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Abstract Attention has recently increased on the use of
hydrological signatures as a potential tool for assessing the
fidelity of model structures and providing insights into the
transfer of model parameters. The utility of hydrological
signatures as model performance/reliability indicators in a
calibration-validation testing scenario (i.e., the temporal
transfer of model parameters) is the focus of this study. The
Probability Distributed Model, a flexible conceptual
hydrological model, is used to test the approach across a
number of catchments included in the MOPEX data set.
We explore the change in model performance across
calibration and validation time periods and contrast it to the
corresponding change in several hydrological signatures to
assess signature worth. Results are explored in finer detail
by utilizing a moving window approach to calibration and
validation time periods. The results of this study indicated
that the most informative signature can vary, both spatially
and temporally, based on physical and climatic character-
istics and their interaction to the model parameterization.
Thus, one signature could not adequately illustrate
complex watershed behaviors nor predict model perfor-
mance in new analysis periods.

Keywords streamflow, hydrological signature, validation
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1 Introduction

Data is insufficient for many catchments across the globe
and thus, an understanding of the hydrological process is
poor. The transfer of information from gauged catchments
to ungauged catchments via relationships derived between
model parameters and catchment characteristics is, there-

fore, an important area of research (Kay et al., 2007; Zhang
et al., 2011; Patil and Stieglitz, 2015; Zhang et al. 2016).
Recent studies have focused on the transfer of information
by identifying hydrological similarities between gauged
and ungauged catchments (Kay et al., 2007; Parajka et al.,
2007; Yadav et al., 2007; Sawicz et al., 2011; Zhang et al.
2016). In general, hydrological similarities are character-
ized by means of physical proximity measures (e.g.,
topography, soil type, and land cover) or spatial proximity
measures (e.g., distance) (Parajka et al., 2007; Samaniego
et al., 2010; Samuel et al., 2011). However, the information
transfer among catchments of interest can occur across a
wide range of climatic and geographic regions and remains
highly uncertain (Kay et al., 2007; Parajka et al., 2007).
Temporal transfer of parameters, the application of the

calibrated model at varied time periods within the same
catchment, is perhaps the most common and straightfor-
ward procedure used in hydrological modeling. An
implicit assumption is made that the calibrated model
parameters are stable beyond the calibration period.
Hydrological studies often reveal that calibrated models
suffer from significant performance loss outside the
calibration period (Seibert, 2003; Vaze et al., 2010; Merz
et al., 2011). Current hydrological studies focus on
evaluating the range of conditions covered by the
calibration data (Vaze et al., 2010) to improve the
robustness of models and aid in their applications aimed
at addressing major issues in hydrology.
At the same time, greater attention has been given to the

use of hydrological signatures as a potential tool for
improving the transfer of model parameters, most
commonly under a “predictions in ungauged basins”
scenario, where parameters are transferred spatially
(Yadav et al., 2007; Sawicz et al., 2011; Patil and Stieglitz,
2012; Blöschl et al., 2013; Donnelly et al., 2016).
Hydrological signatures represent indices of a time series
of a response characteristic that reflects the functional
behaviors of a catchment (Yadav et al., 2007; Sawicz et al.,
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2011; Casper et al., 2012) and can be considered
comparable to “soft” data approaches (e.g., Seibert and
McDonnell, 2002). Many typical hydrological signatures
of a watershed can be derived using commonly available
time series data including precipitation, evapotranspira-
tion, temperature, and streamflow (in addition to other
response variables) (Yadav et al., 2007; Sawicz et al.,
2011). Several studies have used hydrological signatures in
the context of model calibration and examined their
usefulness in improving the task of model parameter
estimation by establishing relationships between catch-
ment attributes and runoff signatures (Hingray et al., 2010;
Westerberg et al., 2011). Hingray et al. (2010) presented a
hybrid parameter regionalization and signature-based
calibration method, where they calibrated the model on
hydrological time series data and signatures. In streamflow
predictions in ungauged basins, hydrological signatures
can be regionalized to watershed physical characteristics.
Regression relationships can then be developed between
the response characteristics and watershed physical
characteristics at gauged watersheds (Yadav et al., 2007;
Masih et al., 2010; Beck et al., 2016). Evaluation of model
performance based on criteria such as the goodness-of-fit
of hydrological signatures can provide even more
information about the hydrological behavior of the
modeled catchments (Hrachowitz et al., 2014; Montanari
and Toth, 2007). Indeed, this type of approach (signatures,
soft data, etc.) was found useful in reducing uncertainty in
model responses by specifying additional criteria to judge
model simulations in calibration and validation processes
(e.g., Seibert and McDonnell, 2002; Hrachowitz et al.,
2013; Westerberg et al., 2016). Hydrological signatures
have also been recently utilized for catchment classifica-
tion using methods such as Bayesian cluster analysis
(Sawicz et al., 2011) and a pooling group approach for
spatial generalization of parameters (Kay et al., 2007).
It is believed that utilizing hydrological signatures can

