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ASSESSING THE PERFORMANCE OF HSPF WHEN USING
THE HIGH WATER TABLE SUBROUTINE TO SIMULATE
HYDROLOGY IN A LOW-GRADIENT WATERSHED

by

Michael Scott Forrester

ABSTRACT

Modeling groundwater hydrology is critical in lowaglient, high water table watersheds
where groundwater is the dominant contributiontteasnflow. The Hydrological Simulation
Program-FORTRAN (HSPF) model has two different sulines available to simulate
groundwater, the traditional groundwater (TGW) switine and the high water table (HWT)
subroutine. The HWT subroutine has more paramataigequires more data but was created to
enhance model performance in low-gradient, higremable watershed applications. The
objective of this study was to compare the perferceaand uncertainty of the TGW and HWT
subroutines when applying HSPF to a low-gradiertevgaed in the Coastal Plain of northeast
North Carolina. One hundred thousand Monte Carntakitions were performed to generate data
needed for model performance comparison. The HWdliaihgenerated considerably higher
Nash-Sutcliffe efficiency (NSE) values while perfong slightly worse when simulating the
50% lowest and 10% highest flows. Model uncertamég assessed using the Average Relative
Interval Length (ARIL) metric. The HWT model opezdtwith more average uncertainty
throughout all flow regimes. Based on the restitts, HWT subroutine is preferable when
applying HSPF to a low-gradient watershed and toeiracy of simulated stream discharge is
important. In situations where a balance betweefopeance and uncertainty is called for, the

choice of which subroutine to employ is less claar
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CHAPTER 1: INTRODUCTION

The century old science of hydrological modelinfpisused on developing tools that
allow users to simulate hydrologic responses tamyiforces at various scales. Early models
were empirically-based and sought to simulate ixedbt simple processes like infiltration (Green
and Ampt, 1911; Horton, 1933) and runoff (Shermat932; Horton, 1945). Models have
evolved over the years and are now used to prardalations of nearly every hydrologic
component in a watershed, often at once in amallssive model (Singh, 1995). These more
recent, complex models synthesize multiple equatsrd theories to provide a detailed
hydrologic simulation. Watershed-scale models &ienghysically based, allowing users to
input the land-use and soil characteristics oftagershed and then use that information to
generate model output(Migliaccio and Srivastav®,720Aside from physical attributes (e.qg.,
slope, land use), models use parameters that ¢baracthe various hydrologic processes such
as evapotranspiration, infiltration, and groundwétav(Beven, 2000). Models are frequently
used as decision support tools to aid in managedeaisions such as the application of best
management practices to address pollutant loadiagnatershed (Borah and Bera, 2003;
Wagener and Gupta, 2005).

The Hydrological Simulation Program-FORTRAN (HSE-an example of a watershed-
scale, physically based model (Bicknetlal, 2001). HSPF combines physical data (e.g. land
use, slope) and a substantial set of parametsisitdate hydrology and pollutant fate and
transport for various constituents such as bagteutients, and sediment(Migliaccio and
Srivastava, 2007).HSPF has two subroutines thabearhosen to simulate groundwater, the
traditional groundwater subroutine (TGW) and thghhivater table groundwater subroutine
(HWT). The HWT model was developed for use in lonaeient, high water table watersheds
(Bicknell et al, 2001). While the HWT model was created to provadder simulations in these
watersheds, a comparison of the use and perfornaribe HWT model versus the TGW model
including an uncertainty analysis is needed.

An estimate of uncertainty in hydrological modeldeneficial because models are
simplifications of heterogeneous systems and msidetture, parameters, and data input all
present an inherent uncertainty (Sivapalan, 2008g&ker and Gupta, 2005; Wagener and
Montanari, 2011). Despite the unavoidable uncetgasimulation models are frequently used



and needed to explore the various assumptions ataalé the real world hydrologic cycle and

to predict behavior within this cycle for decisioraking purposes (Beven, 1989). How to deal
with and assess the present uncertainty is a clg@leor modelers. In fact, as Pappenberger and
Beven (2006) argue, much of the scientific/modetogimunity is still resistant to the idea of
estimations of uncertainty in hydrological modelibgspite this, an estimation of model
uncertainty, especially when assessing the perfocsaf models, allows for a comparison of

the models’ input and structural error.



CHAPTER 2: LITERATURE REVIEW

Hydrological Simulation Program — FORTRAN (HSPF)

HSPF is a continuous, semi-lumped watershed-scatkehadeveloped in collaboration with
the United States Environmental Protection AgettSEPA) and is based off of the Stanford
Watershed Model IV (Crawford and Linsley, 1966; pan et al, 1995; Bicknellet al, 2001).
HSPF combines multiple models and empirical egunatto simulate hydrology and water
quality constituents such bacteria, sediment, atidamts, among others (Donigiahal, 1995).
HSPF is part of USEPA’s Better Assessment Sciemiegtating Point and Nonpoint Sources
(BASINS) package frequently used in total maximuaitydoad (TMDL) studies (Borah, 2011).
HSPF is considered a “semi-lumped” model becauskéoivs stream reaches to be routed into
others but lumps together land uses and parametiges/by subwatershed (Cabal, 2009).

The model generally uses an hourly time step aioslate meteorological and physical input data
into streamflow and other hydrological componenishsas infiltration, interflow,
evapotranspiration, and runoff (Migliaccio and &stava, 2007). Different water quality
modules can then be called upon to simulate atyasfepollutants.

From a water balance perspective, HSPF breakseupdtershed into a series of zones that
vary by subwatershed and by land-use (Bickeedl, 2001). Water in each zone is subject to a
different set of governing equations and their eetipe parameters. Figure 2-1 shows the top to
bottom breakdown of the water budget zones usétbiAF. The option to simulate the snow
zone is generally only used in areas where snowsaaodmelt have large effects on the water
budget. In HSPF, the Upper, Lower, and Groundwatees all lie in the subsurface and water
movement between the zones is simulated using oimeoaroundwater subroutines (TGW,
HWT). While the two models handle the movement afex differently, they both use the
concept of zones (Figure 2-1) to aid in model patamzation. The difference lies in how the

models simulate interactions between the zonealoulating the water budget.
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FIGURE 2-1. Zones or Storage Volumes Used by H®PSirmulate the Water Balance. (Bicknetlal, 2001)
(Used under fair use, 2012)

Because of extensive parameterization, HSPF isdadtlemely flexible and complex.
While the HSPF users guide provides typical rarigeparameter values (Bicknedt al, 2001),
calibration is necessary to improve simulation aacy (Refsgaard, 1997; Kiet al, 2007).
Calibration is often performed with the assistaotthe digitally-based HSPF expert system for
calibration, HSPEXP, used to analyze model out@atsed on this analysis, HSPEXP suggests
changes in parameter values designed to improeetedl model performance statistics. The
default flow-related model performance statistitecia used in HSPEXP (Lumét al, 1994) are
shown in Table 2-1. More restrictive criteria canused if desired (Kiret al, 2007).

TABLE 2-1. HSPEXP Default and Optional Model Perfance Criteria.

Default Criteria Optional Criteria Percent
Flow Statistic Percent Error Error
Error in total volume +10 +10
Error in low flow recession +0.03 +0.01
Error in 50% lowest flows +10 +10
Error in 10% highest flows +15 +15
Error in storm peaks +20 +15
Seasonal volume error +30 +10
Summer storm volume error + 50 +15

HSPF is typically calibrated using one set or tpeeod of observed data and validated
for a different set of observations (Kiet al, 2007), sometimes referred to as a “differential

split-sample” test (Klemes, 1986). Validation seksorroborate the parameter values
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determined during calibration by obtaining adequmatelel output during a separate time period.
Using the same model performance criteria for Ip&ttiods, model parameters are adjusted
through calibration until a satisfactory model evdloped for both the calibration and validation

periods.

Modeling Low-Gradient Watersheds with High Watebl€a

Most watershed-scale models incorporate groundviiethe water balance to some
extent. Models such as HSPF and the Soil and Watsessment Tool (SWAT) keep track of the
volume of water in active groundwater storage z@mekcalculate the release of this water into
streams using various approaches/relationshipsligddao and Srivastava, 2007). HSPF, SWAT
and the Watershed Assessment Model (WAM) alsodetaudefine deep percolation parameter
values where water routed to these deep aquiferex meturns to the stream or river (Migliaccio
and Srivastava, 2007). Accurate modeling of grouatdwcontributions to streamflow is critical,
especially in areas where the groundwater contahdtom shallow/high water tables is a
dominant component of streamflow (Yeh and Elta2@05).

HSPF has two methods for simulating groundwatee. TBW subroutine is more basic
and is typically used in HSPF applications. Whengishe TGW subroutine, the groundwater
contribution to streams is some fraction of thevacgjroundwater storage (AGWS) (Zhagigal,
2010). The AGWS parameter simulates a shallow gteater aquifer that readily contributes to
both evapotranspiration and baseflow (Migliaccid &nivastava, 2007). Calibrated parameters
determine how much of the groundwater in this zsrest to deep aquifers (DEEPFR),
evapotranspiration (AGWETP), or contributes to lHlase(AGWRC) (Bicknellet al, 2001).

