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Abstract This paper presents a general discussion
of the interplay between model structure and hydro-
logic parameters in the context of denitrification
estimation using coupled hydro-ecosystem models at
a watershed scale. Given the key role played by
hydrology in denitrification models, sensitivity anal-
ysis of hydrologic parameters is needed to determine
both uncertainty in denitrification estimates and to
suggest how measured data, such as streamflow, can
be effectively used to reduce this uncertainty. This
paper contributes to the broad goal of sensitivity
analysis by examining the linkage between landscape
tessellation, calibration, and the ability of models to
capture hot-spot contributions to watershed scale
denitrification across a range of N-loading. For a
small mid-Atlantic forested watershed, denitrification
estimates using RHESSys (regional hydro-ecologic
simulation system) are compared across different
strategies for calibration and landscape tessellation.
Results demonstrate the utility of several potential
approaches to account for hydrologically mediated
hot-spots within landscapes.
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Introduction

Denitrification is a significant pathway through which
nitrogen is removed from the terrestrial environment.
Models of terrestrial denitrification are widely used in
estimating ecosystem N fluxes to the atmosphere and
N export from terrestrial systems to river, lakes and
coastal regions under different land management and
climate scenarios. Recent reviews of denitrification
models describe their application in a wide variety of
research and land management settings ranging across
plot to global scales (Boyer et al. 2006; Alexander
et al. 2002; Shaffer and Ma 2001). These reviews
summarize the many different types of terrestrial
denitrification models, including simple regression
based approaches and more complex models of
coupled biogeochemical cycling and hydrologic pro-
cesses. Previous reviews have emphasized differences
in model structure or the basic equations used to
estimate denitrification. Model applications, however,
also differ in terms of procedures used to provide input
data, assign or calibrate model parameters and eval-
uate uncertainty in model estimates. Evaluation of
models and comparison between different models
must be done in the context of a broader modeling
framework—that includes issues of parameter uncer-
tainty and sensitivity (Beven 2002, 2007).

Heinen (2006) performed a sensitivity analysis of
parameters in the basic process equations used to
estimate denitrification in a wide range of models,
including widely used DNDC (Li et al. 2000) and
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DayCent (Del Grosso et al. 2000) and others. Heinen’s
analysis included models of first-order decay kinetics
and models that estimate denitrification as a function
of soil chemical and physical conditions. In his
analysis, Heinen used Monte-Carlo-based global
sensitivity analysis (e.g., where parameters are simul-
taneously varied by random fluctuations within realistic
ranges). His results show that the greatest parameter
sensitivity occurred with parameters that influence soil
moisture conditions, such as porosity, and denitrifica-
tion responses to those soil moisture conditions.
Heinen’s analysis focused on the core denitrification
equations in isolation. Many models, however, embed
these equations within hydrologic and ecosystem
models that are applied across a range of spatial scales.
While there are a wealth of hydrologic modeling studies
(reviewed by Wagener et al. 2004) that investigate the
impact of hydrologic parameter calibration and uncer-
tainty on streamflow estimates, fewer studies explicitly
examine the implications for coupled biogeochemical
cycling estimates. Estimation of denitrification at
watershed scales will depend not only on sensitivity
to local soil moisture as demonstrated by Heinen, but
also on the distribution of the soil moisture conditions in
space and time, and, in particular, the ability of the
model to capture hot spots and hot moments.

The importance of hot-spot and hot moments in
terrestrial nitrogen cycling has been well established in
recent literature (McClain et al. 2003). Denitrification
hot spots occur at multiple spatial scales, when there is
a nexus of necessary substrates (nitrogen and carbon)
and environmental conditions conducive to denitrifi-
cation. For example, within a plot, high rates of
denitrification have been localized in soil aggregates at
sub-meter scales. At watershed scales, coarser scale
topography can lead to elevated denitrification in
wetter riparian zones; while at regional scales, spatial
variation in land use and associated N-loading can
generate hotspots. Hot moments occur when tempo-
rally varying conditions, such as increased soil
wetness following rainfall, create opportunities for
high rates of denitrification.