serve to strengthen the link between hydrological models
and the underlying hydrological processes while allowing
for the transfer of model parameters (Yadav et al., 2007;
Hingray et al., 2010). Several studies have focused on the
transfer of information temporally to validate the perfor-
mance of the model (Wagener et al., 2003; Merz et al.,
2011). However, parameter transferability, both spatially
and temporally, necessitates further exploration due to the
unreliability encountered in model performance when
calibrated parameters are used under different conditions.
In our view, understanding further insights into the
suitability of calibrated parameters beyond the calibration
period is critical to reducing model output uncertainty. The
overall goal of this study is to identify signatures that best
reflect changes in model performance across calibration
and validation periods (i.e., a signature whose change is
indicative of parameter transferability potential). Model
appropriateness is tested based on the ability of the model
to reproduce several hydrological signatures. The ability of

signatures to reflect changes in model performance are
explored under direct and moving window split sample
approaches to the calibration and validation periods.

2 Methods and materials

2.1 Study area and data

The Model Parameter Estimation Project (MOPEX) data
set described by Duan et al. (2006) was used in this study.
The data set provides mean areal precipitation, potential
evapotranspiration, daily streamflow, and daily maximum
and minimum air temperatures from 1948 to 2003 for 438
basins across the USA. The precipitation data are from the
National Climate Data Center and the Natural Resources
Conservation Service Snow Telemetry (SNOTEL) net-
work. Daily streamflow data are derived from the United
States Geological Survey (USGS) and the potential
evapotranspiration (PET) is based on the National Oceanic
and Atmospheric Administration (NOAA) Pan Evapora-
tion Atlas.
Some of the sites included in the MOPEX data set

contain periods of missing streamflow data. Therefore, in
this study, the most recent seven years of data with no
missing streamflow days were chosen in all sites. To
remove the impacts of parameter/model component
interactions due to snow, only the 18 sites with the lowest
percentage of likely snow days from the 438 sites were
used for this study (Fig. 1). Snow days were identified
using a simple algorithm, where any precipitation
occurring at an air temperature less than 3°C was
considered snow. The rain-snow threshold temperature of
3°C was chosen as a conservative metric for identifying
snow-free catchments (e.g., Auer, 1974; Dai, 2008).

2.2 Rainfall-runoff model

The Probability Distributed Model (PDM) (Moore, 1985
and 2007) was selected for this study. The PDM is well-
established within hydrological modeling literature and has
been widely applied to a variety of catchments worldwide,
including the USA, UK, Belgium, and India (Moore,
2007). For example, the PDM was used across catchments
in the UK to develop river flow and groundwater level data
sets for climate change impact assessments (Prudhomme et
al., 2013) and to develop a spatial generalization for model
parameters based on site similarity (Kay et al., 2007).
The PDM is a flexible rainfall-runoff model that is

conceptualized as a simple bucket. The runoff production
at a point is controlled by the absorption capacity of the
soil. Water exceeding the soil absorption capacity is routed
to a surface storage, while all other water drains into a
subsurface storage. Outflows from two storage compo-
nents result in the total runoff of the watershed. The spatial
variability of the storage capacity is represented by a
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probability distribution. Although the PDM is a simple
conceptual model, in contrast to many other simple bucket
models, it maintains the ability to describe spatial
variability with a single parameterized bucket rather than
using additional parameters to represent multiple buckets
of varying capacities (Moore, 2007; Ewen, 2011). The
model as applied here requires the estimation of the six
parameters as shown in Table 1.

2.3 Model calibration

Due to the conceptual nature of the PDM, model

calibration is required to determine appropriate parameter
values. The Dynamically Dimensioned Search (DDS)
algorithm developed by Tolson and Shoemaker, 2007 was
employed for parameter estimation. The DDS algorithm is
based on a simple stochastic neighborhood search algo-
rithm that explores the neighborhood around the best
solution and compares it with candidate solutions to
determine if an update is required to the current “best”
solution (Tolson and Shoemaker, 2007 and 2008). The
DDS algorithm was used with the Nash-Sutcliffe Effi-
ciency (NSE) (Nash and Sutcliffe, 1970) as the objective
function in the model calibration process. The NSE is a
widely used goodness-of-fit metric for the calibration and
evaluation of hydrological models with observed data. The
NSE quantifies model performance as the comparative
ability of a chosen model with respect to a benchmark
model (the mean of the observations, as typically defined).