The water that percolates into the deep aquifelHPER) is lost to a separate, inactive storage
(IGWI) and never contributes to baseflow or evagagpiration (Bicknelet al, 2001). Figure 2-
2 is a flow diagram showing the various storagesameters, and linkages present in the TGW
subroutine (Bicknelét al, 2001).
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FIGURE 2-2. Flow Chart of the TGW Subroutine. (BieK et al, 2001) (Used under fair use, 2012)

The HWT subroutine is more sophisticated and sfipeth The HWT subroutine tracks
the groundwater elevation (GWEL) and simulatesratdions between the Upper, Lower, and
Groundwater zones as GWEL rises and falls. FigeBelRstrates the soil profile as defined in
the HWT subroutine, showing the location of the imituence elevation levels that separate the
sub-surface water storage zones (AGWS, LZS, U2&S)(Bicknellet al,, 2001). These
influence elevations separate the soil columnintee regions, as they are referred to in the

HSPF documentation. In the HWT subroutine, the Péfameter represents the porosity



present in micropores and is constant for all theggons. The PGW parameter represents the
porosity present in macropores in Regions 1 andd2tlae UPGW parameter represents porosity
of the macropores in Region 3. UPGW is generakatgr than PGW based on the assumption
that soil in the upper layer is more proliferatgdrbots and contains more structure (Bicknell et
al., 2001). The porosities for the three regiorG\\F PCW, UPGW) are typically quantified
using available soil data and averaged over tHerdifit land-uses and subwatersheds.

UPGW PCW

o [ »
< L | >

SELV = -

UPGW—Macropore porosity in upper
soil region (region 3)
PCW—Porosity in micropores
= == =+ SURS—Surface detention storage
; IFWS—Interflow storage
(=) UZS—Upper zone storage
c
o

REGION 3 |

UELV = -

UELV—Upper zone influence level
LZS—Lower zone storage
= == =« LELV—Lower zone influence level
GWEL—Groundwater elevation
BELV—Bottom elevation
AGWS—Active groundwater storage
PGW—Porosity in macropores

REGION 1

PGW PCW
FIGURE 2-3. Soil Profile Representation Used inHWT Subroutine. (Bicknelt al, 2001) (Used under fair use,

2012)

As can be seen in Figure 2-3, Region 1 is the d#elyeng below the lower zone influence
elevation (LELV). Groundwater in this region is qtiied by AGWS. Region 1 is assumed to
be saturated; the groundwater in Region 1 doestetct with the unsaturated zone (above
GWEL). Region 2 lies above the LELV with the topRxégion 2 being defined by the upper
zone influence elevation (UELV). If the GWEL riseso Region 2, groundwater storage
interacts with the lower zone storage (LZS). Grouaigr that occupies micropores in Region 2
is quantified with the parameter LZS. Increasesoih moisture within LZS are assumed to be
uniform throughout the entire zone. Water that ent&S is held by cohesive forces, meaning it
cannot percolate back into the groundwater andoanexit through evapotranspiration
(LZETP). The remaining groundwater within Regionupies macropores, is subject to the
groundwater parameters DEEPFR and AGWETP, anctwiitinue to contribute to baseflow
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(AGWRC). When the GWEL reaches Region 3, abovedJtekeV, the groundwater shares
storages with interflow (IFWS) and upper zone sier@JZS). Changes in groundwater that are
not attributed to LZS are assigned to IFWS and UZ$=d on their relative levels of saturation.
If the water table rises to the surface any additiovater is added to surface storage and can
potentially contribute to runoff (Bicknedit al, 2001).

Use of either groundwater subroutine in HSPF rexgurarameter calibration. Calibration
of HSPF parameters relies heavily on guidance deakin the HSPF documentation and on trial
and error. Said et al. (2007) proposed using vpddlsed in strategic locations in a watershed to
help calibrate HSPF groundwater parameters. Tlearelkers used observed water table records
to provide a more accurate set of parameters. Usend GW model discussed above and two
wells within a watershed, the AGWS curve was fitie@avater table elevation data to provide
empirical estimates for groundwater parametersaniar technique may be appropriate for

estimating parameters using the HWT model.

Uncertainty in Hydrological Modeling

Uncertainty in hydrological modeling is unavoidaftiBzven, 2000). This uncertainty stems
from multiple sources during the formation/execuntid a model. First, the observed data used to
develop and calibrate the model is not withoutrefBzven, 2000). For example, the resolution
of weather stations near a watershed of interegtpr@a/ide adequate, but not entirely accurate,
estimates of precipitation, temperature, etc. @énatneeded to input into the model (Tetzlaff and
Uhlenbrook, 2005). Second, and more importantly,flaydrological model is a simplification of
a much more complicated natural system. Vast hgegrities exist in all scales of hydrological
systems (Sivapalan, 2003; Beven, 2006b). This fohgelrologic modelers to make certain
assumptions in order to simplify the system. Orengxle of this is the Darcian flow partial
differential equations for flow through the soil tma used in most distributed-parameter models
(Beven, 1993). In its simplest form, Darcy’s lawtstthat the velocity of a fluid through a
porous media is proportional to the pressure gradied a constant characterizing the
permeability of the soil (Muskat, 1937). This eqoat however, was derived from small-scale
lab experiments. Once this equation attempts tmatt subsurface flow in the hillslope or
watershed-scale it will face large, three-dimenalidreterogeneities that force the modeler to

begin making assumptions (Beven, 1993).



Semi-lumped parameter models like HSPF, for exangale assign different values for the
permeability of soils only to a certain extentaimHSPF application, subwatersheds are broken
down into different pervious land segments (e.ge$t pasture, cropland) and impervious land
segments, with parameter values assigned to egates¢. Within the individual land segments,
however, all parameter values are assumed to ksardnThis means that the model assumes all
of the soil properties within a given subwaterskesparate land uses are constant, an
assumption that is not true but necessary givefirthi&ations of semi-lumped models.

The heterogeneity and complexity of hydrologicateyns almost always requires some
calibration of parameters (Refsgaard, 1997; Gept, 1998). Parameters can be subjectively
adjusted, often with some guidance, until modepotd are within an acceptable range of
observed values. Calibration with the goal of binggsimulated values closer to observed values
brings about two issues. First, the model pararag@n begin to stray away from an actual
physical representation of a particular componéth® system in favor of a value that yields
more accurate results (Wagener and Gupta, 200&mjts to choose effective parameter values
based on field measurements is most often futib@bxse the scale at which the parameters are
defined in the model is usually much larger thandbale that measurements can be made in the
field. In addition, there are often conceptual mMadenponents that do not have a direct physical
meaning (Beven, 1993; Sivapalan, 2003).

The second issue that arises during calibrati@ncgncept known as equifinality.
Equifinality is the phenomenon where many diffengatameter sets output similarly acceptable
results (Speaet al, 1994; Beven and Freer, 2001; Beven, 2006a) nimodel such as HSPF with
numerous parameters, the interactions betweentbetbhysical characteristics in the watershed
and the parameters that attempt to represent thasacteristics can result in numerous
acceptable parameter sets. With so many viablevges sets, and possibly no single optimum
set, there is considerable uncertainty in parametieies and the simulated results (Beven and
Freer, 2001). A main goal of estimating uncertaithgrefore, is to quantify the probability that
a particular parameter set’s output lies withinveeg range of the observed value (Beven, 2000).
An uncertainty analysis takes into account bothuheertainty inherent in model input data and
the uncertainties that arise by simplifying theevahed’s processes into model form.

Monte Carlo (MC) simulations provide a basis fongeting multiple parameter sets for

models where one optimum parameter set does nstt axidressing equifinality. MC



simulations generate parameter sets by samplimg dlistributions of uncertain parameters
(Whitehead and Young, 1979; Wagener and Kollat/720Bach parameter set is used to model
the system and response variables (e.g. dischaoetant loading) and can then be used to
assess performance and parameter uncertainty. @ulC runs generate distributions of
response variables at each time step. If the 2d©d@.5% quantiles of these distributions are
calculated, the 95% confidence interval for praediccan be determined. The confidence
interval represents the band or range of unceytéamtthe response variable at each time step
(Beven, 1993).

Jin et al. (2010) developed a simple method totiiyamodel uncertainty called the
Average Relative Interval Length (ARIL). The ARILetnic averages the width of the response
variable confidence interval at each time steptiredao the observed data at that time step over
the entire simulation period. ARIL has been usedtirer studies to assess and compare and
guantify the uncertainty present in hydrologicaldals (Jinet al, 2010; Liet al, 2010; Kizzaet
al., 2011).

