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Fig. 10. Ensemble prediction ranges for daily streamflow in the year 1961 on logarithmic scale. Ensembles produced by parameter sets drawn from feasible and a priori ranges for
the (a) and (b) Guadalupe watershed, (c) and (d) East Fork White watershed, and (e) and (f) French Broad watershed respectively.

Table 2
Reliability of four signatures over both feasible ranges and a priori ranges for the Guadalupe, East Fork White and French Broad watersheds. All reliability values shown as
percent (%).

Model S1 M1 S2 M2 S3 M3 S4 M4

Feasible range
Guadalupe Inter-annual 100 100 100 100 100 100 100 100

Intra-annual 100 100 100 100 100 100 100 100
FDC 11 11 98 98 100 100 100 100
Daily 12 12 93 92 96 96 100 100

East Fork White Inter-annual 100 100 100 100 100 100 100 100
Intra-annual 100 100 100 100 100 100 100 100
FDC 20 20 100 100 100 100 100 100
Daily 22 22 98 98 99 99 99 99

French Broad Inter-annual 100 100 100 100 100 100 100 100
Intra-annual 83 83 100 100 100 100 100 100
FDC 20 20 100 100 100 100 100 100
Daily 21 21 97 97 98 97 100 100

A priori range
Guadalupe Inter-annual 0 0 100 100 100 100 100 100

Intra-annual 0 25 100 100 100 100 100 100
FDC 2 4 39 39 65 66 100 99
Daily 2 5 37 38 60 60 98 98

East Fork White Inter-annual 0 0 100 100 100 100 100 100
Intra-annual 17 25 83 75 92 83 100 100
FDC 4 4 79 85 97 98 99 99
Daily 5 5 70 67 75 72 86 82

French Broad Inter-annual 0 0 73 87 100 100 100 100
Intra-annual 25 25 58 67 75 75 100 100
FDC 4 4 48 46 55 52 98 98
Daily 4 4 38 39 44 44 85 85
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recessions. Only S4 is capable of doing so even in the wet
watersheds.

Table 2 shows the values of reliability of all 8 models for the 3
watersheds (Guadalupe, East Fork White and French Broad). Reli-
ability values using feasible ranges are very close between models at
inter-annual and intra-annual scales for all 3 watersheds. For FDC
and daily streamflow reliability values of models S2–S4 are signifi-
cantly higher compared to model S1. In general, reliability values
using a priori parameter ranges increase significantly with increasing
model complexity for the FDC and daily streamflow signatures.

4.2. Model performance with respect to shape

The shape measure is used to evaluate the models’ ability to
capture the variability of the water balance signatures rather than
their magnitude as was the case with the reliability measure. We
test the ability of models S1 to M4 for reproducing the observed
system dynamics by selecting the best parameter set from 10,000
uniformly sampled draws from feasible and a priori parameter
ranges respectively. Visually, only the results for the FDC signature
are shown, while all shape values are listed in Table 3.

Plots in the left column of Fig. 11 show the best simulations of
models S1–S4 with parameter sets drawn from their feasible range
with respect to the shape measure. Watersheds are from top to
bottom moving from driest to wettest (Guadalupe, East Fork White
and French Broad). For all 3 watersheds, model S1 cannot reproduce
the observed shape for medium and low flow percentiles. For the
Guadalupe watershed, only model S4 can reproduce the shape of
the flow regime. For the East Fork White and French Broad water-
sheds all models except S1 can reproduce the shape of the FDC
quite well. All models except S4 have problems with the very low
flows, though. Plots in the right column show the best simulations

with parameter sets drawn from a priori ranges for the 3 water-
sheds. With increasing model complexity, the models improve
their ability to reproduce the shape of the FDC. For all 3 watersheds,
only model S4 is capable of reproducing the full flow regime.