2.4 Hydrological signatures

Hydrological signatures are meant to provide a summary
metric of the hydrological behavior of a catchment
(Wagener et al., 2007; Sawicz et al., 2011; Patil and
Stieglitz, 2012) and are seen as useful indicators of model

Fig. 1 A subset of 18 catchments from the MOPEX data set located across the southern USA.

Table 1 Parameters of the probability distributed model

Parameter Description

Cmax The maximum soil water content capacity/mm

B The spatial variability within the watershed

Kb The rate of drainage into subsurface storage/hr

Tres1 The fraction of subsurface storage released to outflow

Tres2 The fraction of surface storage released to outflow

CF The soil storage threshold for subsurface inflow/mm
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realism and, by extension, parameter transferability.
Signatures have been used in numerous hydrological
studies for the transfer of hydrological information (model
parameter values), catchment classification, and general-
ization of hydrological process understanding and catch-
ment responses (Wagener et al., 2007; Castiglioni et al.
2010; Sawicz et al., 2011). For this study, we examined a
commonly employed suite of hydrological signatures that
are derived from widely available time series data; the
slope of the flow duration curve (SFDC), runoff ratio (RR),
streamflow elasticity (EQP), and flashiness index (FI).

Runoff Ratio (RR)
The runoff ratio is defined as the ratio of average annual

streamflow (Q) to average annual precipitation (P).

RR ¼ Q

P
: (1)

It is a metric that represents the long-term water balance
separation between water that exits the catchment as runoff
and as evapotranspiration. A catchment with a high runoff
ratio is considered to be streamflow dominated, whereas a
catchment with a low runoff ratio is evapotranspiration
dominated (Sawicz et al., 2011; Patil and Stieglitz; 2012).

Slope of the Flow Duration Curve (SFDC)
The flow duration curve (FDC) is a representation of the

distribution of probabilities of streamflow being greater
than or equal to a specific streamflow value. To quantify an
index of flow variability, the slope of the flow duration
curve (SFDC) is calculated between the 33rd (Q33) and
66th (Q66) streamflow percentiles as this represents a
relatively linear part of the FDC on semi-log scale (Yadav
et al., 2007; Sawicz et al., 2011).

SFDC ¼ lnðQ66Þ – lnðQ33Þ
0:66 – 0:33

: (2)

A high value of SFDC indicates that the catchment is
subject to high flow variability, while a low SFDC value is
typical of a catchment with a damped response behavior
and stable streamflow. The FDC represents the ability of a
catchment to produce discharge values of different
magnitudes. Therefore, this metric is strongly sensitive to
the vertical distribution of soil moisture storages within a
basin (Sawicz et al., 2011; Patil and Stieglitz, 2012).

Streamflow Elasticity (EQP)
Streamflow elasticity is the ratio of the change in annual

streamflow to the change in annual precipitation. EQP is
defined as

EQP ¼ median
ðQi –QÞ
ðPi –PÞ

P

Q

� �
, (3)

where P and Q are mean annual precipitation and

streamflow for the period of study; Pi and Qi are annual
precipitation and streamflow for the ith year. Streamflow
elasticity is an indicator of the sensitivity of the streamflow
response of a catchment to changes in precipitation. An
EQP value of 1 indicates a catchment with a linear
relationship between precipitation change and streamflow
change. A value greater than 1 indicates a catchment being
elastic or more sensitive to the change in precipitation,
while a value less than 1 indicates that the catchment is
inelastic or insensitive to the change in precipitation
(Sawicz et al., 2011; Patil and Stieglitz, 2012).

Flashiness Index (FI)
The FI measures oscillations in streamflow relative to

the total streamflow of the catchment. Flashiness is equated
with the rate of change of streamflow. FI is given by the
ratio of the sum of absolute incremental differences of
streamflow to total streamflow.

FI ¼
Xn

i¼1
jQi –Qi – 1jXn

i¼1
Qi

: (4)

A high value for FI indicates a rapid oscillating
streamflow hydrograph relative to the total streamflow
hydrograph, while a low value suggests a slow responding
streamflow hydrograph (Baker et al., 2004).