By performing multiple MC runs or by using an MCliogization method such as the
Shuffled Complex Evolution Metropolis algorithm (gt et al, 2003), behavioral parameter
sets can be derived. The concept of behavioralgeren-behavioral parameter sets was first
introduced by Spear and Hornberger (1980) andad usthe Generalized Likelihood
Uncertainty Estimation (GLUE) method of estimatigrcertainty (Beven and Binley, 1992). In
the GLUE methodology, behavioral parameter setglaermined using an objective function
and a threshold performance value. Parameteresifiing in model runs that fall above the
threshold value are considered to be behaviorapamde an acceptable characterization of the
watershed (Beven and Binley, 1992). By filtering M&Sults into behavioral and non-behavioral
parameter sets, only MC model runs identified dsabmral parameter sets are included in the
model performance and uncertainty analyses. Setebghavioral parameter sets also allows for
a regional sensitivity analysis. Posterior behaliparameter distributions that are not uniform
and show a trend towards a particular value organgicate a parameter that is more sensitive
in the model (Spear and Hornberger, 1980).
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Conclusion

The assumptions and simplifications present in dlpdjical models are at once necessary
and problematic for modelers. The vast and noy fuiderstood heterogeneities in hydrological
systems make an exact model impossible. PerformMimgte Carlo simulations, and thus
accepting the concept of equifinality, allows forassessment of model performance that
implicitly recognizes the uncertainty present inhothe model input data and the structure of the
model itself. Uncertainty analyses should be inocafed in any comparison of different models
or different forms of the same model. HSPF hagarsee groundwater subroutine for low-
gradient areas with a high water table. The HWTrauitine estimates the water table elevation
and uses that as a basis to estimate how groundafégets discharge. This research compares
the performance and uncertainty between the TGWHMA subroutines when using HSPF to

simulate hydrology in a low-gradient, high watdrleawatershed.
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CHAPTER 3: ASSESSING THE PERFORMANCE OF HSPF WHEN USING THE HIGH
WATER TABLE SUBROUTINE TO SIMULATE HYDROLOGY IN A LOW-
GRADIENT WATERSHED

Modeling groundwater hydrology is critical in loweglient, high water table watersheds where
groundwater is the dominant contribution to strdamf The Hydrological Simulation Program-
FORTRAN (HSPF) model has two different subroutiaesilable to simulate groundwater, the
traditional groundwater (TGW) subroutine and thghhivater table (HWT) subroutine. The

HWT subroutine has more parameters and requires daia but was created to enhance model
performance in low-gradient, high water table wstied applications. The objective of this study
was to compare the performance and uncertaintyeoTGW and HWT subroutines when
applying HSPF to a low-gradient watershed in thastal Plain of northeast North Carolina.
One hundred thousand Monte Carlo simulations wertopmed to generate data needed for
model performance comparison. The HWT model geadrabnsiderably higher Nash-Sutcliffe
efficiency (NSE) values while performing slightlyorgée when simulating the 50% lowest and
10% highest flows. Model uncertainty was assessadjuhe Average Relative Interval Length
(ARIL) metric. The HWT model operated with more eage uncertainty throughout all flow
regimes. Based on the results, the HWT subrousipedferable when applying HSPF to a low-
gradient watershed and the accuracy of simulatedrstdischarge is important. In situations
where a balance between performance and uncertaioled for, the choice of which

subroutine to employ is less clear cut.

(KEY TERMS: modeling, HSPF, high water table, unaety)

3.1: INTRODUCTION

Hydrologic models have evolved over time and ane nsed to provide simulations of
nearly every hydrologic component in a watershéenaat once in an all-inclusive model
(Singh and Woolhiser, 2002). These complex modgithesize multiple equations and theories
to provide a detailed hydrologic simulation. Waked-scale models are often physically based,

allowing users to input the land-use and soil cttarsstics of the watershed, using that
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information to formulate results (Beven, 1989; Gayet al, 1992). Aside from physical
attributes (e.g., slope, land use), models usepeteas that characterize the various hydrologic
processes such as evapotranspiration, infiltraod,groundwater flow (Refsgaard, 1997,
Migliaccio and Srivastava, 2007).

The Hydrological Simulation Program-FORTRAN (HSE=an example of a complex,
physically-based watershed-scale model (Donigiaal, 1995). HSPF combines physical data
and a substantial set of parameters to simulateotogl and pollutant fate and transport for
various water quality constituents such as bagtautients, and sediment (Migliaccio and
Srivastava, 2007). HSPF is part of the USEPA’'sd@diissessment Science Integrating Point
and Non-point Sources (BASINS) tool and is freqlyensed in the development and analysis of
Total Maximum Daily Loads (TMDL) (Borah and Ber&(3).

The HSPF subroutine of interest for this reseasdhe high water table (HWT)
subroutine developed for use in wetlands and loadhignt areas (Bicknedt al, 2001). The
HWT subroutine differs from the traditional HSPgndwater subroutine (TGW) in that it
simulates the groundwater elevation relative tadtrary datum (e.g. sea level) rather than just
assuming a perched groundwater aquifer (Donigtaad, 1995; Bicknellet al, 2001). Though
the HWT model was created to provide a better sepration of low-gradient watersheds with a
high water table, there is currently no peer-re@dwterature discussing the use of this
subroutine. The objective of this research wasstothe TGW and HWT subroutines to simulate
discharge in a low-gradient watershed and comper@érformance and uncertainty of each.

An estimation of the uncertainty associated wittheaodel is necessary for a full
comparison because hydrologic models are simpiifina of heterogeneous systems and model
structure, parameters, and data input all presentherent uncertainty (Beven and Binley, 1992;
Sivapalan, 2003; Wagener and Gupta, 2005; WagenekMantanari, 2011). Because both
models use the same input data such as weathdarahdse, both are subject to the same
uncertainty that this data presents (see Tetziafflahlenbrook, 2005). Therefore, the
calculations of uncertainty within this study refi¢he uncertainty due to parameter variability
and how this variability, along with differencesgroundwater subroutine model structure,

affects model output.
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Groundwater Simulation in HSPF

The TGW subroutine is typically used in HSPF ailans. When using the TGW
subroutine, the groundwater contribution to stre@s®me fraction of the active groundwater
storage (AGWS) (Zhangt al, 2010). The AGWS parameter simulates a shallowrarater
aquifer that readily contributes to both evapotpamragion and baseflow (Saet al, 2007).
Calibrated parameters determine how much of thergtwater in this zone is lost to deep
aquifers (DEEPFR), evapotranspiration (AGWETP);anmtributes to baseflow (AGWRC)
(Bicknell et al, 2001). The water that percolates into the deefferg DEEPFR) is lost to a
separate, inactive storage (IGWI) and never coutieoto baseflow or evapotranspiration
(Bicknell et al, 2001).

The HWT subroutine is more sophisticated and speech The HWT subroutine tracks
the groundwater elevation (GWEL) and simulatesradtons between the Upper, Lower, and
Groundwater zones in HSPF as GWEL rises and faligire 3-1 illustrates the soil profile as
defined in the HWT subroutine, showing the locatidmhe two influence elevation levels that
separate the sub-surface water storage zones (AGYE UZS, IFWS) (Bicknelet al.2001).
These influence elevations separate the soil colmtorthree regions, as they are referred to in
the HSPF documentation. The PCW parameter repseenporosity present in micropores and
is constant for all three regions. The PGW paranref@esents the porosity present in
macropores in Regions 1 and 2 and the UPGW paramegiesents porosity of the macropores
in Region 3. UPGW is generally greater than PG\#&kHaon the assumption that soil in the
upper layer is more disturbed (Bicknetlal, 2001). In practice, the porosities for the three
regions (PGW, PCW, UPGW) are typically quantifieing available soil data and averaged
over the different land-uses and subwatersheds.
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FIGURE 3-1. Soil Profile Representation Used intWT Subroutine. (Bicknelt al,, 2001) (Used under fair use,

2012)

As can be seen in Figure 3-1, Region 1 is the degelyeng below the lower zone
influence elevation (LELV). Groundwater in this i@gis quantified by AGWS. Region 1 is
assumed to be saturated and does not interactivethnsaturated zone (above GWEL). When
GWEL is in Region 1 the HWT subroutine operateghinsame way as the TGW subroutine.
Region 2 lies above the LELV with the top of Regibheing defined by the upper zone
influence elevation (UELV). If the GWEL rises inegion 2, groundwater storage interacts
with the lower zone storage (LZS). Groundwater treaiupies micropores in Region 2 is
guantified with the parameter LZS. Increases ihrsoisture within LZS are assumed to be
uniform throughout the entire zone. Water that ent&S is held by cohesive forces, meaning it
cannot percolate back into the groundwater andoénexit through evapotranspiration
(LZETP). The remaining groundwater within Regioncupies macropores and is subject to the
groundwater parameters DEEPFR and AGWETP and wanlticue to contribute to baseflow
(AGWRC). When the GWEL reaches Region 3, aboveéJtekeV, the groundwater shares
storages with interflow (IFWS) and upper zone ger@JZS). Changes in groundwater that are
not attributed to LZS are assigned to IFWS and BZ&=d on their relative levels of saturation.
If the water table rises to the surface any additiovater is added to surface storage and can

potentially contribute to runoff (Bicknedit al, 2001).
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The implications of the interactions between grovaigr and the storages in the upper
and lower zones reach beyond hydrology alone. Vébesidering the fate of nutrients in a
watershed, the modeling of groundwater and streamdieneration processes can affect delivery
of nutrients to the stream (Haith and Shoenake8719Vater reaching the stream from
groundwater sources will face different nutriemingport processes than surface runoff (Beaulac
and Reckhow, 1982; Valiekt al, 1999). These differences make accuracy and w@aicrt

associated with modeling the balance between sfleargeneration processes important.