Table 3 lists the shape values of all 8 models using both the
feasible ranges and a priori parameter ranges for the 3 watersheds.
Shape values at inter-annual scale do not always increase as model
complexity increases. In some cases, single-bucket models have
higher shape values than the corresponding multi-bucket models
for inter-annual variability. For intra-annual variability, FDC and
daily streamflow shape values increase in general as the model
complexity increases.

4.3. Fuzzy evaluation of model performance

We use the fuzzy rules discussed in Section 2.5 to combine reli-
ability and shape criteria with the aim to obtain a consistent measure
to evaluate model suitability across the twelve watersheds analyzed
in this study. The results shown in Figs. 7–11 as well as inTables 2 and
3 guided our selection of the membership function thresholds for
the reliability and shape measures. The chosen thresholds reflect our
subjective opinion on model performance based on the visual
examination of the model ensembles. The fuzzy membership func-
tions and their thresholds model our subjective preference related to
judging a model’s performance and therefore allow us to use this
approach as a screening tool for large numbers of watersheds and
model choices. In this way, infeasible models are eliminated early
and we can focus a more detailed analysis on the remaining more
promising system representations. After determining the thresholds
values, we can calculate the fuzzy values of model performance
using the fuzzy measure we defined in equation (3). Table 4 provides
the threshold values of membership function for the shape measure

Table 3
The shape measures of four signatures over both feasible ranges and a priori ranges for Guadalupe, East Fork White and French Broad. The ideal shape value is 1.00 that
indicates simulations are perfectly parallel to observations. The shape value of the best simulations with respect to the shape measure is chosen to represent the model’s ability
to reproduce the dynamics of signatures.

Model S1 M1 S2 M2 S3 M3 S4 M4

Feasible range
Guadalupe Inter-annual �0.07 �0.07 0.29 0.19 0.14 0.14 0.21 0.27

Intra-annual 0.43 0.45 0.55 0.56 0.59 0.61 0.73 0.70
FDC –a –a 0.22 0.26 0.33 0.44 0.50 0.50
Daily 0.00 0.04 0.07 0.12 0.07 0.13 0.12 0.13

East Fork White Inter-annual 0.21 0.15 0.12 0.14 0.35 0.38 0.27 0.30
Intra-annual 0.41 0.39 0.55 0.55 0.64 0.63 0.65 0.63
FDC �0.62 0.12 0.49 0.48 0.49 0.49 0.50 0.50
Daily 0.00 0.00 0.16 0.16 0.19 0.22 0.24 0.23

French Broad Inter-annual 0.09 0.06 0.01 �0.02 0.36 0.23 0.26 0.27
Intra-annual 0.51 0.51 0.57 0.58 0.58 0.58 0.78 0.75
FDC �1.46 0.18 0.49 0.49 0.49 0.50 0.50 0.50
Daily 0.00 0.00 0.34 0.33 0.33 0.33 0.41 0.41

A priori range
Guadalupe Inter-annual �0.16 �0.08 0.38 0.35 0.14 0.11 0.29 0.26

Intra-annual 0.22 0.36 0.44 0.43 0.25 0.38 0.70 0.73
FDC –a –a �0.22 0.28 0.28 0.41 0.49 0.50
Daily 0.00 0.02 0.02 0.06 �0.01 0.03 0.12 0.12

East Fork White Inter-annual 0.20 0.13 �0.27 �0.24 0.04 �0.13 �0.07 �0.13
Intra-annual 0.33 0.35 0.55 0.55 0.61 0.60 0.68 0.66
FDC –a –a 0.45 0.46 0.47 0.47 0.50 0.49
Daily �2.21 �4.40 �1.52 �2.57 �0.99 �1.54 �0.52 �0.55

French Broad Inter-annual �0.09 �0.05 �0.40 �0.39 0.32 0.18 0.12 0.10
Intra-annual 0.12 0.12 0.36 0.36 0.37 0.38 0.67 0.69
FDC –a –a 0.39 0.39 0.45 0.46 0.50 0.50
Daily �4.35 �4.39 �0.13 �0.10 �0.05 �0.01 0.41 0.41

a The full range of simulated flow duration curve does not exceed 25% time.
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at each time scale. Our visual analysis did make clear that different
thresholds are required depending on the observed variability of the
signature. The thresholds values of the membership function for the
reliability measure are 95% (model whose reliability is not less than
95% will be 100% accepted) and 75% (model whose reliability is no
greater than 75% will be rejected) at all time scales.