2.5 Split sample testing approach

The predictive model performance was examined using a
split-sample testing approach, where the available stream-
flow record is split into two segments such that the model
is validated using a data period assumed independent of
the period of model calibration. Two data sampling
approaches were considered in this study: direct calibra-
tion-validation and moving window calibration-validation.
In the first approach, the seven years of streamflow data

for each catchment were split, with the first four years used
for calibration and the past three years for validation
(Fig. 2). The second approach sought to enable a more
detailed exploration of the results, where the model was
calibrated over the first four years (as in the first approach)
and validated over a four-year window, moving in three-
month increments (Fig. 2).
Four hydrological signatures were computed using daily

precipitation and streamflow data. In the direct calibration-
validation approach, a single value was computed for both
the calibration period (four years) and the validation period
(three years) for each hydrological signature considered in
this study. Similarly, in the moving window calibration-
validation approach, a single value was computed for the
four-year calibration period and for each of the 13
validation periods. Four-year data periods were gradually
departed from the calibration period by three month
increments. While data length is an important considera-
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tion in signature analyses due in part to limited data
availability, this study seeks to understand the utility of
signatures under typical data conditions (e.g., Euser et al.,
2013; Westerberg et al., 2016).

3 Results

3.1 Hydrological signatures as predictors of model
performance in validation mode

Climatic non-stationarity limits the ability of hydrological
models to accurately predict future hydrological condi-
tions. In light of this, a better understanding of the linkages
between hydrological signatures, hydrological model
parameters, and hydrological model performance was
sought through a systematic implementation of the split-
sample testing approach common to hydrological model-
ing. The change in both model performance and in
hydrological signatures across the calibration and valida-
tion periods was evaluated under the direct and moving
window validation approaches. Model performance was
evaluated in terms of the NSE. During the calibration
period, the NSE ranged from 0.39 to 0.86 with an average
of 0.58. During the validation period, the NSE ranged from
0.30 to 0.80 with an average of 0.57. Reasonable model
performance (e.g., NSE = 0.55) and calibration-validation

consistency indicated that the PDM produced acceptable/
accurate simulations of the basin hydrological processes.
The hydrological variations were identified by four
signatures, summarized in Table 2. The changes in NSE
were contrasted to the changes in hydrological signatures
(SFDC, FI, RR, and EQP; see Fig. 3).
Here, the percent differences of signatures and NSE

across calibration and validation periods were plotted for
each of the test catchments (Fig. 3). The percent
differences in the signatures/NSE across calibration and
validation periods were calculated relative to the calibra-
tion periods (i.e., signatures/NSE in calibration periods
were used as the denominator of the ratio). In Fig. 3, each
point represents the difference of NSE/signature value
across calibration and validation periods. The correlation
coefficient (R) between percent changes in signatures and
NSE across calibration and validation periods was
computed. A correlation coefficient of+ 1 indicates a
perfect positive correlation, a correlation coefficient of -1
indicates a perfect negative correlation, and a correlation
coefficient near 0 indicates no correlation.
Changes in model performance across sites and time

periods (calibration-validation) showed a weak correlation
to changes in hydrological signatures where RSFDC = 0.21,
REQP = 0.17, RFI = 0.14, and RRR = 0.42, excluding
outliers. To more fully observe the variability in model
performance and hydrological signatures across calibration
and validation periods, results were also considered under
a moving window validation approach. The validation
periods (13 four-year windows moving by three-months
each) gradually depart from the calibration period allowing
model performance to be diagnosed under finer variation
of the climatic conditions. Similar to the direct validation
approach, the percent change in the signatures/NSE across
calibration (i.e., the first moving window) and moving
window validation periods were calculated relative to the
calibration periods. The resulting values for the change in
NSE and hydrological signatures over 13 four-year moving
validation windows are shown in Fig. 4 for selected sites
demonstrating the range of results. In Fig. 4, each point
represents the difference in NSE/signature values between
the calibration and each of the 13 moving validation
periods. Due to space considerations, three representative
sites are shown). The correlations of each signature in the
moving window validation approach are given in Table 3
for all test catchments.

Table 2 Description of NSE and hydrological signatures values

Measure / Signature High value Low value

Nash-Sutcliffe Efficiency (NSE) Good model performance Poor model performance

Slope of Flow Duration Curve (SFDC) Variable/responsive streamflow regime Damped/unresponsive streamflow regime

Runoff ratio (RR) Majority of water leaves catchment as streamflow Majority of water leaves catchment as evapotranspiration

Streamflow Elasticity (EQP) EQP> 1 – streamflow is sensitive to changes in
precipitation

EQP< 1 – streamflow is not sensitive to changes in
precipitation

Flashiness Index (FI) Rapid short-term changes in streamflow response Slow short-term changes in streamflow response

