Y. Wu et al. / Science of the Total Environment 430 (2012) 150-160

Table 3

Evaluation of model performance in streamflow and NO3-N simulation at the basin
outlet (near Scotland, South Dakota) during ten-year calibration (1991-2000), nine-
year validation (2001-2009), and 30-year baseline (1980-2009) periods.

Period Time Mean PB (%) NSE R?
scale Observed Simulated

Streamflow  Calibration Monthly 46.9 38.2 —184 0.55 0.56
(m3/s) Annual 0.75 0.84
Validation Monthly 32.2 29.8 —74 0.67 0.67
Annual 0.79 0.81
Baseline Monthly  32.0 322 0.8 045 0.51
Annual 0.72 0.74
NOs-N Calibration Monthly 830.6 849.4 23 060 061
(kg/d) Annual 0.80 0.85
Validation Monthly 522.7 621.2 189 0.67 0.68
Annual 0.77 0.80
Baseline Monthly 579.9 700.05 20.8 0.50 0.51
Annual 0.70 0.74

a change of nearly +60% or —50% for NO3-N load could result from
+10% change in precipitation (Fig. 3h and Table 4). Interestingly,
soil water content is much less responsive to increased precipitation

CO2
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Precipitation
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than is water yield Fig. 3e,f, which can be caused by the limited
water-holding capacity of the soil. This emphasizes the importance
of flood mitigation under a scenario of increased precipitation.

3.2.3. Air temperature

Scenarios 7 through 9 represent increases of 1 °C, 2 °C, and 4 °C for
average air temperature while holding other climate elements
constant (Table 2). Soil water content is little affected by a unit
temperature rise of 1 °C, but is more sensitive to larger temperature
rises (Fig. 3j). Higher temperatures will result in significant decreases
in soil water content owing to increased ET (Fig. 3i-1). The drier soil
then could cause reduction in water yield, groundwater recharge, and
NO>3-N load because it affects the surface runoff, subsurface lateral flow,
and baseflow, as stated previously. A small rise in the NO3>-N load in
December and January can be attributed to the increased surface runoff
resulting from increased snow melt in winter (Fig. 31). Water yield and
groundwater recharge reductions caused by rising temperatures are
more substantial in the wet season (Fig. 3ik), especially from May to
August when plant growth responses are more significant.

Annual average soil water content is projected to decline by 5% to
49% when increases in the air temperature range from 1 °C to 4 °C

Air temperature
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Fig. 3. Comparison of simulated monthly water yield, soil water content, groundwater recharge, and NO5;-N load under different CO, concentrations (a-d), precipitation change

scenarios (e-h), and air temperature increase scenarios (i-I).
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Table 4
Predicted relative changes (percent of baseline levels) in annual average hydrological components with climate-sensitivity scenarios and GCM projection scenarios.
Terms Ref? Climate sensitivity” GCM®
CO, Precipitation (%) Air temperature (°C) B1 A1B A2
x1.5 x2 +10 +20 —10 —20 +1 +2 +4
Percent change
wy 28 19 49 59 133 —42 —69 —14 —42 —68 —61 —68 —70
ET 533 -1 -3 7 13 -8 —16 1 3 5 -5 —4 —4
SW 98 12 26 18 33 —20 —41 -5 —24 —49 —37 —45 —48
GR 14 27 67 69 152 —49 —78 —-19 —58 -91 —-77 —87 —89
NO5;-N 0.05 14 40 58 142 —40 —64 —14 —31 —55 —49 —54 —55

2 Ref means hydrological components with reference scenario.

b Climate sensitivity means the SWAT simulations with climate-sensitivity scenarios.

¢ GCM refers to the SWAT simulations with the averaged GCM-ensemble under the A1B greenhouse gas emission scenario; WY is water yield (mm/yr); ET is evapotranspiration
(mm/yr); SW is soil water content (mm); GR is groundwater recharge (mm/yr); NO3-N is nitrate nitrogen load (kg/ha). Positive and negative signs refer to increases and decreases,

respectively.

(Table 4). Similarly, water yield may decrease by 14% to 68%,
groundwater recharge may decrease 19% to 91%, and NO3-N load
may decrease by 14% to 55% under the same changes in air
temperature. These results indicate global warming may lead to
serious water shortages in this basin.