Fig. 12 shows model acceptance values based on the fuzzy
evaluation according to FMOF derived from an assessment of the
model ensembles of all signatures using the feasible parameter
ranges. Watersheds are sorted from the driest (Guadalupe, water-
shed 1) to the wettest (French Broad, watershed 12). At the inter-
annual time scale model S1 already satisfies our thresholds for the
simulation of inter-annual variability in the medium and wet
watersheds, while model S2 satisfies the thresholds in the dry
watersheds. For the intra-annual variability, model S2 and the more
complex models are acceptable for the Guadalupe (1), San Marcos
(2), Spring (4), East Fork White (7), Tygart (11) and French Broad
(12) watersheds. Model S1 has a higher acceptability than S2 for the
Monocacy (6) watershed. For the Rappahannock (5), Monocacy (6)
and Bluestone (9) watersheds, we can again see that the single-
bucket models have a slightly higher acceptability than the corre-
sponding multi-bucket models. When simulating the FDC, only
model S4 is acceptable in reproducing the observed curve with
respect to both reliability and shape for the dry watersheds (1, 2, 3
and 4). For the other watersheds, model S2 already satisfies the
simulation criteria for the FDC. At the daily time scale, none of the
models provide acceptable simulations of the observed streamflow
except models S4 and M4, which can be accepted for the French
Broad (12), Rappahannock (5) and Monocacy (6) watersheds. For
the FDC and daily streamflow signatures, single-bucket models
have slightly lower acceptability than the corresponding multi-
bucket models.

Fig. 13 visualizes the model acceptance based on the fuzzy
evaluation with respect to reliability and shape derived from an
assessment of ensemble signature simulations using a priori
parameter ranges. At the inter-annual time scale, models S2 and

M2 can already satisfy the simulation for most of the water-
sheds. For the other watersheds, models S3 and M3 can capture
the inter-annual variability for the Tygart (11) and French Broad
(12) watersheds. Models S4 and M4 can capture this signature
for the Amite (10) watershed. For the East Fork White (7)
watershed, none of models but S3 can capture the inter-annual
variability. At the intra-annual scale, models S4 and M4 can
capture intra-annual signature variability in the Guadalupe (1),
San Marcos (2), Amite (10) and French Broad (12) watersheds.
Model S2 also captures the intra-annual variability for the Spring
(4) and East Fork White (7) watersheds. None of the models can
reproduce the intra-annual variability for the remaining water-
sheds. For the FDC signature, models S4 and M4 are acceptable
representations for all watersheds. When simulating daily
streamflow, all of the models are basically unacceptable except
that models S4 and M4 work in the French Broad (12)
watershed.

5. Discussion

The results derived through the fuzzy evaluation of model
performance combine the reliability and shape measures to quan-
tify the degree of acceptability of each model for each watershed
and provide a screening tool for the necessary model complexity at
a given time scale.

At the inter-annual time scale, the simplest model, S1, can
capture the inter-annual variability for medium and wet

Fig. 11. Simulations of the best shape reproduction by models S1–S4 with respect to the observed flow duration curve. Ensembles produced by parameter sets drawn from feasible
and a priori ranges for the (a) and (b) Guadalupe watershed, (c) and (d) East Fork White watershed, and (e) and (f) French Broad watershed respectively.

Table 4
Membership function thresholds for the shape measure at each time scale.