Fig. 2 Schematic representation of splitting data records in direct
calibration-validation and moving window approaches.
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In general, the magnitude of correlation values was
relatively higher in the moving window validation
approach than the direct validation approach (Fig. 4 and
Table 3). While EQP showed a weak correlation (i.e.,
R< 0.39) in the majority of the test sites (14 sites), SFDC,
FI, and RR showed stronger correlations with NSE.
However, the correlations (Table 3) varied from negative
to positive across sites in all signatures indicating an
inconsistency in the relationship (e.g., RSFDC = 0.60 in
site 02479300 and RSFDC = -0.15 in site 11224500).
Additionally, the signature with the highest correlation to
NSE varied across sites indicating a spatial variability of
the most influential hydrological signature (Fig. 5). For
example, in sites 02273000, 02479300, 07375500,
07378000, and 08189500, SFDC showed the strongest
correlation to model performance, while in sites 02296750,
02492000, 11025500, and 11224500, RR was the most
strongly correlated (Table 3).

3.2 Assessment of model realism

Due to the critical importance of accurate process
representation within a hydrological modeling application,
the realism of the PDM structure was evaluated for each

test catchment and analysis period (calibration and
validation) utilizing hydrological signatures. The model
appropriateness test applied here is defined by the ability of
the model to recreate hydrological signatures in the
calibration and validation periods (Euser et al., 2013).
The observed and modeled signature values and the model
performance in the calibration and validation periods were
evaluated under direct and moving window approaches.
Model performance was evaluated in terms of NSE. In the
direct calibration-validation approach, changes in NSE
were contrasted to changes in the (scaled) hydrological
signatures (Fig. 6).
Hydrological signatures calculated using observed

streamflow data (observed signature values) indicated
significant climatic variability across the test catchments in
both calibration and validation periods, most notably in
terms of the runoff ratio (RR) and the flashiness index (FI).
The PDM reproduced RR and streamflow elasticity (EQP)
very closely for most catchments over both the calibration
and validation periods (i.e., observed and predicted values
fall along the 1:1 reference line; Fig. 6). The PDM model
showed a lesser ability to simulate SFDC and FI. SFDC
was simulated by the PDM fairly consistently at the low
end of the scale over both the calibration and validation

Fig. 3 Change in model performance (NSE) and hydrological signatures across 18 MOPEX sites under direct calibration-validation
testing. Correlation coefficients (R) between change in hydrological signature and NSE are given for each plot. Note: ROL represents the
correlation coefficient when outliers were not considered.
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periods, but had substantial variation in reproducibility at
the high end of the scale. There was good reproduction of
FI for most sites in the calibration period, but showed
significant degradation during the validation period
(Fig. 6).
NSE varied to a greater extent in both the calibration and

validation periods across the test catchments. Although the
model was able to replicate hydrological signatures in most
cases, the fit between observed and predicted streamflow
hydrograph was not always desirable. For example, while
the model reproduced RR in the calibration period for most
test catchments, the NSE performance was not equally
consistent, i.e., NSE ranged from 0.40 to 0.90 across sites

(Fig. 6, where NSE is represented by color scale).
Additionally, although observed and modeled SFDC was
not matched closely in site 11224500 (yellow point in
lower right corner), the NSE value was the highest for all
sites, including those where the observed and modeled
SFDC matched closely (see Fig. 6, SFDC calibration
period).
The variability in model performance and modeled and

observed hydrological signatures were also considered
under a three-month moving window approach to evaluate
the results over a finer temporal resolution (Fig. 7). The
PDM simulations were able to reproduce each of the four
signatures (FI, RR, SFDC, and EQP) in most of the

Fig. 4 NSE and hydrological signatures (at 3 representative sites) for 13 moving windows. Correlation coefficients (R) between change
in signature and NSE are given on each plot.
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catchments across all 13 moving windows, i.e., regardless
of how far removed the validation period was from the
calibration period. However, again, the model fit (as NSE)
was not equally as good at several catchments (e.g., sites
02329000 and 022967509), despite the model’s ability to
replicate signatures in those cases. Some catchments with a
close fit between observed and modeled signatures (e.g.,
site 02329000) still resulted in low NSE values relative to
catchments which were unable to closely replicate
signatures (e.g., site 110255006).

4 Discussion

The reliability of spatial and temporal model transfer
remains a major challenge encompassing numerous
uncertainties. Given this, a better understanding of the
link between hydrological attributes, model performance,
and ultimately, model structure, is vital in the search for
robust model predictions. In this study, the temporal
transfer of model parameters using signatures as indicators
of model realism and transferability potential was
explored. The relationship between model performance
and hydrological signatures, using both a traditional split-
sample approach and a moving window approach to model
validation, was investigated.

