
ABSTRACT 

SEO, SEUNG BEOM. Watershed Scale Analysis of Groundwater Surface Water Interactions 
and Its Application to Conjunctive Management under Climatic and Anthropogenic Stresses 
over the US Sunbelt. (Under the direction of Dr. Sankarasubramanian Arumugam and Dr. 
Gnanamanikam Mahinthakumar). 
 

Although water is one of the most essential natural resources, human activities have 

been exerting pressure on water resources. In order to reduce these stresses on water 

resources, two key issues threatening water resources sustainability – interaction between 

surface water and groundwater resources and groundwater withdrawal impacts of streamflow 

depletion – were investigated in this study.  

First, a systematic decomposition procedure was proposed for quantifying the errors 

arising from various sources in the model chain in projecting the changes in hydrologic 

attributes using near-term climate change projections. Apart from the unexplained changes 

by GCMs, the process of customizing GCM projections to watershed scale through a model 

chain – spatial downscaling, temporal disaggregation and hydrologic model – also introduces 

errors, thereby limiting the ability to explain the observed changes in hydrologic variability. 

Towards this, we first propose metrics for quantifying the errors arising from different steps 

in the model chain in explaining the observed changes in hydrologic variables (streamflow, 

groundwater). The proposed metrics are then evaluated using a detailed retrospective 

analyses in projecting the changes in streamflow and groundwater attributes in four target 

basins that span across a diverse hydroclimatic regimes over the US Sunbelt. Our analyses 

focused on quantifying the dominant sources of errors in projecting the changes in eight 

hydrologic variables – mean and variability of seasonal streamflow, mean and variability of 

3-day peak seasonal streamflow, mean and variability of 7-day low seasonal streamflow and 

mean and standard deviation of groundwater depth – over four target basins using an Penn 



state Integrated Hydrologic Model (PIHM) between the period 1956-1980 and 1981-2005. 

Retrospective analyses show that small/humid (large/arid) basins show increased (reduced) 

uncertainty in projecting the changes in hydrologic attributes. Further, changes in error due to 

GCMs primarily account for the unexplained changes in mean and variability of seasonal 

streamflow. On the other hand, the changes in error due to temporal disaggregation and 

hydrologic model account for the inability to explain the observed changes in mean and 

variability of seasonal extremes. Thus, the proposed metrics provide insights on how the 

error in explaining the observed changes being propagated through the model under different 

hydroclimatic regimes. 

To understand interaction between surface water and groundwater resources, transient 

pumping impacts on streamflow and groundwater level were analyzed by imposing short-

term pumping scenarios under historic drought conditions. Since surface water and 

groundwater systems are fully coupled and integrated systems, increased groundwater 

withdrawal during drought may reduce baseflow into the stream and prolong both systems’ 

recovery from drought. Towards this, we proposed an uncertainty framework to understand 

the resiliency of groundwater and surface water systems using a fully-coupled hydrologic 

model under transient pumping. Using this framework, we quantified the restoration time of 

surface water and groundwater systems and also estimated the changes in the state variables 

after pumping. Groundwater pumping impacts over the watershed were also analyzed under 

different pumping volumes and different potential climate scenarios. Our analyses show that 

groundwater restoration time is more sensitive to changes in pumping volumes as opposed to 

changes in climate. After the cessation of pumping, streamflow recovers quickly in 

comparison to groundwater. Pumping impacts on other state variables are also discussed. 



Given that surface water and groundwater are inter-connected, optimal management of the 

both resources should be considered to improve the watershed resiliency under drought. 

Subsequently, conjunctive use of surface water and groundwater has been considered 

as an effective approach to mitigate water shortage problems that are primarily caused by a 

drought. It is found that appropriate use of groundwater withdrawal was able to reduce water 

scarcity in surface water resources in drought condition. Besides, recovery time constraint 

was embedded in the management model so that trade-off between minimizing water scarcity 

and maximizing sustainability on groundwater was successfully addressed. 
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CHAPTER 1  

Background 

 

Although water is one of the most essential natural resources, human activities have 

been exerting pressure on water resources. For instance, on the water supply side, 

anthropogenic increases in greenhouse gases lead to increases in air temperature globally 

along with potential changes in hydro-climatic variability. Similarly, on the demand side, 

increased groundwater withdrawal to meet growing water demand and prolonged droughts 

also alters trade-off between the availability of surface water and groundwater. Hence, in 

order to reduce these stresses on water resources, numerous studies have been trying to 

indicate the impact of climate change and feedback issues on the supply and demand of water 

resources over the near future. In this regard, two key issues threatening water resources 

sustainability – interaction between surface water and groundwater resources and 

groundwater withdrawal impacts of streamflow depletion – were investigated. For this 

purpose, we considered three watersheds, Upper Cape Fear River (Haw and Deep River) in 

NC, Guadalupe River in TX, and Verde River in AR, from the US Sunbelt that are 

experiencing significant stress due to population growth. 

To provide adaptation to climate change impact on water resources, future hydrologic 

forcings – primarily precipitation and temperature which are obtained from global circulation 

model (GCM) – have mostly been used in order to project how water resources would be 

impacted by near-term climate change [Cherkauer and Sinha, 2010; Cheng et al., 2012; 
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Harding et al., 2012; Ficklin et al., 2013; Yang et al., 2014]. Although higher resolution of 

GCMs are being developed using the state-of-the-art computer systems, projections of 

hydrologic variables forced with these higher resolution forcings from GCMs still have 

considerable uncertainties that primarily arise in the model chain, which primarily uses 

downscaling and disaggregation in matching up the larger-scale GCM outputs with the finer-

scale watershed models [Najafi et al., 2011; Yip et al., 2011; Bosshard et al., 2013; 

Thompson et al., 2013; Woldemeskel et al., 2014]. To investigate the errors that arise in the 

model chain – on projecting future hydro-climatic variables using GCMs, we setup a 

retrospective experiment that analyzes and decomposes the sources of errors in developing 

streamflow and groundwater projections over the selected pilot basins over the US Sunbelt. 

Groundwater has played an important role to meet local water supply over the US 

Sunbelt. Given the limited scope of developing new reservoirs, there is an increased pressure 

on tapping groundwater resources. As the demand for groundwater use continues to increase 

with increase in population, aquifers in many areas in the world are depleting faster than they 

can be replenished [Gleeson et al., 2012]. Withdrawal of groundwater, particularly under 

drought conditions, may reduce the amount of water that discharges  into stream (i.e., 

baseflow) and in some cases, may  draw streamflow into underlying groundwater system 

[Barlow and Leake, 2012]. Henceforth, groundwater pumping impacts on the hydrologic 

system were quantified from various potential groundwater pumping (human stresses) and 

climate (natural stresses) scenarios. Besides, potential uncertainties in initial soil moisture 

and groundwater levels were addressed to quantify resilience of the hydrologic system in 

accordance with the estimated uncertainties. 
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As mentioned above, transient groundwater withdrawal can substitute for reduced 

surface water availability during a drought. Nevertheless, durational excessive groundwater 

pumping can persistently decline groundwater levels and dry up rivers so that water 

resources sustainability would be threatened. Therefore, effective conjunctive management 

of surface water and groundwater should be established because successful conjunctive 

management of surface water and groundwater can improve water use efficiency and 

minimize water scarcity during a drought [Cosgrove and Johnson, 2005; Liu et al., 2013; 

Singh et al., 2014a]. The optimal allocation of surface water and groundwater, which is 

essential in conjunctive management, can be achieved by employing an appropriate 

optimization model [Barlow et al., 2003; Pulido-Velázquez et al., 2006; Stray et al., 2012; 

Singh et al., 2015]. Therefore, a Simulation-Optimization modelling technique was employed 

to achieve optimal conjunctive allocation of surface water and groundwater so that it would 

be able to minimize risk of water scarcity in terms of reservoir storage. Besides, a new 

sustainability constraint was introduced to provide flexible solutions for conjunctive use of 

surface water and groundwater resources by embracing sustainability of groundwater 

resources in a basin scale. 

The outline of this dissertation is organized as follows: Chapter 2 provides the overall 

descriptions about target watersheds, hydrologic model, and data sets. In chapter 3, dominant 

source of errors in developing streamflow and groundwater projection were quantified. In 

chapter 4 addresses resiliency of water resources system in accordance with potential 

uncertainties induced by initial conditions on surface and sub-surface water. Following that, 

optimal conjunctive use of surface water and groundwater was achieved in compliance with 
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resiliency of water resources system in chapter 5. Finally, the findings are summarized in 

chapter 6 along with the scope of future study.  
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CHAPTER 2 

Target Watersheds, Hydrologic Model, and Data 

 

2.1 Target watersheds 

We considered four different watersheds from the US Sunbelt having both surface 

water and groundwater data over a long period of time. We selected four target basins – Haw 

River in NC, Deep River in NC, Guadalupe River in TX, and Verde River in AZ – which are 

located in varied hydroclimatic settings ranging from humid east to arid west (Figure 2.1). 

The Haw and Deep River basins together form the upper Cape Fear River basin, NC, that is 

located in the eastern part of the US Sunbelt. The headwaters of the Haw River run 177 km 

into the Jordan Lake reservoir and the drainage area of the basin is 3,959 km2. The Deep 

River is approximately 201 km long and flows into the Haw River just downstream of Jordan 

Lake that supplies water for the Triangle area in NC [Li et al., 2014; Singh et al., 2015]. Both 

the Haw and the Deep River basins receive mean annual precipitation of 1,137 and 1,153 mm 

respectively. The Guadalupe River, a semi-arid basin located in Texas, flows to the San 

Antonio Bay which drains into the Gulf of Mexico. The drainage area of the Guadalupe 

River basin is 11,860 km2 and it receives a mean annual precipitation of 858 mm. Recharge 

from the Guadalupe River partly goes into the Edwards aquifer, which supplies water to the 

city of San Antonio [Clark et al., 2014]. Observed streamflow in the Guadalupe River does 

not exhibit seasonality with monthly flows being uniformly distributed over the year. The 
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Verde River, an arid basin, covers approximately 14,115 km2 of north-central Arizona, 

which receives mean annual precipitation of 474 mm. The Verde River supplies water to the 

Phoenix metro area and is a part of the lower Colorado River basin. 

 

 

Figure 2.1 Selected four target watersheds across US Sunbelt 

 

2.2 Penn State Integrated Hydrologic Model (PIHM) 

Many hydrologic models have been applied for quantitative projections of streamflow 

in studies that addressed climate change impact. However, most studies considered only the 

surface water or groundwater for quantifying the change projections [e.g., Christensen et al., 
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2004; Fowler et al., 2007; Vicuna et al., 2007; Minville et al., 2010; Zhu and Ringler, 2012; 

Taylor et al., 2012b; Aich et al., 2013; Kløve et al., 2014]. Even though several studies have 

developed a model of streamflow and groundwater coupling for simulating surface water, 

groundwater, and stream-aquifer interactions on a continuous basis (e.g., SWAT-

MODFLOW model by [Kim et al., 2008]), such couplings are primarily one-way along the 

topographic gradient and do not capture water transfer in both directions. An integrated 

surface water and groundwater model, PIHM (Penn State Integrated Hydrologic Model), was 

used for ensuing analyses. PIHM is a fully coupled multi-process model in which surface 

water, groundwater, and land surface components are fully coupled using a semi-discrete 

finite volume approach [Qu and Duffy, 2007]. Readers are referred to Kumar [2009] for 

more details about the individual process equations. The model has been successfully applied 

at multiple scales and in diverse hydro-climatological settings in both North America and 

Europe [Shi et al., 2013; Wang et al., 2013; Yu et al., 2014; Chen et al., 2015]. Since PIHM 

is a fully distributed model, it requires intensive data development and topology definitions. 

All physiographic and hydroclimatic data and other topological relations needed to perform 

model simulations are automatically mapped using PIHMgis [Bhatt et al., 2014]. 

2.3 Data 

2.3.1 Observed Precipitation, Temperature, Streamflow, and Groundwater Data sets 

Gridded observed precipitation and temperature data were downloaded from the 

following data link (http://www.engr.scu.edu/~emaurer/gridded_obs/) which is originally 

from Hydro | Computational Hydrology group in University of Washington (http://uw-
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hydro.github.io/). Monthly or daily gridded observations at 1/8 degree spatial resolution, 

roughly 12 km x 12 km, are now available up to 2010 and details regarding these data are 

described in Maurer et al [2002]. Streamflow and groundwater data for four target basins are 

obtained from USGS (United States Geological Survey) Water Data webpage 

(http://waterdata.usgs.gov/nwis/) and Water Data for Texas webpage 

(http://www.waterdatafortexas.org/groundwater/). All streamflow gauges are HCDN 

(Hydroclimatic Data Network) stations which are located in streams subjected to minimal 

anthropogenic influences such as pumping and upstream storage [Sankarasubramanian and 

Vogel, 2002, Vogel and Sankarasubramanian, 2000]. Groundwater depth are procured from 

the USGS climate – groundwater response network, which comprises wells that are 

minimally influenced by pumping and storage. Station locations and periods of streamflow 

and groundwater datasets considered for this study are given in Table 2.1.  
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Table 2.1 Stream gauges and groundwater wells selected for the error decomposition analyses over the four target watersheds 

1) TWDB: Texas Water Development Board 

 

 

 

 

 

 

 Watershed Station Name/Number Longitude Latitude Data Availability Aquifer Type/Depth

St
re

am
fl

ow
 Haw River At Haw River 79.366111 36.087222 1929-present  

Deep River At Moncure 79.116111 35.626944 1931-present  

Guadalupe River At Victoria 97.012778 28.792778 1934-present  

Verde River Above Horseshoe dam 111.71556 34.073056 1946-present  

G
ro

un
dw

at
er

 

Haw River USGS 355522079043001 79.058056 35.908611 1949-present unconfined/ 48.0 ft 

Guadalupe River TWDB1) 8017502 96.948888 28.684166 1993-present unconfined/ 1,026 ft

Verde River USGS 341408111212901 111.35806 34.235556 1976-1988 unconfined/ 44.5 ft 
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Table 2.2 Seasonal statistics of the six observed hydrologic variables of streamflow for the target basins during the control 
period. Corresponding station names and numbers are in Table 2.1 (Unit: cubic meters per second) 

 
 

 

  DJF MAN JJA SON   DJF MAN JJA SON 

S
ea

so
na

l m
ea

n 
st

re
am

fl
ow

 

Haw 23.1 21.0 9.8 10.9 

S
ta

nd
ar

d 
de

vi
at

io
n 

of
 s

ea
so

na
l 

st
re

am
fl

ow
 

Haw 9.5 9.0 5.6 8.9 

Deep 65.8 60.9 24.2 20.7 Deep 23.5 21.3 14.7 17.3 

Guadalupe 61.2 65.1 51.6 68.8 Guadalupe 45.4 50.3 40.4 55.0 

Verde 27.2 25.7 5.7 10.1 Verde 27.8 28.2 1.8 9.6 

S
ea

so
na

l m
ea

n 
 3

-d
ay

 p
ea

k 
fl

ow
 Haw 125.4 103.6 67.1 82.1 

S
ta

nd
ar

d 
de

vi
at

io
n 

of
 3

-d
ay

 p
ea

k 
fl

ow
 

Haw 75.5 68.3 71.4 103.3 

Deep 374.7 339.2 203.6 174.8 Deep 142.6 138.1 157.5 157.3 

Guadalupe 279.5 315.0 285.6 318.6 Guadalupe 216.8 267.1 240.5 260.9 

Verde 261.0 160.4 19.4 89.7 Verde 313.4 340.8 17.0 169.6 

S
ea

so
na

l m
ea

n 
 7

-d
ay

 lo
w

 f
lo

w
 Haw 6.7 5.9 2.7 2.7 

S
ta

nd
ar

d 
de

vi
at

io
n 

of
 7

-l
ow

 lo
w

 f
lo

w
 Haw 2.8 2.2 0.9 1.1 

Deep 11.7 12.4 3.4 3.2 Deep 7.4 5.6 1.3 2.0 

Guadalupe 21.2 20.8 18.3 18.8 Guadalupe 10.1 9.1 9.2 8.2 

Verde 6.9 4.1 2.8 3.9 Verde 1.3 1.3 0.7 0.8 
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Table 2.3 Seasonal statistics of two observed hydrologic variables of GW depth for the target basins during the control 
period. Corresponding station names and numbers are in Table 1.  (Unit: meters) 

 

 

 

  DJF MAN JJA SON   DJF MAN JJA SON 

S
ea

so
na

l m
ea

n 
G

W
 d

ep
th

 Haw 13.22 12.70 12.59 13.03 

S
ta

nd
ar

d 
de

vi
at

io
n 

of
 s

ea
so

na
l G

W
 

de
pt

h 

Haw 0.60 0.71 0.69 0.61 

Guadalupe 17.61 17.32 17.07 16.78 Guadalupe 0.94 0.79 0.87 0.91 

Verde 5.82 5.49 5.98 6.13 Verde 0.48 0.70 0.47 0.26 
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Six seasonal statistics of the observed streamflow during the control period are shown 

in Table 2.2, and two seasonal statistics of the observed groundwater depth (GW depth) 

during the control period are shown in Table 2.3. Guadalupe River basin is the only 

watershed has no-significant seasonality on observed streamflow variables unlike the other 

basins that have clear seasonality. The changes in these eight hydrologic variables are 

projected to be decomposed by the different sources of errors in this study. The details on 

these eight variables are described in section 3.1. 

2.3.2 GCM Precipitation and Temperature 

Historic simulations of monthly precipitation and temperature series for 56 years 

(1950~2005) were obtained from a suite of 32 ensemble members from 11 GCM models of 

CMIP5 (shown in Table 2.4). Large spatial scale outputs from GCMs which were bias-

corrected to 1/8 degree by BCSD (monthly Bias-Correction and Spatial Disaggregation) by 

Bureau of Reclamation (BOR) [Reclamation, 2014] were obtained for the four target basins. 

