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ABSTRACT

This paper makes the argument for treating the response of small catchments as an exercise in the identification of hysteretic

functions as a way of overcoming the impossibility of knowing all the small-scale detail of time variable and spatial heterogene-

ous catchment processes. An initial form of analysis is proposed based on the Data-Based Mechanistic (DBM) transfer function

methodology to define functions for classes of events based on rainfall input volumes and antecedent flow as an index of catch-

ment wetness. From the resulting transfer functions, event-scale storage-discharge plots can be derived if within-event evapo-

transpiration is neglected as small relative to event inputs. The great hysteresis challenge is to find a way of identifying a more

continuous mechanistic function that allows for the change in input-output gains and transfer function state variables directly

from the observed data without invoking a particular conceptual storage model structure (or structures) or a difficult-to-interpret

machine-learning framework.

1 | Introduction

One of the most interesting yet rarely explicitly studied aspects
of catchment hydrology is the hysteretic nature of the stream-
flow response to rain-event inputs. Hysteresis is evident in the
common asymmetric nature of hydrographs, where the flow at
a given storage level in a catchment is different for rising and
falling limbs. We expect hysteresis to be dynamic in the same
way that runoff generation is dynamic, varying with patterns of
antecedent wetness and event rainfall characteristics. Hysteretic
behaviour has long been observed in hydrology and been the
subject of theorising at the detailed level of local soil physics
at least since the experimental work of W. B. Haines (1930)
and Lorenzo K. Richards in 1931. But in the responses at the
catchment scale it has been largely left implicit. It is implicit in
the asymmetric form of unit hydrographs; it is implicit in the
multiple storage elements of conceptual models; it is implicit
in analyses of transit time and residence time distributions of
tracers relative to the timing and shape of hydrographs; it is im-
plicit in the performance of deep learning models used to pre-
dict discharges (e.g., Kratzert et al. 2018; Frame et al. 2022; K.
J. Beven 2020a). It can be made more explicit in, for example, in

solutions of the kinematic wave analogy for hillslope responses
(e.g., K. J. Beven 1982, 2012).

Although a number of indices of hysteresis have been suggested
(e.g., Zuecco et al. 2016) only rarely has hysteresis been treated
in any direct way, as for example in the papers of J. Philip O'Kane
and Denis Flynn in the early 2000s (O'Kane and Flynn 2007),
although this also originated in the evidence of local soil phys-
ics hysteresis (O'Kane 2005, 2006). At much the same time,
K. J. Beven (2006), following the Representative Elementary
Watershed (REW) work of Reggiani et al. (1999, 2000), was
suggesting that hysteresis would be important in providing a
proper closure scheme for the catchment scale control volume
and, in particular, that the hysteresis in the flow response would
reflect the celerities in the system, while hysteresis in the tracer
response would also reflect the changing velocity distribution
of water particles in the system (see also McDonnell and Beven
2014; Davies and Beven 2015; K. J. Beven 2020b). This, it was
suggested, implied a length scale dependence would be needed
in any closure scheme and provided one explanation for the dou-
ble paradox of Kirchner (2003) of fast old-water responses at the
catchment scale.
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These discussions have, however, had little impact on mod-
elling practice in hydrology (but see the Richards equation-
based model of Camporese et al. 2014; the lumped storage-flow
hysteresis model of Ewen and Birkinshaw 2007, and the FEST
(Fully vEgetated slab of Soil with Transpiring plants) model of
Appelbe et al. 2009, for exceptions). In the review of model
structures of Gupta et al. (2012) hysteresis is mentioned
only in relation to soil physics. In some recent discussions of
physically informed machine learning hydrological models
of Razavi (2021), Herath et al. (2021), Liu et al. (2021), and
Razavi et al. (2022) it is not mentioned at all. This is really
rather surprising because of how the difference in celerities
and velocities will result in a length scale dependence in the
timing of the hydrograph and transit time responses (e.g.,
Davies and Beven 2015; Beven 2021). Hysteresis thereby pro-
vides a potential approach to deal with scale issues, albeit that
catchment scale differences will depend on the joint effect of
hillslope responses and routing in the channel network (e.g.,
Beven and Wood 1993; Robinson et al. 1995; D'Odorico and
Rigon 2003; Zoccatelli et al. 2015).