4.1 Can simple hydrological models replicate signatures?

Hydrological signatures have been used to evaluate the
suitability of model structures (Euser et al., 2013), where
the suitability or realism of the model is assessed based on
the ability of the model structure to adequately reproduce
hydrological signatures. In this application, the PDM
structure was able to reproduce hydrological signatures
consistently both temporally (across calibration and
validation periods) and spatially (across a majority of test
catchments). Nevertheless, the model performance (in
terms of NSE) was not equally consistent from calibration
to validation periods (Fig. 6). High model performance
(i.e., NSE) and its degree of consistency when transferred
temporally can provide useful information about the
suitability of a certain model structure for a certain
catchment. In addition, poor performance and poor
consistency of a certain model structure can be an indicator
of missing processes in the model structure or the
calibration period used for the catchment. A higher degree
of process realism does not necessarily denote better
performance for a specific objective function; however, it
generally yields a more comparable result for the
performance across calibration and validation periods,
and therefore, smaller predictive uncertainty.

Table 3 Correlation coefficients between the change (Δ) in hydrologic

signatures and model performance for the moving window calibration-

validation approacha

USGS
ID

Correlation Coefficients (R)

ΔNSE –ΔSFDC ΔNSE –ΔEQP ΔNSE –ΔRR ΔNSE –ΔFI

02202500 – 0.17 – 0.61 0.11 0.41

02228000 – 0.15 0.63 0.15 0.26

02273000 – 0.63 0.03 0.55 – 0.38

02296750 0.27 – 0.17 – 0.82 – 0.69

02329000 0.32 0.25 0.35 – 0.86

02349500 – 0.50 – 0.29 – 0.50 – 0.24

02365500 0.05 0.28 0.06 0.15

02375500 0.47 0.08 0.69 0.83

02475000 0.26 0.00 0.07 0.40

02479300 0.60 0.09 0.20 0.35

02492000 0.62 – 0.31 0.75 – 0.01

07375500 0.60 0.11 0.05 – 0.10

07378000 – 0.75 – 0.05 – 0.72 0.74

07378500 0.50 – 0.02 0.30 – 0.65

08189500 0.83 0.03 0.22 – 0.70

11025500 0.49 – 0.59 – 0.88 0.78

11138500 – 0.53 – 0.57 – 0.59 0.82

11224500 – 0.15 – 0.33 – 0.62 0.33

aWhere represents |R|< 0.4, 0.4£|R|£0.6, and |R|> 0.6.

Fig. 5 Spatial distribution of hydrological signature most highly correlated to NSE under the moving window calibration-validation approach.
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The results of this study demonstrate that the reprodu-
cibility of several hydrological signatures does not itself
guarantee hydrological model transferability. This result
also calls into question the utility of hydrological
signatures to predict the realism of model structures as is
commonly assumed in current literature (e.g., Euser et al.,
2013). Signatures are summary measures for specific
hydrograph characteristics. The same value of a summary
measure can result from two data sets with differing
temporal dynamics. For example, two data sets might yield
similar mean annual streamflow values but have extremely
different time series. Therefore, assessing the model
structural realism solely based on the ability of a model
to reproduce one or more hydrological signatures should
be more carefully considered.

4.2 What do signatures indicate about temporal parameter
transferability?

In the direct split-sample approach, the variation of model

performance across calibration and validation periods
showed a weak relationship (i.e., R< 0.4) with the
variation of SFDC, EQP, FI, and RR (e.g., Fig. 3). In
this approach, we represented the relationship between a
hydrological signature and model performance by provid-
ing one value of correlation for all different catchments.
Therefore, this weak correlation is a function of the many
implicit assumptions that are made about the hydrological
model in terms of process representation (realism).
Additionally, this can be attributed to the spatial variability
of dominant catchment attributes (i.e., the most important
hydrological signatures) across catchments resulting in a
weak correlation between signatures and model perfor-
mance.
When the variations in model performance were

contrasted to the corresponding variations in signatures
across a finer scale of temporal variation (i.e., moving
window validation), SFDC, FI, and RR showed moderate
(i.e., 0.4£R£0.6) to strong correlations (i.e., R> 0.6) in
most catchments, while correlations with EQP were weak
(Table 3). The moving window approach can aid in
identifying relationships between hydrological signatures
and model performance for each catchment. Therefore, a
strong correlation between catchment and signature
combinations could result when the PDM model is
physically realistic to the catchments and the dominant
attributes match the signature. However, the sign of the
correlation for both SFDC and RR varied from negative to
positive (i.e., positive and negative relationships) indicat-
ing relationship inconsistencies.