Parameter Uncertainty and ldentifiability

Uncertainty in hydrological modeling is presentmodel input data, model structure, and
the variability of individual parameters (Beven0B). The vast heterogeneities in all scales of
hydrological systems and limitations in data cdltattechniques make this uncertainty
unavoidable (Sivapalan, 2003; Tetzlaff and Uhlenkr@005; Beven, 2006b). A full
comparison of model performance should attemptusmtify and compare relevant sources of
uncertainty. In conjunctions with estimates of madeertainty due to parameter variability, a
regional sensitivity analysis of model parametens lose useful in determining parameters to
which the model is more sensitive (Spear and Hogdre 1980). These parameters will have an
identifiable value or range that tends to yielddreinodel outputs respective to a particular
performance metric. Models with more identifiabdegmeters can be easier to calibrate to
observed data (Bruet al, 2001).

3.2: METHODS

Study Site

The Ahoskie Creek watershed (14,700 ha) in norteeadlorth Carolina was selected
for this study (Figure 3-2). Ahoskie Creek liedlie Lower Coastal Plain physiographic
province, a region characterized by flat surfaopas$ (<2%) and channel slopes (<0.1%)
(Sheridan, 2002). Ahoskie Creek is in the ChowareRbasin which drains to the Albemarle
Sound. The dominant land uses are forest (50.7%yapland (22.9%) (Homet al, 2012).
The stream reaches in the watershed were chanthéletereen 1969 and 1972 to improve

drainage. Prior to channelization, the watershdddt have clearly discernible channels
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resulting in poor drainage and frequent floodingrés (USDA-ARS, 1977). The low-gradient,
documented flooding events, and presence of wetlarglindications of a high, active water

table making the Ahoskie Creek watershed a goodidate for this study.

e,
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FIGURE 3-2. Location of the Ahoskie Creek Watershéorth Carolina, USA.

HSPF Model Development
HSPF relies on a combination of remotely senseal aladi field-based observations to

characterize the watershed and parameterize thelmdsing digital raster graphics (DRG) and
digital elevation model (DEM) data (USGS, 2006aG%5 2010) the Ahoskie Creek watershed
was manually delineated into ten (10) subwatersheitls an average subwatershed area of 1559

ha (Figure 3-3).
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FIGURE 3-3. Ahoskie Creek Subwatersheds.

The land uses for Ahoskie Creek were derived froenNational Land Cover Database
(NLCD) (USGS, 2006b). The NLCD land uses presetihéwatershed were aggregated into
five broad land use categories: forest, croplaadiyre, residential, and wetlands (Figure 3-4,
Table 3-1). When using HSPF, each subwatershethchute pervious land segments (PLS)
and/or impervious land segments (IPS). Watershadhckerization involves parameterizing the

various PLSs and IPSs for each subwatershed.
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FIGURE 3-4. Ahoskie Creek Watershed Land Use [stion.

TABLE 3-1. Ahoskie Creek Watershed Land Use Disttiiin.

Land Use Type Per centage of Total Area (%)
Forest 50.7
Cropland 22.9
Pasture 11.3
Residential 2.2
Wetlands 12.9

The Soil Survey Geographic database (SSURGO) (USIR&S) was used to generate
the HSPF infiltration parameters (INFILT) used wmtlibmodels and soil porosity parameters
(PCW, PGW, UPGW) used only in the HWT subroutineidue values for INFILT, PCW,
PGW, and UPGW were assigned to each PLS by takiraye weighted average of the soils
intersecting the five different land uses.

HSPF uses stage-volume-discharge relationshipyadradlic Function Tables
(FTABLES) at the outlet of each subwatershed tagfyadischarge. For this study, FTABLES
were developed using surveyed stream cross-setdi@n The cross-sectional profiles were
assumed to be uniform within a subwatershed. Tingtheof each reach and the cross-sectional
profiles formed stage-volume relationships. Manisregiuation was then used for each reach,
taking into account the surface roughness, slopeeo$ubwatershed, and cross-sectional profile,

to calculate discharge and complete the stage-wwldistharge relationship. The Manning’s
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roughness coefficient (n) was determined for eaelehr by examining the streambed and banks
and comparing them to reference stream channebpli@how, 1959).

Observed daily flow data (1950 to 2011) were oladifrom the USGS gaging station
located on Ahoskie Creek in Ahoskie, NC (02053580¢cipitation and air temperature data
were obtained primarily from the National Weathen&ce Cooperative Observer Program
(COOP) station in Murfreesboro, NC (315996) that &a average annual rainfall of 116.05 cm.
The Murfreesboro station is located 16 km northveéshe Ahoskie Creek watershed and is the
closest active COOP station to the watershed. Gapgonsistencies in the Murfreesboro
climate record were filled using data from RoanBlepids, NC (317319) and Wakefield, VA
(448800) located 64 km northwest and 72 km nogspectively, from the Ahoskie Creek
watershed. Wind speed, percent sun, and dew panydrature were all obtained from the
Norfolk International Airport COOP station (446139)

Monte Carlo Simulation

Monte Carlo (MC) simulations were conducted to assbke performance and quantify
the uncertainty of the TGW and HWT models. One heddhousand (100,000) runs were
performed for each model. The MC simulations wesecated using Visual Basic.NET program
(VBP) script file created specifically for this ezgch. The VBP randomly sampled parameter
values froma priori distributions to populate the fixed-format HSPFelU€ontrol Input file
(UCl file) for each MC model run. The template Uil# used in the simulations contained
deterministic parameter values for parameters metitly associated with either groundwater
subroutine. Only parameters directly associatetl watch groundwater subroutine were treated
as stochastic. The deterministic parameters wéitrated using the TGW model. The VBP
compiled the UCI file for each run and executed HSPor the comparisons made in this
research, the model was run on an hourly time atejthe output was average daily flow in
cubic meters per second {is). Model performance was evaluated using multpiective
functions to compare the simulated and observdg dagrage discharge values. A three-year
simulation period (1 January 2006 to 31 Decemb®&BPWas used to compare model
performance with a one-year startup period runrgadhe simulation period to allow state
variables to equilibratdt is importantto note that while the baseline TGW model used to

calibrate deterministic parameters had lower zamag@atranspiration (LZETP) values that varied
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monthly, the two models used in the study had LZE&Res that were constant throughout the

entire year.

Deterministic Parameter Selection

Physically based parameters and all parametersivaitzed the groundwater subroutines
were treated as deterministic. The HSPF guidancardent BASINS Technical Note 6
(USEPA, 2000) was used to assign initial valuegtiese parameters and were refined through
calibration. Calibration of the deterministic paeters was performed by running HSPF with the
TGW subroutine. Calibration sufficiency was basaccomparing simulated and observed
discharge at an hourly time step for the period980 through 2009. Model calibration was
deemed satisfactory when model output met the ogalionore restrictive calibration criteria
used in lieu of the default calibration criterigesgiied by HSPEXP shown in Table 3-2 (Keh
al., 2007).

TABLE 3-2. HSPF Model Performance Calibration Gigeand Calibration Crtieria
Values for the Ahoskie Creek Model.

Calibration Criteria Calibrated Value

Flow Statistic Percent Error (%) (%)
Error in total volume +10 9.5
Error in low flow recession +0.01 0.01
Error in 50% lowest flows +10 9.2
Error in 10% highest flows +15 7.2
Error in storm peaks +15 -12.1
Seasonal volume error +10 10
Summer storm volume error +15 13.7

The HSPF infiltration parameter (INFILT) has be@éown to be a sensitive parameter in
previous studies (Al-Abed and Whiteley, 2002; Daenig 2002) and is frequently adjusted when
calibrating HSPF. For this study, after the initalibration, INFILT was held constant across all
land uses. Holding INFILT constant further isolatkd groundwater subroutines from the rest of
the HSPF model. Because each MC run used the seat@ev data and had the same INFILT
values, the groundwater subroutines acted with rmonsistent inputs. In the same vein, the soil
porosity parameters (PCW, PGW, UPGW) used in theTHddel were held constant
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throughout the MC simulation. Again, this allows foore consistency between runs and

isolation of the groundwater subroutine and paranset

TGW Subroutine Parameterization

For the MC simulations, TGW subroutine parametezsavireated as stochastic, sampled
from uniform distributions over predefined rangése parameter ranges were obtained from the
“typical” ranges listed in BASINS Technical Not§ BSEPA, 2000) (Table 3-3).

TABLE 3-3. Stochastic Parameters and Rang_les for thditional Groundwater (TGW) Subroutine.

Par ameter Parameter Description, Units Minimum Maximum
INTFW' Interflow inflow 1.000 3.000
IRC' Interflow recession coefficient, 1/day 0.100 1.000
UZSN' Upper zone nominal storage, in. 3.000 8.000
LZSN Lower zone nominal storage, in. 0.500 0.700
AGWRC Groundwater recession rate, 1/day 0.920 0.990
DEEPFR Fraction of groundwater lost to deep, inactiveitegs 0.001 0.050
BASETP Fraction of remaining ET potential satisfied byéiow 0.001 0.050
AGWETP Fraction of remaining ET potential satisfied byieet 0.001 0.200
groundwater storage
LZETP - Forest Lower zone ET potential 0.600 0.800
LZETP - Cropland Lower zone ET potential 0.500 0.70
LZETP - Pasture Lower zone ET potential 0.400 0.600
LZETP - Residential Lower zone ET potential 0.200 .500
LZETP - Wetlands Lower zone ET potential 0.600 0.90

TEach land use was represented in HSPF with a degeaeameter but all were given the same initial

distribution.