3.3. Projected climate-change effects

We applied the downscaled, multi-model ensemble GCM outputs
with the projected CO, concentrations (see Section 2.5) as climate
inputs for the modified SWAT model (Wu et al., 2012) to investigate
hydrological effects of potential future climates for the mid-21st
century. Basin average monthly precipitation and air temperatures
for baseline conditions (1980-2009) and future projections
(2040-2069) under three greenhouse gas emission scenarios are
shown in Fig. 4. The comparison indicates a decrease of 8.5% to 9.0%
in precipitation and increase of 1.9 °C to 3.1 °C among the three
emission scenarios. Multiyear (2040-2069) average monthly results
(water yield, soil water content, groundwater recharge, and NO3-N)
simulated by SWAT for the whole basin are presented in Fig. 5, and
the annual average percent changes relative to the reference scenario
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Fig. 4. Basin average monthly precipitation (a) and air temperature (b) under the
baseline conditions (1980-2009) and projections (2040-2069) averaged across output
from six GCMs under three greenhouse gas emission scenarios (B1, A1B, and A2).

are listed in Table 4. Under scenarios B1, A1B, and A2, annual water
yield in this basin will decrease dramatically (about 61% to 70%)
(Fig. 5a and Table 4), principally because of the projected decreases
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in precipitation and increases in air temperature. Annual soil water
content and groundwater recharge could be reduced by about 37%
to 48% and 77% to 89% (Fig. 5b,c, and Table 4), respectively, by the
mid-21st century. The substantial decrease in groundwater recharge
could directly reduce the aquifer storage. NOs-N load was projected
to decline 49% to 55% (Fig. 5d and Table 4); however, NOs;-N
concentration in stream water would increase 55% to 70% as the
amount of water in the river channel decreased.

We also compared spatial distributions (at the HRU level) of the
four hydrological variables (water yield, soil water content,
groundwater recharge, and NOs-N load) under baseline conditions
(see Fig. 6a,c,e,g) and projected climate conditions (see Fig. 6b,d,f,
h), and present outcomes from the A1B scenario here as an example.
Results show that the relatively higher annual water yield in the mid-
basin area under baseline conditions may decline to a level
comparable with other parts of the basin under the projected climate
(Fig. 6a,b). This could reduce the spatial variability of the annual
water yield by 23% in terms of the standard deviation (a shift from
47.8 to 36.4 mm). The projected climate also could reduce the annual
soil water content substantially, with an average decrease of 38% over
the entire basin and a corresponding decrease of 32% in the standard
deviation of the spatial variability (Fig. 6¢,d). Moreover, areas in the
upper and lower basin may experience severe drought with this
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climate scenario (Fig. 6d). The reduced soil water content could lead
to a significant decrease in groundwater recharge (Fig. 6e,f), with an
associated reduction of 31% in the standard deviation of the spatial
variability in recharge across the basin. Basin average NO>-N load
would decrease by about 31% due to the reduction in water yield,
with substantial decrease occurring on higher nitrogen load areas
(mid-basin) (Fig. 6g,h).

4. Discussion
4.1. Model performance

We identified substantial differences between observed and
modeled peak flows (e.g., 1991 and 1993), maybe because the limited
number of rainfall gages are not sufficient to reflect spatial patterns of
rainfall over such a large basin for certain years. We noted an
underestimation for 1997, possibly attributed to the intensified
rainfall (at a smaller time scale like hours) that year causing high
streamflows despite an overall moderate amount of annual
precipitation (Fig. 2b) (see also (Zhou et al,, 2011)). Although the
above factors contributed to relatively low model efficiency, the
monthly streamflow simulations can be evaluated as “satisfactory”
(NSE>0.5 and |PB|<25%) and “good” (NSE>0.65 and |PB|<15%)

Recharge (mm) NO3-N (kg/ha)
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Fig. 6. Comparison of the spatial distributions of water yield (a versus b), soil water content (c versus d), groundwater recharge (e versus f), and NO3-N load (g versus h) under
baseline conditions (upper panels) and the climate projected with the A1B scenario (lower panels). These four hydrological variables represent average annual results for the

30-year baseline period (1980-2009) and projection period (2040-2069).
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for calibration and validation periods, respectively, based on the
performance ratings of Moriasi et al. (2007), which assume typical
uncertainty in observations. Because our climate-change study
focuses on long-term (30 years) impacts rather than impacts from
single events or a few years, the model performance can be deemed
acceptable for this study, especially given our use of multiyear
average simulation results.

4.2. Climate change impacts

As stated previously (see Section 2.6), an explicit assumption with
the downscaling technique we used is that future geospatial patterns
of climate will be the same as those of the past. There is no way to
know how such patterns will change in the future within the JRB,
but information from the past provides at least one plausible
(documented) way to distribute geospatial patterns. The accuracy of
the GCM projections is unknown, although the averaged results
indicate a decrease in precipitation and an increase in air
temperature. If the annual precipitation in the JRB decreases as
expected from the GCM multi-model ensemble, even under the A1B
scenario the decline in groundwater recharge (see Table 4) would
be a critical concern for stream water availability especially in the
dry season when baseflow is the dominant contributing source. This
can be revealed by the low level of dry season water yield as shown
in Fig. 5a. Although a related substantial decrease in NOs-N load
appears to be a benefit, the increase in NO3-N concentration in
stream water as water yield decreased would result in degraded
water quality. Overall, the projected decreases in soil water content,
groundwater recharge, and water yield, and the increase in NO3-N
concentration would pose potential threats for crop production and
water quantity and quality in this basin.