Given that local denitrification estimates are highly
sensitive to soil moisture conditions, watershed scale
denitrification estimates will be sensitive to the models
and parameters that are used to estimate soil moisture
over space and time. In particular, adequate represen-
tation of denitrification hot spots and hot moments is
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often tied to how models estimate hydrologic pro-
cesses. One of the most important drivers of hot spots
and hot moments is flux of water as both a control on
environmental conditions (anaerobic vs. aerobic) and
on the transport and accumulation of nitrogen and
carbon through the convergence of hydrologic flow-
paths. Models of the hydrologic controls that lead to
hot spots and hot moments face two key challenges.
Firstly the model structure must be able to resolve or
account for spatial (or temporal) heterogeneity in
moisture conditions that lead to hot-spots (or hot
moments) and secondly, inputs and parameters must
be available to effectively represent this spatial and
temporal heterogeneity defined by the model structure.
Model structures, inputs and parameters tend to
facilitate the representation of hot-moments given that
coupled eco-hydrologic models are often run at fine-
time scales (hours—days) and hydrologic input data is
often available at similarly fine-time scales. Capturing
spatial heterogeneity of hot spots with these
approaches is, however, less tractable.

The issue of providing a model structure that can
capture hot-spots can be resolved through either
explicit or implicit approaches. To explicitly represent
hot spots, model spatial resolution must be commen-
surate with the scale of hydrologic variation that leads
to the hot spot. For example, in models of watershed-
scale denitrification, landscape tessellation may need
to be fine enough to resolve upland versus riparian
zone distinctions. Capturing very fine (sub-meter)
scale heterogeneity within a riparian zone remains
more challenging given that data to parameterize
models at that scale are rarely available, particularly
once the spatial extent of the model extends beyond an
individual field plot. Hot spot characterization may
also need to represent multiple scales of variation. For
example, a fine scale nexus of carbon and nitrogen
substrate availability may function as a hot spot only
within a coarser scale hydrologic hot-spot such as a
riparian zone. For explicit representations of hot-spots,
these multiple and embedded scales must be resolved
and appropriately parameterized.

In implicit representations, the impact of hot-spots
is accounted for through the calibration of effective
parameters. Because calibrated effective parameters
do not necessarily represent physical or measurable
quantities, they can account for disproportionate con-
tributions of hot-spots to denitrification losses. For
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example, many local scale models of denitrification
(Heinen 2006; Boyer et al. 2006) follow the form:

D = o X fu,0 X fr X fo X fN X fou (1)

where D is the denitrification rate, o is a potential
denitrification rate that is scaled by functional
relationships with environmental conditions, specif-
ically soil moisture (fy,0), temperature (ft), carbon
substrate availability (fc), nitrate availability (fy) and
soil pH (fon)-

Parameters within these various functional relation-
ships are typically calibrated using field data. Thus
extrapolation of the model beyond those conditions is
questionable. Issues also arise with respect to the scale
of application. When Eq. 1 is included in a watershed
scale model, fi,0 becomes a function of mean soil
moisture of each modeling unit. In a coarse scale
model, the model unit may be an entire watershed.
Calibration of parameters within fj,0 may account for
soil moisture variance within the model unit and the
resulting higher (or lower) overall rates of denitrifica-
tion. If calibration of fy,0 accounts for the effect of soil
moisture variance within a modeling unit, application
to other sites may be restricted to sites with similar soil
moisture distributions, particularly if (a) soil moisture
is the primary factor limiting denitrification and (b)
fm,0 is non-linear across the dominant range of soil
moisture conditions within a modeling unit. Another
possibility is to explicitly include a variance term
within fy,0. Several hydrologic models have used this
approach in estimating evapotranspiration for large
scale patches that include heterogeneous land surface
conditions (Giorgi and Avissar 1997; Zhenghui et al.
2003). This paper examines the use of variance terms
for denitrification estimation.

The second issue and related issue in modeling
hydrologic controls on denitrification is soil parame-
terization. Accounting for the spatial heterogeneity
that gives rise to spatial patterns of soil moisture
continues to be one of the core challenges in hydrologic
modeling. While hydrologic processes are well under-
stood, uncertainty in soil drainage parameters means
that most hydrologic models require calibration,
usually against streamflow data. Further, there are
numerous examples of soil parameter equifinality in
calibration against streamflow data, where streamflow
data can only partially constrain soil parameters.
Calibration equifinality leads to uncertainty in

parameter estimation and consequently in the spatial
patterns of soil moisture and drainage (Blazkova et al.
2002; Western et al. 1999). A broad literature recom-
mends the use of additional measurement data such as
tracers, arrays of soil moisture and groundwater
measurements to improve hydrologic model calibra-
tion (Seibert and McDonnell 2002; Beven 2007). For
many applications, however, measurement data are
limited and the resulting uncertainty in soil hydrologic
parameters and associated soil moisture conditions will
have implications for denitrification estimates. How
sensitive denitrification estimates are to soil parameter
uncertainty, within the context of a watershed scale
model, remains an important question.

