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Abstract: Infiltration models are vital for predicting the onset and magnitude of flash floods. A multitude of infiltration models have been
developed over the past century. In practice, model selection for a given study constitutes a compromise between complexity, parsimony, and
feasibility. This study presents a comparative evaluation of four infiltration models of varying complexity available in the widely used
HEC-HMS software: the curve number (CN), initial-constant (IC), Green-Ampt (GA), and the recently integrated linear-constant (LC) model.
Using precipitation and runoff data from the Walnut Gulch Experimental watershed in Arizona, each model was analyzed across three
different scenarios including, using published guidance, constrained calibration, and unconstrained calibration. Findings reveal that GA,
the most complex model, excelled over the rest under published guidance and constrained calibration scenarios but was susceptible to
equifinality issues under unconstrained calibration. Conversely, the simpler IC model performed well under unconstrained calibration.
The results indicate the simple, two-parameter LC model offers a balance between complexity, parsimony, and feasibility in hydrologic
modeling, particularly for arid and semiarid regions. This study provides valuable insight to hydrologists and researchers in selecting an
appropriate infiltration model based on data availability and regional hydrologic conditions.DOI: 10.1061/JHYEFF.HEENG-6258.© 2024
American Society of Civil Engineers.
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Introduction

Flash flooding is among the most hazardous natural disasters
globally and in the United States (Hapuarachchi et al. 2011). Flood
prediction in arid and semiarid regions is challenging due to the
spatial and temporal heterogeneities of hydrological characteristics
within a catchment, including variations in precipitation patterns,
runoff generation, and soil moisture conditions (Huang et al. 2016).
Hydrologic models are essential in both managing and predicting
flash floods. Event-based models are commonly used in arid and
semiarid regions where flows are episodic and transient (Huang
et al. 2016). Infiltration excess overland flow is the key hydrolog-
ical process in many arid and semiarid watersheds (Huo et al. 2020;
Kampf et al. 2018; Huang et al. 2016). Infiltration models are
therefore vital for predicting the onset and magnitude of flash
floods and play a key role in flood mitigation and emergency
response planning.

A multitude of infiltration models of varying complexity have
been developed over the past century (Mishra et al. 2003;
Morbidelli et al. 2018; Chahinian et al. 2005). At one end of
the spectrum, simple models have the advantage of requiring fewer
parameters and are thus easier to implement. Ease of implementa-
tion is an important consideration, particularly in data-scarce areas
(Pande et al. 2012). For this reason, the simple (one-parameter)
NRCS curve number method (USDA 2004b) is still popular among
practicing hydrologists (Moglen et al. 2022) despite its well-
documented limitations (e.g., Ogden et al. 2017). Overly simplistic
models, however, may lack the required complexity to adequately
simulate physical processes; this can limit their predictive power
(Hrachowitz et al. 2014).

Complex models, whereas perhaps more adept at simulating
physical processes, are associated with their own set of challenges.
In data-sparse regions, models with multiple parameters are more
difficult to apply (Pande et al. 2012). Model calibration and vali-
dation are often impossible due to a lack of observations, especially
in arid and semiarid regions where flows are episodic and gauge
data are rare (Mengistu et al. 2019; Schoener 2018). Calibration
and validation are important steps in hydrologic modeling (Mai
2023); during model calibration, parameters are adjusted, and
the model is optimized by minimizing the difference between
model predictions and observations. The optimized model is then
validated using an independent data set. Even if rainfall–runoff data
are available, overparameterization can lead to equifinality (Beven
2006), where different parameter combinations result in nearly
identical model fits during calibration (Kirchner 2006). Equifinality
(or nonuniqueness) can lead to poor model predictions despite
satisfactory calibration performance (Hrachowitz et al. 2014).

Strategies for reducing the negative impact of equifinality in-
clude the implementation of a parsimonious model structure and
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constraining the range of model parameters during calibration
(Hrachowitz et al. 2014; Guse et al. 2020). Pande et al. (2012) pro-
moted a hydrologic modeling strategy with parsimonious functional
relationships for regions with limited data. Tegegne et al. (2017) and
Quichimbo et al. (2021) similarly argued for a parsimonious model
structure in data-scarce dryland areas.

Multiple authors have argued that constraining the parameter
space of hydrologic models can improve model performance and
reduce equifinality problems (e.g., Guse et al. 2020; Wambura et al.
2018; Hrachowitz et al. 2014). Parameter constraints have been
implemented using remotely sensed data (Nijzink et al. 2018),
long-term average conditions (Wambura et al. 2018), or even anec-
dotal evidence and expert knowledge (Hrachowitz et al. 2014).

Selection of an appropriate infiltration model for a given study
constitutes a compromise between three factors: (1) sufficient
model complexity to adequately simulate underlying processes
(Hrachowitz et al. 2014); (2) parsimony—to the greatest extent
possible—i.e., representation of dominant processes in the simplest
possible way (Pande et al. 2012); and (3) feasibility, given real-
world limitations faced by the modeler (e.g., data availability, time,
funding).

In this study, we investigate the performance of four infiltration
models available within the widely used Hydrologic Modeling
System (HEC-HMS) software. Developed and maintained by the
Hydrologic Engineering Center (HEC) of the US Army Corps of
Engineers, HEC-HMS is a free software package used for hydro-
logic modeling worldwide. HEC usage statistics show that version
4.10 of the software was downloaded more than 65,000 times in the
18-month period between its release in July 2022 and December
2023. Version 4.11, released in July 2023, had been downloaded
more than 34,000 times by the end of 2023. Fig. 1 compares page
visits associated with the HEC-HMS model by continent for the
year 2023. The comparison illustrates that the model is used
around the world; researchers and practitioners from more than
190 countries visited model-related pages in 2023.