Perhaps the reason why the representation of hysteresis at
catchment scales does not get the open recognition it deserves
is because it is clearly a complex problem. Under simplifying
assumptions it is perfectly possible to provide a theoretical
analysis of the difference between celerities and velocities,
such as in the many applications of kinematic wave theory to
simple hillslope geometries (e.g., K. J. Beven 1981, 1982; Troch
et al. 2002; Norbiato and Borga 2008), while solutions to the
St. Venant routing equations based on the method of charac-
teristics implicitly use celerities (even though such solutions
have largely now been forgotten in favour of finite difference,
element or volume schemes). However, it is clear that even
the most detailed distributed hydrological model will have
difficulty in predicting the correct patterns of celerities and
velocities within hillslopes, especially given the generally un-
known heterogeneity of soil and regolith properties. This will
be true even for small research catchments (< 10km?) where
a complex network of flow pathways is present even at this
small scale.

Thus, rather than trying to address the complex spatially-
distributed details of the response processes, it would seem to
be better to consider the functionality and temporal evolution of
hysteresis at the catchment scale, something that was described
as the ‘Holy Grail’ for hydrological theory by K. J. Beven (2006).
This was explored in part with a hypothetical dataset for both
flow and tracer data at three different scales of a small catch-
ment by Davies and Beven (2015) using the MIPs particle track-
ing model under kinematic assumptions. The conclusions of
that study were that the storage-discharge hysteresis was de-
pendent on antecedent wetness, input rate, and scale in rather
complex (and site-specific) ways at both the catchment scale and
at individual local grid element scales. They also showed how
the different forms of residence time distributions were scale de-
pendent and non-stationary in time.

But the Davies and Beven study used virtual catchment sim-
ulations, albeit calibrated to catchment scale flow and travel
time data at small catchment scales, so was not based on
actual observations and did not include any effects of the

channel network. For real catchments, with heterogeneous
soil properties and more complex surface and bedrock geom-
etries (e.g., Freer et al. 2002), and channel networks that ex-
pand/contract with time (e.g., Blyth and Rodda 1973 and more
recently Godsey and Kirchner 2014; van Meerveld et al. 2019;
Durighetto et al. 2022), then celerities will vary in both space
and time, and velocities will be dependent on the hydraulic
gradients that arise from the nonstationary and nonlinear pat-
terns of celerity.

As an example of such complexity we can cite the recognition
of ‘groundwater ridging’ as a mechanism for the fast subsur-
face response on hillslopes dating back to Ragan (1968), though
there were earlier expressions of ‘groundwater throttling’ dating
back at least to the 1930s (see K. J. Beven 2004). Ridging im-
plies an increase in effective hydraulic gradient of the saturated
zone towards the stream, but also (if truly a ridge) away from
the stream. There will then be a local celerity away from the
stream as a result of the gradient induced flow in that direction.
At larger catchment scales (>100km?), the representation is
then complicated further by the difference in controls of celer-
ities and velocities in the hillslope and in the channel network,
when the hydrograph and transit time distributions will be an
integral of both.

Any perceptual model of the physical processes that underly
hysteresis in catchment response and lead to larger scale be-
haviours will be complex. It will include local infiltration ex-
cess runoff generation, the dynamics of surface and subsurface
contributing areas, connectivity of hillslope fluxes with stream
channels and fill-and-spill thresholds in storage-discharge rela-
tionships (e.g., McDonnell et al. 2021, and references therein).
The changing nature of hysteresis is evidenced by coherent
changes in the transfer function (or unit hydrograph) between
inputs and outputs, such as the input dependence recognised
by Minshall (1960) and, for example, Reed et al. (1975). While
there might still be advances in understanding in the future, we
already appreciate that the perceptual model will include non-
linear interactions between surface and subsurface processes,
and processing of the inputs by vegetation and the soil surface,
local soil water hysteresis, preferential flow pathways, storage
in the regolith and the role of convergence and divergence of
the topography. Other complexities, such as local controls on
groundwater-streamwater interactions or bedrock topography
controls on downslope storage and flows can be perceived but
will be very difficult to quantify. This means that it will be very
difficult to specify all the mass, energy and momentum fluxes
required for closure of the balance equations in the REW theory
of catchment response or more recent theoretical process formu-
lations (e.g., Singh and Vimal 2022).

And yet, we do not expect nonlinear chaotic and bifurcating
process responses (though this is one area where understanding
might change in future), in part because hydrological responses
are constrained by the inputs on an event-by-event basis (even
if some event data might be disinformative in trying to evalu-
ate model adequacy, Beven and Smith 2015; Beven 2019). There
should perhaps be some consistent and coherent hysteretic
behaviour that could be identified from catchment scale data,
ideally from both hydrograph (celerity controlled) and tracer (ve-
locity controlled) data. A data-based catchment scale approach

20f13

Hydrological Processes, 2026



makes no assumptions (prior to application) about hydrological
processes; it seeks only some functional representation of the
nature of the response.