This ensured both observed and GCM climate projections having the same spatial resolution 

for forcings into PIHM.  
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Table 2.4 Details of the selected 11 GCMs from the CMIP5 historical simulations [Taylor et al., 2012a] 

IPCC Model ID Modeling Agency 
# of 

Ensemble
Reference 

CNRM_cm5 Centre National de Recherches Meteorologiques, France 1 Voldoire et al., 2013 

CSIRO_mk3_6 
Commonwealth Scientific and Industrial Research 

Organization, Australia 
10 Jeffrey et al., 2013 

GFDL_cm5 Geophysical Fluid Dynamics Laboratory, USA 5 Yang et al., 2013 

GFDL_esm2g Geophysical Fluid Dynamics Laboratory, USA 1 Yang et al., 2013 

GISS_e2_r NASA Goddard Institute for Space Studies, USA 1 Chandler et al., 2013 

IPSL_cm5a_lr Institute Pierre-Simon Laplace, France 4 Dufresne et al., 2013 

MIROC_esm 
Japan Agency for Marine-Earth Science and Technology, 

Atmosphere and Ocean Research Institute (The University of 
Tokyo), Japan 

1 Watanabe1 et al., 2011 

MPI_esm_lr Max Planck Institute for Meteorology, Germany 3 Giorgetta et al., 2013 

MRI_cgcm3 Meteorological Research Institute, Japan 1 Yukimoto et al., 2012 

NCAR_ccsm4 National Center for Atmospheric Research, US 4 Gent et al., 2011 
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2.3.3 GIS Data Set 

Regarding spatial heterogeneity in topography, hydrogeology, and land cover, GIS 

data sets such as watershed boundary, digital elevation, and land-cover/soil classification for 

the Haw River basin were downloaded through the USGS national map viewer and download 

platform webpage (http://nationalmap.gov/viewer.html/). Land cover/soil classification data 

sets were also downloadable from the geospatial data gateway of Natural Resources 

Conservation Service (NRCS) webpage (http://datagateway.nrcs.usda.gov/). All spatially 

distributed data sets were then converted into raster format for loading into PIHMgis. 

Readers are referred to Kumar (2009) and PIHM webpage 

(http://www.pihm.psu.edu/index/html) for more details about acquisition of the required GIS 

data sets and PIHMgis. Partitioned domain maps of elevation, horizontal hydraulic 

conductivity, and soil texture classification are generated by PIHMgis with the GIS data sets. 

Spatial resolution of the partitioned domain is adjustable by users. 

2.4 Calibration and Validation of PIHM 

PIHM parameters were calibrated for the four target basins using observed 

precipitation and temperature time series at 1/8 degree for the control period (1956-1980). 

Manual calibration of hydrogeologic parameters such as soil hydraulic conductivity, 

macroporosity, and soil retention parameters, was performed uniformly across the model 

domain to ensure modeled streamflow and groundwater variations were captured well. The 

simulated streamflow and groundwater were compared with the monthly observed 

streamflow and groundwater depth available at specific stations over the target basins. Figure 
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2.2 shows comparison of monthly time series of observed and PIHM simulated streamflow 

and groundwater depth. While the PIHM was able to capture the variability in GW depth 

extremely well (most relevant to this study), it had difficulty matching the observed mean 

values representing the equilibrium state of GW depth. Thus, constant bias corrections were 

applied to the simulated mean-monthly GW depth values. Delta values, i.e., mean GW depth 

correction factors, for Haw, Verde, and Guadalupe River were 12.24, 4.45, and 16.47 (m), 

respectively. Readers refer to Figure 2.3 for the bias-correction of the groundwater depth in 

Haw River basin.  

 

(a) (d)

(b) (e)

(c) (f)

Figure 2.2 Performance of PIHM in simulating observed monthly streamflow ((a)-(c)) and 
groundwater ((d)-(f)) over the selected target basins (Haw River: (a) and (d); Verde River: 
(b) and (e); Guadalupe River: (c) and (f)). Correlation Coefficient (CC) and Nash-Sutcliffe 
Efficiency (NSE) between the observed and the simulated time series are provided under 
each figure 
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For evaluating the model performance, Correlation Coefficient (CC) and Nash-

Sutcliffe Efficiency (NSE) values of monthly streamflow and GW depth were computed for 

each target basin (shown in Table 2.5). In spite of using manual calibration procedure, PIHM 

simulations of streamflow and GW depth were reasonably good in all the target basins. 

Overall, performance of streamflow simulations was better than that of GW depth (shown in 

Table 2.5). PIHM simulations in Haw and Deep River watersheds, located in humid climate, 

showed better performance than the other two basins.  

 

 

Figure 2.3 Bais-corrected monthly groundwater depth of Haw River at Chapel Hill station 
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Table 2.5 Evaluation of the model performance for each season: Correlation Coefficient and Nash-Sutcliffe Efficiency values 
of monthly streamflow and GW depth for each target basin [Seo et al., 2016b] 

1) Calibration periods of Guadalupe and Verde River groundwater depth are 1993-1998 and 1978-1985, respectively. And 
Correlation Coefficient (CC) and Nash-Sutcliffe Efficiency (NSE) for each season are not shown due to lack of observed data 
period. 

 

 

Watershed 
Station 

Name/Number 

Calibration (1956~1980) Validation (1981~2005) 
 CC NSE CC NSE 

 DJF MAM JJA SON DJF MAM JJA SON DJF MAM JJA SON DJF MAM JJA SON

S
tr

ea
m

fl
ow

 

Haw River At Haw River 0.95 0.93 0.94 0.97 0.84 0.82 0.86 0.92 0.94 0.86 0.88 0.94 0.77 0.74 0.73 0.86

Deep River At Moncure 0.94 0.96 0.97 0.96 0.83 0.87 0.93 0.90 0.93 0.97 0.93 0.96 0.53 0.84 0.76 0.83

Guadalupe River At Victoria 0.91 0.69 0.80 0.76 0.81 0.45 0.60 0.51 0.82 0.70 0.69 0.82 0.65 0.42 0.47 0.65

Verde River 
Above Horseshoe 

dam 0.89 0.79 0.89 0.89 0.74 0.61 0.73 0.78 0.80 0.92 0.90 0.92 0.53 0.65 0.80 0.85

G
ro

un
dw

at
er

 

Haw River 
USGS 

355522079043001 0.82 0.80 0.77 0.77 0.63 0.59 0.56 0.57 0.70 0.69 0.68 0.67 0.48 0.47 0.45 0.45

Guadalupe 
River1) 

TWDB  8017502 0.82 0.48   

Verde River1) 
USGS 

341408111212901 0.79 0.54   
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CHAPTER 3 

Identification of Dominant Source of Errors in Developing 

Streamflow and Groundwater Projection under Near-

term Climate Change 

 

3.1 Introduction 

Potential impacts of climate change on water resources management have received 

considerable attention in recent decades due to continually increasing global temperature. 

Consequently, many studies have focused on assessment of climate-change impacts on 

hydrologic variables [Cherkauer and Sinha, 2010; Vano et al., 2010; Cheng et al., 2012; 

Harding et al., 2012; Ficklin et al., 2013; Koutroulis et al., 2013; Yang et al., 2014]. Mostly, 

precipitation and temperature projections that are simulated by Global Circulation Models 

(GCMs) forced with hydrologic models to quantify the potential changes in hydrologic 

variables as well as the impacts on water resources [Cherkauer and Sinha, 2010; Cheng et al., 

2012; Harding et al., 2012; Ficklin et al., 2013; Yang et al., 2014]. Nevertheless, it is well-

known that there is considerable uncertainty in developing hydroclimatic projections using 

GCM outputs [Maurer and Duffy, 2005]. Hence, studies have focused on reducing and 

quantifying the uncertainty in hydroclimatic projections [Maurer and Duffy, 2005; Hawkins 

and Sutton, 2009; Woldemeskel et al., 2012; Katz et al., 2013]. Apart from uncertainty 
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arising from GCMs, efforts have also focused on uncertainties arising from the model chain – 

the suite of physical and statistical models by which large-scale climate change information 

is translated to local/regional impacts – in developing hydroclimatic projections [Najafi et al., 

2011; Yip et al., 2011; Bosshard et al., 2013; Thompson et al., 2013; Woldemeskel et al., 

2014]. For instance, Wilby and Harris [2006] have considered uncertainties in low-flow 

scenarios for Thames River basin due to emission scenarios, GCMs, statistical downscaling, 

and hydrologic model structure. These studies, however, have primarily employed analysis of 

variance (ANOVA) techniques on quantifying the uncertainties contributed by the model 

chain on the-end-of-the-century projections, which of course does not consider the 

uncertainty in estimating observed estimates. Besides, Woldemeskel et al. [2014] addressed 

how GCM uncertainties affect hydrologic impact assessment models by quantifying and 

accounting for GCM uncertainties in drought assessment model. On the contrary, this study 

focuses on decomposing the sources of errors in developing hydroclimatic projections using 

GCM forcings of CMIP5 (Coupled Model Inter-comparison Project Phase 5) through a 

detailed retrospective analysis by comparing with the observed hydroclimatic data. 

CMIP5 projections provide multiple GCM simulations under different climate change 

scenarios until the-end-of-the-century (~2100) [Taylor et al., 2012a]. CMIP5 also includes 

decadal hindcasts that were developed by initializing GCMs with SSTs (Sea Surface 

Temperature) over various time periods to develop 10-year and 30-year hindcasts [Taylor et 

al., 2012a]. Hawkins and Sutton [2009] showed that emission scenarios represent most 

uncertainty when it comes to the-end-of-the-century projections, but for near-term (10-30 

years) climate change projections, uncertainty due to climate models is expected to be 
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significant. Since most water resources planning typically focuses on 10-30 year time scales, 

one could utilize near-term hydroclimatic projections for supporting basin-wide planning and 

water allocation decisions [Singh et al., 2015]. Another advantage in focusing over 10-30 

year time scales stems from the reduced uncertainty induced by emission scenarios in near-

term climate change scenarios [Hawkins and Sutton, 2009]. Hence, we focused on the 

relative contribution of errors from multiple steps in the model chain in developing near-term 

hydroclimatic projections by comparing with the eight observed changes in hydrologic 

variables. 

The main intent of this study is to decompose different sources of errors that arise in 

the model chain – spatially downscaled GCM forcings, temporal disaggregation, and 

hydrologic model – in estimating the changes in hydrologic variables from near-term climate 

change projections.  For this purpose, we performed a retrospective analysis over four target 

basins from the US Sunbelt (Figure 2.1) and compare the observed changes in streamflow 

and groundwater depth from the target period (1956-1980) to the control period (1981-2005) 

with the estimated changes using Penn State Integrated Hydrologic Model (PIHM) forced 

with CMIP5 projections. Errors in estimating the changes in streamflow and groundwater 

depth are then attributed to various steps in the model chain using a unique experimental 

design. Emission scenarios were not considered since GCM historic simulations were used 

for decomposing different sources of errors in estimating the observed changes in hydrologic 

attributes. Given that our retrospective analyses compares the estimated changes from GCM 

projections with the observed changes in various hydrologic attributes, it provides a baseline 

for addressing the following science questions: 1) how can we attribute the errors in 
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estimating the changes in seasonal streamflow and groundwater projections to different 

sources – spatially downscaled GCM forcings, temporal disaggregation, and hydrologic 

model – in the model chain? 2) what are the metrics that can systematically decompose and 

identify the sources of errors in projecting the changes in hydrologic attributes arising from 

the model chain in using climate change information? 3) what is the dominant source of error 

in the model chain and how does that dominant source vary in estimating the changes in 

seasonal hydrologic attributes as opposed to estimating the changes in seasonal extremes? 4) 

how does each source of error vary under different seasons (e.g., winter versus summer) and 

four watersheds under different hydroclimatic regimes (e.g., arid versus humid)?  

The manuscript is arranged as follows: chapter 3.2 details the selected pilot basins, 

models, and data used in this study. Chapter 3.3 describes the experimental design of the 

proposed error decomposition from the model chain along with associated performance 

metrics. Following that, results and analyses on error decomposition from the retrospective 

analyses are presented in chapter 3.4. Finally, the findings from the study are summarized 

followed by a discussion. 

3.2 Methodology 

3.2.1 Experimental Design for Error Decomposition 

Our primary focus is in quantifying various sources of errors arising from the model 

chain by comparing the observed changes in hydrologic variables with the estimated changes 

in hydrologic variables based on a retrospective analyses. For this purpose, we obtained 

projections of streamflow and groundwater from PIHM forced with CMIP5 BCSD 
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projections disaggregated to daily series for the 55-year period (1951-2005). Excluding first 

5 years simulation as a spin-up period, we considered 1956–1980 as the control period and 

1981-2005 as the target period for estimating the changes in streamflow and groundwater 

depth. Future projections were not analyzed in this study since our interest is in decomposing 

the errors in estimating the changes in hydrologic attributes with the observed changes in 

hydrologic attributes between the control period and target period. PIHM parameters for all 

four target basins were calibrated with observed streamflow and groundwater depth for the 

control period (1956-1980), and then streamflow and groundwater depth were simulated for 

the target period (1981-2005). Target period is considered as the retrospective “projection” 

for quantifying the errors arising from the model chain. Hereafter, “projection” in this study 

represents PIHM estimates of streamflow and groundwater for the target period (1981-2005). 

Figure 3 illustrates an overall experimental design for out analyses on the different sources of 

errors that arise in projecting streamflow and groundwater depth using GCM forcing data. 

Three different model chains having different daily precipitation and temperature forcings 

were used to run the PIHM over the target period for quantifying the errors due to different 

modelling steps that matches the spatio-temporal resolution of the climate data to the 

required spatial (1/8 degree) and temporal (daily) scales for PIHM (Figure 3): 

(i) Error due to hydrologic model (PIHM) (Model chain (a)): Observed gridded daily 

precipitation and temperature series at 1/8 degree scale [Maurer et al., 2002] were forced 

with PIHM. 
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(ii) Error due to disaggregation and hydrologic model (Model chain (b)): Temporally 

disaggregated daily precipitation and temperature series from observed monthly data at 1/8 

degree based on the approach by Prairie et al. [2007] were used as forcings. In order to 

estimate the errors in projection due to the temporal disaggregation scheme alone, daily 

observed precipitation and temperature series at 1/8 degree were first aggregated to monthly 

time step, and then temporally disaggregated back to the daily time step. Thus, errors in the 

disaggregated observed time series primarily arises from the disaggregation scheme, and it 

gets transferred during the hydrologic simulation. Statistical disaggregation based on K-

nearest neighbors (K-NN) algorithm [Prairie et al., 2007] was employed in this study. By 

considering observed monthly precipitation and temperature on the conditioning variable, K 

nearest neighbors were selected out of the entire historical time series based on the estimated 

distance between the conditioning variable and the historical time series over the entire 

period 1956 to 2005 in a leave-one-out cross validation. For instance, in order to select ‘K’ 

nearest neighbors for January 1956, monthly precipitation for the remaining 49 years were 

considered - leaving out the conditioning point January 1956 – for developing an ensemble. 

Then the daily series corresponding to the monthly series identified from K neighbors were 

resampled by assigning different weights based on Lall and Sharma kernel [Lall and Sharma, 

1996]. For further details of the temporal disaggregation based on K-NN approach, see 

Prairie et al. [2007] and Sinha and Sankarasubramanian [2013]. 

(iii) Error due to GCM downscaling, disaggregation, and hydrologic model (Model 

chain (c)): Temporally disaggregated daily precipitation and temperature series from 32 

ensemble members of monthly GCM series at 1/8 degree were used as forcings. It is noted 
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that the GCM forcing data used in this study naturally contain the part of downscaling error 

in the model chain since the CMIP5 climate projections were downloaded to 1° × 1°, which 

are further interpolated to 1/8° × 1/8° by BOR. Reclamation [2014] considered simple 

quantile mapping for downscaling large-scale climate variable to watershed scale. Readers 

are referred to Reclamation [2014] for more details about the spatially downscaled CMIP5 

climate projections. 

Other forcing series such as wind speed, relative humidity, vapour pressure, and solar 

radiation were kept same as daily mean series of model-simulated daily series driven by 

observed precipitation and temperature across all three model configurations. 

Each model chain projects eight hydrologic variables: (1) seasonal mean streamflow 

(2) seasonal mean GW depth, (3) standard deviation of seasonal streamflow, (4) standard 

deviation of GW depth, (5) seasonal mean 3-day peak streamflow, (6) standard deviation of 

seasonal 3-day peak streamflow, (7) seasonal mean 7-day low streamflow, and (8) standard 

deviation of seasonal 7-day low streamflow. For obtaining the changes in the above eight 

attributes between the control period and the target period, we considered the changes in the 

respective statistics obtained from observed streamflow/GW depth as the baseline for 

comparison. Since observed GW depth is not available continuously for Verde and 

Guadalupe River basins, we considered simulated GW depth series from PIHM as the 

baseline. Hence, we obtained the changes in groundwater attributes from the simulated daily 

groundwater series for the two basins.  
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The eight hydrologic variables simulated by PIHM using observed daily forcings 

(box (a) in Figure 3.1) are denoted as i

Sim jQ  ((e) in Figure 3.1) where i = c, t with ‘c’ denoting 

the control period (1956-1980) and ‘t’ denoting target period (1981-2005) and j = DJF (Dec, 

Jan and Feb), MAM (Mar, Apr and May), JJA (Jun, Jul and Aug), and SON (Sep, Oct and 

Nov) - representing four different seasons. From these simulated values, the bias in 

estimating these variables was calculated by comparing with the observed values. Next, the 

eight different hydrologic variables, i

TS jQ , ((f) in Figure 3.1) were obtained from streamflow 

and groundwater estimates from PIHM forced with daily disaggregated time series from 

observed monthly precipitation (box (b) in Figure 3.1). Thus, the difference between (e) and 

(f) in Figure 3 is considered as the error added due to temporal disaggregation scheme. 