The four infiltration models compared in this study are the curve
number (CN) model (USDA 2004b), initial-constant (IC) model
(USACE 2000), linear-constant (LC) model (Schoener et al. 2021),
and the Green-Ampt (GA) model (Green and Ampt 1911). Models
range in complexity from one parameter (CN) to four parameters
(GA). Both the CN and GA models have been available for decades
and are perhaps the most widely applied methods for runoff

calculations in hydrologic practices (Grimaldi et al. 2013;
Baiamonte 2019). With two parameters, the complexity of the
IC model falls between CN and GA. However, Schoener et al.
(2021) pointed out that the IC model can result in errors when pre-
cipitation intensity early during a storm event is high, a common
occurrence during convective storms characteristic of many dryland
areas. To overcome this problem, they proposed the linear-constant
(LC) model, a modification of the IC method. The LC algorithm
was subsequently added to the HEC-HMS software and became
available with the release of version 4.12 Beta 1 in October
2023. Apart from initial development (Schoener et al. 2021) and
benchmark testing by HEC during implementation, the LC model
has not been applied widely in project applications.

The objectives of this study were three-fold: (1) test the per-
formance of the linear-constant infiltration model newly added
to HEC-HMS in 2023; (2) compare performance with three other
infiltration models (curve number, initial-constant, Green-Ampt) of
varying complexity; and (3) assess the impact of different model
parameterization strategies.

Testing was carried out using long-term precipitation and runoff
data from the Walnut Gulch Experimental Watershed in Arizona,
US. Models were parameterized based on published guidance
(Schoener et al. 2023), and using constrained and unconstrained
calibration approaches. Findings may have broad applicability to
arid and semiarid areas by informing modeling strategies that aim
to strike a balance between complexity, parsimony, and feasibility.

Methods

Study Area

In this study, seven basins were chosen within the Walnut Gulch
Experimental Watershed (WGEW), managed by the US Depart-
ment of Agriculture’s Agricultural Research Service. The hydrol-
ogy of this area is primarily influenced by the North American
monsoon, which provides about two-thirds of the annual precipi-
tation during the summer months (Goodrich et al. 2008). WGEW
has extensive and well-monitored data collections including hydro-
logical, meteorological, and soil data, enhancing the understanding
of semiarid hydrology in this region and adjacent areas (Renard
et al. 2008). Basins 4, 11, 102, 103, 104, 105, and 106 were selected
within the WGEW because they are unaffected by urbanization and
are representative of a range of spatial scales from 0.224 to 773 ha.
Soils in the study area are comprised of gravelly sandy loams
(Breckenfeld et al. 2008). Vegetation in this semiarid watershed
consists largely of desert shrubs, interspersed with some grasses
(Nearing et al. 2007).

Precipitation, Runoff, and Soil Moisture Data

Precipitation, runoff, and soil moisture data were obtained from the
Southwest Watershed Research Center Data Access Project
(Southwest Watershed Research Center 2024). Soil moisture
records for the study area were only available for the period
2002–2019; because soil moisture is required for one of the infil-
tration models (GA); we therefore selected this time frame for
our study.

The main focus of this study was flash flooding; we therefore
decided to focus on the largest recorded events for each study basin.
Runoff events for the 18-year period were ranked by peak discharge,
and the 30 largest events (20 for basins 4 and 11) were selected for
analysis. Runoff and precipitation data in breakpoint format were
converted to uniform 1-min time steps. Locations of rain gauges,
soil moisture probes, and flumes for discharge measurement are

Fig. 1. Visits of webpages associated with the HEC-HMS model
(download, user manual, technical reference manual, tutorials, training)
by continent in 2023.
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indicated in Fig. 2. Detailed information about storm events includ-
ing dates, peak rainfall and runoff, rainfall and runoff depths, and
antecedent soil moisture conditions are included in Tables S1–S3.
Despite the focus on large storms, selected events cover a range of
magnitudes as indicated by event statistics.

Event data for each basin were ranked based on peak discharge
and alternately split into a calibration and validation set. This was
done to ensure storms of different magnitudes would be represented
in each set. Average antecedent conditions across all basins and
events were 0.10 m3 m−3 (range 0.01–0.25 m3 m−3). The distribu-
tion of antecedent conditions for validation and calibration sets
were similar in each test basin (see Tables S1–S3).

HEC-HMS Model

The US Army Corps of Engineers HEC-HMS software version
4.11 and 4.12 Beta 2 were used to build the rainfall-runoff models
for individual basins.

Watershed and Subbasin Delineation
Basins were delineated utilizing a digital elevation model (DEM)
with a 1 m vertical resolution obtained from the USGS (2024).
Basins were first delineated using the geographical information
systems tools available within the HEC-HMS model. All basin
boundaries and flow paths were then verified manually and ad-
justed where necessary in ArcGIS (ESRI 2023) based on elevation
contours generated from the DEM.

In a study based on Walnut Gulch data, Goodrich et al. (1997)
found that basin runoff response became more nonlinear with
increasing catchment size. They identified a critical threshold area
of 40–60 ha and attributed nonlinear behavior for watersheds ex-
ceeding that threshold to spatial variation in rainfall and transmis-
sion losses in ephemeral channels. Based on these findings, in this
study, small catchments (102–106) were modeled as a single basin.
Larger watersheds were divided into subbasins not exceeding the
60-ha threshold (Goodrich et al. 1997). This allowed us to model
transmission losses in larger watersheds (see section “Transform,

Routing, and Transmission Losses” below). Following the temporal
resolution of input data, models were run with a 1-min time step.