There have been many recent applications of data-based ma-
chine learning at catchment scales. These have mostly been
applied to large databases of many catchments at daily time
steps, even in small catchments where times to hydrograph
peaks might be less than a day. There have been fewer stud-
ies of small catchments with higher temporal frequency data
that would allow hysteretic storage-discharge relationships
to be identified. However, machine learning approaches have
shown that such models can provide greater predictive capa-
bility than conceptual hydrological models even if not in all
catchments or for the most extreme events. Here we apply the
Data-based Mechanistic (DBM) methodology to data from
small catchments with a view to capturing the dominant
modes of the hysteretic behavior.

The DBM modelling methodology was first applied to rainfall-
streamflow modelling by Young and Beven (1991, 1994). They
showed how linear transfer functions could be used to model
streamflow without hydrograph separation and allowing for
nonlinearity in event runoff coefficients using state dependent
parameter estimation (see also Chappell et al. 1999, 2017, 2006;
Beven et al. 2011; Mindham et al. 2018, 2023). The methodology
has evolved to use continuous-time model identification (e.g., P.
Young 2003, 2013; Young and Garnier 2006) with applications
for forecasting and control in a wide range of domains. In hy-
drology it has been used for adaptive forecasting of river dis-
charges and levels for a range of different catchment scales (Lees
et al. 1994; P. C. Young 2002; Romanowicz et al. 2006; Leedal
et al. 2013; Smith et al. 2014) and in predictions of water quality
(Beven and Young 1988; Wallis et al. 1989; Green et al. 1994;
Jones and Chappell 2014; Jones et al. 2014). The DBM meth-
odology has been used before to explore the representation of
catchment responses under different antecedent conditions and
rainfall inputs (e.g., Beven et al. 2008; Chappell et al. 2017).

The DBM approach has some advantages over more general ma-
chine learning algorithms in that the identified transfer func-
tions have to be physically meaningful (in the final step of the
approach), while requiring only a small number of parameters,
but consequently with somewhat less flexibility. The paramet-
ric parsimony of DBM models also means that relative to high
dimensional pattern recognition machine learning, the uncer-
tainty in estimated parameter values should be considerably
more constrained, albeit still subject to uncertainties and errors
in the observed data available.

As its name implies, the DBM methodology attempts to find
functional representations of input-output data that have a
mechanistic (e.g., hydrological) interpretation. For the present
purpose, there are two key characteristics that need to be con-
sidered for each event investigated: the input-output gain for
that event (analogous to a runoff coefficient but without base-
flow separation) and the shape of the transfer function that will
embody the hysteresis in response for that event. Here we will
consider the responses in different classes of event, classified
by depths of rainfall input and wetness prior to an event, where
antecedent observed flow per unit basin area at the catchment

outlet is used as an index of wetness. This allows the changing
nature of the hysteresis to be assessed for each catchment.

2 | Experimental Data

The analysis focuses on rainfall-streamflow responses for four
micro-catchmentsin the Cumbrian uplands of the United Kingdom
(Figure 1). These data were collected as part of the UK Natural
Environment Research Council (NERC) funded Q-NFM project.
Two of these (Eggerslack and Whale) drain permeable karstic
limestone of the Dinantian epoch of the Lower Carboniferous pe-
riod (British Geological Survey 1977, 2025). However, the later has
asurficial geology of glacial till that is less permeable, while it is ab-
sent at Eggerslack. The other two micro-catchments are on lower
permeability rocks comprising sandstone, siltstone, and mudstone
of the Coniston Group of the Silurian period (British Geological
Survey 2025). One of these micro-catchments (Tebay Gill) is cov-
ered in both glacial till and peat that further limits percolation. The
other micro-catchment (Sedbergh), while comprising the Coniston
Group solid geology in its headwater, has a lower catchment com-
prising permeable argillaceous rocks of the Screes Gill Formation
(British Geological Survey 1977, 2025). Extensive fracturing of
the solid geology is present below the Sedbergh micro-catchment
(Thomas and Woodcock 2015). Defined by surface topography, the
Eggerslack, Whale, Tebay Gill, and Sedbergh micro-catchments
are 0.305, 1.143, 0.116 and 0.173km? in area, respectively.