Figure 1a summarizes the inter-related components
of representing hydrologic controls on denitrification
estimates in a coupled hydro-ecologic watershed
model. This paper uses RHESSys (regional hydro-
ecologic simulation system), a coupled hydro-ecolog-
ical model, as an illustrative example of the role that
different components—parameter calibration and
explicit and implicit landscape representation—can
play in developing estimates of denitrification. RHES-
Sys was applied to a small forested watershed in
the Mid Atlantic US and denitrification estimates
compared across different model realizations and
parameterizations.

Model description

Regional hydro-ecologic simulation system is a
coupled model of hydrologic and ecosystem biogeo-
chemical cycling processes. It is a spatially distributed
model, which allows user specification of the size and
shape of modeling units or patches. The hydrologic
model comprises vertical moisture fluxes (interception,
transpiration, soil, litter and canopy evaporation, infil-
tration and drainage through a rooting zone soil layer),
as well as lateral moisture fluxes between patches as a
function of topographic gradients and soil hydrau-
lic parameters. Ecosystem biogeochemical cycling
includes representation of carbon processes (photosyn-
thesis and plant allocation, soil and vegetation
respiration, litter and soil decomposition) and linked
nitrogen cycling processes, including nitrification and
denitrification. The denitrification model is based on the
Century N-GAS model (Del Grosso et al. 2000).
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Fig. 1 Model a
implementation Representing Hydrologic Controls on Denitrification Estimation
considerations for

representing hydrologic

controls on denitrification— Issue Approach
summary of RHESSys case
study Hydrologic Parameter Use calibration to constrain parameters
Uncertainty Data available
- none (select “best guess’ or run over ‘reasonable’
parameter distribution)
-Streamflow
-Stream N
-Other (isotopes, related constituents) I\
Spatial Variation (Hot spot Explicitly via landscape Partitioning V
representation) Implicit via calibration
Hybrid - include a variance term within a landscape unit

Implementation: RHESSys for a 30ha forested watershed

B Upland (U)
B Riparian (R)

O Midslope (M)

10m patch

we

Calibration of two hydrologic parameters (K
m) using streamflow and stream NO;°

sat*

U /M / R\% U
* Landscape tessellation (single patch, 3patch,

T mas 10m patch)
*  Hybrid - measured soil moisture mean vs
3-patch model variance relationship

In RHESSys, denitrification (D) is a function of a a
maximum denitrification (Rno,) rate based on avail- fmo=—F—"< (3)
able soil nitrate (soil_NOj). The maximum deni- b(m)
trification rate is then modified by soil moisture

(fu,0) and soil carbon availability (fc), where soil Rno, = 0.0011 }
respiration is used as an index of carbon availability. atan (775 x 0.002 x ((Qﬁﬁéﬂ,’.{) - 180))
+ n
D = fu,0 X fc X Rno, (2) (4)
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0.0024
f=—""" _  0.00001 (5)

(1+53%5)

where a, b, ¢, d are parameters set according to soil
texture, O is soil moisture fraction, N.;; and C,; are
total soil nitrogen (kg N m~2) and total soil carbon
(kg C m™~?), respectively, and hr is total daily respira-
tion (g C m~* day ™ '). Thus fy, and o from Eq. 1 are
combined within the Ryo, term. Temperature sensi-
tivity, fr, is not explicitly included. However, it is
assumed that soil respiration follows a similar sensi-
tivity to temperature and thus the impact of
temperature is accounted for. Denitrification responses
to pH are not included.

RHESSys also supports anthropogenic nitrogen
inputs, including elevated atmospheric N-deposition,
fertilizer and septic loading. A full description of
RHESSys process representation is given in Tague
and Band (2004). RHESSys has been used for a wide
variety of hydrologic and ecosystem biogeochemical
cycling applications (e.g., Band et al. 2001; Zierl
et al. 20006).

Study site

Regional hydro-ecologic simulation system was
applied to the Pond Branch study watershed. Pond
Branch is an 36 ha forested watershed, monitored as
part of the Baltimore Long Term Ecological Research
site. Vegetation in the watershed is dominated by a
mature oak (Quercus) and hickory (Carya) forest. Soils
are largely silt loams developed on deeply weathered
schist, with more organic rich soil in the bottomlands.
Topography of the catchment comprises gentle upper
slopes, transitioning to steep side slopes leading to a
broad riparian area. On the uplands, soils are typically
1-2 m deep, underlain by weathered saprolite greater
6 min depth. Soils on the side slopes are thin (<0.5 m).
The riparian valley zone comprises a deep layer of
colluvial soils (U.S. Soil Conservation Service 1976).
Continuous daily streamflow data is available from
USGS (gauge 01583570) since 1999. Precipitation and
meteorologic data were obtained from the Baltimore
Washington International airport. Mean annual pre-
cipitation over the simulation period was 1,089 mm.
Periodic sampling of NO3;~ concentration was done
from 1998 to 2004 as described in Band et al. (2001).