Precipitation
Rainfall was modeled in HEC-HMS using the interpolated precipi-
tation method. The model develops a precipitation grid by interpo-
lating between point precipitation gauges using the inverse distance
method. The number of point gauges used in the interpolation
depends on the size of each study basin: two rainfall gauges were
used for basins 102–106 (see Fig. 2, gauges 83 and 384); five pre-
cipitation gauges were used for basin 4 (gauges 27, 31, 71, 74, and
80); and nine rainfall gauges were used to generate interpolated
precipitation grids for basin 11 (gauges 51, 52, 54–56, and 88–91).

Infiltration Models
Four infiltration models were tested and compared in this study:
curve number (CN), Green-Amp (GA), initial-constant (IC), and
linear-constant (LC). Infiltration models are briefly described
below with corresponding equations and references.

The curve number (CN) model is derived from the Natural
Resources Conservation Service (NRCS) curve number equation
(USDA 2004b). The curve number model is an empirical surface
runoff model that estimates cumulative runoff based on the total
precipitation. Green-Ampt (GA) is a physically based model that
simulates ponded infiltration of water into a homogeneous soil with
a uniform initial water content (Green and Ampt 1911):

ft ¼ Keff

�
1þ ψΔθ

Ft

�
ð1Þ

where ft (mm h−1) = infiltration rate at time t; Keff (mm h−1) =
effective hydraulic conductivity; ψ (mm) = wetting front suction;
Δθðm3 m−3Þ = difference between initial moisture content and
saturated content called soil moisture deficit; and Ft (mm) = cumu-
lative infiltration at time t.

The initial-constant (IC) model (USACE 2000) assumes that the
potential rate of infiltration remains constant throughout the storm

Fig. 2. Overview map of Walnut Gulch Experimental Watershed in southern Arizona, US.
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event after the initial abstraction is fulfilled. Initial abstraction
refers to the precipitation lost prior to the onset of runoff due to
interception, depression storage, and high initial infiltration rates
while the soil has not become saturated

ft ¼
� pt if Pt ≤ IaðICÞ
Keff if Pt > IaðICÞ

�
ð2Þ

where pt (mm h−1) represents incremental precipitation rate; Pt
(mm) = cumulative precipitation at time t; and IaðICÞ (mm) = initial
abstraction. Because both the CN and IC model have an initial
abstraction term, they are distinguished in this paper using notation
IaðCNÞ and IaðICÞ, respectively. The IC model can result in modeling
inaccuracies when precipitation intensity early during the storm
event is high. No runoff is generated by the IC model until cumu-
lative precipitation has exceeded the initial abstraction. To overcome
this problem, Schoener et al. (2021) proposed the linear-constant
(LC) model:

ft ¼
�
mFt þ f0 if Ft < Fc

Keff if Ft ≥ Fc

�
ðf0 ≥ KeffÞ ð3Þ

Instead of applying an initial abstraction value, this method
assumes that infiltration starts at an initial value of f0 (mm h−1)
and decreases linearly with cumulative infiltration until it reaches
to a constant rate of Keff (mm h−1) when cumulative infiltration,
Ft (mm), equals or is greater than the initial deficit, Fc (mm).
The parameter m (h−1) represents the rate of infiltration potential
decay with respect to cumulative infiltration (Schoener et al. 2021).
Due to the linear relationship, only three parameters need to be
specified: Keff , m, and one other parameter (f0 or Fc).

Comparability of Infiltration Models and Calibration
Strategies
Infiltration models compared in this study have different theoretical
backgrounds. The GA model is physically based; the CN model is
empirical; and the IC and LC models are conceptual in nature. This
raises the questions of comparability and consistency in calibration
approaches between models. Three of the models (IC, LC, and GA)
have structural similarities: they feature one parameter that describes
the value toward which the infiltration curve converges, the effective
hydraulic conductivity (Keff ). Additionally, all three models feature
one or more parameters that describe the infiltration potential decay
during the initial phase of the infiltration process. These parameters
are the IaðICÞ for the IC model; the m and Fc for the LC model; and
ψ and Δθ for the GA model.

For consistency, we chose to calibrate Keff , the parameter
common to all three models, along with one parameter describing
infiltration potential decay. Sensitivity analysis performed by
Schoener et al. (2023) showed that the LC model is more sensitive
to changes in Fc compared with m, and that using a constant value
of m ¼ −3 yielded good results for an area similar to that of the
present study. We therefore chose to calibrate Fc. Because soil
moisture measurements were available for the study period, we
chose to calibrate ψ for the GA model and calculated Δθ based on
observations.

The empirical CN model differs in structure from the other
three. It was not developed as an infiltration model but as a method
for estimating total runoff from a storm event as a function of
cumulative precipitation. In practice, the CN method has been
incorporated into numerous hydrologic modeling programs and
is therefore a widely used equivalent to an infiltration equation
(Schoener et al. 2021). Applied in this way, the infiltration rate
approaches zero for large values of cumulative precipitation. Despite

its structural differences to the other three models, the CN method
was included in this paper due to its widespread use in practice.
Although it has two parameters CN and IaðCNÞ, the latter is typically
calculated as a function of the curve number, and this approach was
also adopted for the present study.