Rainfall (mm/5min) and wunit area stream discharge
(mm/5min) measurements began on July 28 2018, June 5
2020, January 15 2019, and September 29 2019, respectively,
and continue to date. Over this period, annual rainfall totals
have ranged from 861 to 3088 mm in 2021-22 and 2019-20, re-
spectively. The monitoring setup at each micro-catchment was
the same, with stream level being measured using a pressure
transmitter (SLS-A-DC-A010-BV-0250G-00, Stork Solutions,
UK) in a trapezoidal flume (maximum capacity of 430L/s)
with a known rating curve and a known catchment size and
so could be converted to streamflow per unit catchment area
(mm/5min). Rainfall (mm/5min) is measured with a tipping
bucket raingauge (S-RGB-M002, LICOR, USA) situated on a
1.5m mast next to the flume. The stage-discharge rating for
the flumes was checked with dilution gauging. Data are cap-
tured from all gauging stations using mobile (cell) phone te-
lemetry (RX3000, LICOR, USA). For the analysis presented
here, flows were aggregated to 15 min time steps.

To derive classifications from multi-year, high frequency time-
series of rainfall and streamflow the following steps were
undertaken:

1. Break the time-series into individual storm events (detailed
below),

2. Apply DBM model identification to each event, and remove
events with a poorly identified rainfall-streamflow rela-
tionship (R,2<0.75),

3. Use the modelled recession from the immediate prior event
to allow for a baseflow contribution for the event of inter-
est, as if the rainfall for that event had not occurred before
refitting the model for each event,
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FIGURE 1 | Location of the four headwater micro basins used in this study. All lie in the Cumbrian mountains in the centre of the United

Kingdom.

4. Classify each event into 1 of 16 classifications, based on
total event rainfall and antecedent observed streamflow,

5. Superimpose the rainfalls and flows for all events in each
class, taking the average at each time step and identifying
a linear transfer function for each class.

6. Infer the hysteretic storage-discharge function for each
class of event by mass balance relative to a baseline of zero
storage at the start of the event and neglecting any evapo-
transpiration effects within the event. Thus at each time
step:

t t
St=<ZPi— ZQi)Ar o)
i=1 i=1

where S is storage in mm per unit area at time ¢, P is the precip-
itation per unit area, and Q is flow at the catchment outlet in

depth per unit time, and At is the time step for the calculations
(here 15min).

2.1 | Single Event Time-Series

The following criteria were used to break the time-series of rain-
fall and streamflow into single event time-series:

« At least 5mm of rainfall in the period from event start to
peak streamflow.

o Peak streamflow was at least 0.0075mm/15min and not
greater than flume capacity.

« Rise to peak height of at least 0.005mm/15min.

o Atleast 90% of the recession tail occurred before the start of
the next rain-event.
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2.2 | Event Classification

How a catchment responds to a storm event is dependent on the
shape of the storm hyetograph (Chappell et al. 2017) and the hy-
drological state of that catchment at the time of the storm (Young
and Beven 1994). Two simple metrics were used to represent
event magnitude and antecedent state of the catchment:

« Event magnitude: total rainfall from the beginning of the
rain-storm to peak streamflow, termed here ‘Total Rainfall’
(mm/event) and had the following classifications:

o <10mm (Very low)

o 10-20mm (Low)

o 20-40mm (Medium)
o >40mm (High)

« State of the catchment immediately pre-event: streamflow
at the beginning of the rain-storm, termed ‘Antecedent
Streamflow’ (mm/15min) and had the following
classifications:

° <0.015mm/15min (Very dry)
° 0.015-0.03mm/15min (Dry)
° 0.03-0.05mm/15min (Wet)

o >0.05mm/15min (Very wet)

Cross-classification then occurred to place each event into 1 of
16 classes (i.e., 4 total rainfall classes x4 antecedent condition
classes).

2.3 | DBM Rainfall-Streamflow Modelling
2.3.1 | Rainfall-Streamflow Modelling

To establish the strength of the causal relationship between rain-
fall and streamflow, a first-order DBM model was identified for
each event. In continuous time, the model is described by

. 1
Q= - ;Qt + BP,_s )

where Q, is the flow output at time ¢, P, is the rainfall input,
d is the pure time delay, @ and 8 are constant real parameters
and Q, is the time derivative of the output Q,. For the first-order
continuous-time model used here, the Laplace operator s and ig-
noring initial conditions (2) becomes:

SSGe=sTP
TCs+1 — ®

|

where Q is a vector of flow outputs, P is a vector of rainfall in-

puts, s is the Laplace operator, TD is the pure time delay, TC is
the time constant (3a) that is the time it takes for the system to
respond to a step change in the input, and SSG is the steady state
system gain (3b), determining the scale of magnitude of the out-
put in relation to the input.