Weekly samples show a consistent elevation of
streamflow NO;3;~ during the summer, with NO3™
concentrations near detection levels (0.01 mg N 171)
throughout the remainder of year. Earlier modeling and
field based analysis linked this elevated NO3;~ con-
centration with a switch from denitrification to
nitrifying condition in the riparian zone during the
summer (Band et al. 2001). The role of denitrification
as a control on NO3 ™~ export in this watershed makes it
an instructive site for investigation model denitrifica-
tion estimates and their sensitivity to parameters and
model landscape realizations.

Calibration approach

Two landscape tessellation strategies were imple-
mented and the results compared—a lumped single
patch representation and a simple representation
where the study watershed is divided into upland,
middle and riparian areas (Fig. 1b). Limited results
are also shown for a fine-scale partitioning of the
watershed as 30 m patches in the upland region and
10 m patches in the riparian zone. The focus,
however, was primarily on coarse scale resolution
patches, which reflect the scales typically used in
estimating terrestrial denitrification for land manage-
ment assessments. A 10 m patch realization is
theoretically supportable by denitrification models
given the availability of high resolution digital
elevation models (DEM). However, the large number
of resulting patches, input data requirements and
accompanying computation cost often limit the
applicability to broad spatial extents.

Implicit approaches to capture sub-patch fine scale
variability in soil moisture controls on denitrification
estimation were also considered and the RHESSys
denitrification sub-model was revised to incorporate
fine scale variance in soil moisture. Thus the soil
moisture adjustment term (fy,0) for each patch was
integrated over a normal distribution of soil moisture
such that:

O+20

fo= [ —— (6)
" G)—/Za b(m)

Mean soil moisture, ®, is the RHESSys daily
estimate of soil moisture for that patch and standard
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deviation, o, is parameterized using a previous field
based assessment that found a linear relationship
between mean soil moisture and soil moisture
variance for the Pond Branch study site. Details on
soil moisture monitoring and analysis are provided in
Band et al. (2003).

Two soil hydrologic parameters were calibrated,
using comparisons between observed and modeled
streamflow. Hydrologic parameters are, Kg,, the
saturated hydraulic conductivity at the surface, and
m, the decay of this conductivity with depth. The
calibration processes comprised a Monte-Carlo
approach with 1,000 simulations for each model
realization. Initial values of m and K, were selected
using values in RHESSys soil default libraries
(http://fiesta.bren.ucsb.edu/ ~ rhessys/). For calibra-
tion, initial values ranged from 0.01 to 0.04
(dimensionless) for m and from 1 to 20 m day~" for
Ko These initial values were multiplied by a spa-
tially uniform scale factor randomly selected from the
following ranges for m and K, respectively (0.0—
2.28 and 1-200). Ranges are based on standard cal-
ibration procedures for RHESSys (e.g., Tague and
Band 2001). Note that scale factors for K, are
always greater than 1, reflecting results from most
hydrologic modeling studies that find calibrated patch
to landscape scale saturated hydraulic conductivity
larger than conductivity based on soil type and pedo-
transfer functions. Higher conductivity at these scales
reflects the role of macropore/preferential flowpaths
(McDonnell 1990).

Calibration compared observed and modeled daily
streamflow values. Performance metrics included
Nash-Sutcliffe efficiency (NSE) between observed
and modeled flow (Nash and Sutcliffe 1970), NSE of
log transformed flows—to highlight low flow periods,
R? of correlation between daily observed and mod-
eled flow, and percent error in annual flow
estimations. Note that NSE provides a measure of
fit between observed and modeled flows that accounts
for observed variance—a NSE value of 1 implies
perfect correspondence between observed and mod-
eled flows, NSE of 0 implies only a match between
mean observed and modeled flow over the entire time
period; NSE < 0 implies neither mean nor pattern are
represented by the model. In addition to streamflow
data, available stream NO;~ concentrations were
used to further constrain uncertainty in soil hydro-
logic parameters. Correlations between observed and
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modeled stream NO5;~ concentration were computed
for weekly samples and R* reported.

In order to assess the importance of including
NO;™ data in calibration, this paper considered how
the range of denitrification estimates changes with the
inclusion of this additional data to constrain model
parameters. Model behavior for the two different
partitioning strategies was also compared.