Parameterization Scenarios for Infiltration Models
Three different parameterization scenarios were tested in this study.
The first scenario estimates infiltration model parameters based on
published guidance. The other two scenarios optimize parameters
based on calibration storm data using the optimization trial module
available in HEC-HMS. Optimization trials evaluate simulated and
observed information at the outlet of each basin where discharge
measurements are available. Minimizing root mean square error
(RMSE) was selected as the objective function for this study, in
conjunction with the differential evolution algorithm and a popu-
lation size of 30 parameter sets. For every iteration in the optimi-
zation search, the objective function RMSE is computed for all 30
parameter sets, and the variance is compared with a user-specified
tolerance (in our case 0.0001). If the variance is larger than the
specified tolerance, the parameter sets migrate in a random direc-
tion looking for the parameter space that improves the objective
function and reduces the variance.

Parameterization Based on Published Guidance
In practice, models are often parameterized based on handbook val-
ues or other published guidance because data for model calibration
and validation are unavailable or insufficient. This was also the ap-
proach applied in the first scenario. Parameter values are summa-
rized in Table 1 (left column). For the curve number model, a CN
value of 85 was used for all basins. This corresponds to a total
maximum retention (S) of approximately 45 mm [see Table 1
and USDA (2004a) for the equation relating CN and S]. Because
initial abstraction IaðCNÞ was calculated as 20% of S as per standard
practice (USDA 2004b), an initial abstraction value of 9 mm was
used for this scenario. A CN value of 85 is consistent with plot-
scale testing carried out by Schoener et al. (2023), and analysis
reported by Stewart et al. (2012) who determined curve numbers
for Walnut Gulch basins 102–106 from measured data.

Parameters for the initial-constant, linear-constant, and Green-
Ampt models are all based on the study by Schoener et al. (2023),
who developed parameter recommendations for all three infiltration
models based on rainfall simulation for sandy soils and conditions
similar to those in the study area. Parameter values for Keff, IaðICÞ,
Fc, and ψ were selected based on average antecedent soil moisture
conditions (0.09 m3 m−3) observed during calibration and valida-
tion events in the study area. Soil moisture deficit (Δθ) at the onset
of each event for the GA model was calculated as the difference
between measured soil moisture and effective porosity. For this
study, we assumed an effective porosity of 0.35 for all basins; this
value is slightly lower than the recommended value in the HEC-
HMS technical reference manual for sandy loam of 0.40 (USACE
2000). The downward adjustment is justified by the fact that sandy
loams in the study area are generally stony (Breckenfeld et al.
2008).

Parameterization Based on Constrained Calibration
For the second scenario, infiltration model parameters CN, Keff ,
IaðICÞ, Fc, and ψ were calibrated using optimization trials as de-
scribed in section 2.3.5 above, whereby the search range for each
parameter was constrained as shown in Table 1. Search ranges are
based on the guidelines by Schoener et al. (2023) who suggested a
range of reasonable values for IC, LC, and GA models parameters
based on plot-scale testing. Although they did not include values for
the CN method, a CN range was easily calculated from their data
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using the method for estimating CN values from cumulative precipi-
tation and runoff described by Hawkins et al. (2008). Consistent with
the guidance scenario, initial abstraction for the CN method (IaðCNÞ)
was calculated as 20% of S, the parametermwas kept constant at−3,
and Δθ was estimated as described above.

After completing optimization trials for all calibration storms,
mean optimized parameter values were calculated for each basin.
Mean values were then applied, and model performance was
evaluated for validation events.

Parameterization Based on Unconstrained Calibration
In a third parameterization scenario, we used the same calibration
approach as described above except using an unconstrained search
range for infiltration model parameters CN, Keff , IaðICÞ, Fc, and ψ.
Because optimization trials in HEC-HMS require the selection of
minimum and maximum values, we set the minimum to the small-
est allowable value. Maximum values were based on the highest
precipitation intensity and total rainfall depth for effective
hydraulic conductivity (Keff ¼ 1–200 mmh−1), initial abstraction
(IaðICÞ ¼ 0–100 mm), and initial deficit (Fc ¼ 0–100 mm). The
range for suction was adopted from Rawls et al. (1983) for sandy
loam (= 0–2,000 mm). Published guidance for curve numbers
ranges from 30 to 100 (USDA 2004a), so a range of 20–100
was adopted for this study.

Transform, Routing, and Transmission Losses
Excess precipitation was converted into runoff hydrographs using
the SCS unit hydrograph method (USDA 2007). Lag time was
estimated based on the velocity method (USDA 2010) using flow
path measurements performed in ArcGIS (ESRI 2023). Lag times
for each basin were then calibrated by minimizing RMSE based on
the runoff event with the highest measured peak discharge for each
test basin. This resulted in lag values of 2–5 min for basins
102–106, and 4–25 min for individual subbasins in basins 4 and 11.

For routing in HEC-HMS, we used the Muskingum–Cunge
method with the eight-point shape, which required selecting a
simplified cross section with eight stations versus elevation values.
The cross section represented the main channel and left and right
overbank areas. Manning’s n-values were estimated based on aerial
orthoimages of the study area. Ephemeral channels in basins 4
and 11 are similar in geometry, sinuosity, and vegetation patterns.
We therefore assigned the same Manning’s n-value to all routing
reaches. Phillips and Tadayon (2006) provide guidance for n-value
selection in ephemeral streams of Arizona. Based on this informa-
tion and experience of the authors in similar systems (Schoener
2017, 2022), an n-value of 0.025 was used.

