(m s�1) and gmin (m s�1) is the maximum and minimum sto-
matal conductance, respectively (m s�1). The effect of each
factor on stomatal conductance can be described as

rcorr ¼
Tday þ 273:15

293:15

� 	1:75

� 101300

Pair

� 	
; (B5)

bi ¼

1  i >  open

 open �  i

 open �  close

 close �  i �  open

0  i <  close

;

8>><
>>:

(B6)

b ¼
X10

i¼1

root i �
�sat;i � �ice;i

�sat;i
� bi

� 	
; (B7)
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f ppdfð Þ ¼ ppdf

75þ ppdf
; (B8)

f Tminð Þ ¼
1 Tmin > 0

�
C

1þ 0:125Tmin � 8
�
C � Tmin � 0

�
C

0 Tmin < �8
�
C

;

8<
: (B9)

f vpdð Þ ¼

1 vpd < vpd open

vpd close -vpd

vpd close -vpd open

vpd open � vpd � vpd close

0 vpd>vpd close

;

8>><
>>:

(B10)

f CO 2ð Þ ¼ �0:001CO 2 þ 1:35; (B11)

where Pair is the air pressure (pa); Tday is day time air tem-
perature (�C); rooti is the fractional root distribution in the
ith soil layer [Zeng, 2001]; �sat,i is the ith soil layer satu-
rated volumetric water content (m3 m�3) ; �ice,i is the volu-
metric ice content of the ith soil layer ;  is the water
potential (mm), which is controlled by the root-weighted
soil moisture [Oleson et al., 2004];  i (mm) is the water
potential of the ith soil layer;  open (mm) and  close (mm)
are the water potential under which the stomata fully open
and close, respectively; vpdclose (pa) and vpdopen (pa) are
the vapor pressure deficits (VPD) when the stomata fully
close and open, respectively; the effect of atmospheric
CO2 on stomata conductance (i.e., f(CO2)) is derived from
the metadata analysis of Ainsworth and Long [2005].

[64] For the fraction of wetland and the irrigated crop-
land, the parameter b is set as 1 (i.e., no soil moisture limi-
tation on the transpiration).For irrigated cropland, if the
estimated transpiration is larger than the available soil
water, the water deficiency is assumed to be replenished
with irrigation. For wetland, the estimated transpiration
cannot be larger than the available soil water.

[65] In estimating soil evaporation, a revision of bare-
ground evaporations from the FAO-56 is used [Allen et al.,
1998]. Improvements are made to consider canopy effects
on manipulating net radiation and aerodynamic resistance.
First, the transferred shortwave radiation through canopy is
used as the energy source in Penman-Monteith equation to
estimate the potential soil evaporation (PSE). Then, the
PSE is adjusted by the leaf area according to Belmans et al.
[1983]:

PSE ¼ pet PM � e�0:6LAI ; (B12)

where petPM (mm H2O m�2 s�1) is the potential ET esti-
mated with Penman-Monteith method and LAI (m2 m�2) is
the average LAI over the land area.

Appendix C: River Routing Process

[66] The river routing process simulates the dynamics of
water storage on land surface and groundwater and trans-
port of water through river networks across each grid cell.
The water budget of the surface water pool (Ws) (m3) and
subsurface drainage pool (Wd) (m3) can be described as

d Wsð Þ
dt
¼ Rs �

Ws

ts
; (C1)

d Wdð Þ
dt
¼ Rd �

Wd

td
; (C2)

d WRð Þ
dt
¼ Ws

ts
þWd

td

� 	
� 1� Awð Þ þ Pw � Ewð Þ � Aw �

WR

tR
� Firrig þ Fin ;

(C3)

where ts and td is the residence time (s) of Ws and Wd,
respectively; Aw is the fractional surface water area in each
grid (including lake and stream); WR (m3) is the surface
water reservoirs (including water in lake and stream); Fin

is the total water flow from upstream cells (m3 s�1); Firrig

is the water withdrawal for irrigation (m3 s�1) ; Pw is the
precipitation over the water surface (m3 s�1); and Ew is the
evaporation from the water surface which is estimated with
Priestly-Taylor equation (m3 s�1). Here ts is set as 2 h as
Costa and Foley [1997] and Coe [2000] did, and empirically
set td as 2 days. The allocation of water flow to lakes and
streams is weighted by their surface area. The residence time
of water in the river tR,riv is calculated as Coe [2000]:

tR;riv ¼
D

u
; (C4)

u ¼ min umax ; umin ic=i0ð Þ0:5
� �

; (C5)

where D is the distance between centers of the local and
downstream grid (m); umax¼ 5 m s�1, which is the maxi-
mum river flow velocity [Miller et al., 1994]; umin is the
minimum river flow velocity, umin is set as 0.8 m s�1 [Coe,
2000]; ic is the downstream gradient (m m�1); and i0 is a
reference gradient (0.5�10�4 m m�1). The residence time
of water in the lake is assumed 10 times longer than the
river [Coe, 2000].

Appendix D: Reconstruction of Historical
Meteorological Data

[67] The principle of combining of CRU and NARR is
that the interannual variations of monthly T and P during
1901–1978 are consistent with CRU. The daily pattern
comes from certain year of NARR data that randomly
selected. The monthly maximum and minimum T and P in
NARR that randomly selected from the historical period
will be kept in the reconstructed data series. The daily
reconstructed climate is estimated as

V
0

i;j;d ¼ V NARR
i0 ;j;d

þ dNARR
i0 ;j;d

� r
0

i;j; (D1)

where V
0
i;j;d is reconstructed met data in i year, j month, and

d day; i0 is randomly selected year of NARR data; V NARR
i0 ;j;d

is NARR daily met data; r
0
i;j is daily bias correction per

deviation from the monthly maximum or minimum; dNARR
i0 ;j;d

is the daily deviation from the monthly maximum or
minimum.
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r
0

i;j ¼
D
0

i;j � days j

SNARR
i0 ;j

; (D2)

D
0

i;j ¼ DCRU
i;j � DNARR

i0 ;j
; (D3)

SNARR
i;j ¼

Xdays j

d¼1

dNARR
i;j;d ; (D4)

dNARR
i;j;d ¼ max Vmax NARR

i;j � V NARR
i;j;d ;V NARR

i;j;d � Vmin NARR
i;j

� �
;

(D5)

Vmax NARR
i;j ¼ max V NARR

i;j;1 ;V NARR
i;j;2 . . . V NARR

i;j;daysj

� �
; (D6)

Vmin NARR
i;j ¼ min V NARR

i;j;1 ;V NARR
i;j;2 . . . V NARR

i;j;daysj

� �
; (D7)

DCRU
i;j ¼ V CRU

i;j � V
CRU
j ; (D8)

DNARR
i;j ¼ V NARR

i;j � V
NARR
j ; (D9)

where DCRU
i;j and DNARR

i;j are the differences of monthly T
or P between year i and the average during 1981–2000 in
CRU series and NARR series, respectively; D

0
i;j is total

monthly bias of selected NARR data from NARR multiyear
average in year i and month j ; and SNARR

i;j is the total devi-
ation from the monthly maximum and minimum of T or P.
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