Results

Calibration of hydrologic parameters using stream-
flow data is sensitive to the spatial partitioning
strategy used. Both model performance and the
convergence of parameter values during calibration
differ for model realizations using a single patch
versus 3 patches. The optimal value for m, the decay
of conductivity with depth is approximate 8 for the 3
patch realization versus 12 for the single patch
(Fig. 2a). Similarly, optimal values for K, differ
between the two realizations; although both show
equifinality or a wide range of reasonable values for
K, (Fig. 2b). The 3 patch strategy also leads to
substantially improved hydrologic model perfor-
mance using optimal parameter values, with peak
NSE of 0.4 versus 0.1 for comparisons between log-
transformed observed and modeled streamflow. Other
streamflow performance metrics show less distinction
between the two partitioning strategies, with maxi-
mum R? between observed and modeled flow of 0.47
and 0.43 for 3 patch and single patch, respectively,
and bias in total mean annual streamflow of <10% for
both realizations.

Initial calibration was based solely on hydrologic
data. Using stream nitrate concentration data, R>
between observed and modeled values were low
(R* <0.1) for all parameter values for the single
patch realizations. Thus, the single patch realization
was not able to capture the observed elevated summer
stream nitrate concentrations. The 3 patch strategy
showed better performance with maximum R of 0.5
between observed and model stream nitrate concen-
trations. However, R? was reduced to 0.2 if parameter
values were constrained to produce reasonable
hydrologic performances (NSE > 0.1 for normal
and log transformed flows).

For both landscape realizations, estimates of
median annual denitrification losses vary by more
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Fig. 2 Hydrologic model calibration results using Nash—
Sutcliffe efficiency of log-transformed streamflow as the
performance metric. Results are shown for a 3 patch landscape
tessellation and a lumped single patch model. Sensitivity of the
performance metric is shown for the two hydrologic parameters
a the decay of saturated hydraulic conductivity with depth (m)
and b saturated hydraulic conductivity at the soil surface (Kg,()

than two orders of magnitude across the full range of
soil drainage parameters (e.g., prior to calibration)
(Fig. 3). If streamflow data is used to constrain soil
parameters, the ranges of denitrification estimates are
substantially reduced for both the single and 3 patch
model realizations. For illustration, results are shown
for simulations using all parameters and a subset of
parameters that achieved a Nash—Sutcliffe efficiency
of greater than 0.2 using both log-transformed and
regular streamflow. For the 3 patch model, the range
of denitrification estimates is further reduced if
parameters are also constrained to those providing
reasonable estimates of N-export. The median deni-
trification estimates is slightly higher, although
within the same inter quartile range, when using
only parameters providing reasonable N-export
results. (Mean denitrification across parameter set

follows patterns similar to median values.) As
discussed above, for the single patch model, none
of the soil hydrologic parameters produced a good
match between observed and modeled streamflow
NO;~ export. When soil moisture variance is
included in the model, the ranges of denitrification
estimates are similar to those derived without soil
moisture variance, for both single patch and 3 patch
models.

Comparison between the two landscape represen-
tations suggests that differences are small for initial,
low N input simulations. Median denitrification esti-
mates (across all parameter sets) are similar for single
patch and 3 patch models (Fig. 3) but differ slightly in
the temporal patterns of year to year variation (Fig. 4).
Median denitrification estimates, using parameters
with acceptable hydrologic performance, are only
slightly higher for the single patch realization (0.012
vs. 0.011 g N m 2 year™") in spite of a significant
degradation in model hydrologic performance associ-
ated with the single patch realization.

Atmospheric N-inputs for the low N model
scenarios were ~0.4 ¢ N m~? year '. Median deni-
trification estimates for all scenarios suggest ~3% of
this input was lost as denitrification. Most of the
remaining input was incorporated into organic mate-
rial. To examine model sensitivity when N-inputs are
higher, simulations were repeated with the addition of
fertilizer inputs (10 g N m > year_l) (Fig. 5). With
additional N inputs, the differences between the
single patch and 3 patch models were significant,
such that median denitrification was an order of
magnitude lower for the single patch model (1.2 vs.
0.01 g N m~2 year ' or 12 vs. much less than 1% of
N-input, for parameters that gave reasonable hydro-
logic performance). As before, including fine scale
variance in the 3 patch model had little impact on
median annual denitrification estimates. Including
soil moisture variance in the single patch model,
however, increases denitrification to values more
similar to those obtained with the 3 patch model
(Fig. 5). Median value using the single patch model
with soil moisture variance included was
29 gNm ?year ' or 27% of N input. For the
single patch model, with soil moisture variance
included, the range of denitrification estimates is
within the range for the 3 patch model; when soil
moisture variance is not included estimates are all
outside 3 patch model range. It is also important to
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Fig. 3 Model estimates of
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mean annual denitrification
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Results are shown for a 3
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note that for the high N input scenarios, the
implications of constraining hydrologic parameters
are more significant. Within original N inputs,
constraining hydrologic parameters with streamflow
data significant reduced the range of denitrification
estimates but did not substantially alter median
values. With higher N input, constraining hydrologic
parameters with available streamflow data, lowers the
median denitrification estimate in addition to con-
straining the estimate range. Note that this is also true
for mean denitrification estimates, which reduced
from 5.3 to 2.8 ¢ N m 2 year ' when streamflow is
used to constrain parameters. As with the original N
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inputs, the impact of including N-export data on the
range of denitrification estimates is small relative to
reduction in uncertainty associated with calibration
using streamflow data.