Membership function thresholds Unacceptable 100% acceptable

Inter-annual �0.2 0.2
Intra-annual 0.35 0.55
FDC 0.45 0.5
Daily 0.2 0.4
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watersheds. For dry watersheds, model S2 is needed to capture the
inter-annual variability, which suggests that the addition of
subsurface flow and the delay of runoff are required even at the
annual scale. S1 only produces saturation excess flow and lacks any
routing. When using S1 to model dry watersheds, since it lacks
subsurface drainage, all the stored water evapotranspires between
rainfall events due to the water limited conditions in the dry
watershed, which leads to an underestimation of runoff. Intro-
duction of subsurface drainage in model S2 reduces this problem
and yields acceptable simulations of the inter-annual variability for
the drier watersheds.

At the intra-annual time scale, the required model complexity
varies with watershed. Basically, model S4, the most complex one,
is always acceptable. But for the English watershed (3), which is
likely the most impacted by snow since it is located furthest north,
none of the models seem to be capable of reproducing an observed
double-peak in March and May due to lack of snow-accumulation-
melt component. The models can only simulate the peak in May,

which degrades the intra-annual shape metric’s results for water-
shed 3. Those watersheds (1, 2, 4, 10 and 12), which are located
further south, are less likely to be impacted by snow. Model S1 can
reproduce intra-annual runoff variability for watersheds 4 and 10.
The fact that a simple-bucket model is sufficient suggests that for
these two watersheds, climate is the dominant control for the
seasonal runoff dynamics. Model S2 can satisfy the simulation of
inter-annual variability for watersheds 1, 2 and 12. For the dry
watersheds (1 and 2), explicit simulation of the recessions is
needed for sustaining runoff during long dry periods. For the
wettest watershed (12), the carryover effect between sequential
months is significant because of frequent precipitation events and
thus both antecedent soil moisture and subsurface contributions to
runoff are important for the simulation of monthly flows. For the
other watersheds, model structural limitations complicate the
classification of model performance because the influence of
snowmelt on runoff production (particularly since the peak of
intra-annual variability in March cannot be simulated well) makes
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Fig. 12. Fuzzy evaluation of model performance for the 12 watersheds based on model ensembles of signatures derived from their feasible parameter ranges. The model is 100%
accepted when the value of FMOF equals 1. The model is rejected when the value of FMOF equals 0.
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it difficult to distinguish models S2, S3 or S4 at the intra-annual
time scale.

Regarding the flow duration curve (FDC), model S2 is acceptable
for medium and wet watersheds. Because the FDC reflects the
watershed regime and flow magnitudes without consideration of
timing, this signature can be captured with a simple model for
wetter systems. For the dry watersheds, model S4 is needed to
simulate the full FDC regime since slow subsurface flow in the deep
storage is important for low flow generation. Low flows are
necessary to sustain the streamflow in the dry season when
evapotranspiration is high and rainfall events are infrequent.

The recession part of the daily streamflow simulation is difficult
to reproduce for the drier watersheds for which consequently none
of the models is acceptable. Models S4 and M4 are acceptable for
a few medium and wet watersheds. The fuzzy-performance clas-
sification at the daily time scale did successfully detect a known
structural limitation in all of the models. The study watersheds are
relatively large (all larger than 1000 km2) which requires more
extensive routing of the quick flow at the daily prediction scale. This

structural deficiency was purposefully used in the design of this
study to ensure that known model limitations could be detected
using the fuzzy model performance criteria.

Overall, the inter-annual variability and FDC signatures are more
easily reproduced since they do not require the model to simulate
timing correctly. While for intra-annual variability and daily
streamflow simulations, both correct timing and magnitude are
needed. The lack of adequate routing was correctly identified in the
rejection of the full suite of model structures.

The shape measure controls model selection when model
performance is evaluated based on sampling from the feasible
parameter range, i.e. not constraining parameters using local
physical characteristics. The reliability values of most models
across all signatures are generally greater than 0.9 and the
membership with respect to reliability is subsequently close to 1.
Therefore, according to the FMOF we define, the shape measure
always determines the degree of acceptability of a model struc-
ture when using feasible parameter ranges. When using a priori
parameter ranges, however, both reliability and shape measures
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Fig. 13. Fuzzy evaluation of model performance for the 12 watersheds based on model ensembles of signatures derived from their a priori parameter ranges. The model is 100%
accepted when the value of FMOF equals 1. The model is rejected when the value of FMOF equals 0.
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impact the classifications of model acceptability during the fuzzy
evaluation.