*The forest, cropland, pasture, and residential leses were all represented in HSPF with one pasmet

Wetlands were represented with a separate paramgtgiven same initial distribution.
HWT Subroutine Parameterization

The HWT subroutine uses the same parameters uskd TGW model plus three

additional parameters (SRRC, SREXP, and IFWSC).sliniace runoff recession coefficient
(SRRC) regulates surface runoff as a function diase storage. The surface runoff exponent
(SREXP) is a multiplicative factor used in the cédtion of surface runoff. And the interflow
storage capacity (IFWSC) is the maximum interfldarage capacity when the groundwater

elevation (GWEL) rises above the upper influenexa&tion (UELV). These HWT-specific
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parameters were assigned uniform distributions witial distribution ranges based on HSPF
documentation (Bicknekt al, 2001). The initial distribution ranges were maatffor IFWSC

and SREXP to insure model stability. The maximwatug for the interflow storage capacity
parameter (IFWSC) was set at of 6.8 to ensuretiigaiower zone influence elevation (LELV)
would not rise above the upper zone influence ¢dlewgdUELV) and generate an error. The
upper bound of the surface runoff exponent paran{8REXP) was set to 2.0 to prevent excess
water from being attributed to surface runoff. EaBt4 shows the stochastic HWT subroutine
parameters and distribution ranges.

TABLE 3-4. Stochastic Parameters and Ranges foHigke Water Table Groundwater (HWT) Subroutine.

Parameter Parameter Description Minimum Maximum
INTFW Interflow inflow 1.000 3.000
IRC Interflow recession coefficient 0.100 1.000
UZSN Upper zone nominal storage 3.000 8.000
LZSN Lower zone nominal storage 0.500 0.700
AGWRC Groundwater recession rate 0.920 0.990
DEEPFR Fraction of groundwater lost to deep, inactiquifers 0.001 0.050
BASETP Fraction of remaining ET potential satisfigdbaseflow 0.001 0.050
AGWETP Fraction of remaining ET potential satisfied byiaet 0.001 0.200
groundwater storage
LZETP - Forest Lower zone ET potential 0.600 0.800
LZETP - Cropland Lower zone ET potential 0.500 0.70
LZETP - Pasture Lower zone ET potential 0.400 0.600
LZETP - Residential Lower zone ET potential 0.200 .500
LZETP - Wetlands Lower zone ET potential 0.600 0.90
SRRC Surface runoff recession coefficient 0.010 90.9
SREXP Surface runoff exponent 0.100 2.000
IFWSC Max Interflow storage capacity 0.100 6.800

TEach land use was represented in HSPF with a degeaeameter but all were given the same initial
distribution.
*The forest, cropland, pasture, and residential leses were all represented in HSPF with one pasmet
Wetlands were represented with a separate paramgtgiven same initial distribution.
Model Performance Comparison
Model performance was compared using three (3)icseffhe first, Nash-Sutcliffe

efficiency (NSE), was used as a global or ovenadl@ation of performance over the three year
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simulation period and was calculated using EquatignNSE values can range fromto 1
(Nash and Sutcliffe, 1970). The NSE index was chdmause it is commonly used in
hydrologic literature and incorporates both vaoatabout the mean and total variance not
described by the model (Jain and Sudheer, 2008)SE value was calculated for each run of

the two models.

Y1=1(Qo (D)= Qm (D)?
EFE=1- —
Z?:l(Qo(t)_Qo)z

1)

where
Qo = observed discharge
Qm = simulated discharge

t = time, in days

The second metric used to compare the performdnbe onodels provided a measure of
how effectively the models simulated the lowest 5if%bserved flows. The third metric used
was a measure of how effectively the models siredl#ite highest 10% of observed flows.
These metrics are often used by HSPF modelers wéathe HSPEXP calibration assessment
tool (Lumbet al, 1994) to assess calibration adequacy. When congptite 50% lowest metric,
HSPEXP sums the volume of the lowest 50% of obskfteevs and then sums the simulated
flow volumes for those time intervals. The volunigr@ highest 10% flows are summed

similarly. The percent error for both metrics wasnputed using Equation (2).

Simulated Sum—0bserved Sum
% Error = (2)

Observed Sum

Based on the calibration criteria, an error of )% is considered acceptable for the low
flow metric and +/- 15% is acceptable for the hilghv metric. While the response variable
considered in this study was daily average flow mastead of total flow volume, the HSPEXP
guidance for both metrics was still used to assesdel performance. The performance metric

results from the two models were compared usingntdmeparametric Wilcoxen Rank-Sum test.
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Behavioral Parameter Set Selection

The concept of behavioral versus non-behavionarmater sets was first introduced by
Spear and Hornberger (1980) and is used in ther@lerex Likelihood Uncertainty Estimation
(GLUE) method of estimation uncertainty (Beven &maley, 1992). Parameter sets resulting in
model runs that fell above a threshold criteriaenansidered to be behavioral and provide an
acceptable characterization of the watershed (BamndrBinley, 1992).

The criteria for selecting the behavioral params&ts for each model was determined by
examining the cumulative distribution function (CDfurves of each of the three
aforementioned metrics. An upper inflection pomthe curve indicated a threshold value below
which the CDF value dropped sharply. Parameterfesetse model runs that yielded a metric
value above the threshold value were consideredvi@tal and used in the performance and
uncertainty analyses. All other parameter sets wensidered non-behavioral and were not
considered in any subsequent analyses. This pra@ssonducted for each of the three metrics

resulting in three different groups of behavioratgmeter sets for both models.

Quantifying Model Uncertainty

The Average Relative Interval Length (ARIL) metrguation (3), introduced by Jin et
al. (2010), was used to quantify the uncertaingspnt in the two models resulting from
groundwater subroutine structural and parameteertaoty. The ARIL metric provides a single
measure for comparing the relative width of theficiamce intervals throughout a specified time
period. The 95% confidence intervals were formgidgithe 2.5% and 97.5% quantiles of the
distribution of simulated flow values at each tiatep. The ARIL metric provides a single
number that can be used to compare model perfomn&@maller ARIL values indicate narrower

confidence bands and less model uncertainty.
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3)

Qobs,t

where

n = Number of time steps

Limit ypper,t = 97.5% quantile for time step
Limit jower, t = 2.5% quantile for time step

Q obs, 1= Observed discharge value for time step

Assessing Parameter Identifiability

Parameter identifiability, especially in heavilyrameterized models such as HSPF, can
be challenging during calibration (Bret al, 2001). Parameters that exhibited a trend towards
particular value or range were more sensitive withe model structure were considered to be
“identifiable” (Spear and Hornberger, 1980; Bec8817). Parameter identifiability in this study
was determined by comparing thgriori, uniform distributions of each parameter to their
respective posterior distributions. The posteramameter distributions were determined using
the behavioral parameter sets discussed earlier.

A straightforward metric was used to assess pamnuntifiability. First, thea priori
and posterior parameter ranges were rescaled frimd 0The CDF curve of a uniform
distribution with a range from 0 to 1 exhibits &11 slope. The CDF curve of the rescaled
posterior distribution was then compared to the @Dthea priori, uniform distribution. The
vertical distance between the two distributions wesulated at 1000 points along the rescaled
parameter range. Any parameter that showed a maxiveutical difference between thaeoriori
and posterior CDF greater than 0.1, or 10% of thraudative probability was considered to be
identifiable (i.e. non-uniform). While the selectearameter identifiability threshold was
arbitrary, it allowed for relative comparison oethumber of identifiable parameters between the

two models. Figure 3-5 shows an example of a nentitlable and an identifiable parameter.
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FIGURE 3-5. Examples of a Non-Identifiable (A) aam Identifiable Parameter (B).

This metric was used in lieu of the Kolmogorov-Smow (KS) statistic due to the large
sample sizes of parameter values in this study.Kihistatistic has been used in previous studies
to detect differences ia priori and posterior parameter distributions (Beiral, 2001,

Mclintyre et al, 2005). Because of large posterior parameteriloigion sample sizes (10,000
values), even distributions that appeared visualijorm generated KS statistic p-values less

than 0.05, indicating a non-uniform distribution.