Finally, we also estimated the projections of eight variables, i

GTS jQ ,  ((g) in Figure 3.1) were 

obtained from streamflow and groundwater estimates from PIHM forced with daily GCM 

forcings which were disaggregated from monthly GCM forcings from the BOR site (box (c) 

in Figure 3.1). The difference between (f) and (g) in Figure 3.1 provides the errors due to 

GCM forcings alone. Thus, the proposed experimental design helps us to quantify the errors 

arising from different steps in the model chain in translating the large-scale climate 

information to basin- scale changes in hydrologic variables. 
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Figure 3.1 Experimental design for quantifying the sources of errors in developing seasonal 
streamflow projections using near-term climate change information 

 

3.2.2 Error Decomposition Metrics 

3.2.2.1 Decomposition of Projection Errors 

Following the decomposition procedures suggested by Sinha et al., [2014] and 

Mazrooei et al., [2015] for understanding the dominant sources of error in seasonal 

streamflow forecasts, the difference between observed and projected hydrologic variables 

could be linearly decomposed into three different sources of errors based on equation (3.1). It 

is assumed that the residuals of each model chain are linearly additive. Given that many 
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hydrologic models have been used for climate change assessment, hydrologic responses 

embedded in many of them might be nonlinear function. In this study, however, we did not 

propose linear decomposition framework for responses but residuals of the model chain 

regardless of non-linearity of the hydrologic model. Linear decomposition has been used to 

denote additivity of model errors in each step for its simplicity [Sinha et al., 2014; Mazrooei 

et al., 2015]. To validate the assumption of linear decomposition, we presented scatter plots 

of two different residuals of seasonal streamflow during 50 years of simulation (from 1956 to 

2005) generated by the two different model chains: i.e. each point denotes residuals of each 

year (in Figure 3.2).  

(a) (b)

(c) (d)

Figure 3.2 Scatter plots of two different residuals of seasonal streamflow during 50 years of 
simulation (from 1956 to 2005): Winter streamflow (Oct to Dec) of the four target watershed 
(unit: CMS) 
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As shown in Figure 3.2, pairs of residuals from the two model chains, ( i

Sim j , i

TD j ) in 

Equation (3.1) – i represent each year in the period of the Figure 3.2, show linear relationship 

across all the four target basins. Thus, linearity assumption on residuals of the different 

model chains seems reasonable. Even though plots for only one season (Oct. to Dec.) were 

shown in Figure 3.2. For reference, other seasons also shows very similar patterns.  

i i i i i

OBS j GTS j GCM j TD j Sim jQ Q               (3.1) 

where i

Sim j , i

TD j , and i

GCM j  are errors due to PIHM simulation, temporal disaggregation, and 

GCM forcings for j season in i period, respectively. Each of these errors on the selected 

hydrologic variables could be obtained sequentially as follows (equations (3.2)-(3.4)):   

 i i i

OBS j Sim j Sim jQ Q            (3.2) 

i i i

Sim j TS j TD jQ Q            (3.3) 

 i i i

TD j GTS j GCM jQ Q            (3.4) 

In other words, GTSQ is the streamflow/GW depth attributes having the error due to 

GCM forcings, temporal disaggregation, and hydrologic model all together. TSQ  is the 

streamflow/GW depth attributes having the error due to both temporal disaggregation and 

hydrologic model. SimQ  is the streamflow/GW depth attributes having the error due to 

hydrologic model alone. With regard to error terms, GCM  is the error due to GCM forcings 

alone, TD  is the error due to temporal disaggregation alone, Sim  is the error due to 
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hydrologic model alone. Thus, the sum of these errors, GCM + TD + Sim , is the total error from 

the model chain in projecting changes in hydrologic variables using GCM forcings. 

3.2.2.2 Decomposition of Errors in Projecting the Changes in Hydrologic Variables 

As discussed earlier, studies have addressed uncertainty embedded on GCM-driven 

hydroclimate projections arising from the model chain based on ANOVA techniques. Our 

study, however, is aimed at analysing how different sources of errors from the model chain 

propagate by comparing the observed hydrologic variables with the projected estimates.  

Given that all model estimates have inherent bias in estimating the observed values, climate 

change studies typically focus on the projected changes in hydrologic variables, which could 

provide the potential change from the observed period [Harding et al., 2012; Aich et al., 

2013; Ficklin et al., 2013; Yang et al., 2014]. Hence, we addressed how the errors from the 

model chain propagate in estimating the change in projections of the considered eight 

hydrologic variables. Thus, we also quantified how three different sources of errors – GCM 

forcings, temporal disaggregation, and PIHM simulation – propagate along the model chain 

and affect the projected changes in hydrologic variables. Observed changes of the hydrologic 

variables, OBS j , for season j between the target and the control period, can be written as: 

target control

OBS j OBS j OBS jQ Q             (3.5) 

Similarly, changes in the hydrologic variables estimated by the hydrologic model 

using 1) observed forcings ( Sim j ), 2) temporally disaggregated observed forcings ( TD j ), and 
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3) temporally disaggregated GCM forcings ( GCM j ) are calculated by substituting equation 

(3.1) in equation (3.5), we get 

   target target target target control control control control

GTS j GCM j GCM j GCM j GTS j GCM j GCM j GCM jOBS j Q Q              (3.6) 

GCM TD SimOBS j GTS j                             (3.7) 

where target control
GTS GTS j GTS jQ Q   , target control

GCM GCM j GCM j    , target control

TD TD j TD j    , and 

target control

Sim Sim j Sim j      

Thus, the change in the observation ( OBS j ) between the two periods can be explained 

by the change in GCM projections ( GTS j ) and the sum of the changes in errors that arise in 

the model chain (
GCM TD Sim      ). Hereinafter, we define the change in error (CIE) as the 

difference in the error (  ) due to a particular modeling step between the control period and 

the target period. Thus, using the metrics defined in this chapter, we decomposed both the 

errors as well as how the errors change between the two time periods in translating large 

scale information to local scale. 

3.3 Results and Analysis 

Daily streamflow and GW depth series for the control and target periods were 

obtained by using three different forcings (as discussed in chapter 3.2) for all the four target 

basins. In total, eight seasonal hydrologic attributes were derived from the estimated daily 

streamflow and GW depth series under three different model chains, i

Sim jQ , i

TS jQ , and i

GTS jQ , 
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for each target basin. Since climate change studies typically focus on the estimation of 

changes in hydrologic variables ( ), we first present projection errors with the 

decomposition metrics defined in chapter 3.3.1. Following that, we discuss how errors in the 

estimation under target and control periods are decomposed based on the metrics defined in 

chapter 3.3.2.  

3.3.1 Errors in the Estimation of Changes in Hydrologic Variables 

Figure 3.3 shows how the ensemble of GCM projections ( GTS j ) captures the 

observed changes in each seasonal streamflow attribute. With respect to mean seasonal 

streamflow ((a) in Figure 3.3), GCM projections were not able to capture the observed 

changes. Especially, in the case of Haw River basin, GCM projections cannot even get the 

direction of the observed change correctly for any season. It is also important to note that 

projection range – distance between 1st and 3rd quartile values – of the ensemble members in 

small watersheds, Haw and Deep River basins, are much wider compared to Guadalupe and 

Verde River basins, which are relatively large watersheds. This indicates that projection 

driven by GCM forcings may induce larger uncertainty, particularly in smaller watersheds. 

This is consistent with other studies focusing on climate change impacts [Christensen et al., 

2007; Foley, 2010; Corney et al., 2013]. Of all the basins, the projected and observed 

changes in mean seasonal flow agree reasonably well for the Verde River basin even though 

the observed change is very small in the basin. Similarly, the observed and projected changes 

in mean seasonal flow are in line during all the seasons except summer. Further, ensemble 

mean of projected changes underestimated the observed change in all the seasons except fall 
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(i.e. ensemble mean of the projected changes did not imply significant changes in projection 

regardless of its predictability). On estimating the seasonal streamflow variability ((b) in 

Figure 3.3), projections show similar pattern as that of seasonal mean projection. In general, 

information from GCM projections underestimates the observed variability of seasonal 

streamflow. For Verde River basin, since there is no noticeable change in the observed 

streamflow series as well as in the GCM streamflow projections, it is hard to evaluate the 

performance of the GCM projections on both mean seasonal streamflow and variability in 

seasonal streamflow. 

Even though we calibrated and validated model using historic observed data set, there 

were some differences in PIHM performance between the control and the target period. If 

there are large differences in hydrologic model performances between the control and target 

(future) period, we can say current climate regime is not same to the future period (from 

hydrologic model performance points of view). By comparing the seasonal NSE values 

between control and target periods in Table 2.5 along with Figure 3.3, we found that 

estimation of changes in variables are affected by the changes in hydrologic model 

performance between control and target period at some extent. In other words, when there 

was larger difference between NSE values of control and target period (regardless of the 

values of NSE for each control or target period), the model performance for estimation of 

changes in variables was poorer at some extent. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 
  

Figure 3.3 Comparison between observed change (x-axes) and the estimated changes (y-axes, 

GTS j ) from PIHM forced with 32-ensemble BCSD GCM projections (changes between 

1956-1980 and 1981-2005): (a) mean and (b) standard deviation of seasonal streamflow, (c) 
mean and (d) standard deviation of 3-day maximum seasonal streamflow, and (e) mean and 
(f) standard deviation of 7-day minimum flows over the four seasons. Dotted line represents 
the observed change being equal to the estimated change 



34 
 

 

For instance, NSE values of spring/summer season in control and target period for 

Guadalupe basin were 0.45/0.60 and 0.42/0.47 respectively. Thus, the changes in NSE values 

are -0.03/-0.13. Even though model performance was quite poor in spring season for both 

period, changes in NSE value was low and the model performance for estimation of changes 

in mean streamflow and variability in spring season was very good (shown in (a) and (b) in 

Figure 3.3). On the contrary, the performance in summer season was poor given that the 

changes in NSE values was much larger thang spring season. Even though we used historic 

data sets for near-term climate change, the changes in climate regime would be intensified in 

the future as discussed in Wasko and Sharma [2015] when it comes to long-term future. In 

this regard, model configuration for the future period would be one of the challenges in 

climate change studies up to the end of 21 century. 

With respect to capturing the changes in the statistics of hydrologic extremes such as 

3-day peak and 7-day low seasonal streamflow ((c) to (f) in Figure 3.3), information from 

GCM were not able to project the observed change. Comparing (a)-(b) in Figure 3.3 with (c)-

(f) in Figure 3.3, we infer the bias in estimating the observed change in hydrologic extremes 

being much larger than the bias in estimating the observed mean seasonal and inter-annual 

variability in streamflow. Ensemble mean values of GCM projections of hydrologic extremes 

were generally close to the horizontal axes which implies no change. Thus, no significant 

change was estimated even though observed changes being exhibited in the mean and 

standard deviation of 3-day peak flows. We also considered how the climate information 

captures the observed change in low flow characteristics. For this purpose, we compared the 

mean and standard deviation of 7-day low flows projected by the GCMs with the observed 
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statistics of 7-day low flows for each season. Given the observed mean and standard 

deviation of 7-day low flows were small, the projected range from 32-member ensemble was 

also very small. Comparing the ability to project across different seasons, the projected 7-day 

low flow statistics correspond slightly better during the spring and summer seasons. 

Similar to streamflow projections, the changes in GW depth projected by GCM were 

not able to capture the observed changes (shown in Figure 3.4). Mean seasonal GW depth 

((a) in Figure 3.4) of Verde River basin increased by around 0.1m for all the seasons but 

GCM projections do not show any change. Moreover, the mean seasonal GW depth 

projections for Haw and Guadalupe River basin were not even able to get the direction of the 

observed change correctly. The projected mean GW depth showed an increase while the 

observed mean GW depth showed a decrease. Further, GCM projections also were not able 

to predict the direction of the observed change of GW depth variability ((b) in Figure 3.4). 

Fall season in Verde River is the only season that GCM projections capture the direction in 

the observed change of GW depth variability correctly. 
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(a) 

 

(b) 

 

 

Figure 3.4 Comparison between observed change (x-axes) and the estimated change (y-axes, 

GTS j  ) from PIHM forced with 32-ensemble BCSD GCM projections (changes between 

1956-1980 and 1981-2005): (a) mean and (b) standard deviation of seasonal GW depth over 
the four seasons 

 

It is important that the projected changes in hydrologic variables provide the ability of 

GCM projections ( GTS j  in equation (3.7)) in explaining the observed change considering all 

the errors introduced through the model chain. Our analysis shows that GCM projections 

show large errors in capturing the change in small humid basins, Haw and Deep, from the 

Sunbelt east. Since these two watersheds are relatively smaller, the ensemble spreads of Haw 

and Deep River basins were generally wider than the other two basins. For the semi-arid 

Guadalupe River basin, GCM projections relatively capture both the direction and magnitude 

of the observed changes in mean seasonal streamflow and the variability of seasonal 
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streamflow. However, the GCM projections of GW depth for Guadalupe River were not as 

good as streamflow projections. The Verde River basin, an arid basin from the Sunbelt west, 

exhibits the smallest ensemble spread in the projected change for almost all variables. This 

could be partly due to larger catchment area and also due to arid hydroclimatic conditions, 

which critically depends on temperature (as opposed to precipitation) in estimating 

streamflow, leading to reduced uncertainty in projections. Studies have shown that 

temperature predicted by GCMs has less uncertainty compared to the precipitation [e.g., 

Devineni and Sankarasubramanian, 2010; Goddard et al., 2013; Gonçalves et al., 2014].  

Hence, projected changes in various hydrologic attributes exhibit smaller ensemble spread 

for the Verde River basin compared to other basins.   

3.3.2 Decomposition of Sources of Errors in Projecting the Changes in Hydrologic 

Variables 

The unexplained change by GCM projections is equal to the sum of the changes in 

three different sources of error (equation (3.7)). Thus, GCM’s inability in estimating the 

observed change can be explained by the sum of the CIE from different sources in the model 

chain between control and target periods. Error decomposition results of seasonal streamflow 

change projections are presented in Figure 6. The solid line in each plot denotes the value of 

unexplained change by GCM projections ( OBS j GTS j  ). Each bar chart represents the change 

value in errors from different sources (e.g., target control

Sim Sim j Sim j    ). For mean seasonal 

streamflow and variability of seasonal streamflow ((a) and (b) in Figure 3.5), the primary 

source of error arises from the changes in error due to GCM forcing, hereinafter CIE-GCM (
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GCM ) for three seasons – winter, spring, and summer – over Haw, Guadalupe, and Verde 

River basins. In these three basins, the changes in error due to hydrologic model (PIHM) 

simulation, hereinafter CIE-SIM (
Sim ) dominates during the fall season.  In the case of Deep 

River basin, CIE-GCM (
GCM ) is high during the spring season, but the CIE-SIM (

Sim ) 

dominates during the rest of the season. Overall, the changes in error due to temporal 

disaggregation, hereinafter CIE-TD (
TD ) are smaller than the other sources except in winter 

for Guadalupe River basin. This is to be expected as the mean and variance of seasonal 

streamflow primarily depend on the mean and variance of seasonal forcings as opposed to 

their inter-seasonal variability, which usually associates with the disaggregation error. Thus, 

the observed change in mean seasonal streamflow and variability in seasonal streamflow ((a) 

and (b) in Figure 3.5) primarily arise from the CIE-GCM (
GCM ) which includes both the 

error from the climate change projections as well as from the spatial downscaling scheme in 

the model chain since we use the downscaled climate information for forcing the PIHM. 

Following that, the next source of error arise from the inability of the hydrologic model to 

capture the observed change in mean and variance of seasonal streamflow.  

On the other hand, decomposing the errors in projecting the changes in hydrologic 

extremes (shown in (c)-(f) in Figure 3.5), we infer that the CIE-SIM (
Sim ), followed by 

CIE-TD (
TD ), account for the most unexplained change in hydrologic extremes in almost all 

the four seasons over all the basins except the Guadalupe River basin. This does not imply 

that the errors arising from the GCM projections are relatively small. It only implies that the 
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CIE-GCM (
GCM ) between the two periods is relatively small in explaining the change in 

hydrologic extremes. One possible reason for the dominant source being hydrologic model is 

because the calibration of PIHM parameters primarily focused on evaluating the skill in 

predicting monthly streamflow and groundwater. Changes in R-bias (shown in equation (3.8) 

for season j) of all the six seasonal streamflow variables are presented in Table 3.1. The 

values of the changes in R-bias represent the ability of PIHM in estimating the changes in the 

hydrologic variables. For instance, lower value of changes in R-bias represents that model 

skill is quite constant between the control and target periods, which means that the model is 

reliable to estimate the changes between the two periods. We found that the values of 

hydrologic extremes are mostly larger than the values of seasonal mean flow in terms of the 

changes in R-bias. Thus, it infers that changes in errors arising from PIHM are relatively 

large in explaining the changes in hydrologic extremes. Further, it is logical to expect that the 

disaggregation being a significant source in predicting the extremes since disaggregation 

scheme develops the required daily forcings, which primarily account for the skill in 

predicting extremes. 
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   Haw   Deep   Guadalupe   Verde 
(a) 

(b)

(c) 

(d)

(e) 

(f) 

 

 
Figure 3.5 Decomposition of different sources of errors in projecting a) mean and (b) 
standard deviation of seasonal streamflow, (c) mean and (d) standard deviation of 3-day peak 
seasonal streamflow, and (e) mean and (f) standard deviation of 7-day low flows over the 
four seasons using near-term climate change information
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Table 3.1 Changes in R-bias of the six seasonal streamflow variables between the control and the target periods. Corresponding station 
names and numbers are in Table 2.1 

  DJF MAN JJA SON   DJF MAN JJA SON 

S
ea

so
na

l m
ea

n 
st
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am

fl
ow

 

Haw -0.045 -0.021 -0.117 -0.218 

S
ta

nd
ar

d 
de

vi
at
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n 

of
 s

ea
so

na
l 

st
re
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fl

ow
 

Haw -0.073 -0.027 0.002 -0.136 

Deep 0.102 0.115 0.219 -0.008 Deep 0.019 0.143 0.603 0.104 

Guadalupe -0.007 0.012 0.001 -0.015 Guadalupe -0.002 0.014 0.013 0.002 

Verde 0.004 0.140 0.099 0.210 Verde 0.031 0.131 -0.107 0.965 

S
ea

so
na

l m
ea

n 
 3

-d
ay

 p
ea

k 
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ow
 Haw 0.010 -0.154 -0.186 -0.233 

S
ta
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d 
de

vi
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n 

of
 3

-d
ay

 p
ea

k 
fl

ow
 

Haw 0.025 -0.103 -0.050 -0.310 

Deep 0.064 -0.040 0.219 0.012 Deep 0.044 -0.079 0.641 0.119 

Guadalupe -0.003 0.026 -0.015 -0.040 Guadalupe -0.055 0.050 -0.010 0.031 

Verde 0.197 0.242 -0.010 0.654 Verde 0.060 0.398 -0.257 0.418 

S
ea

so
na

l m
ea

n 
 7

-d
ay

 lo
w

 f
lo

w
 Haw 0.007 0.052 -0.294 -0.286 

S
ta

nd
ar

d 
de

vi
at

io
n 

of
 7

-l
ow

 lo
w

 f
lo

w
 Haw 0.021 0.157 -0.376 0.097 

Deep 0.040 0.186 -0.029 0.001 Deep -0.083 0.068 -0.555 -0.212 

Guadalupe 0.004 0.006 0.002 -0.006 Guadalupe 0.002 0.028 -0.002 0.064 

Verde 0.008 0.043 -0.030 -0.074 Verde 0.068 0.252 0.022 -0.045 
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In the case of Guadalupe River basin, the CIE-GCM (
GCM ) dominates across the 

most seasons. Following that, we also infer that CIE-TD (
TD ) being the significant source in 

accounting for the unexplained changes in predicting the extremes. The primary reason 

behind this is that the ability of PIHM in predicting the observed hydrologic extremes being 

much better compared to other basins. As shown in Table 3.1, the values of changes in R-

bias of Guadalupe River basin are mostly smaller than the other three basins over all the 

seasons. Hence, the CIE-GCM (
GCM ) account for the most unexplained change in projecting 

the hydrologic extremes ((c)-(f) in Figure 3.5).  

   target target target control control control( () / ) /R bias j Sim j OBS j OBS j Sim j OBS j OBS jQ Q Q Q Q Q       (3.8) 

Decomposing the errors in projecting the changes in mean and variability of seasonal 

GW depth (Figure 3.6) clearly show that CIE-GCM (
GCM ) account for the most unexplained 

observed changes in groundwater attributes over all the seasons and all the basins except for 

the Verde River basin. This is similar to the streamflow indicating that CIE-GCM (
GCM ) 

play a critical role for explaining the observed change in mean seasonal attributes. Since 

there is no significant seasonality on streamflow and GW depth in the Guadalupe River 

basin, a similar pattern of CIE from different sources is exhibited across all the seasons. In 

the case of Verde River basin, both CIE-GCM (
GCM ) and CIE-TD (

TD ) account for the 

unexplained change in seasonal groundwater attributes. This is partly due to the significant 

seasonality in both streamflow and groundwater exhibited at the Verde River basin. Deep 
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River basin is not shown since observed time series of GW depth was not available for the 

basin.  