Finally, results from a single simulation using a finer
landscape representation (10 m) were examined.
Hydrologic performance was somewhat improved
with higher resolution patches (NSE 0.5), although
only limited calibration (20 trials) was undertaken. For
baseline atmospheric N input scenarios, median annual
denitrification fluxes using this higher resolution
model were slightly higher (0.04 ¢ N m~2 year ")
than those obtained with the 3 patch model
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Fig. 5 Model estimates of
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Fig. 6 Daily denitrification for a 3 patch model and a high
resolution landscape tessellation (30 m in uplands and 10 m
riparian areas). Results are shown for high N-loading
simulations with fertilizer additions of 10 g N m~2 year™'

(mean across acceptable parameters of 0.01 g N m™>
year™'). With elevated N-inputs, the finer landscape
representation produces significantly higher denitrifi-
cation (7.6 g N m~2 year ') versus results from the 3
patch model (1.5 ¢ N m ™2 year™ ') although seasonal
and inter-annual patterns of denitrification are similar
(Fig. 6).

Discussion

Results from this case study show that, at the
watershed scale, the availability of streamflow data

N and hydro

T T T T
hydro only all parameters N and hydro hydro only

for calibration substantially reduces the uncertainty in
hydrologic parameters and leads to a significant
reduction in the range (across soil parameter uncer-
tainty) of denitrification estimates. These results
suggest that application of RHESSys, using a single
parameter set selected without streamflow data for
calibration, could lead to an order of magnitude error
in denitrification estimation. In cases where stream-
flow data is not available, it is worth noting that if the
model was run over the full distribution of parameter
sets, median estimates would be similar to that
obtained using calibrated parameters for the low N
case but somewhat higher for the high N case. Thus
even in the high N case, running simulations over a
distribution of parameters is likely to lead to
substantially better estimates of denitrification. The
inclusion of stream nitrate data in calibration in some
cases further reduced the range of denitrification
estimates; however, the reduction was small relative
to reduction associated with hydrologic calibration.
While these results highlight the importance of
streamflow measurements for constraining watershed
scale denitrification estimates, it is also worth noting
that the single patch model had relatively poor
hydrologic performance as measured by the NSE
metric. The 3 patch model performance was better
but still only moderate (peak NSE of 0.4). Nonethe-
less denitrification estimates were similar for both
models and close to those obtained using the fine
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resolution patch structure. Thus, although limiting the
parameter set through comparison between observed
and modeled streamflow was critical for constraining
denitrification estimates (e.g., reducing the range by
two orders of magnitude in some cases), a fairly
general level of correspondence was sufficient (such
as that measured by general metrics, such as R?,
rather than more precise metrics such as NSE).

Landscape tessellation often determines the ability
of the model to capture hot spot behavior. In
comparing a single with a 3 patch model, at a
watershed scale, this paper focused on hot-spots that
can be linked with topographic features such as
riparian zones, which occur at scales of 10s of meters.
It is important to recognize that the 3 patch imple-
mentation includes the redistribution of water
between patches. Simply partitioning the watershed
into finer resolution, but hydrologically independent
patches would not account for the riparian hot-spot.
Many denitrification models resolve spatial differ-
ences in inputs through partitioning the landscape
into spatial units, but unless model units are con-
nected, riparian hot spots are not necessarily
accounted for. Result here show difference in
behavior for different model partitioning strategies,
where landscape patches are hydrologically con-
nected. For the case study watershed used here, the
importance of landscape partitioning varies with N
limitation, such that the need for resolution of
riparian hot-spot increases for higher levels of
available N. For the high N case, the importance of
resolving the riparian zone hotspot is clearly demon-
strated by the substantially lower estimates using the
lumped single patch representation. It is important to
recognize that the implications of landscape tessella-
tion were not apparent under the low N case,
suggesting that model evaluation under low N inputs
may be misleading.