3.3: RESULTS AND DISCUSSION

Behavioral Parameter Sets

The model performance histograms and resulting @bires used to determine
behavioral parameter sets based on each of the peréormance metrics are shown in Figure 3-
6. Four of the six CDF curves exhibited an upp#eation point where the sharp trend towards
better model performance decreased at or neatOtihep@rcentile. For consistency, the 90th
percentile was chosen as the threshold value osaetérmine behavioral parameter sets for all
three of the performance metrics. Only model rugr$goming at or above the 90th percentile
value for each of the metrics were used in the rhpeidormance and uncertainty analyses.
Given 100,000 model runs, the"®percentile threshold generated 10,000 behavianarpeter

sets for each of the three performance metrics.
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Performance Comparison

Using only the behavioral parameter sets, the padiace of the two models was
compared using the NSE and the 50% lowest and 1gP&s$t daily average flow metrics.
Because the sample sizes for these comparisonssovdsege (10,000 values each), any
difference in the means of the performance metstridutions was statistically significant when

compared using the Wilcoxen Rank-Sum test, i.g-athlues were much less than 0.05.
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As shown in Figure 3-7, the HWT model significartiytperformed the TGW model
with regards to NSE. In fact, the maximum NSE aekieby the TGW model (0.60) did not
even reach the worst performing behavioral HWT nhagie (0.72). With respect to the 50%
lowest flow metric, the TGW model outperformed tié&/T model though both models did a
poor job of simulating low flows; the percent egavere greater than 100% for both models. It
Is important to note, however, that many of theeobsd flow rates used to assess this metric
were quite low (<0.15 ffs), so even a small error in the simulated flote kaill result in a large
percent error. For example, an observed flow ra@e@s nt/s that is modeled as 0.Fresults
in a percent error of 100%. With respect to the 108hest flow metric, the TGW again
outperformed the HWT model. However, means of ®f highest flow distributions for both
models, fell well within the HSPEXP calibrationteria of +/-15%.
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FIGURE 3-7. Boxplots Showing Mean, Median, and filisition of the TGW and HWT Models When Compared
Using Three Metrics: NSE (A), Percent Error Whem@ating the Lowest 50% of Daily Average Flow RatBj,
and the Percent Error When Simulating the High8%t bf Average Flow Rates.
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Uncertainty Analysis

Model performance variability due to structural gradtameter uncertainty was quantified
using the ARIL metric and the behavioral model rtorseach of the three model performance
metrics (Table 3-5). The ARIL values computed f@B\were calculated over the entire three
year simulation period (1461 days). The ARIL valtmsthe lowest 50% and highest 10% of
daily average flow rates were calculated only dythmose low and high flow events, 731 and

146 days, respectively.

TABLE 3-5. ARIL Values Calculated Based on the ThRerformance Metrics.

Metric TGW HWT
NSE 1.898 2.105
50% Lowest Flows 2.826 3.105
10% Highest Flows 0.366 0.447

The ARIL values for the TGW model were smaller ttlae HWT model for each of the
three performance metrics. This is an indicatiat the TGW model has less overall uncertainty
than the HWT throughout the entire time period (N&&d during the periods of low and high
flows. One cause of the greater uncertainty astatiaith the HWT model is the additional
HWT subroutine parameters not used in the TGW sutbme (PCW, PGW, UPGW, IFWSC,
SRRC, SREXP). These additional parameters andotim@lexity of the HWT subroutine created

more model input and structural uncertainty whintréased the overall model uncertainty.

Parameter Identifiability

Parameter identifiability for the TGW and HWT subtioes was compared by examining
the difference between the posterior parameterilgigions and tha priori, uniform
distributions that each parameter was given. Scananpeters showed posterior distributions that
were uniform while others showed a significant tréowards a particular parameter value or
range. Figure 3-8 contains illustrations of sele@qgiarameters with posterior distributions where
there was a clearly identifiable preference foagipular value or range. Table 3-6 contains the
maximum vertical distance between thpriori and posterior parameter distributions. Vertical

distances equal to or greater than 0.1 are bolded.
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TABLE 3-6. Maximum Vertical Distance Between Paréené Priori Distributions and Posterior Distributions.

TGW HWT

L owest 50% Highest 10% Lowest 50% Highest 10%
Parameter NSE of Flows of Flows NSE of Flows of Flows
AGWETP 0.05 0.19 0.01 0.01 0.24 0.02
AGWETP-Wetlands 0.01 0.03 0.02 0.01 0.03 0.01
AGWRC 0.02 0.09 0.03 0.07 0.35 0.12
BASETP 0.12 0.33 0.03 0.01 0.27 0.04
BASETP-Wetlands 0.03 0.05 0.02 0.02 0.05 0.02
DEEPFR 0.04 0.43 0.03 0.08 0.40 0.07
DEEPFR-Wetlands 0.02 0.06 0.01 0.02 0.06 0.02
INTFW-Forest 0.43 0.07 0.03 0.02 0.04 0.05
INTFW-Cropland 0.26 0.02 0.03 0.02 0.03 0.03
INTFW-Pasture 0.14 0.02 0.02 0.01 0.02 0.02
INTFW-Residential 0.04 0.02 0.02 0.01 0.01 0.01
INTFW-Wetlands 0.14 0.03 0.02 0.01 0.03 0.03
IRC-Forest 0.06 0.13 0.05 0.13 0.12 0.13
IRC-Cropland 0.05 0.05 0.03 0.06 0.06 0.06
IRC-Pasture 0.02 0.03 0.02 0.04 0.03 0.03
IRC-Residential 0.01 0.01 0.02 0.01 0.02 0.02
IRC-Wetlands 0.03 0.03 0.02 0.05 0.04 0.03
LZETP-Forest 0.11 0.14 0.02 0.05 0.14 0.04
LZETP-Cropland 0.06 0.08 0.02 0.03 0.08 0.04
LZETP-Pasture 0.07 0.09 0.02 0.03 0.08 0.03
LZETP-Residential 0.03 0.04 0.01 0.02 0.04 0.02
LZETP-Wetlands 0.06 0.06 0.02 0.03 0.05 0.02
LZSN 0.33 0.09 0.08 0.06 0.07 0.16
UZSN-Forest 0.33 0.14 0.17 0.27 0.18 0.29
UZSN-Cropland 0.18 0.08 0.06 0.12 0.08 0.13
UZSN-Pasture 0.12 0.06 0.04 0.06 0.07 0.07
UZSN-Residential 0.03 0.02 0.02 0.02 0.03 0.02
UZSN-Wetlands 0.08 0.04 0.03 0.06 0.05 0.08
IFWSC - - - 0.01 0.01 0.02
SREXP - - - 0.53 0.06 0.34
SRRC - - - 0.22 0.10 0.40
Identifiable Parameters 10 6 1 5 8 7

"Numbers showim bold indicate an identifiable parameter
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The HWT subroutine yielded 20 identifiable parametecross all three model
performance metrics, while the TGW subroutine yaeld7. Considering the fact that the HWT
subroutine used three more stochastic paramet@nghie TGW model, 21.5% of the HWT
parameters across all three metrics were foune iddntifiable compared to 20.2% of the TGW

parameters.

Discussion and Conclusion

The high water table (HWT) groundwater subroutirees\developed for HSPF when
modeling low-gradient, high water table watershi@lsknell et al, 2001). This specialized
subroutine requires more time and effort on the piathe modeler to collect the necessary data
to parameterize the model and it uses more landpseific parameters than HSPF'’s traditional
groundwater subroutine (TGW). This study compahedgerformance and uncertainty of the
two models when being applied to Ahoskie Creelkyvadradient, high water table watershed in
northeast North Carolina.

Because of the nature of hydrological models aechterogeneity of watershed
characteristics, the various forms of model unaatyaare absolutely unavoidable (Beven, 2000;
Sivapalan, 2003). The balance between model pediocmand uncertainty should be considered
when selecting an appropriate model. Both the T@GWHHEWT models showed variability due to
parameter uncertainty. This uncertainty meanstthaidifferent modelers can obtain similar
model performance with different parameter sefhienomenon often referred to as equifinality
(Spearet al, 1994; Beven and Freer, 2001; Beven, 2006a)elfi@BW and HWT models were
used to simulate pollutant loading, differencethm balance between baseflow and surface
runoff due to differences in the two groundwatdsrsutines could lead a modeler or decision
maker to attribute pollutant loading to alterngte;haps incorrect sources. This potential
misattribution could then affect decisions suclhastype, number, and location of pollution
control measures prescribed mitigate the pollupiablem.

While this study did not directly address the levkeéffort required to calibrate either
groundwater subroutine, if one subroutine had shawignificantly higher number of
identifiable parameters, it follows that calibratiof that subroutine would likely be more

straightforward. The parameter identifiability aysas revealed that the number of identifiable
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groundwater parameters was relatively similar betwihe two groundwater subroutines,
indicating essentially no advantage in calibratdfiort for either subroutine.

When choosing between the two groundwater subresitithe context within which
HSPF is being applied must be considered. In thidys both models performed very well when
simulating the 10% highest daily average flow rataking well within the HSPEXP criteria of
+/- 15%. Furthermore, both models had similarlyhhpgrcent error value ranges when
simulating the 50% lowest daily average flow ratgeatly exceeding the HSPEXP criteria of
+/-10%. The HWT model significantly outperformea thGW model with respect to NSE
values, an indicator of model performance overethire range of simulated flows. In an
application where the accuracy of hydrology simatats an important part of a larger study
involving pollutant loading, such as a TMDL, theli@ase in uncertainty present in the HWT
model may be tolerable because of the improved hpmtérmance. If a balance between
model performance and uncertainty is sought, tleécelof which subroutine to employ is less

clear cut.
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CHAPTER 4: CONCLUSIONS

The results of this study showed that when applASEF in a low-gradient watershed
where accuracy of simulated discharges is mostitapg the HWT subroutine is preferable. If a
balance between model performance and uncertarsgught, it is unclear which groundwater
subroutine is preferable.