Transmission losses were assumed to be negligible for smaller
basins (102–106). This assumption is based on observations by
Goodrich et al. (1997), who attribute nonlinear runoff response

at Walnut Gulch for basins exceeding a threshold area of 40–60 ha
to spatial variation in rainfall and transmission losses. For the two
larger basins (4 and 11), transmission losses were accounted for in
routing reaches following ephemeral channels. Whereas transmis-
sion loss is a transient process (Schreiner-McGraw and Vivoni
2018), HEC-HMS at present only allows specification of a constant
percolation rate for each routing reach. The model then calculates
the wetted perimeter for each time step and estimates reach-average
transmission loss by multiplying wetted area and percolation rate.
Given these limitations and based on other studies using HEC-
HMS to simulate transmission losses in a similar environment
(Schoener 2017, 2022), we set the percolation rate to 38 mm h−1
for all channels reaches.

Performance Metrics

To test model performance, we compared results from validation
trials (i.e., 15 events for basins 102–106 and 10 events for basins
4 and 11) across all study basins and parameterization scenarios.
Many metrics for assessing model performance have been devel-
oped and used in hydrology (Jackson et al. 2019). This study is
focused on flash flood prediction. Two major concerns when
modeling flash flooding are peak discharge (e.g., for assessment
of infrastructure capacity such as channels or culverts, and inunda-
tion and flood plain mapping) and runoff volume (for design and
evaluation of stormwater detention facilities). We therefore decided
to first compare measured and simulated peak discharge and
volume.

Because study basins range in size from 0.224 to 773 ha, peak
and volume metrics were normalized by basin area and reported in
units of mm h−1 and mm, respectively. The absolute error was used
in this paper because relative error highlights discrepancies in low
flows more than the differences in high flows (Jackson et al. 2019),
and our main concern centered on larger events likely to induce the
most destructive flash flood response. Whereas peak and volume
comparisons are important, they may fail to reveal problems with
simulated hydrographs related to timing and overall shape. We
therefore computed the Nash-Sutcliffe efficiency (NSE) statistic
(Nash and Sutcliffe 1970):

NSE ¼ 1 −
P

n
i¼1 ðOi − SiÞ2P
n
i¼1 ðOi −OÞ2 ð4Þ

where Oi and Si = values of observed and simulated discharge
(mm h−1) at time i of a particular storm event; and O = mean of
observed discharge values. The NSE indicates how well observed
and simulated hydrographs match, providing the degree of accu-
racy of the model’s performance. NSE ranges from −∞ to 1, with
1 indicating a perfect match between observed and computed

Table 1. Infiltration model parameters (and parameter ranges) for the CN, IC, LC, and GA models under two different parameterization scenarios

Parameter Parameterization based on published guidance Parameter range for constrained calibration

CN 85 95–59
S (mm) 45 13–177
IaðCNÞ (mm) 9 3–35
Keff (mm h−1) 15 11–21
IaðICÞ (mm) 15 0–45
m (h−1) −3 −3
Fc (mm) 26 0–72
ψ (mm) 83 0–183
Δθ (m3 m−3) 0.35 −measured antecedent moisture 0.35 −measured antecedent moisture

Note: S ¼ 25,400=ðSþ 254Þ; and IaðCNÞ ¼ 0.2 S.
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hydrographs. Typically, model simulations with an NSE of 0.5 or
higher are considered satisfactory (Moriasi et al. 2007).

To further quantify infiltration model performance for each
model parameterization scenario, a performance score was
calculated from validation runs based on three metrics: root
mean square error (RMSE) peak, RMSE volume, and average
NSE. RMSE for each storm event and model scenario is
calculated as:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

N
i¼1 ðOi − SiÞ2

N

r
ð5Þ

whereO and I are observed and simulated values of peak discharge
(for RMSE peak) or runoff volume (for RMSE volume) for all
validation events in a study basin.

For each test basin, results were then ranked from 1 to 4 for
each metric, with the highest rank assigned to minimum error
and maximum NSE, respectively. Ranks for all seven test basins
were added up to calculate a combined score for each infiltration
model. This indicates each metric was assigned equal weight in
calculating the overall score. The maximum possible score is
84 (3 performance metrics× 4 points per metric× 7 basins ¼ 84).

Results

The results section is organized as follows: first, we present a com-
parison of model performance by study basin based on published
guidance, constrained calibration, and unconstrained calibration.
We then include statistical analysis of differences in parameteriza-
tion scenarios, separate for each infiltration model. We conclude the
results section with an overall comparison of infiltration model
performance.

Comparison of Model Performance Using Published
Guidance

Fig. 3 illustrates the error metrics of four infiltration models across
all seven basins using published guidance for parameter estimation.
Fig. 3(a) shows the absolute peak error (mm h−1), Fig. 3(b) dis-
plays the absolute volume error (mm), and Fig. 3(c) indicates the
percentage of Nash–Sutcliffe efficiency (NSE) equal to or greater
than 0.5, a threshold commonly recognized to indicate acceptable
model performance (Moriasi et al. 2007).

Results show that the GA model generally performed best
across all test basins, followed by the LC, IC, and CN methods,
in that order. The GA model achieved higher or equal NSE across
all basins and the lowest average absolute peak error. The IC model
displayed lower NSE compared with GA and LC but exceeded the
CN model across four basins and matched it in two. Average
absolute peak and volume errors for the IC model were lower than
those of the CN model in all tested basins, except for basin 11.

For consistency with other parameterization scenarios, all re-
sults shown in Fig. 3 correspond to model runs using the validation
storms only. Plots of measured and simulated runoff hydrographs
for each validation event and all study basins are included in
Figs. S1–S7.