The analysis using feasible parameter ranges predominantly
focuses on evaluating the model structures, without strong
constraints on the actual parameter ranges suitable to reflect each
individual watershed’s characteristics. To also test our assumptions
about the physical interpretation of the model parameters with
respect to physical watershed characteristics, we further con-
strained them for each watershed to a priori ranges using available
soils and vegetation data. If the model is still acceptable with these
narrower parameter ranges, then this would allow some interpre-
tation of the dominant watershed characteristics and their control
on certain response signatures.

For the FDC and daily streamflow signatures, the multi-bucket
models have a slightly higher degree of acceptability than the
corresponding single-bucket models. The single-bucket models
often simulate a peak that is too low and recessions that fall too
quickly. The spatial variability included in the multi-bucket models
provides a more realistic fit of the variability of the watershed
response observed for daily dynamics and results in a better fit of
peaks and recessions. However, for watersheds 6 and 8, the multi-
bucket model M1 shows a slightly lower degree of acceptability
than the corresponding simple-bucket model S1 at the intra-annual
time scale. Based on an examination of the simulations using multi-
bucket models, we find that model M1 produces much higher
runoff in winter than the observed intra-annual yield because the
snowfall produces runoff directly due to the lack of a snow-accu-
mulation-melt component.

Thresholds for the shape measure membership function at the
inter-annual scale are relatively small compared to the other
signatures. These thresholds are �0.2 for model rejection and 0.2
for full membership of a model. The reason for these low values is
that the shape measure is normalized by the variance of the
observations. The variance of inter-annual variability is relatively
small compared with that of the other signatures. The difference
between the slope of the simulations and the slope of the obser-
vations is considerable compared with the variance of the obser-
vation, which results in smaller shape values. Therefore, the range
of the shape values is wider. When the shape values between
models differ by only a small amount, the best simulations with
respect to the shape measure between models will appear nearly
equally acceptable.

6. Conclusions

This study introduces a novel top-down methodology for
screening candidate model structures for streamflow simulation
across time scales and across a (potentially) large number of
watersheds. The model structures that are acceptable after the
screening stage can subsequently be analyzed in greater detail
regarding their suitability to represent the hydrology at a specific
place. Implementing the methodology in 12 US watersheds with
very different physical and climatic characteristics, we identify the
necessary model complexity across four different watershed
response signatures. This study therefore provides a tool in which
model selection can be formalized and made consistent through
formalizing the selection process regarding simulated shape and
magnitude in a fuzzy rule system that provides a screening tool for
assessing large numbers of models across a wide range of water-
sheds. The system can be adapted by other modelers through
different definitions of selection measures and selection thresholds
with respect to the fuzzy rules used.

The resulting acceptable models provide insight into what
processes control the watershed responses at different time scales
under different climate conditions. We have shown – within the

context of our study watersheds – that a subsurface flow routing
component, controlled by the field capacity, is required for the dry
watersheds and that climate is the dominant control of the water
balance at the inter-annual time scale. At the daily time scale, the
models presented in our study are correctly rejected by our multi-
objective fuzzy evaluation framework due to a lack of appropriate
routing and therefore insufficient delay in streamflow transfer to
the watershed outlet.