One of the limitations of the study was the aggtiegaof the hourly discharge data
output by HSPF into average daily time steps. Was done to reduce the computational
resource needed to analyze the data. Performiagtiny using an hourly time step may have
reduced the percent errors during low and high $low decreasing the effect that the
aggregating of flows had on the data. In additi@hile the model was calibrated using LZETP
values that varied monthly, the two models usethénstudy had LZETP values that were
constant throughout the entire year. This lackeaisenal variation could have limited the
accuracy of the models.

To fully compare the TGW and HWT models, this stetould be carried out in multiple
low-gradient, high water table watersheds. This ld@how if the results found in this study

using the Ahoskie Creek watershed would be sinfildae two models were applied elsewhere.
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APPENDIX A: VB.NET SOURCE CODE
A.1: MAIN MODULE

Module Main
Public MCruns As Integer 'number of Monte Carlo runs
Private intnumparams As Integer 'number of parameters being varied in Monte Carlo
simulation
Private finalparams(,) As Double 'array containing the final parameter values for
each parameter for each MC run
Public parmarray As New List(Of parameter) 'List containing name, line #, column #,
length, min, and max for each parameter
Private timesteps As Integer ‘timestep counter
Private simulatedarray(,) As Double
Private strParamName As String
Public Sub Central() 'runs MC
Dim randomarray(,) As Double 'array of random numbers from © to 1 to determine
value of each parameter
Dim pltgen As Object
Dim strFplt As String
Dim RunCommand As String

getparamarray(randomarray) ‘pulls in parmarray, assigns random @ to 1 value for
each parameter for each MC run
selection(randomarray) 'uses randomarray to populate finalparams
For i = 1 To MCruns 'begins MC
uciwriter(i)
ChDir("c:\Basins\models\HSPF\bin")
RunCommand = "winhspflt.exe C:\Users\forreste\Desktop\MonteCarlo\Run" &
Format(i, "#") & "\ahoskie.uci"
RunShell(RunCommand)
GetPLTGEN(i)
objfunctions(simulatedarray, timesteps, i)
My .Computer.FileSystem.DeleteFile("C:\Users\forreste\Desktop\MonteCarlo\Run"
& Format(i, "#") & "\MET_TIDE.wdm") 'deletes copy of weather data file
My .Computer.FileSystem.DeleteFile("C:\Users\forreste\Desktop\MonteCarlo\Run"
& Format(i, "#") & "\MC.ech") 'deletes useless .ECH file
My.Computer.FileSystem.DeleteFile("C:\Users\forreste\Desktop\MonteCarlo\Run"
& Format(i, "#") & "\MC.out") 'deletes useless .OUT file
Next

WriteOutputs() 'calls WriteOutputs sub

MsgBox("I'm Done!")
End

End Sub
Public Sub WriteOutputs() 'writes parameter values for each run
Dim strFparam As String

My .Computer.FileSystem.CreateDirectory("C:\Users\forreste\Desktop\MonteCarlo\Parameterval
ues"

For i As Integer = 1 To intnumparams
strFparam = "C:\Users\forreste\Desktop\MonteCarlo\ParameterValues\" &
parmarray(i).Name & ".txt"
Dim paramwrite As System.IO.StreamWriter

paramwrite = My.Computer.FileSystem.OpenTextFileWriter(strFparam, True,
System.Text.Encoding.ASCII)
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For j As Integer = 1 To MCruns
paramwrite.WritelLine(finalparams(i, j))
Next
paramwrite.Close()
Next

End Sub

Public Sub uciwriter(ByVal runnumber As Integer) 'populates .uci file

Dim uci As System.IO.FileStream '.uci file generated for each MC run

Dim strFin As String 'pathway to .uci template file

Dim strFout As String 'pathway to populated .uci file

Dim ctr As Integer ‘'counter of line number in .uci file

Dim ctrl As Integer 'counter of line number in parameter list

Dim length As Integer 'length of parameter space in .uci file

Dim spaces As Integer ‘'empty spaces within parameter space

Dim ctrX As Integer 'counter within lines of .uci file

Dim ctrY As Integer

Dim copy As String

Dim paste As String

Dim linetext As String 'text in .uci file template

copy = "C:\Users\forreste\Desktop\MonteCarlo\MET_TIDE.wdm" 'brings in .wdm file
for new run

paste = "C:\Users\forreste\Desktop\MonteCarlo\Run" & Format(runnumber, "#") &
"\MET_TIDE.wdm"

My .Computer.FileSystem.CreateDirectory("C:\Users\forreste\Desktop\MonteCarlo\Run"
& Format(runnumber, "#"))

System.IO.File.Copy(copy, paste)

strFin = "C:\Users\forreste\Desktop\MonteCarlo\ahoskie.uci" 'path to .uci file

strFout = "C:\Users\forreste\Desktop\MonteCarlo\Run" & Format(runnumber, "#") &
"\ahoskie.uci" 'path to individual runs

Dim objOut As System.IO.StreamWriter

objout =
My .Computer.FileSystem.OpenTextFileWriter("C:\Users\forreste\Desktop\MonteCarlo\Run" &
Format(runnumber, "#") & "\ahoskie.uci", True, System.Text.Encoding.ASCII)

ctr =1

ctrl =1

Dim reader As System.IO.StreamReader

reader = My.Computer.FileSystem.OpenTextFileReader(strFin) 'reads in text from
template .UCI file

linetext = reader.ReadlLine()

Do Until linetext Is Nothing

If ctrl <= intnumparams Then

If ctr = parmarray(ctrl).LineNumber Then 'if the parameter line number in
the paramarray equals the current line number being written
ctrX = parmarray(ctrl).LineNumber 'counter X = the current linenumber
being written
ctrY = ctrl + 1 'counter Y = the linenumber for the next parameter in
paramarray

length Len(parmarray(ctrl).ParamFormat) 'length of parameter space
within .uci

spaces = parmarray(ctrl).Length - length ‘'empty spaces within

parameter space
objout.Write(Left(linetext, (parmarray(ctrl).ColumnNumber - 1) +
spaces)) 'write from template until first varied parameter
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objoOut.Write(Format(finalparams(ctrl, runnumber),
parmarray(ctrl).ParamFormat)) ‘write parameter value
If ctrY <= intnumparams Then
Do While ctrX = parmarray(ctrY).LineNumber 'loop that runs within
the line in .uci file
length = Len(Format(finalparams(ctrY, runnumber),
parmarray(ctrY).ParamFormat)) 'length of parameter
spaces = parmarray(ctrY).Length - length 'spaces in parameter
objoOut.Write(Mid(linetext, parmarray(ctrY - 1).ColumnNumber +
parmarray(ctrY - 1).Length, _
parmarray(ctrY).ColumnNumber - 1 -
(parmarray(ctrY - 1).ColumnNumber - 1 + parmarray(ctrY - 1).Length))) 'write in parameter
For i As Integer = 1 To spaces
objout.Write(" ")
Next
objoOut.Write(Format(finalparams(ctrY, runnumber),
parmarray(ctrY).ParamFormat))

ctrY += 1
If ctrY > intnumparams Then
Exit Do
End If
Loop
End If

objoOut.WriteLine(Right(linetext, Len(linetext) - parmarray(ctrY -
1).ColumnNumber + 1 - parmarray(ctrY - 1).Length)) 'writes rest of line

ctrl = ctrY

Else
objoOut.WriteLine(linetext) 'if parameter line # doesn't match .uci
line, write from template

End If
Else

objoOut.WriteLine(linetext)
End If
ctr += 1
linetext = reader.ReadLine() 'linetext = full line of text from .uci template

Loop

reader.Close()
objoOut.Close()

End Sub
Public Sub selection(ByVal randomarray(,) As Double) 'Routine to select random
parameter value
ReDim finalparams(intnumparams + 1, MCruns + 1)
For i = 1 To intnumparams
For j = 1 To MCruns
finalparams(i, j) = (randomarray(parmarray(i).RandIndex, j) *
(parmarray(i).Max - parmarray(i).Min)) + parmarray(i).Min 'selects random value from
range, assuming uniform dist
Next
Next

'Monte Carlo parameter selection
End Sub
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Public Sub getparamarray(ByRef randomarray(,) As Double) 'populates parameter array
based on random number (©-1) array
Dim objFileSys As Object
Dim objFile As Object
Dim strFname As String
Dim linetext As String
strFname = "C:\Users\forreste\Desktop\MonteCarlo\inputparams.txt" 'path to
parameter input file
objFileSys = CreateObject("Scripting.FileSystemObject")
Dim reader As System.IO.StreamReader
reader = My.Computer.FileSystem.OpenTextFileReader(strFname)
reader.ReadLine()
intnumparams = reader.ReadlLine() 'number of parameters being varied in MC
simulation
reader.ReadLine()
Dim current As String
Dim temp As Array
Dim newParameter As New parameter
Dim maxIndex As Integer
maxIndex = ©
parmarray.Add(newParameter) 'adds each new parameter to array
For i = 1 To intnumparams
current = reader.ReadlLine()
temp = Split(current, ",")
newParameter = New parameter
parmarray.Add(newParameter)
With parmarray(i) 'reads in information for each parameter
.Name = temp(9)
.LineNumber = temp(1)
.ColumnNumber = temp(2)
.Length = temp(3)
.Min = temp(4)
.Max = temp(5)
.ParamFormat = temp(6)
End With