Comparison of Model Performance Based on
Constrained Calibration

Fig. 4 shows the same comparison for the model scenario
constrained calibration, where infiltration model parameters were
calibrated within a search range constrained by published guidance.
Model performance follows patterns similar to those observed in
Fig. 3, with the GA method generally performing best, followed
by LC, IC, and CN.

Results displayed in Fig. 4 pertain to model runs using the
validation storms only (see Figs. S1–S7 for plots of measured
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Fig. 3. Comparison of model performance for validation storms by infiltration model (CN, IC, LC, and GA), across seven test basins. Model
parameters were estimated based on published guidance: (a) absolute peak error (mm h−1); (b) absolute volume error (mm); and (c) Nash-Sutcliffe
efficiency ðNSEÞ ≥ 0.5.
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and simulated hydrographs). Performance metrics for calibra-
tion runs are also included in the Supplemental Materials (see
Tables S4–S17).

Comparison of Model Performance Based on
Unconstrained Calibration

Results for unconstrained calibration are displayed in Fig. 5.
Compared with Figs. 3 and 4, one crucial difference is apparent:
the GA method clearly performed worst with respect to all three
error metrics. Not a single model run resulted in NSE ≥ 0.5,
and absolute peak errors were consistently greater than those of
the other three models across all test basins. In line with the other
two scenarios, results presented in Fig. 5 are from validation runs
only (see Figs. S1–S7 for plots of measured and simulated
hydrographs).

Comparison of Parameterization Scenarios by
Infiltration Model

Fig. 6 shows a comparison of error metrics (validation events only)
separately for each of the four infiltration models across all seven
test basins. The left column contains the average absolute peak
error (mm h−1), and the column on the right average absolute
volume error. Pair-wise assessment of mean error values was per-
formed using the Wilcoxon signed ranks test; pairs with statisti-
cally significant differences (α ¼ 0.05) are indicated with an
asterisk in Fig. 6. The nonparametric test was selected in this
study because it does not assume normal distribution. Note that
small differences in mean values can be significant if the values
of one population are consistently higher. This is the case for the
CN method, constrained and unconstrained calibration scenarios
[see Fig. 6(b)].

For the CN method, results showed no clear pattern, with all
three parameterization scenarios outperforming the others in some

cases. Notably, the guidance method generally performed better
with respect to runoff volume, whereas the calibration methods
performed better with respect to peak. For the IC method, calibra-
tion with an unconstrained search range yielded the best results,
whereby the difference was statistically significant in four and
two cases with respect to peak and volume error, respectively.
All three parameterization scenarios showed similar performance
for the LC method. The largest and most consistent difference
was observed for the GA model: unconstrained calibration consis-
tently led to inferior model performance. The difference between
unconstrained and constrained calibration was statistically signifi-
cant in all cases. For all but the largest basin, using guidance values
yielded better results than unconstrained calibration.

Comparison of Infiltration Model Performance

Fig. 7 shows the performance scores for all four infiltration models
across three model parameterization scenarios based on validation
events. Using published guidance or constrained calibration, the
GA model performed the best, followed by the LC model. IC
and CN models resulted in similar, markedly poorer performance.
For unconstrained calibration, the IC model performed best, fol-
lowed closely by the LC model, whereas the CN and GA models
resulted in poor performance.

Discussion

Four infiltration models of varying complexity available in the
widely used HEC-HMS software were evaluated in this study,
including the new linear-constant model added in 2023. In the
ensuing sections, we will discuss model performance for different
parameterization scenarios, always with the compromise between
complexity, parsimony, and feasibility in mind.
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Fig. 4. Comparison of model performance for validation storms by infiltration model (CN, IC, LC, and GA), across seven test basins. Model
parameters were estimated based on calibration with a constrained parameter range: (a) absolute peak error (mm h−1); (b) absolute volume
error (mm); and (c) Nash–Sutcliffe efficiency ðNSEÞ ≥ 0.5.
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Discussion of Model Performance Using Published
Guidance

Using published guidance to parameterize infiltration models,
performance across seven test basins generally followed the same
pattern: the Green-Ampt (GA) model performed best, followed by
the linear-constant (LC), initial-constant (IC), and curve number
(CN) models, in that order. This pattern is evident in plots of error
metrics (Fig. 3) and performance scores (Fig. 7). Differences in
model performance followed a gradient of complexity: with four
parameters, the GA method was the most complex model analyzed
in this study and generally performed the best. On the other end of
the spectrum, the CN model (one parameter) yielded the poorest
performance. Performance of the two-parameter IC and LC models
fell in between, whereby the LC model resulted in a higher perfor-
mance score (Fig. 7). Findings suggest that over-simplification of
underlying system dynamics reduces model performance (Hrachowitz
et al. 2014), and a certain level of complexity is required for accu-
rate predictions.

Discussion of Model Performance Based on
Unconstrained Calibration

Model performance based on unconstrained calibration yielded
strikingly different results (Fig. 5): under this scenario, the GA
method performed worst as indicated by the lowest performance
score (Fig. 7). This was due to high peak errors and poor agreement
between measured and simulated hydrographs during model vali-
dation across all test basins (see Fig. 7; there was not a single model
run with NSE ≥ 0.5). The cause for the poor performance lies in the
equifinality conundrum. Two parameters for the GA model were
calibrated: suction and hydraulic conductivity. Good model perfor-
mance was achieved during calibration, with 85 out of 95 calibra-
tion runs across all seven test basins resulting in NSE values ≥ 0.5
(see Tables S5, S7, S9, S11, S13, S15, and S17). However, optimal
parameter combinations for calibration runs occupy the extreme

ends of the spectrum: high suction and low hydraulic conductivity,
or low suction and high conductivity (see, for example, Table S17).
This constitutes a clear example of equifinality: more than one
parameter combination led to similar model performance. Without
additional knowledge about underlying processes, it is not clear
which combination gives the right answer for the right reason.
During validation, where average values of optimized parameters
were used, the GA model then yielded poor predictions.