In simulations over large spatial extents it may not
be feasible to include an explicit representation of
riparian hot spots as was done for this study site. In
these cases, inclusion of a variance term (hybrid
approach in Fig. 1) offers an alternative. For this case
study, the inclusion of a soil moisture variance term
within Eq. 1 demonstrated some success for includ-
ing the effect of the riparian hot-spots in a single
patch model. Particularly for the high N simulations,
inclusion of the variance term lead to substantially
higher denitrification estimates that were much closer

@ Springer

to estimates generated using finer landscape tessella-
tions (explicit approach). It is important to note,
however, that implementation of this approach
required additional parameterization, specifically an
estimate of soil moisture variance. This may limit the
broad applicability of this approach. Further testing
of sensitivity to uncertainty in the soil moisture
variance term is needed to assess whether simply
including a regionally defined variance term might
improve watershed scale denitrification estimates for
single patch models. Nonetheless including a soil
moisture variance term within ecosystem models that
compute denitrification at coarser scale may offer an
improvement, particularly when the scale of applica-
tion or model structure does not support the routing
of water between patches nor the isolation of riparian
hotpots. Similar approaches have been successfully
applied in regional rainfall-runoff models (e.g.,
Giorgi and Avissar 1997).

This paper focused largely on hydrologically
mediated hot spots in riparian zones. There are also
likely to be finer scale hot spots within riparian zones
and other landscape locations. Higher denitrification
estimates using the 10 m patch representation are
evidence of this effect; although it is worth noting
that the increase in denitrification estimates with this
finer scale tessellation (relative to the 3 patch model)
are substantially smaller than increases associated
with including the riparian zone (3 patch vs. single
patch).

Finally, it is important to recognize that this paper
focuses only on model sensitivity to soil moisture
parameterization. Other components of the denitrifi-
cation model, including parameterization of other
controls in Eq. 1, were not varied as part of this study.
While Heinen (2006) found that parameterization of
soil moisture is often the most sensitive component of
denitrification models, uncertainty in other parameters
and model input may also contribute to model error
and may have synergistic effects with soil moisture
parameterization. A full, global sensitivity analysis,
where parameters are varied simultaneously would
offer a more complete picture—although this process
can be computationally challenging in a fully coupled
model such as RHESSys. The hydrologic and deni-
trification sub-models in RHESSys are similar to
those used in many other models and thus results from
this paper may have broader implications for other
models and study sites. Generalizability to other
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models and study sites, however, would require
additional analysis.

Conclusions

Previous sensitivity analysis of local scale denitrifica-
tion equations suggests that hydrologic conditions will
play a key role in determining uncertainty in denitri-
fication estimates. In watershed scale models,
denitrification equations are often linked with hydro-
logic models. In this paper, an application of RHESSys
was used to illustrate the importance of model set-up—
including hydrologic parameter calibration and land-
scape tessellation in using coupled models to estimate
denitrification. Calibration and landscape tessellation
are not independent—and calibration of effective
parameters is often used to compensate for spatially
averaging effects of landscape tessellation. Results
from this paper show that while calibration does
substantially reduce uncertainty in denitrification esti-
mates, it is not sufficient to compensate for the loss of
riparian zone hotspots in coarser scale calibrations,
particularly under high levels of N-input. Fine scale
landscape tessellation is not always feasible for large
scale simulations—thus alternative approaches are
needed. Incorporation of soil moisture variance terms
does improve denitrification estimates of coarse scale
model but additional research is needed to develop
techniques for calibrating soil moisture variance term
under a range of geographic settings.

Acknowledgments This paper is a product of a workshop on
Denitrification Modeling Across Terrestrial, Freshwater, and
Marine Systems, held November 28-30, 2006, at the Institute
of Ecosystem Studies, Millbrook, NY, with support from the
Denitrification Research Coordination Network of the National
Science Foundation, award DEB0443439 and the Northeastern
States Research Cooperative (Grant # 02-CA-11242343-105).

References

Alexander RB, Johnes PJ, Boyer EW, Smith RA (2002) A
comparison of models for estimating the riverine export of
nitrogen from large watersheds. Biogeochemistry 57/
58:295-339

Band L, Kenworthy S, Tague C, Groffman P, Tenenbaum D
(2003) Spatial dynamics of soil moisture at hillslope and
small catchment scales. EOS Trans AGU 84(46), Fall
Meeting Supplement, Abstract H42G-1155

Band L, Tague C, Groffman P, Belt K (2001) Forest ecosystem
processes at the watershed scale: hydrological and eco-
logical controls of nitrogen export. Hydrol Process
15:2013-2028

Beven K (2002) Towards an alternative blueprint for a physi-
cally based digitally simulated hydrologic response
modeling system. Hydrol Process 16:189-206