 
 

 

 

 

 

 

 

 

Figure 3.6 Decomposition of different sources of errors in projecting (a) mean and (b) 
standard deviation of seasonal groundwater depth over the four seasons using near-term 
climate change information 

 

To summarize the findings on decomposing various sources of errors that impact the 

estimation of changes in hydrologic attributes, we infer the following: 1) CIE-GCM (
GCM ) 

is the main source of error accounting for the unexplained changes in mean and variability of 

seasonal hydrologic attributes, since climate forcings being the primary information to 

explain the changes; 2) CIE-SIM (
Sim ) and CIE-TD (

TD ) play an important role in 

predicting the changes in hydrologic extremes, since daily forcings are critical for predicting 

extremes; 3) the sources of error also vary significantly depending on the seasonality and the 

hydroclimatic regime (i.e., arid/humid) of the basin. 

 Haw Guadalupe Verde 
(a) 

  
(b) 
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3.3.3 Discussion - Dominant Sources of Errors in Projecting the Changes in Hydrologic 

Variables 

The main motivation of this study is to develop a framework for decomposing the 

various sources of errors arising from the model chain in projecting the changes in 

hydrologic attributes using climate change information. Given climate change impacts are 

typically estimated by downscaling large-scale information to local scale through a series of 

model chain, we proposed metrics that systematically decomposes different sources of errors 

in projecting the changes in seasonal hydrologic attributes arising from the model chain. The 

proposed metrics basically assume that the errors from different steps in the model chain are 

independent and could be systematically decomposed to obtain the errors due to different 

sources (equations (3.1)-(3.4)). Given our interest under near-term climate change is in 

projecting the changes in hydrologic attributes, we used the decomposed errors (in equation 

(3.1)) to estimate the changes in error characteristics from different sources (equations (3.5)-

(3.7)) by comparing with the observed changes in the respective attributes. This provides us 

the basic framework and a general set of equations for understanding the magnitude and 

direction of errors arising from the model chain. In this analysis, we considered the error due 

to GCM and downscaling into one single source, but one could estimate the downscaling 

error alone, following the approach of Sinha et al. [2014] and Mazrooei et al. [2015], by 

upscaling the observed precipitation and temperature to the spatial resolution of BCSD (i.e., 

1×1) and then applying the downscaling procedure, quantile mapping, adapted by BOR. 

We did not estimate the downscaling error separately here, since we expect it to be very 

small as found by Sinha et al. [2014] and Mazrooei et al. [2015]. Though we applied the 
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proposed equations (3.1)-(3.7) for four test basins, in principle it can be applied to quantify 

the errors in estimating the observed flows and in estimating the changes in hydrologic 

attributes for any given watershed. Further, one could also apply these equations for any type 

of model chain including dynamic downscaling. 

To understand the dominant source of error over the four selected basins, we plot the 

fractions of each sources of errors for seasonal streamflow attributes (Figure 3.7) and for 

seasonal hydrologic extremes of streamflow (Figure 3.8). Figure 3.7 and 3.8 obtain the 

fraction ( f ) due to a particular source,   (i.e., GCM or TD or SIM), using the following 

expression: 

GCM TD Sim

f 


  



  


 
          (3.9) 

The main idea of this analysis is to look at the magnitude of CIE from a particular 

source in relation to the combined CIE from all the sources and also compare their relative 

magnitudes across the basins. Deep river is not plotted in Figure 3.7 and 3.8 due to similarity 

of results with Haw River. From Figure 3.7, CIE-GCM (
GCM ) (blue colour) dominate in the 

most basins except during the fall season, which is the low flow season in most basins. 

Specifically Haw River basin, located under humid hydroclimatic regime, shows greater 

portion of CIE-GCM (
GCM ) – i.e., larger fraction of blue colour - in comparison to Verde 

River basin, which is located in arid hydroclimatic regime, in all the seasons except fall 

during which CIE-SIM (
Sim ) dominates. In general, contribution of CIE-GCM (

GCM ) tends 
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to decrease under low flow season (i.e., fall season) and arid hydroclimatic regime. This is 

partly due to the reason that humid (arid) basins rely more on precipitation (temperature), 

which is poorly (relatively well) estimated by both historical and hindcasts of GCM 

[Goddard et al., 2013; Gonçalves et al., 2014].  
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Figure 3.7 Fraction of three different sources of errors in projecting changes in (a) mean and 
(b) standard deviation of seasonal streamflow over the four seasons using near-term climate 
change information: Haw, Guadalupe, and Verde River basins 
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Figure 3.8 Fraction of three different sources of errors in projecting changes in mean 
seasonal (a) 3-day peak and (b) 7-day low streamflow over the four seasons using near-term 
climate change information: Haw, Guadalupe, and Verde River basins 
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With regard to estimating the changes in hydrologic extremes, contributions of CIE-

SIM (
Sim ) and CIE-TD (

TD ) were increased especially for 3-day peak flow as shown in 

Figure 3.8 (increased fractions of dotted grey and lined red pies that represent CIE-SIM (
Sim

) and CIE-TD (
TD ) respectively). Given that PIHM is driven by daily forcings, estimation 

of changes in hydrologic extremes are much more affected by the skill of temporal 

disaggregation and hydrologic model performance on daily series simulation. For instance, 

disaggregated climate forcings from monthly to daily are unable to capture the relevant peaks 

in precipitation resulting in increased CIE-TD (
TD ) in capturing the changes in the 

hydrologic extremes. Further, the reason for the increased CIE-SIM (
Sim ) is partly due to 

the reason that most hydrologic models are calibrated for monthly performance not based on 

their ability to simulate the hydrologic extremes. In the context of seasonal projections, 

changes in errors arising from hydrologic model simulation and temporal disaggregation 

scheme are typically cancelled out upon aggregation of daily series to seasonal time scale. 

Thus, in the context of predicting changes in hydrologic extremes, particularly peak flow 

characteristics, it may be desirable to consider alternate approaches such as stochastic models 

that directly relate the climate information with the observed seasonal peaks 

[Sankarasubramanian and Lall, 2003]. 

In addition, a particular modeling (e.g. temporal disaggregation, GCM data sets) in 

the chain can be alternated by state-of-the-art schemes while we applied K-nn resampling for 

temporal disaggregation and BCSD for GCM date sets that have been widely used. For 

example, Johnson and Sharma [2012] proposed nesting bias correction (NBC) method that 
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corrects means, standard deviations, and lag-1 autocorrelations so that it was able to improve 

representation of distributional and persistence attributes. While Johnson and Sharma [2015] 

found that the both bias-correction methods, NBC and quantile mapping (QM) which is a 

basis of BCSD, reduced the prediction errors in GCM simulations, they discussed that 

quantile mapping method can result in distortion of persistence attributes such as drought. 

Thus, NBC approach should be considered for an appropriate bias-correction method for 

climate change impact studies. In this study, however, we retained GCM data sets which 

were bias-corrected based on quantile mapping since we used only historic simulation data 

sets of GCMs under consideration of near-term climate change. 

Given that we are considering near-term climate change under an assumption that 

there is no significant changes in climate regime, we did not consider climate non-

stationarity. Thus, we assumed calibrated parameters using control period are valid for the 

target period. For reference, if there is drastic difference in climatic conditions in the future, 

choice of calibration length should be carefully considered [Vaze et al., 2010]. Plus, if this 

study is extended to the long-term climate change such as up to the end of 21st century, 

temporal disaggregation scheme used in this study would have a critical limitation that 

cannot sample potential extremes which are beyond the observations. Thus, as Wasko et al. 

[2015] discussed, potential extremes in the future should be deliberately considered for the 

long-term climate change studies. Besides, Sharma and Mehrotra [2014] introduced partial 

information - partial weighting (PI-PW) framework as an alternative formulating prediction 

models for natural system so that overcome current limitations of K-nn algorithm. Readers 

refer to Sharma and Mehrotra [2014] for details on the PI-PW framework. 
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3.4 Conclusion 

This study proposed a systematic decomposition procedure for quantifying the errors 

arising from various sources in the model chain in projecting the changes in hydrologic 

attributes using near-term climate change projections. The motivation is to understand errors 

from different sources so that a particular modeling (e.g., temporal disaggregation) in the 

chain could be improved. The findings from the application of the decomposition procedure 

over four target basins could be summarized as: 1) changes in the observed hydrologic 

attributes were not captured well by the change in GCM projections, 2) projected changes in 

hydrologic variables forced by a set of multiple GCMs generally underestimate observed 

changes of hydrologic attributes, 3) changes in error due to GCM forcing (temporal 

disaggregation scheme and hydrologic model simulation) play an important role in capturing 

the changes in mean and variability of seasonal streamflow (hydrologic extremes of 

streamflow), 4) comparing across the watersheds, the smaller watersheds lead to larger GCM 

ensemble spreads indicating higher uncertainty in projecting the changes in hydrologic 

attributes, and 5) semi-arid/arid (humid) basins show reduced (enlarged) uncertainty with 

narrower (wider) ensemble spread in projecting the changes in hydrologic attributes as arid 

(humid) basins rely more on temperature (precipitation), which is better (poorly) simulated 

by GCMs. 
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CHAPTER 4 

Assessing the Resiliency of Surface Water and 

Groundwater Systems under Groundwater Pumping 

using a Fully-Coupled Surface-Subsurface Hydrologic 

Model 

4.1 Introduction 

Groundwater is an important source of water for various needs, including public 

supply, agriculture, and industry [Barlow and Leake, 2012]. As the demand for groundwater 

use continues to rise with increasing population, aquifers in many areas in the world, 

groundwater resources are depleting faster than they can be replenished [Gleeson et al., 

2012].  Unless sustainable withdrawal strategies are implemented, continued appropriation of 

groundwater resources can also lead to adverse consequences such as streamflow depletion 

since groundwater and surface water are a tightly coupled interconnected system [Muller and 

Male, 1993; Sophocleous, 2002; Kumar et al., 2009b]. Groundwater withdrawal, particularly 

under drought conditions, may reduce the amount of water that discharges into stream (i.e., 

baseflow), and in some cases, may draw streamflow into underlying groundwater system 

[Barlow and Leake, 2012]. Therefore, evaluation of groundwater pumping impacts on 

streamflow is important for conjunctive management of both surface water and groundwater 

resources. 
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Many studies have evaluated groundwater pumping impacts on streamflow based on 

conceptualized interaction between surface water and groundwater [Muller and Male, 1993; 

Konikow and Leake, 2014]. Recent advances in computation technology has facilitated 

intensive simulations using extensive data sets [Kendy and Bredehoeft, 2006; Filimonova 

and Shtengelov, 2013; Konikow and Leake, 2014]. Aforementioned studies demonstrated the 

dependency of streamflow on aquifer properties and distance of the pumping wells in 

hypothetical cases without considering the complexity of hydrogeological processes in real 

systems. On the other hand, case studies evaluating the impacts of groundwater pumping on 

surface water resources in real hydrologic watershed systems have generally been performed 

using groundwater models without being fully coupled. For example, MODFLOW 

[Harbaugh, 2005] has been popularly used to simulate groundwater pumping impacts on 

surface water resources [Scibek et al., 2007; Zume and Tarhule, 2007; Garner et al., 2013]. 

Furthermore, studies coupled a hydrologic model with a groundwater model to integrate 

surface and sub-surface processes together so that they were able to evaluate groundwater 

pumping feedbacks on surface water [Kollet and Maxwell, 2008; Lin et al., 2013; Condon 

and Maxwell, 2014]. The previous studies examined groundwater pumping impacts on water 

availability at the regional scale by assuming hypothetical pumping data and sparse 

representation of heterogeneities in aquifer and geology structure. Regardless of the type of 

simulation model (i.e., a groundwater model solely, or a coupled surface water and 

groundwater modeling approach), studies [Kendy and Bredehoeft, 2006; Zume and Tarhule, 

2007; Barlow and Leake, 2012; Garner et al., 2013] estimated the equilibrium state – in 

which water levels and flow rates are variable over a period of time (such as a year) but vary 
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in a pattern that is the same from one period to the next [Maddock and Vionnet, 1998] – 

induced by continuous/periodic pumping series and also quantified the required time to reach 

the equilibrium state. These studies, however, did not evaluated effect of transient 

groundwater withdrawal on regional scale watershed under drought conditions which is one 

of the main issues of water resources management. 

Embracing the traces of the existing studies, our study focused on the resilience – the 

ability of surface water and groundwater to recover after transient groundwater withdrawal – 

of the watershed and also understanding how groundwater pumping impacts watershed 

hydrologic conditions (e.g., infiltration). Drought, in general, drives-up the demand for 

groundwater to meet overall water use needs [Howard, 2014]. However, transient 

groundwater withdrawal under a drought can cause adverse impacts such as depletions in 

streamflow and drawdowns in groundwater storage. To our knowledge, little/no work has 

been done on evaluating the impacts of transient pumping on the depletion of streamflow and 

groundwater over the watershed. The primary challenge in understanding and quantifying 

transient pumping impacts on streamflow depletion at the river basin scale is in comparing 

the time series of streamflow that incorporates pumping and no pumping. Hence, this could 

be addressed only through modeling efforts. To address this, we propose an uncertainty 

framework using a fully coupled surface-subsurface model that provides a distribution of 

simulated streamflow under no pumping and then compares the streamflow under pumping 

with the null distribution of streamflow obtained under no-pumping.    

The main objective of this study is to analyze transient pumping impacts on 

streamflow and groundwater under observed drought conditions. For better representation of 
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feedbacks on various hydrologic state variables from groundwater pumping, we employed a 

fully coupled hydrologic model, PIHM (Penn-state Integrated Hydrologic Model), that 

simulates both surface and sub-surface hydrologic processes over prescribed triangular 

element. We considered the groundwater pumping impacts on watershed resiliency under 

different pumping scenarios and climate scenarios [Devineni and Sankarasubramanian, 

2010a,b]. To ensure the proposed framework is rigorous against uncertainties in initial 

conditions and heterogeneity in input data [Li et al., 2009; Sinha and Sankarasubramanian, 

2013; Yossef et al., 2013], this study considered developing distribution of streamflow under 

no-pumping. Based on this null distribution of streamflow with no-pumping, we quantified 

resiliency of the surface and subsurface hydrologic systems under a transient pumping for a 

watershed in NC.  

The details on the target basin, PIHM, and data sets used in this study are described in 

the next section. Following that, experimental design of the proposed conceptual framework 

is described. Finally, results of this study are presented followed by concluding remarks.   

4.2 Background 

4.2.1 Study watershed 

We considered, Haw River basin in NC, as the study watershed which makes up the 

northern portion of the Upper Cape Fear River basin located in piedmont region of North 

Carolina, USA (36°00’N, 79°30’W, Figure 4.1). The headwaters of Haw River run 177 

kilometers into the Jordan Lake reservoir and the drainage area of the basin is 3,945 km2. 

The 177 kilometers of river and 1,481 kilometers of tributaries provide freshwater for 
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residential/industrial/recreational use, a source of transportation, and irreplaceable wildlife 

habitat. The climate of the Haw River basin is characterized by humid subtropical climate, 

which receives 1,138 millimeters of mean annual precipitation. Figure 4.1 (a) presents land 

cover classification of the Haw River basin. More than half of the entire watershed is covered 

by forest with deciduous forest occupying approximately 35% of the entire watershed. 

Following that, agricultural land and developed urban areas occupy approximately 22% and 

20% of the watershed area, respectively.  

Aquifers of the piedmont region are localized, complex fractured metamorphic, 

igneous, and sedimentary rocks. The rocks are covered almost everywhere by regolith, and 

most of groundwater is stored in the shallow, porous regolith [Lindsey et al., 2006]. 

Unconfined groundwater generally occurs both in the porous and shallow regolith [Heath, 

1984]. The average combined thickness of soil, saprolite, and the transition zone of regolith 

has been estimated to be less than 20 meters in the piedmont region [Daniel, 1989]. 