4.3 What signatures/characteristics were most important?

In the direct, split-sample approach, the correlation
between model performance and SFDC, FI, RR, and
EQP was weak. In the moving window approach, EQP
showed a weak correlation in most of the sites, while other
signatures, SFDC, FI, and RR showed moderate to strong
correlations at many sites (Table 3). While hydrological
attributes, such as flow variability (e.g., SFDC), variation
in water balance partitioning between evapotranspiration
and streamflow (e.g., RR), and frequency and rapidity of
short-term changes in streamflow (e.g., FI), influenced
model performance (and by extension, model parameter-
ization), other attributes, such as sensitivity of streamflow
to changes in rainfall (EQP) were less influential.
Additionally, the correlation between the signature and
model performance varied across sites indicating the
dependency of the signature’s predictive skills on the
characteristics of the site.
Identifying the most influential catchment characteristics

and hydrological processes is important to develop a better
understanding of the spatial and temporal variability/
transferability of model parameters. The model calibration
process is inherently a function of the current catchment
conditions, which represent a discrete sample from all

Fig. 6 Scatterplots of predicted vs. observed hydrological
signatures across calibration and validation periods for all 18
MOPEX sites used in this study. Note, each point’s color (and size)
represents model performance (as NSE).
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possible hydrologic/climatic conditions. The optimum
parameter set obtained through search algorithms only
provides numerical optima for the conditions represented
in the calibration period. As such, model parameters are
inevitably tied to the space-time scales of their calibration
(Koren et al., 1999). Moreover, the catchment is never
observed over the complete range of possible climatic
situations, given the limitations of the available data. As a
consequence, some of the hydrological processes included
in the model structure may not have been significantly
activated during the calibration period, leading to a poor
characterization of potentially important hydrological
processes. Thus, the hydrological signatures/processes
most influential on validation period model predictions
were dependent on the site and model structure.

4.4 What are the barriers to a better relationship?

A model is a simplified representation of a real system and
as such, is composed of aggregated physical processes.

The heterogeneity of a watershed is a difficult concept to
incorporate into a simple hydrological model (Grayson and
Blöschl, 2001). The PDM structure, while physically
realistic for many catchments, does not guarantee that the
included watershed processes will behave as intended due
to a lack of structural process rigidity. For example, a
catchment might be dominated by baseflow, but the model
might be parameterized as surface flow dominated.
Although this difference is significant in terms of process
realism, the resulting streamflow hydrograph may yield the
same total runoff. Hence, the variability of model
appropriateness across multiple test catchments is a barrier
for a better understanding of the relationship between
signatures and hydrological model predictions. An incon-
sistent relationship between model performance and
hydrological signatures spatially across the test catchments
reaffirms the role that unique site characteristics play in
determining the functional relationship between model
structure (parameterization) and model performance.
Hydrological signatures may often be indicative of a

Fig. 7 Variations in model performance and predicted and observed hydrological signatures (for 3 representative sites) under the moving
window approach.
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certain hydrological change in the data from one period to
the next, while still characterizing the important processes
and how they manifest in the model parameterization. At
the same time, the most informative signature can vary,
both spatially and temporally, according to physical and
climatic characteristics and their interaction. The degree of
hydrological signature transferability (i.e., consistent
explanation of dominant patterns) can vary between stream
types (e.g., snowmelt-dominated, groundwater-dominated,
or intermittent streams) (Olden and Poff, 2003). Thus, one
signature is likely inadequate to illustrate complex
watershed behaviors and unable to predict the model
performance in new analysis (validation) periods.

4.5 Is the information content within selected signatures
sufficient to characterize hydrological functions in PDM?

To understand the relationship between the selected
hydrological signatures and the PDM parameters, we
analyzed the sensitivity of each signature to changes in the
PDM parameters. The general sensitivity analysis frame-
work called Variogram Analysis of Response Surfaces
(VARS) (Razavi and Gupta, 2016a) was used for the
analysis, where we quantified the change in a signature
value to the change in parameter value. The VARS
framework provides a comprehensive set of “global”
sensitivity metrics with minimal computational cost.
Razavi and Gupta (2016b) have demonstrated the effec-
tiveness, efficiency, and reliability (robustness) of the
VARS framework on real-data case studies.
The sensitivity of each signature to PDM model

parameters was found to be consistent across all

catchments considered in this study. Sensitivity results
for a representative catchment (Site ID: 02228000) are
shown in Fig. 8. NSE between modeled discharge and the
observed data was most sensitive to PDM routing
parameters Tres1 and Tres2 and the subsurface storage
drainage rate parameter Kb (Fig. 8). While, FI, EQP, and
SFDCwere most sensitive to the fraction of surface storage
released to outflow Tres2, they were also found to be
sensitive to the fraction of subsurface storage released to
outflow Tres1. The runoff ratio (RR) was more sensitive to
the soil storage threshold for subsurface inflow CF (Fig. 8).
The RR represents the long-term water balance separation
between water that exits the catchment as runoff and
evapotranspiration. Thus, RR was more sensitive to water
balance parameters of the model, such as CF and Cmax