In the future, other measures and signatures need to be tested
that make it increasingly difficult for a model to pass the accept-
ability test. The model structures currently included in this study
should be enhanced by including a snow-accumulation-melt
routine and more extensive routing. In general, the number of
model structures considered needs to be expanded to obtain
a better picture of required model complexity across an even more
diverse set of watersheds, including semi-arid systems. The impacts
of uncertainty in the input and output data need to be investigated.
Applying this methodology to a large number of watersheds can
also contribute to the search for watershed classification strategies
by grouping watersheds with similar hydrologic behavior as sug-
gested by their similarity in required model structures.
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Appendix A. Model structures and model equations

The model structures of the single-bucket models are taken from
Atkinson et al. (2002) and Farmer et al. (2003). The multiple-bucket
formulation is taken from Son and Sivapalan (2007). In the sections
below we provide the equations associated with the five models.

A1. Model S1

Model S1 is a single-bucket model with the single store. It only
includes runoff generation by saturation excess controlled by the
maximum soil water storage capacity.

(1) Threshold storage parameter and threshold storage

fc ¼

�
qfc � qwlt

�
ðf� qwltÞ

Sfc ¼ Sbfc

(2) Interception and evapotranspiration, here St�1 is the soil
water storage of the last time step.

Ei ¼ aeiP

St ¼ minðSb; St�1 þ P � EiÞ

Ev ¼
(

MEp; St � Sfc

M St
Sfc

Ep; St < Sfc
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Ebs ¼ ð1�MÞSt

Sb
Ep

E ¼ Ei þ Ev þ Ebs

(3) Saturated excess runoff and soil water storage at the current
step

St ¼ St�1 þ P � E

Qse ¼
�

St � Sb; St � Sb
0; St < Sb

St ¼ St � Qse

Q ¼ Qse

A2. Model S2

Model S2 is a single-bucket model with only a single store. It
contains saturation excess runoff and subsurface flow that is
controlled by the threshold storage Sfc.

Steps (1) and (2) are the same as Model S1.
(3) Saturated excess runoff, subsurface runoff and soil water

storage at the current time step

St ¼ St�1 þ P � E

Qse ¼
�

St � Sb; St � Sb
0; St < Sb

St ¼ St � Qse

Qss ¼
�

assðSt � SbÞ; St � Sfc
0; St < Sfc

St ¼ St � Qss

Q ¼ Qse þ Qss

A3. Model S3

Model S3 is a single-bucket model with two stores, i.e. unsatu-
rated zone and saturated zone. Evaporation and transpiration occur
from both the unsaturated and saturated zones. Flow generation is
by saturation excess runoff and subsurface flow from the saturated
zone.

(1) Threshold storage parameter and threshold storage in the
unsaturated zone

fc ¼

�
qfc � qwlt

�
ðf� qwltÞ

Susfc ¼ ðSb � Ssat t�1Þfc

(2) Interception and evapotransipiration. Depletion from the
unsaturated and saturated zones is allocated proportionally
according to water storages contents in these zones.

Ei ¼ aeiP

Sus ¼ St�1 � Ssat t�1

S0us ¼ Sus þ P � Ei

rp ¼
(

S0us � Susfc; S0us � Susfc
0; S0us < Susfc

where rp, recharge to the saturated zone, occurs when the field
capacity in the unsaturated zone is satisfied.

St ¼ min
�
Sb; S

0
us þ Ssat t�1

�
Ssat ¼ min

�
Sb; Ssat t�1 þ rp

�
Sus ¼ St � Qsat

Susfc ¼ fcðSb � SsatÞ

Ev sat ¼
Ssat

St
MEp

Ebs sat ¼
Ssat

St
ð1�MÞEp

Ebs us ¼
Sus

St
ð1�MÞ Sus

Sb � Ssat
Ep

Ev us ¼

8>>><
>>>:

Sus
St

MEp; Sus > Susfc
0; Sus ¼ 0
Sus

St
M

Sus

Susfc
Ep; Sus < Susfc

Ebs ¼ Ebs us þ Ebs sat

Ev ¼ Ev us þ Ev sat

E ¼ Ei þ Ev þ Ebs

(3) Saturated excess runoff, subsurface runoff and soil water
storage at the current time step

St ¼ St�1 þ P � E

Qse ¼
�

St � Sb; St � Sb
0; St < Sb

St ¼ St � Qse

Qss ¼ assSsat

Q ¼ Qse þ Qss

St ¼ St � Q

Ssat ¼ Ssat � Qss

A4. Model S4

Model S4 is a single-bucket model with three stores. The model
structure of S4 is basically the same as that of S3 except that it has an
additional deep store that is recharged by the deep percolation from
the unsaturated and saturated zones. The deep store only loses water
through base flow, no evapotranspiration losses occur in this store.
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Steps (1)and (2) are the same as Model S3.
(3) Base flow from the deep store and deep storage.