Pumping wells are shown in Figure 4.1 (e). Total 150 pumping wells for urban area 

(red in the map) are uniformly distributed in the three cities, Greensboro, Burlington, and 

Durham while total 150 pumping wells for agricultural land (yellow in the map) are 

randomly selected from the agricultural land use cells. Detailed description of the pumping 

wells are in section 4.3.3. 
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(a) 

 
(b) (c) 

(d) (e) 

Figure 4.1 Target watershed: Haw River basin 
(a) Haw River basin boundary with land cover classification map; (b) Elevation; (c) 
Horizontal hydraulic conductivity; (d) Soil texture classification; (e) Pumping well locations 
□ (b) ~ (e) are partitioned domain maps of Haw River basin generated by PIHMgis 
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4.2.2 Fully-coupled hydrologic model - PIHM 

An integrated surface water and groundwater model, PIHM, was used to estimate 

groundwater pumping impacts on streamflow. PIHM is a fully distributed, coupled, multi-

process model in which interception storage, overland flow, stream stage and groundwater 

states are solved using a semi-discrete finite volume approach [Qu and Duffy, 2007]. 

Processes simulated in the model include evaporation, transpiration, infiltration, recharge, 

overland flow, sub-surface flow and streamflow. For more details about the individual 

process equations, readers are referred to Kumar [2009]. The model domain is discretized 

into unstructured grids [Kumar et al., 2009a]. Laterally, hillslopes and rivers are discretized 

using triangular grids and line elements, respectively. Vertically, each triangle element 

consists of four layers: a surface layer, a 0.25 m thick unsaturated layer, an intermediate 

unsaturated layer extending downward from 0.25 m to the groundwater table and a 

groundwater layer. Soil moisture in the two unsaturated layers may vary from residual 

moisture to full saturation. Groundwater pumping in a given triangular grid is incorporated 

through a sink flux term [Kumar and Duffy, 2015]. PIHM has been successfully applied at 

multiple scales in diverse hydro-climatic regimes in both North America and Europe [Chen 

et al., 2015; Shi et al., 2013; Wang et al., 2013; Yu et al., 2013].  

4.3 Uncertainty Framework and Transient-Pumping/Climate Scenarios 

4.3.1 Experimental design 

This study focused on the evaluation of transient groundwater pumping impacts on 

various hydrologic variables over the Haw River watershed. Figure 4.2 presents a conceptual 
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experimental design of this study. We obtained simulated hydrologic variables such as 

streamflow components (baseflow + overland flow), groundwater level, soil moisture depth, 

evapotranspiration, recharge, and infiltration using the calibrated PIHM model. Observed 

daily forcing data from October 1998 to December 2010 were used. We defined the base 

scenario as 10-year simulation of these hydrologic variables from 2001 to 2010 after 

excluding a spin-up period preceding 27 months (2 ¼ years) from October 1998 to December 

2000. These hydrologic variables are then simulated by the same observed daily forcings but 

with potential groundwater pumping scenarios. Details on the potential pumping scenarios 

are provided in section 4.3.3. Consequently, changes in the hydrologic variables due to 

potential pumping can be quantified by calculating the difference between the two simulation 

chains – simulation without groundwater pumping (black dashed-line box in Figure 4.2) and 

simulation with groundwater pumping (red dashed-line box in Figure 4.2). 

Apart from quantifying the differences in hydrologic variables due to pumping, we 

also focused on how streamflow and groundwater storage may recover back once the 

pumping stops, which we call it as a “no-pumping state”. Since potential groundwater 

pumping scenarios in this study are assumed as transient pumping series (described in section 

4.3.3), “no-pumping state” mentioned above is different than the “equilibrium state” 

discussed in previous studies [e.g., Garner et al., 2013; Kendy and Bredehoeft, 2006; 

Konikow and Leake, 2014; Leake and Pool, 2010; Scibek et al., 2007]. The term 

“equilibrium state”, as used by Barlow and Leake [2012] and others, meets the following 

criteria: water levels no longer decline in response to pumping, the cone of depression does 

not expand any further, and the aquifer is in a new state of equilibrium in which the pumping 
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rate of the well is equal to the amount of streamflow depletion. The term “no-pumping state” 

in this study implies that streamflow and groundwater levels are restored back to the same 

levels as those simulated without groundwater pumping. The time required for the “no-

pumping state” to be attained after a transient pumping is defined as the “restoration time”. 

For example, if restoration time of streamflow (groundwater) is estimated to be 18 months, it 

implies streamflow (groundwater) have returned to base scenario (“no-pumping”) after 18 

months. However, simple comparison of the time series of hydrologic variables under 

“pumping” and “no-pumping” will result in considerable uncertainty in the estimation of 

restoration time. We addressed this by developing an ensemble of hydrologic variables under 

“no-pumping” by perturbing the initial conditions.   

 
Figure 4.2 Experimental design for comparing the simulated hydrologic variables and sub-
surface storage under “pumping” and “no-pumping” conditions 
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4.3.2 Uncertainty envelop estimation by perturbing initial conditions 

Spatial variability of initial conditions can induce uncertainties on hydrologic 

variables especially for short-term simulation [Moradkhani et al., 2005] Initial conditions of 

land surface models also influence streamflow forecasts development [Li et al., 2009; Sinha 

and Sankarasubramanian, 2013; Yossef et al., 2013]. Given that the small difference in 

groundwater depletion after restoration occurs primarily due to the difference in initial 

conditions, we propose here an uncertainty estimation framework that perturbs the initial 

conditions under “no-pumping” scenario to develop an ensemble of simulated streamflow. 

We estimated the recovery time if the time series of hydrologic variables “under pumping” 

returns back within this uncertainty envelope. We here provide detailed steps on developing 

the uncertainty envelope for calculating the restoration time of hydrologic variables after 

pumping: 

1) Simulate PIHM with default initial conditions from 1951 to 2010 (60 years) 

Excluding spin-up period of first 10 years (1951-1960), estimate annual mean, 

30thSep
lX , and standard deviation, ls , of initial conditions (from 50 years simulation, 

1961-2010) for groundwater level on Sep 30th which is the last date of water year, for 

the lth triangular cell. The values of estimated annual mean were then assigned as the 

base initial condition for each triangular cell for the start date of the simulation which 

is Oct 1st 1998. (Since an analyses period of this study is from 2001 to 2010, 

simulation start from Oct 1st 1998 for spin-up period)  

2) Next, perturb initial conditions with a noise tem that follows normal distribution with 

zero mean and standard deviation, ls , for the lth triangular cell . 
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1 30
, ,

st thOct Sep
l m l l mx X  

        (4.1) 

, ~ (0, )l m lN w s   

where 1
,

stOct
l mx  is the value of mth perturbed initial condition for the lth triangular cell, 

,l m  is random noise for mth perturbation of initial condition for the lth triangular cell, 

and w is variance adjustment factor (w: 0 < w ≤ 1). 

In this study, 30 sets (i.e., m: 1, 2, …, 30) of  initial groundwater level conditions 

were perturbed with w = 0.5. Thus, one base initial conditions and 30 sets of 

perturbed initial conditions of groundwater level were generated. Next, by inputting 

these 31 different sets of initial conditions into PIHM, 31 sets of hydrologic variables 

such as streamflow and groundwater level were simulated leading to 31 series of 

streamflow and groundwater level for the period from Oct. 1998 to Dec. 2010.   

3) Uncertainty envelope on streamflow and groundwater level were then estimated as 

the difference between the base series and each series developed by perturbing the 

initial conditions on streamflow and groundwater level. Note that groundwater level 

is the mean groundwater level over the entire watershed. Difference for each series is 

computed as follows. 

, , ,
t t t
s m s m s baseu s s           (4.2) 

g,
t t t

m m baseu g g          (4.3) 

where ,
t
s ms  is simulated streamflow on sth river segment at time t driven by mth 

perturbed initial conditions, ,
t
s bases  is simulated streamflow on sth river segment at 
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time t driven by the base initial conditions, t
mg  is simulated groundwater level at time 

t driven by mth perturbed initial conditions, t
baseg  is simulated groundwater level at 

time t driven by the base initial conditions.  

Upper and lower boundaries of uncertainty envelope for each month were obtained 

from the mean monthly maximum and minimum values of the estimated envelope series, ,
t
s mu  

and g,
t

mu  for streamflow and groundwater respectively, from 2001 to 2010.  

Figure 4.3 (a) and (b) present standardized mean monthly uncertainty envelope of 

streamflow at the outlet and basin-level groundwater level respectively from 2001 to 2010. 

Shaded areas represent standardized uncertainty envelope and dashed lines represent percent 

ratio of the width of uncertainty envelope to mean monthly streamflow and groundwater 

level respectively. As shown in Figure 4.3 (a) and (b), the widths of uncertainty envelope 

were negligible compared to mean monthly values of baseline simulation. Percent ratio of the 

width of uncertainty envelope was in range from 0.1 to 0.7 % for streamflow and from 0.02 

to 0.06 % for groundwater level. Nevertheless, we found that perturbed initial conditions 

have a more pronounced impact on estimating the restoration time of streamflow and 

groundwater level during the drought conditions. 

 Our initial analyses on comparing the time series of hydrologic variables under 

“pumping” and “no-pumping” showed significant uncertainty on the estimates of restoration 

time even though both scenarios were provided with the same climate forcings (shown in 

Figure 4.4). From Figure 4.4 (a) and (b), by pumping 148 acre-ft (740 acre-ft) during the 

2001 drought, we clearly infer that groundwater depletion has almost returned to normal in 
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23 months (41 months) without considering uncertainty envelope, but the restoration time 

decreased to 17 months (22 months) if uncertainty envelope is considered. From 23 months 

(41 months) to 17 months (22 months), a small difference in groundwater storage exists till 

both time series cross each other for 148 acre-feet (740 acre-feet) of pumping. This small 

difference in groundwater storage between “pumping” and “no-pumping” time series 

prolongs for a longer period of time if the pumping volume increases further. Given that the 

initial conditions of PIHM get changed once we start pumping, it is unreasonable to expect 

time series of various hydrologic variables under “pumping” and “no-pumping” – even 

though both analyses are forced with the same climate forcings – to have similar values after 

the system being fully recovered from drought.  
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Figure 4.3 Demonstration of uncertainty envelope (differences between the simulation driven 
by “default” initial conditions and the 30 simulations driven by “perturbed” initial 
conditions) in estimating streamflow and groundwater depletion by comparing the “pumped” 
time series with the “no-pumped” time series. 
(a) Mean monthly uncertainty envelope for streamflow at outlet 
(b) Mean monthly uncertainty envelope for groundwater level 

(a) 

  
(b) 
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 (a) 

 
(b) 

 
Figure 4.4 Differences in estimation of restoration time for groundwater level between 
“considering uncertainty envelope” driven by perturbed initial conditions (blue circle) and 
“no-considering uncertainty envelope” (red circle) 
(a) 1 BNA pumping scenario 
(b) 5 BNA pumping scenario 
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4.3.3 Pumping-well locations and potential groundwater-pumping/climate scenarios 

Pumping well locations: Multiple locations of pumping wells were hypothetically assigned 

for withdrawing water for public supply and irrigation purpose. A total of 150 wells for 

public supply were uniformly distributed in urban areas (i.e., City of Greensboro, Burlington, 

and Durham) and a total of 150 wells for irrigation were randomly distributed in the 

agricultural land use areas (i.e., Planted/Cultivated classes from National Land Cover 

Database 2006 [Fry et al., 2011]). Preliminary analysis indicated that the random placement 

of multiple wells in Urban and Agricultural areas did not affect the streamflow depletion 

unless different number of wells were used. For the Haw River basin which is delineated by 

total 781 triangular elements, every single groundwater pumping well was assigned to each 

single triangular element as shown in Figure 4.1 (e). Thus, the amount of groundwater 

withdrawal for public supply and irrigation were extracted from the total 300 wells in urban 

and agricultural areas (red and yellow colored block in Figure 4.1 (e). 

Potential groundwater-pumping scenarios: To analyze the impacts of groundwater 

pumping on the hydrologic system, we consider different scenarios of water withdrawals. 

Due to limited availability of reliable pumping data for the reported uses, we generated 

potential groundwater pumping scenarios to accommodate the reduced supply during the 

drier conditions in the simulated streamflow. We consider the 33 percentile of the seasonal 

streamflow, the below-normal threshold, obtained from the simulated streamflow (1961-

2010), as the reference condition to trigger pumping. Thus,  

  thres
j BN j BN jwd w w         (4.4)  
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where jwd  is water deficiency(shortfall) for j season (j: January to March (JFM), April to 

June (AMJ), July to September (JAS), October to December (OND)), thres
BN jw  is Below 

Normal (BN) threshold value (i.e., 33 percentile of the seasonal streamflow through the total 

period of simulation) for j season, and BN jw  is the mean value of all the seasonal streamflow 

series for j season only when the seasonal streamflow of that year is lower than the value of 

thres
BN jw .  

Then, the annual (i.e., the sum of all the seasonal deficiencies) shortfall regarded as 

the total volume of the potential pumping scenario. Next, the total volume of the potential 

pumping was disaggregated to each season based on the current appropriation pattern for 

municipal and irrigation uses in the Haw River basin. The ratio between the amount of public 

supply and irrigation supply in the Haw River basin is approximately 7:3 [Kenny et al., 

2009]. Based on this ratio, the 70 percent of the total volume (public supply) were equally 

disaggregated over all the seasons, and 30 percent of the total volume (irrigation supply) 

were equally assigned to the two irrigation seasons, AMJ and JAS, as shown in Figure 4.5. 

And, these seasonal pumping volumes are constantly extracted across the entire season from 

the hypothetical pumping wells. We defined this transient seasonal pumping series for one 

year as Below Normal Anomaly (BNA) scenario. 

We considered an actual drought in year 2001 occurred in the Haw River basin for 

analysis. Thus, the potential pumping scenario was applied to the year 2001 for the 10-year 

simulation from 2001 to 2010 to quantify the impact of pumping in depleting streamflow and 

groundwater. Apart from the observed shortfall in year 2001, we also considered different 
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pumping volume scenarios by multiplying each seasonal pumping volume by a prescribed 

scale factor. For example, 2 BNA pumping scenario can be generated by simply multiplying 

each seasonal pumping volume of the 1 BNA scenario by 2. For our analysis, we considered 

1 BNA, 2BNA, 3BNA, 4BNA, and 5BNA. 

 

 

Figure 4.5 Seasonal pumping volume (m3) under 1 BNA pumping scenario 

 

Potential climate scenarios – prolonged wet and dry climate conditions: Apart from 

pumping, climate also affects hydrologic system resilience. For instance, we can expect the 

hydrologic system to recover faster from pumping with larger availability of water. Along 

with the base climate scenario (observed climate), two potential climate scenarios were 

developed by replacing the first three years of forcing data set (both precipitation and 

temperature) from the base scenario: 

 Prolonged wet scenario: forcing data from 2001 to 2003 was replaced by the historic 

traces of observed forcing data from 1982 to 1984 when the annual precipitation was 

above normal for 3 years in a row. 
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 Prolonged dry scenario: forcing data from 2001 to 2003 was replaced by the historic 

traces of observed forcing data from 1966 to 1968 when the annual precipitation was 

below normal for 3 years in a row. 

Figure 4.6 shows the annual precipitation for the three climate scenarios: the base 

scenario (observed forcing), the prolonged wet scenario, and the prolonged dry scenario. The 

logic for considering these climate scenarios stems from the fact that the lag-1 correlation on 

annual precipitation being pretty close to zero, each year has equal probability of occurring. 

Hence, we consider a low probable, but two realistic events of consecutive three wet years 

and three dry years to understand how pumping would impact streamflow depletion and 

groundwater storage under prolonged wet and dry conditions.  

 

 
Figure 4.6 Potential wet and dry climate scenarios (dotted lines) during 2002-2004 period 
along with observed climate considered for the analysis 
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4.4 Results 

4.4.1 Groundwater pumping impacts on streamflow and groundwater depletion  

BNA pumping scenarios (1 - 5 BNAs – see 3.3 for details) were imposed on the base 

simulation to evaluate groundwater pumping impacts on the hydrologic system. Changes in 

simulated variables – overland flow, infiltration, baseflow, evapotranspiration, and 

groundwater storage – are calculated as the difference between “pumping” and “no-

pumping” conditions.  

Streamflow and groundwater storage depletion 

Changes in monthly time series of hydrologic variables due to pumping in 2001 are 

shown in Figure 4.7 along with observed precipitation. The differences are spatially 

aggregated/averaged over the entire watershed and converted into percent values to the total 

groundwater pumping volume (183 million cubic meters). Groundwater storage dropped up 

to approximately 70% of the total groundwater withdrawal at the end of pumping period 

(Dec 2001) and was restored back to normal conditions after approximately 17 months (i.e., 

around May 2003). We found that changes in hydrologic variables due to pumping are highly 

dependent on precipitation. Under wet conditions, changes in overland flow dominate in 

comparison to the rest of the variables (e.g., Jan., 2002 and Oct.-Dec., 2002). In other words, 

the overland flow under pumping is reduced compared to no-pumping conditions, since the 

pumping results in increased opportunity for infiltration (see also Figure 4.8 (c)). On the 

contrary, under dry conditions (naturally overland flow is absent), changes in baseflow and 

evapotranspiration dominate indicating decreased baseflow and evapotranspiration under 

pumping as compared to the no-pumping conditions (e.g., Apr. - Sep., 2002).  This is 
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primarily because of depletion in groundwater storage and the soil moisture being far below 

its potential under pumped conditions. 

 

 
Figure 4.7 Potential wet and dry climate scenarios (dotted lines) during 2002-2004 period 
along with observed climate considered for the analysis 
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(a) Overland flow 

(b) Baseflow 

(c) Infiltration

(d) Evapotranspiration 

(e) Groundwater storage 

Figure 4.8  Changes in hydrologic variables between “pumping” and “no-pumping” 
conditions under observed climate for different pumping volume (1-5 BNA) 
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Table 4.1 (a) shows cumulative changes in hydrologic variables such as overland 

flow (OF), baseflow (BF), and Evapotranspiration (ET) along with depletions in state 

variables such as groundwater storage (GW) and soil moisture (SM) under 1 BNA pumping 

scenario. We found that depletions in sub-surface water storage reached 68 % of the total 

pumping volume at the end of year 2001, and reached 14 %, 2 %, and 1 % at the end of year 

2002, 2003, and 2004 respectively. Given that groundwater storage was nearly restored back 

to normal at the end of year 2003, the fraction of depletions in overland flow, baseflow, and 

evapotranspiration was 68 %, 10 %, and 22 % respectively to the total pumping volume. 