5. Implications

The climate sensitivity study helped quantify responses of the JRB
hydrology and water quality to rising levels of atmospheric CO,
concentration and potential changes in precipitation and air
temperature. Our analysis of hydrological effects under a projected
climate trajectory demonstrated how and to what magnitude the
JRB hydrology and water quality could be altered in the future,
although we recognize that uncertainties with GCMs likely increase
with the length of the projection period. Therefore, the climate-
sensitivity analysis can be indispensable. Overall, both climate-
sensitivity scenarios and GCM projections are useful for informing
water resource managers and other decision makers about
precautions that may be needed to mitigate potential watershed
problems related to floods and drought and associated concerns
with water supply, water quality, food production, and risks to
human health and property.

Comparison of the JRB hydrological response with those in the
adjacent Upper Mississippi River Basin (see Fig. 1) from our previous
study (Wu et al., 2012) suggests the hydrological system in this
semiarid basin is relatively more sensitive to climate change.
Therefore, this region specific study may alert that watershed
managers for drier basins should take more precautions to cope
with the potential water issues due to climate change such as the
relatively higher variability of water yield which may cause extreme
events like flooding and drought.

6. Conclusions

We applied a modified SWAT model that incorporates plant
responses (stomatal conductance reduction and leaf area increase)
to elevated CO, concentrations, to investigate hydrological effects of
rising CO, concentrations and climate change in the JRB. Our analysis
of the sensitivity of hydrological variables to shifts in climate revealed

the hydrological system in this semiarid basin is highly responsive.
For example, water yield, soil water content, groundwater recharge,
and NO*-N load could increase about 49%, 26%, 67%, and 40%,
respectively, under a doubling of CO, concentration. Nearly linear
responses in levels of water yield (—69% to 133%) and soil water
content (—41% to 33%) were predicted when precipitation changes
ranged from —20% to +20% relative to 1980-2009 baseline levels.
All four hydrological components could decrease substantially with
rises in air temperature.

Climate trajectories for three greenhouse gas emission scenarios
(B1, A1B, and A2) for 2040 through 2069 suggest decreases in
precipitation ranging from 8.5 to 9.0% and increases in air
temperature ranging from 1.9 to 3.1°C. Under these climate
conditions, hydrological components could be altered considerably.
Soil water content, water yield, and groundwater recharge could
decrease over 61%, 37%, and 77%, respectively, and changes in the
spatial distribution of these characteristics would have differential
impacts across the basin. Although the NO>-N load may decrease
more than 49%, the projected increase of about 55% in NO3-N
concentration in stream water would be of concern for water quality
and the aquatic environment.

No one knows with certainty how climate change will play out
over the coming decades, given the myriad interactions in the Earth's
environment, but modeling assessments such as we have undertaken
offer advanced insights into potential ranges for consequences. Our
combined analyses of sensitivity of hydrological components to
climate change and the effects of different scenarios of future climate
on the direction, magnitude, and spatial distribution of hydrological
responses provide needed input for consideration towards watershed
management and policies.
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Appendix A

We adopted widely accepted criteria to assess the SWAT model
performance against observations.

(I) The Percentage Bias (PB) measures the average difference
between measurements and model simulations. The optimal value
of PB is 0.0, with low-magnitude values indicating accurate model
simulation and positive or negative values indicating over-
prediction or under-prediction bias, respectively:

PB = %i (yi.si$yi_obs « ]00>

i,0bs

(I) The Nash-Sutcliffe Efficiency (NSE) (Nash and Sutcliffe, 1970)
measures the goodness of fit and approaches unity if the simulation
is satisfactorily representing the observations. The NSE describes the
explained variance for the observed values over time that is
accounted for by the model (Green and van Griensven, 2008). If the
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efficiency becomes negative, model predictions are worse than a
prediction performed using the average of all observations:

M=

<Yi,sim _Yi.obs) ’

(Yi‘obs - ?obs) ’

NSE =1-"

T

Il
—_

(I) The R? evaluates how accurately the model tracks the
variation of the observed values. It can reveal the strength and
direction of a linear relation between the simulation and observation.
The difference between the NSE and the R? is that only the NSE can
interpret model performance in replicating individually observed
values (Green and van Griensven, 2008):

2
(Zn; (Yi,obs - Yobs) (Yi.sim _Ysim> )
R =5
2.

< (Yi,obs - Y0bs> ’ é (Yi.sim _Ysim) ’

i=

where n is number of observation/simulation data for comparisons;
Yiobs and Y;sm are observed and simulated data, respectively, on
each time step i (e.g., day or month); and Y, and Y, are mean
values for observation and simulation during examination period.
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