Dim intExistIndex As Integer
strParamName = parmarray(i).Name
intExistIndex = parmarray.FindIndex(AddressOf FindByName)
If intExistIndex >= maxIndex + 1 Then
'code to execute if the parameter is not already in use
parmarray(i).RandIndex = maxIndex + 1
maxIndex = maxIndex + 1
Else
‘code to execute if the parameter is already in use
'this would be something that assigns the new RandIndex
parmarray(i).RandIndex = parmarray(intExistIndex).RandIndex

End If

Next

Dim rnd As New Random() 'creates random number array
ReDim randomarray(intnumparams + 1, MCruns + 1)
For ctrl As Integer = 1 To intnumparams
For ctr As Integer = 1 To MCruns
randomarray(ctrl, ctr) = (rnd.Next(o, 101)) / 100
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Next ctr
Next ctrl

reader.Close()

End Sub

Function FindByName(ByVal parm As parameter) As Boolean 'FindByName function used as

part of predicate function to assign index values
If parm.Name = strParamName Then
Return True
Else
Return False
End If
End Function

Public Sub objfunctions(ByVal simulatedarray(,) As Double, ByVal tsteps As Integer,

ByVal runnumber As Integer) 'computes objective functions
Dim strFname As String
Dim observed() As Double
Dim nsenum As Integer
Dim nsenumx As Integer
Dim nsedenom As Integer
Dim nsedenomx As Integer
Dim nse As String
Dim strFnse As String
Dim ssex As Integer
Dim sse As Integer
Dim strFsse As String
Dim sstotx As Integer
Dim sstot As Integer
Dim rmse As Integer
Dim strFrmse As String
Dim Le As String
Dim strFLe As String

My .Computer.FileSystem.CreateDirectory("C:\Users\forreste\Desktop\MonteCarlo\ObjectiveFun

ctions")

Dim Lewriter As System.IO.StreamWriter

strFLe = "C:\Users\forreste\Desktop\MonteCarlo\Objectivefunctions\Le.txt"

Lewriter = My.Computer.FileSystem.OpenTextFileWriter(strFLe, True,
System.Text.Encoding.ASCII)

Dim nsewriter As System.IO.StreamWriter

strFnse = "C:\Users\forreste\Desktop\MonteCarlo\Objectivefunctions\nse.txt"

nsewriter = My.Computer.FileSystem.OpenTextFileWriter(strFnse, True,
System.Text.Encoding.ASCII)

Dim ssewriter As System.IO.StreamWriter

strFsse = "C:\Users\forreste\Desktop\MonteCarlo\Objectivefunctions\sse.txt"

ssewriter = My.Computer.FileSystem.OpenTextFileWriter(strFsse, True,
System.Text.Encoding.ASCII)

Dim rmsewriter As System.IO.StreamWriter

strFrmse = "C:\Users\forreste\Desktop\MonteCarlo\Objectivefunctions\rmse.txt"

rmsewriter = My.Computer.FileSystem.OpenTextFileWriter(strFrmse, True,
System.Text.Encoding.ASCII)

Dim reader As System.IO.StreamReader

strFname = "C:\Users\forreste\Desktop\MonteCarlo\observedtimeseries.txt"

reader = My.Computer.FileSystem.OpenTextFileReader(strFname)

ReDim observed(tsteps + 1)
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nsenum = ©

nsedenom 0

sse = 0

sstot = 0

For i As Integer = 1 To tsteps

efficiency

errors

observed(i) = CDbl(reader.ReadLine())
nsenumx = (observed(i) - simulatedarray(i, runnumber)) ~ 2 'Nash Sutcliffe

nsedenomx = (observed(i) - 52.529) ~ 2
nsenum = nsenum + nsenumx

nsedenom = nsedenom + nsedenomx

ssex = (observed(i) - simulatedarray(i, runnumber)) ~ 2 'Sum of squared
sse = ssex + Sse
sstotx = (observed(i) - 52.529) ~ 2 'Total SS

sstot = sstotx + sstot
'compute objective functions

Next

nse

= Format(1l - (nsenum / nsedenom), "#.00")

rmse = ((sse / tsteps)) ~ 0.5
Le = (sse / tsteps) * -2
nsewriter.WritelLine(nse)
ssewriter.WritelLine(sse)
rmsewriter.WriteLine(rmse)
Lewriter.WriteLine(Le)

'write objective function files

nsewriter.Close()
ssewriter.Close()
rmsewriter.Close()
Lewriter.Close()
reader.Close()

End Sub

Private

Sub RunShell(ByVal cmdline As String) '"Function to define RunShell

'such as VB can wait until shell
'completes processing
Shell(cmdline, AppWinStyle.Hide, True)

End Sub

Public Sub GetPLTGEN(ByVal runnumber As Integer) 'reads in HSPF output data from

PLTGEN file

'reads to a specific line based on how many years of data you want

Dim
Dim
Dim
Dim
Dim

strFplt As String

text As String

reader As System.IO.StreamReader
reader2 As System.IO.StreamReader
steps As Integer

strFplt = "C:\Users\forreste\Desktop\MonteCarlo\Run" & Format(runnumber, "#") &
"\pltgen.plt"

reader = My.Computer.FileSystem.OpenTextFileReader(strFplt)

reader2 = My.Computer.FileSystem.OpenTextFileReader(strFplt)
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Dim strFtimes As String

strFtimes = "C:\Users\forreste\Desktop\MonteCarlo\timeseries.txt"

Dim times As System.IO.StreamWriter

times = My.Computer.FileSystem.OpenTextFileWriter(strFtimes, True,
System.Text.Encoding.ASCII)

Dim i As Integer

i=1

For i =1 To 391
reader.ReadLine()

Next

timesteps = ©

text = reader.ReadLine()

Do Until text Is Nothing
timesteps = timesteps + 1
times.Write(Mid(text, 25))
times.Write(",")
text = reader.ReadlLine()

Loop

times.Write(Environment.NewLine)

times.Close()
reader.Close()

ReDim simulatedarray(timesteps + 1, MCruns + 1)
Dim k As Integer
k=1
For k = 1 To 391
reader2.ReadlLine()
Next
steps = ©
text = reader2.ReadlLine()
Do Until text Is Nothing
steps = steps + 1
simulatedarray(steps, runnumber) = Mid(text, 25)
text = reader2.ReadlLine()
Loop
reader2.Close()

End Sub
End Module
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A.2: START FORM

Public Class StartForm

Private Sub cmdStart_Click(ByVal sender As System.Object, ByVal e As
System.EventArgs) Handles cmdStart.Click
Me.Hide()
Main.MCruns = Me.NumberofRuns.Text
Main.Central()
End Sub

Private Sub StartForm_Load(ByVal sender As System.Object, ByVal e As
System.EventArgs) Handles MyBase.lLoad

End Sub
End Class

A.3: PARAMETER CLASS

Public Class parameter
Public Name As String 'Parameter name
Public LineNumber As Integer 'Parameter line number in .uci file
Public ColumnNumber As Integer 'Parameter column number in .uci file
Public Length As Integer 'spaces occupied by parameter in .uci file
Public Min As Double 'minimum parameter value in uniform distribution
Public Max As Double 'maximum parameter value in uniform distribution
Public ParamFormat As String
Public RandIndex As Integer

End Class
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APPENDIX B: DETERMINISTIC PARAMETER VALUES

Parameter | Definition | Units | Calibrated Value Function
***PERL ND***
PWAT-PARM2
FOREST Fraction forest cover none 1.0 forest, 0.0 other Forest cover
INEILT Index to |nf!ltrat|on in/hr 0.023-0.109% Soil anq.cover
capacity conditions
LSUR Length f(l)(f)vc\)lverland feet 452-513% Topography
SLSUR Slope of overland | o 0.0039-0.0322° Topography
flowplane
KVARY Groundwater 1/in 0 Calibrate
recession variable
PWAT-PARM3
Temp below which . .
PETMAX ET is reduced deg. F 40 Climate, vegetation
PETMIN Temp below which deg. F 35 Climate, vegetation
ET is set to zero
INFEXP o Exponent n none 2 Soil properties
infiltration equation
INFILD .R?“O .Of max’m?"?‘” none 2 Soil properties
infiltration capacities
PWAT-PARM4
CEPSC Interceptlon_storage inches 0.06-0.27" Vegetation
capacity
Manninas’ n 0.45 forest; 0.30 pasture and Land use. surface
NSUR 9 none residential; 0.27 crop; 0.40 i,
(roughness) condition
wetlands
*** | MPLND***
IWAT-PARM2
LSUR Length ]El)cf)vc\)lverland feet 497 Topography
Slope of overland
SLSUR flowplane none 0.0116 Topography
NSUR Mannings’ n none 0.1 Land use, _surface
(roughness) condition
RETSC Retentlon/mterceptlon inches 0.1 Land use, §urface
storage capacity condition
IWAT-PARM3
Temp below which . .
PETMAX ET is reduced deg. F 40 Climate, vegetation
PETMIN Temp below which deg. F 35 Climate, vegetation
ET is set to zero
***RCHRES***
HYDR-PARM2
KS Welghtlng factqr for 05
hydraulic routing

Varies with land use, "Varies by month and with land use, ®Varies monthly
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