Beven K (2007) Towards integrated environmental models of
everywhere: uncertainty, data and modelling as a learning
process. Hydrol Earth Syst Sci 11: 460-467 http://www.
hydrol-earth-syst-sci.net/11/460/2007/

Blazkova S, Beven K, Tacheci P, Kulasova A (2002) Testing
the distributed water table predictions of TOPMODEL
(allowing for uncertainty in model calibration): the death
of TOPMODEL? Water Resour Res 38:1257

Boyer EW, Alexander RB, Parton WJ, Li CS, Butterbach-Bahl
K, Donner SD, Skaggs RW, Del Grosso SJ (2006) Mod-
eling denitrification in terrestrial and aquatic ecosystems
at regional scales. Ecol Appl 16:2123-2142

Del Grosso SJ, Parton WJ, Mosier AR, Ojima DS, Kul-mala
DS, Phongpan S (2000) General model for N,O and N,
gas emissions from soils due to denitrification. Global
Biogeochem Cycles 14:1045-1060

Giorgi F, Avissar R (1997) Representation of heterogeneity
effects in earth system modeling: experience from land
surface modeling. Rev Geophys 35:413-438

Heinen M (2006) Simplified denitrification models: overview
and properties. Geoderma 133:444-463

Li C, Aber J, Stange F, Butterbach-Bahl K, Papen H (2000) A
process-oriented model of N,O and NO emissions from
forest soils: 1. model development. J Geophys Res 105:
43694384

McClain ME, Boyer EW, Dent CL, Gergel SE, Grimm NB,
Groffman PM, Hart SC, Harvey JW, Johnston CA,
Mayorga E, McDowell WH, Pinay G (2003) Biogeo-
chemical hot spots and hot moments at the interface of
terrestrial and aquatic ecosystems. Ecosystems 6:301-312

McDonnell JJ (1990) A rationale for old water discharge
through macropores in a steep humid catchment. Water
Resour Res 26:2821-2832

Nash J, Sutcliffe J (1970) River flow forecasting through
conceptual models: part 1—a discussion of principles. J
Hydrol 10:282-290

Seibert J, McDonnell JJ (2002) On the dialog between exper-
imentalist and modeler in catchment hydrology: use of
soft data for multicriteria model calibration. Water Resour
Res 38(11):1241. doi:10.1029/2001WR000978

Shaffer MJ, Ma L (2001) Carbon and nitrogen dynamics in
upland soils. In: Shaffer MJ, Ma L, Hansen S (eds)
Modelling carbon and nitrogen dynamics for soil man-
agement. Lewis, Boca Raton, pp 11-27

Tague CL, Band LE (2001) Evaluating explicit and implicit
routing for catchment scale models of forest hydrology.
Hydrol Process 15:1415-1439

Tague C, Band LE (2004) RHESSys: regional hydro-ecologic
simulation system: an object-oriented approach to spa-
tially distributed modeling of carbon, water and nutrient
cycling. Earth Interact 8(19):1-42

U.S. Soil Conservation Service (1976) Soil survey of Baltimore
county. United States Department of Agriculture, USA

@ Springer


http://www.hydrol-earth-syst-sci.net/11/460/2007/
http://www.hydrol-earth-syst-sci.net/11/460/2007/
http://dx.doi.org/10.1029/2001WR000978

90

Biogeochemistry (2009) 93:79-90

Wagener T, Wheater HS, Gupta HV (2004) Rainfall-runoff
modelling in gauged and ungauged catchments. Imperial
College Press, London, pp 1-55

Western AW, Grayson RB, Bloschl G, Willgoose G, McMahon
TA (1999) Observed spatial organization of soil moisture
and its relation to terrain indices. Water Resour Res
35:797-810

@ Springer

Zhenghui X, Fengge S, Xu L, Qingcun Z, Zhenchun H, Yufu G
(2003) Applications of a surface runoff model with horton
and dunne runoff for VIC. Adv Atmos Sci 20(2):165-172

Zierl B, Bugmann H, Tague C (2006) Evaluation of water and
carbon fluxes in the ecohydrological model RHESSys.
Hydrol Process 12:3328-3339. doi:10.1002/hyp.6540


http://dx.doi.org/10.1002/hyp.6540

	Modeling hydrologic controls on denitrification: sensitivity to parameter uncertainty and landscape representation
	Abstract
	Introduction
	Model description
	Study site
	Calibration approach
	Results
	Discussion
	Conclusions
	Acknowledgments
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /Description <<
    /ENU <>
    /DEU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [5952.756 8418.897]
>> setpagedevice