Qbf ¼ abf Sdeep

rg ¼ kdSsat

Sdeep ¼ Sdeep � Qbf þ rg

(4) Saturated excess runoff, subsurface runoff and soil water
storage at the current time step. Here, St does not contain soil water
storage of the deep store.

St ¼ St�1 þ P � E

Qse ¼
�

St � Sb; St � Sb
0; St < Sb

Ssat ¼ Ssat � rg

Qss ¼ assSsat

Ssat ¼ Ssat � Qss

Q ¼ Qse þ Qss þ Qbf

St ¼ St � Qse � Qss � rg

A5. Multiple-bucket

The multiple-bucket model uses 10 buckets to represent a vari-
able soil moisture distribution that fits the Xinanjiang model
distribution. The 10 buckets are combined in parallel. The multiple-
bucket models M1–M4 follow the same mechanisms of hydrologic
processes as models S1–S4, respectively.

Smax ¼ ð1þ bÞSb

F ¼ ½0:05 0:15 0:25 0:35 0:45 0:55 0:65 0:75 0:85 0:95�

Sb f ¼ Smax

h
1� ð1� FÞ

1
b

i

Notation
qfc field capacity (dimensionless)
qwlt permanent wilting point (dimensionless)
f porosity (dimensionless)
fc threshold storage parameter (dimensionless) (0< fc< 1)
Sb maximum storage of the bucket model (mm)
Sfc threshold storage (mm)
P precipitation (mm d�1)
Ep potential evapotranspiration (mm d�1)
E actual evapotranspiration (mm d�1)
Ei interception (mm d�1)
Ev vegetation transpiration (mm d�1)
Ebs bare soil evaporation (mm d�1)
Ev us transpiration from unsaturated zone (mm d�1)
Ev sat transpiration from saturated zone (mm d�1)
Ebs us evaporation from unsaturated zone (mm d�1)
Ebs sat evaporation from saturated zone (mm d�1)
Ssat soil water storage in saturated zone (mm)
Sus soil water storage in unsaturated zone (mm)
Susfc field capacity of current unsaturated zone (mm)
Sdeep soil water storage in deep store (mm)
St total soil water storage at current time t (mm)
St�1 total soil water storage at last time step t� 1 (mm)
Ssatt�1 soil water storage of saturated zone at last time step t� 1

(mm)
rp daily recharge to saturated zone from unsaturated zone in

which water storage exceeds field capacity (mm)
rg daily recharge from upper saturated zone to deeper store

(mm)
Q total runoff (mm d�1)
Qse surface runoff generated by saturation excess (mm d�1)
Qss subsurface flow originating from saturated zone

(mm d�1)
Qbf base flow originating from deep store (mm d�1)
M fraction of catchment area covered by deep rooted

vegetation (dimensionless)
Kv vegetation transpiration efficiency (dimensionless)
ass recession coefficient for subsurface flow from saturated

zone store in the linear storage-outflow model (d�1)
abf recession coefficient for subsurface flow from deep store

in the linear storage-outflow model (d�1)
kd deep recharge coefficient from the upper saturated zone

to the deep store (d�1)
b shape parameter for spatial soil water storage distribution

in the multi-bucket model (dimensionless)
F cumulative probabilities at which soil water storages of

10 buckets fit spatial soil water storage distribution
(dimensionless)

Smax maximum soil water storage in the watershed (mm)
Sb_f soil water storage capacities in the 10 buckets (mm)
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