Thus, reduced overland flow under pumping result in increased infiltration and replenishment 

of groundwater storage.   

Half-yearly changes in hydrologic variables and groundwater storage from 2001 to 

2003 under different groundwater pumping rates (1 BNA to 5 BNA) are shown in Figure 4.8. 

The amount of depletions increased proportionally to the amount of pumping volume. This 

means that the fractional change in each considered variable remained similar across the 

changing volume of groundwater pumping. Besides, it can be inferred that groundwater 

restoration time is not strictly proportional to the volume of groundwater pumping.  
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Table 4.1 Changes in hydrologic variables and sub-surface storage depletion under the potential pumping scenario of 1 BNA and 
three different potential climate scenarios (unit: million cubic meters) 
(a) Observed climate 

YYYY-MM 
Pumping 
volume 

Cumulative changes in hydrologic variable Sub-surface storage depletion Total  
change ET BF OF Sum GW SM Sum 

2001-12 183 18 7 41 66 (36%) 235 -111 125 (68%) 191 (105%) 
2002-12 0 39 18 101 159 (87%) 25 0 25 (14%) 184 (101%) 
2003-12 0 40 19 119 178 (97%) 0 4 4 (2%) 181 (99%) 
2004-12 0 39 (21%) 19 (10%) 124 (68%) 182 (99%) 1 0 1 (1%) 183 (100%) 

(b) Wet climate scenario 

YYYY-MM 
Pumping 
volume 

Cumulative changes in hydrologic variable Sub-surface storage depletion 
Total  

change 
ET BF OF Sum GW SM Sum  

2001-12 183 9 7 119 135 (74%) 101 -44 57 (31%) 191 (105%) 
2002-12 0 12 10 154 176 (96%) 22 -12 10 (6%) 186 (102%) 
2003-12 0 12 9 158 179 (98%) 7 -6 1 (1%) 181 (99%) 
2004-12 0 10 (5%) 8 (4%) 166 (91%) 184 (101%) -2 2 0 (0%) 184 (101%) 

(c) Dry climate scenario 

YYYY-MM 
Pumping 
volume 

Cumulative changes on hydrologic flux Sub-surface storage depletion Total  
change ET BF OF Sum GW SM Sum 

2001-12 183 20 3 46 69 (38%) 263 -139 124 (68%) 193 (106%)

2002-12 0 40 11 93 144 (79%) 86 -42 44 (24%) 188 (103%)

2003-12 0 45 15 107 166 (91%) 37 -20 17 (9%) 183 (100%)

2004-12 0 47 (26%) 18 (10%) 115 (63%) 180 (99%) 9 -6 3 (2%) 183 (100%)
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4.4.2 Groundwater pumping impacts under potential climate scenario 

Along with the baseline climate scenario (observed forcing), two potential extreme 

climate scenarios – wet scenario and dry scenario (shown in Figure 4.6) – were analyzed.  

Streamflow and groundwater storage depletion 

Figure 4.9 (a) and (b) present fractional changes in monthly overland flow, baseflow, 

and evapotranspiration to the total volume of groundwater pumping under wet climate 

scenario and dry climate scenario, respectively. Under wet climate scenario (Figure 4.9 (a)), 

overland flow reduced substantially under pumping, which increases the opportunity for 

infiltration and replenishment. Thus, most depletions were captured by overland flow and 

diminished quickly because sufficient precipitation occurred steadily for the 3 years. On the 

contrary, baseflow and evapotranspiration reduces more under dry climate scenarios (Figure 

4.9 (b)) after pumping since groundwater storage and available soil moisture being lesser in 

comparison to no-pumping conditions. Thus, contribution of baseflow and evapotranspiration 

to the total depletion increased and persisted beyond the 3 years. Besides, the changes in 

overland flow were also exhibit different signature between summer and winter seasons. The 

reductions in overland flow was greater in winter than summer season even when similar 

amounts of precipitation occurred (e.g., May, 2002 versus Dec., 2002 in Figure 10a; May-

Jun., 2002 versus Dec., 2002 in Figure 4.9 (b)), which is primarily due to reduced soil 

moisture in the summer resulting in limited overland flow under both pumping and no-

pumping conditions. Thus, the changes in hydrologic variables varied with different climate 

conditions even though the same volume of groundwater pumping was imposed.  
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(a) Wet climate scenario

(b) Dry climate scenario

Figure 4.9 Changes in hydrologic variables between (1 BNA) “pumping” and “no-
pumping” conditions under potential climate (prolonged wet and prolonged dry) scenarios 
(a) Wet climate scenario 
(b) Dry climate scenario 

 

Table 4.1 (b) and (c) shows cumulative changes in hydrologic variables under wet 

and dry climate scenarios (observed forcing scenario was shown in Table 4.1 (a)). As 

expected, the fractional changes to the total pumping volume, which is in parentheses, 

demonstrate that the mass balance of the hydrologic variables is adequately captured by the 

PIHM model and sub-surface storage comes back to normal quickly under wet scenario but 

slowly under dry scenario.  
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4.4.3 Restoration time 

Restoration time of streamflow at outlet and groundwater level under the observed 

climate, wet climate, and dry climate scenarios corresponding to the different pumping 

volumes are presented in Figure 10 (a) and (b), respectively. The restoration time is defined 

as the time required to come back to normal conditions (i.e., within the uncertainty envelope 

of the baseline simulation without pumping as seen in Figure 4.4) after the cessation of 

pumping.  

It has been demonstrated that both streamflow and groundwater level recovered 

quickly (slowly) to normal conditions under wet (dry) climate in comparison to the observed 

climate across all pumping volumes (1 BNA to 5 BNA). The restoration time increased with 

pumping volume for all three scenarios. The rate of increase was more pronounced for the 

dry scenario, moderate for the original scenario, and nearly negligible for the wet scenario. 

Thus, prolonged dry conditions weakened the resilience of streamflow and groundwater 

systems. Further, the relationship between restoration time and pumping volumes is non-

linear and monotonous with significant increase in restoration time for large pumping 

volumes. It is important to mention that over-exploitation of groundwater pumping can also 

impact hydro-ecosystem since it would take long time for the inflow and groundwater to 

come back to normal condition. This threat of over-exploitation of groundwater resources 

actually has been a serious issue in the regions affected by dry climate regime (e.g., Southern 

California and Arizona) [Draper, 2015; Lustgarten, 2015]. Thus, any efforts in pumping 

during drier conditions should also consider potential streamflow depletion and longer 

recovery time of groundwater. 
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(a) 

 
(b) 

 
Figure 4.10 Estimated restoration time considering the uncertainty envelope framework 
under different pumping volume (1-5 BNA) for the considered climate scenarios  
(a) Streamflow restoration time at outlet 
(b) Groundwater restoration time 
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4.5 Conclusion 

This study addressed groundwater pumping impacts under different climatic 

scenarios for a basin in NC. We proposed an uncertainty framework that estimates the 

restoration time of groundwater and surface water systems by comparing the distribution of 

streamflow under “no-pumping” with the streamflow obtained under “pumping”. Using the 

uncertainty framework, the resilience of the system under different pumping scenarios and 

climatic conditions was examined along with the changes in hydrologic variables using the 

PIHM. Impact of pumping under potential climate scenarios were analyzed to understand 

how different sequences of wet and dry years could affect the restoration time and depletion 

volumes of streamflow and groundwater levels. 

Our analyses show that the restoration rates of groundwater are more sensitive to 

climatic conditions (wet vs dry) as opposed to the pumping rates. The restoration time of 

groundwater and streamflow changed little with a dry year followed by a wet year. However, 

the restoration time significantly increased with consecutive dry years. Due to pumping, 

overland flows reduced resulting in increased replenishment of groundwater storage. 

Similarly, both baseflow contribution and evapotranspiration also reduced under pumping 

due to reduced soil moisture and groundwater storage over the watershed. Thus, an integrated 

assessment of watershed conditions due to groundwater pumping was also performed to 

understand how the state variables and storages of the PIHM changed due to pumping. 

Lack of reliable groundwater pumping data sets and limited availability of longer 

time scales observed groundwater data provide challenges in analyzing the impact of 

pumping on the watershed hydrologic conditions. We addressed this issue by considering the 



81 
 

 

simulated streamflow and groundwater series under “no-pumping” as the reference 

conditions. Analyses under potential climatic conditions provide pathways on how to manage 

the water resources with changing climatic conditions. For instance, in the Southeast, La 

Nina conditions result in droughts during the winter [Devineni and Sankarasubramanian, 

2010a,b]. But, La Nina conditions persist for another year, this could worsen the drought 

conditions. However, El Nino conditions in the tropical conditions, which usually results in 

wet winter, would result in easing of drought conditions [Devineni and Sankarasubramanian, 

2010a,b]. Thus, for future study, any efforts to manage surface water and groundwater 

resources during drought conditions should consider conjunctive management by quantifying 

the watershed resiliency under current and evolving oceanic conditions.  
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CHAPTER 5 

A Simulation-Optimization Approach for Conjunctive 

Management of Surface Water and Groundwater under 

Drought Conditions 

5.1 Introduction 

Conjunctive use of surface water and groundwater has been considered as an effective 

approach to mitigate water shortage problems that are primarily caused by a drought. 

Conjunctive use involves the management of both surface water (e.g. reservoirs, rivers, and 

canals) and groundwater (aquifer) resources to maximize water use efficiency of total water 

resources [Gupta et al., 1985; Ejaz and Peralta, 1995; Shi et al., 2012]. For instance, 

groundwater resources are used as a primary source for water supply under arid climate regime 

such as south-western US. Nevertheless, during a drought, demands on groundwater resources 

can emerge in a humid climate regime (e.g., southeastern US) as well.  

Groundwater resources can successfully compensate diminished surface water 

availability during a drought. However, reckless withdrawal of groundwater resources can lead 

to a crisis on water resources sustainability. Aside from land subsidence and sustained 

reductions in groundwater levels, over-exploitation of groundwater can lead to considerable 

depletion of streamflow resulting reduced surface water availability during a drought [Rejani 

et al., 2009; Barlow and Leake, 2012]. This is because surface water and groundwater are not 
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isolated components of a hydrologic system [Sophocleous, 2002; Kumar et al., 2009]. 

Therefore, effective conjunctive management of surface water and groundwater should be 

established. Consequently, successful conjunctive management of surface water and 

groundwater can improve water use efficiency and minimize water scarcity during a drought 

[Cosgrove and Johnson, 2005; Liu et al., 2013; Singh et al., 2014a]. Thus, specific objectives 

of conjunctive management of water resources are to increase yield and reliability of water 

supply by combining the two resources - surface water and groundwater [Singh et al., 2015].  

The optimal allocation of surface water and groundwater is essential in conjunctive 

management, and this can be achieved by employing an appropriate optimization model 

[Barlow et al., 2003; Pulido-Velázquez et al., 2006; Stray et al., 2012; Singh et al., 2015]. For 

this purpose, Simulation-Optimization (S-O) model was developed in this study to obtain 

optimal allocation of surface water and groundwater in order to minimize reservoir deficit 

during a drought. S-O modelling approach has been widely used to solve problems in water 

resources management [Mantoglou et al., 2004; Katsifarakis and Petala, 2006; Safavi et al., 

2010; Zekri et al., 2015]. Readers refer to Singh [2014a] for a detailed review on S-O modeling 

for conjunctive management of water resources.  

Since incorporating a simulation model into an optimization model is complex and may 

take large computational time to achieve optimal solutions [Singh, 2014a], the response matrix 

approach has been used widely to obtain an optimal groundwater withdrawal for a basin scale 

management [Ejaz et al., 1995; Cosgrove and Johnson, 2004; Rejani et al., 2009; Salcedo-

Sanchez et al., 2013]. 
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The response matrix models describe linear aquifer response to pumping using 

influence coefficients, which are computed prior to an inclusion into the S-O model [Singh, 

2014a]. Readers refer to [Singh, 2014b] for a detailed description of the response matrix 

approach. 

Though the response matrix approach has been widely used for conjunctive use of 

water resources, most of recent studies used a groundwater simulation model (e.g. 

MODFLOW) solely to compute drawdowns in groundwater level, and incorporated a 

numerical model or a routing package to link groundwater flow with surface water processes 

[Barlow et al., 2003; Cosgrove and Johnson, 2004; Rao et al., 2004; Rejani et al., 2009; 

Salcedo-Sanchez., 2013]. This study, however, used a fully-coupled hydrologic model which 

simulates interactions between surface water and groundwater to compute drawdowns in 

groundwater levels and depletions in streamflow simultaneously. Besides, we incorporated a 

reservoir simulation model within the optimization model to minimize reservoir deficit directly 

by the optimal conjunctive use of water resources.  

One of the main advantages of the S-O model is that it can provide trade-off between 

groundwater withdrawal rates and depletions in surface water [Barlow et al., 2003]. For 

instance, sustainable rates of groundwater withdrawal can be subjected to a constraint such as 

maximum allowable drawdown. In this regard, we introduced a new sustainability constraint 

that was defined as an allowable recovery time constraint. The allowable recovery time 

constraint restricts excessive groundwater withdrawal during a drought so that groundwater 

resources can come back to normal within a certain period of allowable time for a sustainable 

management of water resources after a transient management during a drought. Thus, the 
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allowable recovery time constraint was introduced in this study to provide trade-off between 

optimal allocation and sustainable management of water resources. 

The main objective of this study is to employ S-O modelling technique which is 

incorporated with response matrix approach in order to achieve optimal conjunctive allocation 

to minimize risk of water scarcity in terms of reservoir storage. Besides, we introduced a new 

sustainability constraint to provide flexible solutions for conjunctive use of surface water and 

groundwater resources by embracing sustainability of groundwater resources in a basin scale. 

5.2 Background 

5.2.1 Application site 

The Haw River basin which makes up the northern portion of the Cape Fear River in 

East Coast of the US was used as the application watershed in this study (36°00’N, 79°30’W, 

Figure 5.1). The headwaters of Haw River run 177 kilometers into the Jordan Lake reservoir 

and the drainage area of the basin is 3,945 km2. The 177 kilometers of river and 1,481 

kilometers of tributaries provide freshwater for residential/industrial/recreational use, a 

source of transportation, and irreplaceable wildlife habitat. The climate of Haw River basin is 

characterized by humid subtropical climate, which receives 1,138 millimeters of mean annual 

precipitation. Figure 5.1 presents land cover classification of Haw River basin. Primary land 

cover is forest with more half of the entire watershed covered by forest. Approximately 35% 

of the entire watershed are covered by deciduous forest. Following that, agricultural land and 

developed urban areas occupied approximately 22% and 20% of the watershed area, 

respectively.  
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Figure 5.1 Haw River basin 

 

Water supply source for the cities, Greensboro and Burlington which are located in 

upstream in the basin, are surface water withdrawal in general. Average daily withdrawals 

for the two cities, Greensboro and Burlington, were approximately 25 and 12 million gallons 

per day (MGD) in 2012, respectively [North Carolina Division of Water Resources, 2012]. 

Surface water sources for the cities are from local lake/reservoirs which are adjacent to the 

urban areas. In drought, however, lakes/reservoirs levels drop quickly and restrictions are 

enforced [City of Greensboro, 2010]. Thus, demand for groundwater withdrawal is arising in 

a drought due to lack of surface water availability. There is a pumping station previously 

built by the city of Burlington to transfer water to neighboring lakes/reservoirs in a drought. 

Besides, during the actual drought in 2001-2002, the city of Greensboro worked with 

regulatory agencies to determine how the pumping stations could benefit the city in the event 
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of a drought of long duration [City of Greensboro, 2010]. Thus, the both cities are aware of 

potential benefit from the pumping stations in drought. 

Aquifers of the piedmont region - in which the Haw River basin is located - are 

localized, complex fractured metamorphic, igneous, and sedimentary rocks. The rocks are 

covered almost everywhere by regolith, and most of groundwater is stored in the shallow, 

porous regolith [Lindsey et al., 2006]. Unconfined groundwater generally occurs both in the 

porous and shallow regolith [Heath, 1984]. Plus, the depth of the underlying bedrock 

averages about 10 to 20 meters in thickness and may be as much as 100 meters thick on some 

ridges [Heath, 1984]. On an average, however, the average combined thickness of soil, 

saprolite and the transition zone of regolith has been estimated to be less than 20 meters in 

the piedmont region [Daniel, 1989]. 

5.2.2 Jordan Lake reservoir model 

Net inflow series driven by PIHM are used with the Jordan lake reservoir model to 

simulate reservoir storage series based on the USACE (U.S. Army Corps of Engineers) 

guidelines of operating Jordan Lake reservoir. The reservoir model was initially developed 

by Sankarasubramanian et al. [2009] and used to developing storage forecasts for major 

reservoirs in North Carolina. Plus, Singh et al. [2014] forced the reservoir model with 

multiple streamflow realizations to assess the impacts of near-term climate change on a 

within-year Jordan Lake reservoir system. Readers refer to Singh et al. [2014] for pertinent 

details regarding the Jordan Lake system which are obtained from the USACE guidelines for 

operation. The reservoir model was then updated in this study, and simulated reservoir 

storage series were validated with the recorded reservoir levels. R-squared value was 0.74 
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between simulated monthly reservoir storage series and observations. Monthly time series 

plot for simulated monthly reservoir storage along with observed storage are presented in 

Figure A1 in Appendix A. 

5.2.3 Development of Simulation-Optimization model 

S-O model was developed to integrate the hydrologic model with the optimization 

model. First, the hydrologic model, PIHM, was used to obtain response matrices that are to 

be used for developing a non-linear transient management model. Then the management 

model was used to find optimal allocation of surface water and groundwater withdrawal 

during a drought by minimizing depletions in inflow which are flowing into the reservoir. 

Next, optimized inflow series driven by the optimal withdrawal schedule were inputted into 

the reservoir model to assess the corresponding changes in reservoir storage of the Jordan 

Lake. 

Actual drought from 2001 to 2002 in the Haw River basin was tested in this study. 