Another interesting finding from the unconstrained calibration
scenario is the superior performance of the IC model (see Figs. 5
and 6). Both parameters of this model (initial abstraction and
hydraulic conductivity) were adjusted during calibration, however,
results show no signs of equifinality. Optimal parameter values vary
somewhat across basins (see Tables S4–S17) but are generally a
combination of small initial abstraction values and large values of
hydraulic conductivity. Although there appears to be a unique
parameter combination, it is doubtful the IC model produces good
results for the right reasons. Schoener et al. (2021) showed that the
initial abstraction term can lead to large model errors, particularly
for small basins. The IC model will not simulate any runoff until
initial abstraction is fulfilled, regardless of the precipitation rate.
During intense convective storms typical of the summer monsoon
season in the study area, this can lead to an underestimation of the
runoff response early in the storm (Schoener et al. 2021). As a
result, parameter combinations with small values of initial abstrac-
tion and large values of hydraulic conductivity yield superior results
during calibration and validation. Taking basin 102 as an example,
the average optimized Keff value is 39 mm h−1, with a range span-
ning from 28.6 to 61.2 mm h−1 (see Table S5). Becker et al. (2018)
estimated Keff values in the study area at 20 mm h−1 based on field
investigation. It therefore seems that the optimizedKeff parameter is
much higher than the effective hydraulic conductivity expected for
soil textures in the study area. If the goal is to generate a model
that reproduces runoff irrespective of underlying processes, and
if calibration data are available, the IC model may well produce
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Fig. 5. Comparison of model performance for validation storms by infiltration model (CN, IC, LC, and GA), across seven test basins. Model
parameters were estimated based on calibration with an unconstrained parameter range: (a) absolute peak error (mm h−1); (b) absolute volume
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satisfactory results. It is, however, doubtful that parameters from a
model calibrated for one area can be transferred to other sites.

Discussion of Model Performance Based on
Constrained Calibration

Several authors have found that constraining the parameter range
during calibration can effectively mitigate equifinality issues.
Hrachowitz et al. (2014) found that complex models if calibrated
with constraints, resulted in the best outcomes. Kelleher et al.
(2017) used constraints based on observation and expert knowledge
to reduce equifinality for a distributed catchment model. Athira
(2021) concluded that constraining parameters during calibration
resulted in improved representation of hydrologic processes.
Results from this study—particularly for the GA model—highlight

the importance of constraining the parameter search range during
model calibration. Fig. 4 illustrates that equifinality issues for the
GA model can be effectively mitigated by constraining the param-
eter range used for model calibration based on published guidance.
Performance scores based on three error metrics for constrained
calibration (Fig. 7) are nearly identical to those obtained when
models are parameterized based on published guidance alone.

Discussion of Parameterization Scenarios

In addition to comparing performance among different infiltration
models, we assessed the impact of different parameterization sce-
narios for each infiltration model (see Fig. 6). For the CN method,
using published guidance generally resulted in larger peaks and
smaller volume errors. This can be attributed to the fact that

0

10

20

30

40

105 106 102 103 104 4 11

0

10

20

30

40

105 106 102 103 104 4 11

0

10

20

30

40

105 106 102 103 104 4 11

0

10

20

30

40

105 106 102 103 104 4 11

0

2

4

6

8

10

105 106 102 103 104 4 11

0

2

4

6

8

10

105 106 102 103 104 4 11

0

2

4

6

8

10

105 106 102 103 104 4 11

0

2

4

6

8

10

105 106 102 103 104 4 11

Average absolute volume errorAverage absolute peak error

Basin

Curve 
number 
model 
(CN)

Initial-
constant 

model 
(IC)

Linear-
constant 

model 
(LC)

Green-
Ampt 
model 
(GA)

m
m

 h
-1

m
m

 h
-1

m
m

 h
-1

m
m

 h
-1

m
m

m
m

m
m

m
m

Cal-constrained

*

Guidance Cal-unconstrained

105      106       102      103       104         4        11

* * * *

* * * *

*

*

*

*
*

*

*

*
*

*

*

*

*

**
* *

* *

*

*

*

*

* * * *

****** *

* * * * * *

*

**

* *

Basin

*
Statistically significant difference 

(a)

(c)

(e)

(g)

(b)

(d)

(f)

(h)

105      106       102      103       104         4        11

Fig. 6. Comparison of model performance for validation storms by infiltration model (CN, IC, LC, GA) across seven test basins for three different
parameterization scenarios; model parameters were estimated based on published guidance (guidance), calibration with a constrained parameter range
(cal-constrained), and calibration with an unconstrained parameter range (cal-unconstrained). Statistically significant differences between individual
scenarios are indicated with an asterisk.

© ASCE 05024019-9 J. Hydrol. Eng.