(maximum soil moisture capacity. The other signatures
represent different aspects of streamflow variability in a
catchment. For example, SFDC represents the relationship
between the frequency and magnitude of flows, FI
indicates the frequency and rapidity of short-term changes
in the streamflow, and EQP indicates the climate elasticity
of streamflow. Thus, they are more sensitive to the flow
routing parameters that determine the timing of surface and
subsurface flows.
Although the use of a single hydrological signature

oversimplifies the problem and lacks adequate information
to fully characterize streamflow dynamics, combining
several signatures might be successful in producing better
predictive performance. However, the results found in this
study did not bear this out. Many hydrological signatures
are correlated, given their mathematical formulation. The
signatures chosen for this study are not necessarily

Fig. 8 Sensitivity of hydrological signatures and NSE to changes in PDM parameters for a representative site (Site ID: 02228000).
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independent; the examined signatures have some degree of
overlap in terms of the information they provide (Fig. 8;
FI, EQP, SFDC). Including additional targeted, yet
uncorrelated signatures based on the hydroclimatic region
that explain different aspects of the hydrological response
of a catchment could fortify the predictive skill of
hydrological signatures. However, choosing a parsimo-
nious subset of hydrological indices that represent critical
streamflow characteristics in a non-redundant manner is
not a trivial task.

5 Conclusions

Hydrological models typically require the transfer of
calibrated parameters either in time (for streamflow
forecasting) or space (for prediction at ungauged catch-
ments) or both in an applied or real world setting.
Consistent temporal transfer of hydrological model para-
meters without sacrificing model performance (i.e., fit) is
an enduring challenge in hydrology. In this study, the
identification of hydrological signatures capable of
indicating model realism and potential for validation
success by understanding the link between hydrological
signatures and model performance (in the context of
parameter transferability) was sought. Model appropriate-
ness was examined based on the ability of a model
parameterization to simulate observed hydrological signa-
tures.
While the results indicated that the PDM was able to

effectively reproduce signatures over both calibration and
validation periods (at most of the test catchments
considered), model performance (in terms NSE) was not
equally robust. Although high model performance (in
terms of streamflow) and internal variable consistency (i.e.,
reproduction of hydrological variables not used for
parameter estimation) are typically assumed to be
indicative of model appropriateness (or realism) for a
certain catchment, the use of hydrological signatures as
indicators of model realism was found to be of limited
value. Hydrological signatures are summary measures of
the hydrological variability in time series data and can be
similar for two periods of vastly different temporal
dynamics. Given this, the reproducibility of signatures
should not be viewed as a verification of model
appropriateness. As model appropriateness is often cited
as a surrogate for parameter transferability (a long-held
assumption in hydrological modeling), the results of this
study provide direct evidence in contrast to this general-
ization.
When the variations in hydrological signatures were

compared with variations in model performance in the
traditional split-sampling approach, a weak relationship
was observed. In contrast, in the moving window
approach, the correlation between hydrological signatures
and model performance ranged from moderate to strong

for many sites, but was not consistent across all catchments
or signatures tested. The most informative signature can
vary, both spatially and temporally, according to physical
and climatic characteristics and their interaction to the
model parameterization.
Identification of predictive signatures for temporal

parameter transferability is influenced by the realism of
the model structure, spatially and temporally. The
variability of the most informative signature is dependent
on the site and the model structure. At the same time,
hydrological signatures are only indicative of catchment
patterns rather than specific processes. Thus, one signature
was not adequate to illustrate complex watershed beha-
viors nor able to predict model performance in new
analysis periods. Accommodating more hydrological
signatures that are strongly correlated to the model
parameterization process will benefit the search for
effective signatures that are indicative of temporal
parameter transfer success. The result of this study
highlights the ability of hydrological models to provide
long-term flow signatures at both annual and seasonal
scales; however, caution should be taken when considering
shorter temporal scales.
Although the methodology presented in this study

utilizes a specific model, the framework is general and
could easily be extended to other hydrological models.
This study selected hydrological signatures derived by
using readily available data, such as precipitation,
temperature, and streamflow. However, hydrological
signatures should be selected based on their correlation
to the model structure/parameterization to understand the
relationship between hydrological signature and model
performance. Using more physically realistic models for
many catchments may reduce the uncertainty in under-
standing the predictive power of hydrological signatures.
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