During the drought (from Jan. 2001 to Sep. 2002), it is assumed that municipal water supply 

for the two cities, Greensboro and Burlington, were withdrawn from either surface water or 

groundwater rather than only from surface water. Thus, the combined withdrawals were set 

to meet the monthly total water demand that are fixed at 25 and 12 MGD for the city of 

Greensboro and Burlington, respectively. Total 25 of wells were randomly distributed in the 

each city and those wells were considered as a single control point in order to minimize 

dimensions of response matrices on spatial domain. For instance, Psilovikos [2006] was able 

to successfully minimize a size of response matrix used in groundwater management from a 
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case study. For this purpose, after optimizing the total groundwater withdrawal for each city, 

amount of withdrawals were equally divided and applied to all the wells in each city.  

5.2.4 Generation of response matrices 

Transient response functions represent the influence of a unit pulse of groundwater 

withdrawal on drawdown over space and time [Rejani et al., 2009]. In other words, response 

functions are mathematical descriptions of the relationship between a unit stress to an aquifer 

at a specified location and impact elsewhere in the aquifer system [Cosgrove and Johnson, 

2004]. The impact can be streamflow depletion at a hydraulically connected river segment or 

change in aquifer depth at a location other than the pumping wells. The response function, for 

example, could be a curve describing stream depletion over time, resulting from a unit stress 

[Cosgrove and Johnson, 2004]. The response functions in the discrete form was written 

[Maddock, 1972] as Equation (5.1) below: 

1 1

( , ) ( , , 1) ( , )
NW n

j i

s k n k j n i Q j i
 

          (5.1) 

where s(k,n) = depletion at site k at the end of total withdrawal period n (m3); Q(j,i) = average 

groundwater withdrawal rate of well j during ith period (m3/month); β(k,j,n-i+1) = average 

depletion at site k due to a unit groundwater withdrawal at well j during ith period (m3/month); 

i = index for time period (months); j = index for number of wells; n = total number of time 

periods; k = index for site number; and NW = total number of groundwater withdrawal wells. 

The equation (5.1) can be expressed as matrix multiplication form which estimates 

depletion by the combination of space and time superposition as presented in Figure A2 in 

Appendix B.  
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A planning horizon of 21 months (Jan. 2001 to Sep. 2002) was considered for the 

transient management model. Thus, the transient response functions [β(k,j,n-i+1)] were 

generated by repeated runs of PIHM from the first month to the last month by successively 

imposing the pumping wells of each city to a withdrawal of “25 MGD” (the unit pulse) for the 

“ith month” and zero withdrawal for “the rest of the months”. Consequently, drawdowns in two 

managing points (the two cities) and depletions in one control point (inflow into Jordan Lake 

reservoir) were monitored over 30-month period (Jan. 2001 to Jun. 2003). The reason that 

additional nine months were followed by the end of the drought is for estimation of recovery 

time for groundwater depth at the two pumping regions (managing points). For this purpose, 

the size of the response matrices were extended to 30 months by extending PIHM simulation 

for 9 more months without any groundwater withdrawal. The recovery time variable was used 

as a constraint in the management model. The details on the recovery time constraint are 

described in the following section. The response functions obtained by the repeated runs of 

PIHM were then combined to form a transient response matrix.  

These response functions are based on the property of scalability and the theory 

temporal/spatial superposition. Thus, the unit response driven by the unit stress can be scaled 

to reflect any magnitude of response. Besides, the effects of individual stresses, which have 

occurred at different times and in different locations, can be summed to estimate the net 

impacts of the groundwater withdrawals [Cosgrove and Johnson, 2004]. For validation the 

property of scalability and the theory of temporal/spatial superposition, a number of 

groundwater withdrawal scenarios were empirically tested. The validation results and 

discussion on them are presented in Appendix C. Though the temporally superposed values 
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for each month was not perfectly matched, the overall aggregated value was nearly same 

with the values from continuous pumping, under only very dry climate case. And, the theory 

was well validated by other test cases under normal and wet climate cases. Plus, the property 

of scalability and the theory of superposition were also successfully validated by a number of 

test cases. 

5.3 Non-Linear Transient Management Model 

A non-linear transient management model was formulated by linking the hydrologic 

model simulations as a form of response matrices with the optimization model. Thus, the 

conjunctive management model was developed for maximizing surface water availability by 

changing groundwater withdrawal plan during a drought.  

5.3.1 Inflow optimization (IO) model 

First, the objective function of the inflow optimization model was to minimize total 

inflow depletion by combined withdrawal of surface water and groundwater given that baseline 

inflow depletion were defined as the changes in inflow series driven by only surface water 

withdrawal. That is, 

 
1 1

MIN ( ) ( , ) ( , );      21;      2
n NW n NW

i j i j

f TW j P i j D i j n NW
 

         (5.2) 

where TW(j) = a fixed total water supply for jth location; P(i,j) = groundwater withdrawal 

during ith month in jth location; D(i,j) = inflow depletion by groundwater withdrawal during ith 

month in jth location. Inflow depletion matrix D is obtained by matrix multiplication of A·P 

(i.e. D=A·P [[n×NW]×m]=[[n×NW][n×m]]·[[n×NW]×m]) given that A is the response matrix 
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generated by external simulations of PIHM; n = 21 (total number of months); NW = 2 (total 

number of groundwater withdrawal locations: the city of Greensboro and Burlington); m =1 

(total number of managing locations: the inflow into the Jordan Lake reservoir). 

First term on the right-hand side (RHS) in the objective function (Eq. (5.2)), 

 ( ) ( , )TW j P i j , describes inflow depletion by the direct surface water withdrawal, and 

second term on the RHS, ( , )D i j , describes inflow depletion driven by the groundwater 

withdrawal. Thus, Eq. (5.2) was to minimize inflow depletion flowing into the reservoir and 

subjected to the following constraints: 

Water demand constraint 

Total water demand for the two cities must be satisfied. That is, 

( ) ( , ) ( , )     =1,2,...,21     =1,2TW j W i j P i j i j          (5.3) 

where TW(1) = 25 MGD for the city of Greensboro and TW(2) = 12 MGD for the city of 

Burlington. Thus, the sum of surface water and groundwater withdrawal must meet the amount 

of total monthly water demand for every month during the period of drought.  

Minimum inflow constraint 

Inflow series driven by the conjunctive management should be greater or equal to the 

baseline inflow series. In other words, inflow depletion induced by the combined withdrawals 

must not exceed the depletion by surface water withdrawal alone. Thus, inflow depletion drive 

by groundwater withdrawal from the two cities must less or equal to the total amount of 

groundwater withdrawal for each month. That is,  

1 1

( , ) ( , )    =1,2,...,21
NW NW

j j

D i j P i j i
 

          (5.4) 
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Pumping rate constraint 

This constraint restricts the maximum pumping rate of pumping to the amount of 

monthly total water demand for each city. That is, 

( , ) TW( )    =1,2,...,21     =1,2P i j j i j         (5.5) 

Groundwater drawdown constraint 

Groundwater drawdown induced by pumping must not exceed the maximum 

permissible drawdown which is prescribed as the amount of monthly total water demand for 

each city. This constraint can be demonstrated as: 

1

( , ) ( , , 1) ( , ) ( )     =1,2,...,21     =1,2
n

i

s j n j j n i Q j i TW j n j


        (5.6) 

Along with the pumping rate constraint, this drawdown constraint restricts over-

exploitation of groundwater withdrawal. 

Groundwater recovery time constraint 

This constraint requires that the groundwater level of each city must come back to 

normal (i.e., recovered back to equilibrium state) within the pre-defined allowable time after 

the drought. The recovery time constraint can represent hydro-environmental aspect in terms 

of groundwater sustainability. Seo et al. [2016a] addressed how to calculate the recovery time 

after groundwater pumping by considering potential uncertainty induced by perturbed initial 

conditions. This uncertainty band was adapted for use of recovery time constraint after the end 

of drought. That is, 

1

( , ) ( , , 1) ( , ) ( )     =1,2     =21
n rt

i

s j n rt j j n i Q j i LB j j n




         (5.7) 
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where LB(j) is lower bound of the uncertainty band in jth location (threshold values represent 

normal condition). 

Here, the value of rt, which is defined as the recovery time constraint to be adjusted for 

multiple cases, can be any integer from 1 to 9. Thus, the optimal solutions can vary by changing 

the value of rt,  

By changing the groundwater recovery time constraint, total inflow depletions during 

the drought period were minimized. Since the above-mentioned management model 

represents non-linear problem, generalized reduced gradient (GRG) search algorithm (in the 

MS EXCEL solver) was used to obtain the optimal solutions.  

5.3.1.1 Results of IO model  

Optimal conjunctive withdrawals corresponding to the varying groundwater recovery 

constraints from 1 to 9 months were obtained by IO model. Figure 5.2 (a) shows monthly mean 

inflow depletions obtained by IO model along with corresponding fractions of the groundwater 

withdrawal to the total withdrawal (which is supplied by the combined withdrawal of surface 

water and groundwater). Red markers represent monthly mean inflow depletion by optimal 

conjunctive withdrawal obtained by IO model whereas orange bars present the corresponding 

fractions of the groundwater withdrawal to the total withdrawal according to the different 

values of groundwater recovery time constraint. It clearly shows that inflow depletion is 

decreasing as recovery time constraint is increasing while fraction of groundwater withdrawal 

is increasing. It infers that more water should be withdrawn from groundwater to reduce inflow 

depletion even though it will take more time for groundwater levels to be restored back to 

normal condition. This is justified geo-physically since there is lagged impact on groundwater 
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recharge and baseflow processes – i.e. it take some times (e.g. a couple of months) from 

groundwater recharge at a certain location to discharge into stream as a form of baseflow, and 

this lagged impact also depends on the distance between recharge location and river reach 

where baseflow is flowing into. Hence, lagged reduction on inflow depletion can occur when 

some of surface water withdrawal are replaced with groundwater withdrawal from where are 

not adjacent to the river reach. Thus, there is trade-off between minimizing inflow depletion 

(inflow maximization) and decreasing recovery time for groundwater storage. For instance, 

changes in monthly mean inflow depletion was -2.4 MGD under only 1 month of groundwater 

recovery time constraint, but it was -9.0 MGD under 9 months.   

Figure 5.2 (b) shows monthly mean reservoir deficits which are simulated by the 

Jordan Lake reservoir model by putting optimized inflow series into the reservoir model. It 

also shows same fashion with Figure 5.2 (a) - i.e. reservoir deficits were increased by 

decreasing the value of groundwater recovery time constraint. Nonetheless, monthly mean 

reservoir deficit under 1 month of the recovery time constraint was greater than baseline 

deficit value (blue dash line) in spite of inclusion of inflow series optimized by IO model. In 

other words, optimized inflow series was not able to increase reservoir storage under 1 month 

of the recovery time constraint. Besides, reservoir storage deficit was not efficiently 

decreased comparing to baseline deficit (blue dash line) under 3 and 5 months of recovery 

time constraint. In this regard, integration of the reservoir model into the optimization model 

was considered in order to decrease reservoir deficit more efficiently in drought condition.   
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(a) 

(b) 

 
Figure 5.2 Inflow depletion and reservoir deficit driven by the conjunctive 
withdrawals obtained by Inflow Optimization (IO) model. 
(a) monthly mean inflow depletions corresponding to varying groundwater recovery 
time constraints – IO model only 
(b) monthly mean reservoir deficit corresponding to varying groundwater recovery 
time constraints – IO model only 
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5.3.2 Reservoir storage optimization (RSO) model 

Rather than minimizing depletions in inflow series which are flowing into the Jordan 

Lake reservoir, the reservoir deficits during the drought were minimized. Reservoir deficit was 

defined as the deviance of reservoir storage to the operation level (216 ft. in the Jordan Lake 

reservoir) storage. That is,  

         ( )

           0
( ) ( )     

if rs i rso

otherwise
rd i rso rs i


  


            (5.8) 

where rd(i) is reservoir deficit during ith month, rso is reservoir storage at the operation level, 

and rs(i) is reservoir storage during ith month.   

For minimizing reservoir deficits during the period in which reservoir storage series 

are below the operation level (i.e. reservoir storage series are positioned in conservation 

storage), Jordan Lake reservoir simulation model was embedded in the management model. 

Thus, the objective function of the RSO model is to minimize reservoir deficit that are 

simulated by putting the inflow series driven by the combined withdrawals of surface water 

and groundwater into the reservoir model. The objective function is expressed as follows: 

 
1

   ( ( ) ( ))

                        0
MIN ( ( ) ( )) ;      21      

n

i

if RM I i CD i rso

otherwise
f rso RM I i CD i n



 
    


  (5.9) 

where RM(·) is the Jordan Lake reservoir simulation model, I(i) is inflow series during ith month 

without any withdrawal, and CD(i) is depletions in inflow driven by the combined withdrawals 

of surface water and groundwater during ith month. CD(i) is expressed as below, 

 
1

( ) ( ) ( , ) ( , )       2
NW

j

CD i TW j P i j D i j NW


                 (5.10) 

Definitions of the variables of TW(j), P(i,j), and D(i,j) are described in the previous section. 
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The above objective function of RSO model, Eq. (5.9), was subjected to the same 

constraints to the IO model which are described in the previous section. 

5.3.2.1 Results of RSO model  

Optimal conjunctive withdrawals corresponding to the varying groundwater recovery 

time constraint from 1 to 9 months were obtained by RSO model. Figure 5.3 (a) shows monthly 

mean inflow depletions obtained by RSO model along with corresponding fraction of 

groundwater withdrawals to the total withdrawal. Figure 5.3 (a) includes the results of IS model 

as well for comparison between the two different management models. RSO model also shows 

same fashion with IO model in terms of trade-off between inflow depletion minimization and 

decreasing recovery time for groundwater storage. However, it turns out that RSO model was 

not able to reduce inflow depletions more than IO model. The blue markers (inflow depletion 

by RSO model) were located above the Red markers (inflow depletion by IO model), and the 

blue bars (fraction of groundwater withdrawal by RSO model) were shorter than the orange 

bars (fraction of groundwater withdrawal by IO model). In other words, RSO model used less 

amount of groundwater withdrawal so that inflow depletions driven by RSO model were 

greater than IS model across all the recovery time constraints.  

However, in terms of minimizing reservoir deficits, RSO model outperformed IS 

model. As shown in Figure 5.3 (b), though RSO model requires less amount of groundwater 

withdrawal than IS model, RSO model was able to maximize reservoir storage more than IS 

model when reservoir storage is below operation level. This is associated with groundwater 

withdrawal timing during the management period.  
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(a) 

 

(b) 

 
Figure 5.3 Inflow depletion and reservoir deficit driven by the conjunctive withdrawals 
obtained by Reservoir Storage Optimization (RSO) model and comparison with IO 
model. 
(a) monthly mean inflow depletions corresponding to varying groundwater recovery 
time constraints – the both RSO and IO models 
(b) monthly mean reservoir deficit corresponding to varying groundwater recovery 
time constraints – the both RSO and IO models 
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Figure 5.4 (a) shows monthly series of fraction of groundwater withdrawal optimized 

by IO and RSO models under 1 month recovery time constraint. This fraction calculated by 

dividing the sum of groundwater withdrawal by the total withdrawal for the both cities. While 

IO model have most of groundwater withdrawn during the first five months (Jan. 2001 – May. 

2001) which are just before the beginning of dry spell, RSO model required most of 

groundwater withdrawal during the dry spell (May. 2001 – Nov. 2001). Thus, groundwater 

withdrawal was not required during normal/wet period by RSO model. This is because 

reservoir storage normally retains the operation level unless drought occurs. RSO model 

concerns maximizing inflow series only when reservoir storage is below the operation level 

whereas IO model focuses only on maximizing inflow series regardless of reservoir condition. 

In this regard, RSO model was able to outperform IO model for minimizing of reservoir deficit 

with even less amount of groundwater withdrawal.  