 J. Hydrol. Eng., 2024, 29(6): 05024019 

 D
ow

nl
oa

de
d 

fr
om

 a
sc

el
ib

ra
ry

.o
rg

 b
y 

U
N

IV
E

R
SI

T
Y

 O
F 

N
E

W
 M

E
X

IC
O

 o
n 

09
/1

3/
24

. C
op

yr
ig

ht
 A

SC
E

. F
or

 p
er

so
na

l u
se

 o
nl

y;
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



guidance was developed by minimizing runoff volume error
(Schoener et al. 2023), whereas calibration in this study minimized
RMSE, a peak-weighted performance metric. Unconstrained cali-
bration yielded the best results for the IC model for the reasons
discussed above, whereby no significant differences between con-
strained calibration and guidance scenarios were observed for per-
formance metrics [Figs. 6(c and d)]. For the LC and GA models,
constrained calibration and guidance-based parameterization
largely resulted in no significant differences. This comparison
has implications for the practicing hydrologist: in the absence of
calibration data, published guidance may serve as an acceptable
strategy for parameterizing the LC and GA models. Granted, the
present study examines specific environmental conditions featuring
a particular soil texture, plant cover, and climate. Nevertheless,
study results demonstrate that guidance for the LC and GA models
developed in a different study area and at a different spatial scale
(Schoener et al. 2023) can be applied successfully. Future work
should extend the analysis to other areas and develop parameter
guidance for varying soil and cover characteristics that may be
used in ungauged basins. Guidance can then be used to constrain
the parameter range during calibration or can be applied directly
when no calibration data are available.

Model Performance and Storm Magnitude

The primary focus of this study as motivated in the introduction
was the comparison of different infiltration models for flood
simulation. Given this focus, we were mostly concerned about the
largest storm events most likely to induce a flash flood response.
We consequently chose the largest storms on record from each ba-
sin for our analysis. Nevertheless, the events we used for calibration
and validation cover a range of magnitudes as indicated by event
statistics included in the Supplemental Materials (see Tables S1–S3).
To test whether model performance changed with storm magnitude,
we plotted Nash–Sutcliffe efficiency against peak discharge for each
basin, infiltration model, and model scenario (see Figs. S8–S11).
Each plot includes a linear regression line along with the coefficient
of determination (R2). Most comparisons show an increase in NSE
with increasing peak discharge. This indicates a tendency for models
to perform better during larger events, although R2 values suggest
a weak to moderate association. This finding is consistent with
other studies showing a relationship between runoff response and
event magnitude in small catchments (e.g., Kokkonen et al. 2004).

Kjeldsen et al. (2016) found that watershed response time decreases
with increasing rainfall depth. This nonlinear flood response might
not be adequately represented using a linear unit hydrograph
approach such as the one employed in the present study. Findings
from models calibrated based on large events may therefore not be
applicable to small storms; this is identified as a limitation of the
present study, and one that could be overcome using nonlinear
routing options in HEC-HMS.

Assessment of the New Linear-Constant (LC)
Infiltration Model

The linear-constant infiltration model is a new method incorporated
into HEC-HMS in 2023. Apart from preliminary testing (Schoener
et al. 2021), the model has not been thoroughly applied in real-world
applications prior to this study. The present paper serves as the first
test case to evaluate model performance and compare results against
other commonly applied infiltration models. The LC model was
developed as a modification of the IC model, with the goal to
increase predictive power while maintaining a parsimonious model
structure (Schoener et al. 2021). Results are encouraging. Compared
with the CN and IC models, performance of the LC model is mark-
edly improved with respect to peak discharge, runoff volume, and
overall fit of simulated hydrographs as measured by NSE. Like the
IC model, the LC method only has two parameters; it is therefore
simple enough to be applied in practice, particularly in data-sparse
areas.

The more complex (four-parameter) GA model still outperforms
the LC model; however, the LC model appears less susceptible to
equifinality, particularly under unconstrained calibration. This is
somewhat surprising: equifinality has been shown to decrease with
an increase in observations and a decrease in calibration parameters
(Her and Chaubey 2015; Her et al. 2019). In this study, the same
number of parameters were calibrated for both the LC and GA
models, and the same number of observations were used to com-
pare both models.

Given these findings, the LC model may be preferrable when:
(1) a simple infiltration model is desired, as is often the case in
practical applications with limited resources to conduct hydrologic
analyses, and little or no observations; and (2) when information to
constrain parameter ranges during model calibration is limited.
Overall, the results from this study suggest that the LC model
may serve as a suitable compromise between complexity, parsi-
mony, and feasibility. More work is needed to vet the model in
watersheds with differing soil, land use, and climate characteristics.

Conclusions

In this study, four infiltration models were evaluated within the
HEC-HMS software: the curve number (CN), initial-constant (IC),
linear-constant (LC) and Green-Ampt (GA) models. The GAmodel,
being the most complex model, excelled over other infiltration
models when parameterized using published guidance (Schoener
et al. 2023) and under constrained calibration scenarios. However,
the GA model faced the equifinality issue under unconstrained
calibration. The IC model performed best under unconstrained
calibration, but optimized parameters may not be representative of
underlying physical processes.

The LC model, the new addition to HEC-HMS, showed prom-
ising results by outperforming CN and IC models, and being less
susceptible to equifinality issue compared with the more complex
GA model. The LC model may therefore offer a balance between
complexity, parsimony, and feasibility; it may provide a suitable
choice when: (1) a simple infiltration model is desired, as is often

Fig. 7. Comparison of model performance scores for validation storms
by parameterization scenario for four different infiltration models.
Performance scores were calculated from three error metrics (RMSE
peak, RMSE volume, and NSE). Higher scores indicate better model
performance; the maximum possible score is 84.
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the case in practical applications, and (2) when data to constrain
parameters during calibration are limited.
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