Figure 5.4 (b) shows the changes in inflow series by the IS and RSO models. As 

discussed above, most of increase in inflow were occurred during the first five months by IS 

model. However, during the first two months of the first dry spell (May and June in 2001), 

RSO model increased inflow series much more than IS model. This is associated with the 

fraction of groundwater withdrawal by RSO model during that duration in which all the water 

demand were met by groundwater water (as shown in Figure 5.4 (a)). Thus, RSO model was 

able to obtain more efficient groundwater withdrawal plan for maximizing water availability 

in reservoir during the drought by incorporating the reservoir model into the optimization 

model.  
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(a) 

(b) 

(c) 

Figure 5.4 Optimal groundwater withdrawals obtained by the both IO and RSO models and 
changes in inflow and reservoir storage corresponding to the optimal withdrawals under 1-
month recovery time constraint. 
(a) fraction of optimal groundwater withdrawals obtained by IO and RSO models under 1-
month of recovery time constraint 
(b) changes in inflow driven by optimal groundwater withdrawal plans obtained by IO and 
RSO models under 1-month recovery time constraint 
(c) changes in reservoir storage driven by optimal groundwater withdrawal plans obtained by 
IO and RSO models under 1-month recovery time constraint 
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Next, the changes in reservoir storage by IS and RSO models are presented in Figure 

5.4 (c). It shows the impact of increased inflow series on reservoir storage. During the first dry 

spell, the both models were able to increase reservoir storage and RSO outperformed as 

discussed above. However, during the second dry spell (Apr. 2002 – Sep. 2002), the both model 

were not able to increase reservoir storage. The both model rather decreased reservoir storage 

than the baseline storage. This is because of lagged inflow depletion driven by groundwater 

withdrawal during the first dry spell and none of groundwater withdrawal during the second 

dry spell. In other words, lagged impact of groundwater withdrawal in upstream region on 

downstream streamflow is the main reason that reservoir storage was decreased. Above all, it 

should be noted that the reason there is no groundwater withdrawal during the second dry spell 

is due to groundwater recovery time constraint. Given that the recovery time constraint is 1 

month, groundwater storage should come back to normal right after the end of the drought 

which is defined as Oct. 2002. To meet this constraint, the both models eventually restricted 

groundwater withdrawals during the second dry spell because there is not enough time for 

groundwater to be restored. The overall optimal solutions obtained by IO and RSO models 

under 1 month of groundwater recovery constraint, which are shown in Figure 5.4 (a) ~ (c), 

are presented in Table 5.1 and 5.2, respectively. 
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Table 5.1 Optimal conjunctive management plan obtained by IO (Inflow Optimization) model, and corresponding changes in 
inflow and reservoir storage series during the drought from Jan. 2001 to Sep. 2002 
 

Units: GW withdrawals – million gallons per day (MGD); inflow – cubic meters per second (CMS); reservoir storage – million cubic meters 
(MCM) 
1) Driven flow: simulated inflow driven by the optimal conjunctive management plan obtained by the RSO model  
 
 
 
 

RSO model 
2001 2002 

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep
GW withdrawal 
in Greensboro  

25.0 0.0 0.0 0.0 25.0 25.0 0.0 0.0 5.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

GW withdrawal 
in Burlington  

0.0 0.0 0.0 0.0 12.0 12.0 12.0 12.0 12.0 12.0 2.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

baseline inflow 27.7 37.6 72.1 59.1 11.5 14.8 11.4 12.3 10.5 7.6 6.6 8.9 33.7 23.2 22.5 14.1 8.2 7.1 7.7 6.7 9.8

driven inflow1) 28.6 37.3 71.8 59.0 13.1 16.2 11.7 12.3 10.9 8.0 6.6 8.9 32.8 22.9 22.4 14.1 8.1 7.1 7.6 6.6 9.8

changes in inflow 0.9 -0.3 -0.3 -0.1 1.6 1.4 0.3 0.0 0.4 0.4 0.0 -0.1 -0.9 -0.3 -0.2 -0.1 -0.1 0.0 0.0 0.0 0.0

baseline reservoir 
storage 

277 281 298 286 269 265 249 236 218 202 185 173 245 261 276 267 242 215 200 182 174

driven reservoir 
storage 

277 281 298 286 274 273 258 244 227 213 196 184 242 257 272 265 240 212 197 179 172

changes in 
reservoir storage 

0 0 0 0 4 8 9 9 10 11 11 11 -3 -4 -4 -2 -2 -3 -3 -3 -3
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Table 5.2 Optimal conjunctive management plan obtained by RSO (Reservoir Storage Optimization) model, and corresponding 
changes in inflow and reservoir storage series during the drought from Jan. 2001 to Sep. 2002  

Units: GW withdrawals – million gallons per day (MGD); inflow – cubic meters per second (CMS); reservoir storage – million cubic meters 
(MCM) 
1) Driven flow: simulated inflow driven by the optimal conjunctive management plan obtained by the RSO model  
 

 

 

 

RSO model 
2001 2002 

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep
GW withdrawal 
in Greensboro  

25.0 0.0 0.0 0.0 25.0 25.0 0.0 0.0 5.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

GW withdrawal 
in Burlington  

0.0 0.0 0.0 0.0 12.0 12.0 12.0 12.0 12.0 12.0 2.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

baseline inflow 27.7 37.6 72.1 59.1 11.5 14.8 11.4 12.3 10.5 7.6 6.6 8.9 33.7 23.2 22.5 14.1 8.2 7.1 7.7 6.7 9.8

driven inflow1) 28.6 37.3 71.8 59.0 13.1 16.2 11.7 12.3 10.9 8.0 6.6 8.9 32.8 22.9 22.4 14.1 8.1 7.1 7.6 6.6 9.8

changes in inflow 0.9 -0.3 -0.3 -0.1 1.6 1.4 0.3 0.0 0.4 0.4 0.0 -0.1 -0.9 -0.3 -0.2 -0.1 -0.1 0.0 0.0 0.0 0.0

baseline reservoir 
storage 

277 281 298 286 269 265 249 236 218 202 185 173 245 261 276 267 242 215 200 182 174

driven reservoir 
storage 

277 281 298 286 274 273 258 244 227 213 196 184 242 257 272 265 240 212 197 179 172

changes in 
reservoir storage 

0 0 0 0 4 8 9 9 10 11 11 11 -3 -4 -4 -2 -2 -3 -3 -3 -3
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5.3.3 Groundwater recovery time constraint 

As briefly mentioned in the previous section, groundwater recovery time constraint can 

restrict excessive use of groundwater withdrawal from environmental sustainability point of 

view. In this regard, by changing the value of recovery time constraint (i.e. by tighten or loosen 

the restriction of groundwater withdrawal), the optimal groundwater withdrawals would be 

also changed corresponding to the extent of the restriction. Thus, groundwater management 

plan can be associated with the intention of preserving sustainability of groundwater resources.  

Figure 5.5 (a) presents three different series of fraction of groundwater withdrawal 

obtained by RSO model with three different recovery time constraints: 1-, 4-, and 9-months. It 

clearly shows more groundwater withdrawal were permitted under 9-months recovery time 

constraint than 1-month. Plus, most of groundwater withdrawals were occurred during very 

dry spell for 1- and 4-months cases while groundwater were withdrawn across all the month 

during the entire period under 9-months case. Nonetheless, fraction of groundwater withdrawal 

were greater during drier than wetter condition under 9-months case. Thus, RSO model focuses 

on increasing inflow during dryer condition to preserve reservoir storage at the most. Figure 

5.5 (b) shows corresponding changes in reservoir storage by three different recovery time 

constraint cases. On the contrary to 1-month case, 4- and 9-month cases were able to increase 

reservoir storage in the both dry spells. Plus, 9-months cases obviously outperformed 4-month 

cases since longer time was allowed for groundwater to be recovered back to normal after the 

management period. Thus, by loosening the restriction of recovery time, water availability in 

the reservoir was increased by RSO model. As discussed earlier, the recovery time constraint 
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enables us to see trade-off between maximizing surface water availability and preserving 

sustainability of groundwater resources.  

 

(a) 

(b) 

 
Figure 5.5 Optimal groundwater withdrawals obtained by the RSO models and changes 
in reservoir storage corresponding to the optimal withdrawals under 1-,4-, and 9-months 
of recovery time constraints 
(a) fraction of optimal groundwater withdrawals obtained by the RSO model under 1-,4-, 
and 9-months of recovery time constraints 
(b) changes in reservoir storage driven by optimal groundwater withdrawal plans 
obtained  the RSO models under 1-,4-, and 9-months of recovery time constraint 
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5.4 Discussion 

As seen in the results, appropriate use of groundwater withdrawal was able to reduce 

water scarcity in surface water resources in drought condition. However, it might not be 

feasible for this approach to be adopted for real-time drought management given that it is very 

difficult to obtain reliable forecast of climate forcing for a long time (e.g., longer than 1 year 

ahead forecast) which is critical for drought management.  

Nevertheless, recovery time constraint was embedded in the management model so that 

trade-off between minimizing water scarcity and maximizing sustainability on groundwater 

was successfully addressed. Thus, we rather focus on how a water resources system comes 

back to normal after transient conjunctive management during a drought than providing merely 

the optimal solution for conjunctive use of surface water and groundwater.  

The trade-off between maximizing water use efficiency and preserving sustainability 

of water resources on a local scale watershed can vary depending on its geophysical 

characteristics and climate conditions followed by a drought. Though a single watershed which 

is located in humid climate regime was tested in this study, if another watershed which is 

having different geophysical conditions and climate regime (e.g., located in arid climate regime 

such as south-western US) is tested, it may lead to different relationship between water use 

efficiency and sustainability of water resources. For this reason, a fully distributed and fully 

coupled hydrologic model is necessary for a local basin scale study because of its ability 

reflecting heterogeneity of geographical data and simulating interact between surface water 

and groundwater simultaneously. Besides, potential climate scenario which is followed by a 

drought also can affect the resiliency of water resources system [Seo et al., 2016a]. In this 
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regard, applying multiple climate forcing scenarios may be able to provide uncertainty induced 

by potential climate forcings. 

At last, even though cost aspect was not considered in the management model, it can 

be incorporated into the model if reliable cost analysis is available. If so, mixed integer 

programming can be an alternative for the optimization scheme since turning on/off of 

groundwater withdrawal for each month can be modelled in the management model.  

 

5.5 Conclusion 

The transient management model for the optimal allocation of surface water and 

groundwater withdrawals during a drought was developed in this study. S-O model was 

employed with response matrix approach to develop the management model. A fully 

distributed and coupled hydrologic model, PIHM, was used for simulation of surface water 

and groundwater simulated model so that response functions on streamflow and groundwater 

depth were successfully generated. Besides, by incorporating the reservoir simulation model 

into the objective function, reservoir deficit was directly minimized by obtaining optimal 

allocation of surface water and groundwater withdrawal. Moreover, the recovery time 

constraint enables to provide trade-off between maximizing conjunctive water use efficiency 

and sustainability of water resources during a drought.  

We hope that the S-O model proposed in this study shed a light on a new perception of 

sustainable management of groundwater withdrawal during a drought. Given that most 

objectives of water resources management are aim at optimal allocations, sustainability of 
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water resources can be easily overlooked. Transient drawdown in groundwater level and 

depletions in streamflow are not sufficient conditions for sustainability of water resources 

management. Thus, such a constraint of recovery time introduced in this study can be 

considered for sustainable drought management. Furthermore, the proposed modelling 

approach can be extended to a long-term conjunctive management plan for a watershed in arid 

climate regime in which groundwater resources is primary source for water supply. 
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CHAPTER 6 

Concluding Remarks 

 

6.1 Conclusions 

The main goal of this study was to investigate two key issues threatening water 

resources sustainability – interaction between surface water and groundwater resources and 

groundwater withdrawal impacts of streamflow depletion under near-term climate change.  

First, a systematic decomposition procedure was proposed for quantifying the errors 

arising from various sources in the model chain in projecting the changes in hydrologic 

attributes using near-term climate change projections. The motivation was to understand 

errors from different sources so that a particular modeling in the chain could be improved. 

The findings from the application of the decomposition procedure over the four target basins 

could be summarized as: 1) changes in the observed hydrologic attributes were not captured 

well by the change in GCM projections, 2) projected changes in hydrologic variables forced 

by a set of multiple GCMs generally underestimate observed changes of hydrologic 

attributes, 3) changes in error due to GCM forcing (temporal disaggregation scheme and 

hydrologic model simulation) play an important role in capturing the changes in mean and 

variability of seasonal streamflow (hydrologic extremes of streamflow), 4) comparing across 

the watersheds, the smaller watersheds lead to larger GCM ensemble spreads indicating 

higher uncertainty in projecting the changes in hydrologic attributes, and 5) semi-arid/arid 



111 
 

 

(humid) basins show reduced (enlarged) uncertainty with narrower (wider) ensemble spread 

in projecting the changes in hydrologic attributes as arid (humid) basins rely more on 

temperature (precipitation), which is better (poorly) simulated by GCMs. 

To understand interaction between surface water and groundwater resources, transient 

pumping impacts on streamflow and groundwater level were analyzed by imposing short-

term pumping scenarios under historic drought conditions. Meanwhile, potential 

uncertainties induced by heterogeneities on spatial input data were also addressed. Initial 

conditions of heterogeneous soil moisture in the hydrologic system led to large (less) 

uncertainties in streamflow (groundwater storage) in wet conditions. In contrast, larger 

uncertainties in groundwater storage were induced by the dry climate conditions in which 

baseflow dominates streamflow. Thus, limited amount of water which are infiltrated into soil 

moisture led to large uncertainty on groundwater storage but less on baseflow. In terms of 

groundwater pumping impacts, the more groundwater is withdrawn, the longer required time 

is needed. However, we want to highlight that the groundwater pumping impacts on the 

hydrologic system also depend strongly on natural stresses. It means that over-exploitation of 

groundwater resources under the dry climate might lead to more severe impacts than 

prediction. Thus, it can be ironic that we withdraw more groundwater in drought given that 

surface water and groundwater are tightly interconnected. Accordingly, it is necessary to put 

more efforts on in-depth studies for groundwater pumping impacts on the hydrologic system 

especially for regional case studies in drought condition. This is because geophysical 

circumstances and climate regimes are vary across the earth. 
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Lastly, conjunctive use of surface water and groundwater has been considered as an 

effective approach to mitigate water shortage problems that are primarily caused by a 

drought. For this purpose, S-O modelling technique which is incorporated with response 

matrix approach was employed in order to achieve optimal conjunctive allocation to 

minimize risk of water scarcity in terms of reservoir storage. As a result, it is found that 

appropriate use of groundwater withdrawal was able to reduce water scarcity in surface water 

resources in drought condition. Meanwhile, recovery time constraint was embedded in the 

management model so that trade-off between minimizing water scarcity and maximizing 

sustainability on groundwater was successfully addressed. Thus, we rather focus on how a 

water resources system comes back to normal after transient conjunctive management during 

a drought than providing merely the optimal solution for conjunctive use of surface water and 

groundwater.  

6.2 Future Studies 

Lack of reliable groundwater pumping data sets and detailed spatial information of 

aquifer and geology can hinder researcher from conducting reliable local-scale analyses. 

Nevertheless, the proposed study analyzing transient pumping impacts on streamflow and 

groundwater level was able to be improved by the progress in physically fully-integrated 

hydrologic model, PIHM. Plus, various potential human stresses and climate change 

scenarios can be employed to the watershed under any different climate regimes for future 

case studies. 
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Since most objectives of water resources management are aim at optimal allocations, 

sustainability of water resources can be easily overlooked. Transient drawdown in 

groundwater level and depletions in streamflow are not sufficient conditions for 

sustainability of water resources management. Therefore, such a constraint of recovery time 

introduced in this study can be considered for potential sustainable drought management 

studies. Furthermore, the proposed modelling approach can be extended to a long-term 

conjunctive management plan for a watershed in arid climate regime in which groundwater 

resources is primary source for water supply. 
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APPENDICES 

 

Appendix A 

 
Monthly time series of simulated reservoir storage driven by PIHM-simulated inflow 

series are presented in Figure A1 along with observed reservoir storage for evaluation. As 

shown in Figure A1, simulated reservoir storage was able to capture the variability of observed 

reservoir storage well enough even though initial storage of reservoir for each month was not 

updated to the observed value. 

 

 

Figure A1 Monthly reservoir storage series simulated by Jordan Lake reservoir model 
developed in this study during the period from 1997 to 2010 (14 years) 
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Appendix B 

 

 

Figure A2 Response matrix form which estimates depletion based on the combination of 
space and time superposition 
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Appendix C 

 
For validity of response functions, the property of scalability and the theory of 

temporal/spatial superposition were tested. First, Figure A3 (a) and (b) present verification of 

temporal superposition theory under wet and very dry condition, respectively. Continuous 

pumping is the baseline scenario which impact is to be compared with the superposed impact 

from multiple scenarios that are individual pumping scenarios for each month during the three 

months. In other words, the effect of continuous pumping (during the three months) was 

compared with the summation of effects of individual pumping done by each month (during 

the three months). For continuous pumping, unit pumping rates (23 MGD ≈ 1CMS) were 

imposed to the first three months from Jan. 1983 to Mar. 1983 in the city of Greensboro. After 

that three different timing of pumping (i.e. Jan. 1983, Feb. 1983, and Mar. 1983) were also 

imposed and the effects of the three of them were aggregated.  

As shown in Figure A3 (a), superposed effects of the individual pumping from three 

different times (estimated net impacts to streamflow depletion) were matched well with the 

effects of the continuous pumping. Thus, under wet condition (i.e. if sufficient amount of water 

is available), response functions can be used to calculate the net effects of individual pumping 

by each month. However, under very dry condition, there were little biases between the effects 

of continuous pumping and the estimated net impacts from multiple individual pumping. 

Figure A3 (b) presents an example of temporal superposition test during very dry 

condition which is from Jul. 1981 to Sep. 1981. Unlike Figure A3 (a), the net effects of 

individual pumping for each month deviated from the effects of the continuous pumping. It 
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can be because of that groundwater flow in unconfined aquifer is nonlinear in which 

groundwater depth varies with head. In this regard, Takahashi and Peralta [1995] discussed 

that applying superposition to unconfined aquifer can be violated if the system contains 

significant external flows. For this reason, many empirical tests on temporal superposition 

were done with care to see applicability of transient response functions derived by PIHM 

simulations given unconfined aquifer system in the Haw River basin. 

Even though the net effects of individual groundwater withdrawals were not exactly fit 

to the effects of continuous withdrawal, overall shape of the response functions of the two (the 

superposed effects and the effects of continuous pumping) on temporal domain were 

reasonably similar. (Please note that Figure A3 (b) presents the worst example among the many 

tests on temporal superposition). Besides, the aggregated effects of groundwater withdrawal 

on temporal domain (i.e. surface integral of the response function) were nearly equal by when 

groundwater depth comes back to normal. In this regard, it was considered that the theory of 

temporal superposition would not be explicitly violated given that the biases induced by PIHM 

simulations were reasonably small and the management model developed in this study 

embraces temporally aggregated effects of groundwater withdrawals. 
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(a) (b) 

Figure A3 Comparison between the net effects of individual groundwater withdrawals and 
the effect of continuous withdrawal on temporal domain 
(a) an example of wet condition: Jan. 1983 – Mar. 1983 
(b) an example of very dry condition: Jul. 1981 – Sep. 1981 

 

Although the theory of temporal superposition was challenged due to unconfined 

aquifer system, the theory of spatial superposition and the property of scalability were 

successfully validated by multiple tests without any sign of violation. Figure A4 (a) and (b) 

present examples of spatial superposition of the two and three individual locations, 

respectively. We can easily find that the superposed effects from individual locations were 

nearly equal to the effects of the withdrawal from multiple locations together. Figure A6 shows 

an example of the property of scalability test. Since the unit response can be scaled to any 

magnitude of the response, the unit response (flow depletion by the unit withdrawal, 23 MGD) 

was multiplied by two and four (i.e. 2 x UP and 4 x UP in Figure A5) and compared to the 

responses driven by the withdrawal of 46 MGD and 92 MGD (i.e. 46 MGD and 92 MGD in 

Figure A5), respectively. As shown in Figure A6, the property of scalability was also validated 
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well with the test. Many tests were done exhaustively, but only some of them were plotted here 

for reference. 

 

(a) (b) 

Figure A4 Comparison between the net effects of individual groundwater withdrawals and 
the effect of combined withdrawal on spatial domain 
(a) an example of two locations – Greensboro and Burlington: Jan. 2007 – Mar. 2007 
(b) an example of three locations – Greensboro, Burlington, and Durham: Jan. 2007 – Mar. 
2007 

 
 

 

Figure A5 Comparison between the scaled effects of unit groundwater withdrawals and the 
effect of scaled withdrawal: the property of scalability 