TC = i (3a)
ssg =" 3b)
a

This model structure utilises only three parameters: a steady state
gain (SSG), a pure time delay (TD) and a time scale (celerity) for
the transfer function (TC). This latter parameter has often been
called the mean residence time in the past but this could be con-
fusing when used for hydrographs because it will reflect celerities
rather than water particle velocities, that is, it is not the same as a
mean residence time derived from tracer velocities.

The identification of the parameters within the DBM frame-
work uses the Refined Instrument Variable (RIV) parameter
estimation method (Young and Jakeman 1979) for transfer
functions within the CAPTAIN toolbox for Matlab (Taylor
et al. 2007). RIV is essentially a maximum likelihood opti-
misation algorithm that returns the model parameters rep-
resenting the input-output relationship of the observed data
(for other examples of use see: Ockenden and Chappell 2011;
Magliano et al. 2019).

Since this study was concerned with identifying the dominant
hysteretic modes of response and their changes with antecedent
wetness and event rainfall depths, any event with a model effi-
ciency <75% was deemed to have an inadequate representation
of the dynamics and was discarded. The remaining events were
then superimposed and averaged to produce a single represen-
tative event time series in each class. The input series was then
smoothed using an integrated random walk (IRW) smoother
(Taylor et al. 2007), and any input that occurred significantly
after the superimposed output peak was removed.

Fitting a DBM model to the resulting time series then provided
the TD, TC and SSG characteristics for the events in that class.
While first-order models gave high efficiency models for the data
from Eggerslack, Whale and Tebay Gill, high efficiency models
for the Sedbergh micro-catchment required second-order mod-
els. A second-order model is described by:

(SSG, +SSG, )e™
(TCys+1)(TCys+1) ~

Q= @

where one physical interpretation of this model is to view it as a
parallel connection of two first-order models (5), where one de-
scribes the combination of fast (subscript 1 in 5) flow processes
or pathways and the other describes the group of slower (sub-
script 2 in 5) processes (P. C. Young 1992)

Q=

SSG, e~
( .

SSG,e~s0-1
P
TCis+1 -

TCys +1
2.4 | Defining Hysteresis for the Classes

The resulting DBM models were then used to produce a charac-
teristic hysteretic storage-discharge curve for each class apply-
ing the identified steady state gain to the superimposed rainfall
inputs over all events in the class, assuming that all losses were
represented by the identified SSG gain parameter. In addition,
a normalised Hysteresis Index was calculated for each class as
defined by Zuecco et al. (2016). This involves a normalisation of
the inputs and outputs as follows:

Q(t) - Qmin

)= ——m88M8
“o Qmax - Qmin (63)
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_ S() = S
Smax — S

max min

v(t) (6b)

The function v(¢) is then integrated over the rising and falling
limbs of the hydrograph to give the areas under each part of
the curve.
J
Arising = / vrising(u)du

i

(7a)

J
Afalling = / vfalling(u)du

i

(7b)

where the limits of integration can take on any values between 0
and 1. The hysteresis index (HI) is then defined by:

N
HI= ) AA ®)
k=1

where A A, ;is defined for each of the k=1 to N increments of the
normalised scale of u as:

AAiJ = (Arising _Afalling)i J ©)
Here we used 19 increments to define HI from 0.05 to 1 in
0.05 steps.

3 | Results

After classifying events according to the criteria set out above,
not all classes in all the catchments had sufficient events for
analysis. In general, the model fits to the superposed events for
each class were good. All the calibrated parameters and fits for
each of the classes are given in the Supporting Information file
for this paper (Tables S1-S4). An example of the hydrograph fits
for the Eggerslack micro-catchment using a first-order model is
shown in Figure 2, and for the Sedbergh micro-catchment using
a 2nd order model is shown in Figure 3 (see Figures S1 and S2
for the Tebay Gill and Whale results).

Here we are primarily concerned with the hysteresis loops for each
of the catchments. Figure 4 shows the resulting storage-flow hys-
teresis loops for each class for the Eggerslack micro-catchment.
These are calculated following the normalisation of storage to zero
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FIGURE2 | Modelled (red) and superposed observed (blue) discharges for each class of events for the Eggerslack micro-catchment.
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FIGURE3 | Modelled (red) and superposed observed (blue) discharges for each class of events for the Sedbergh micro-catchment.
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FIGURE 4 | Storage-discharge hysteresis and Hysteretic Index values for each class of events for the Eggerslack micro-catchment. Smaller loops

without arrows are all anti-clockwise.

at the start of each event. For each micro-catchment, the Hysteresis
Index for each class is also shown. Nearly all the hysteresis loops
are anti-clockwise (with a negative Hysteresis Index), as is expected
from the initial increase in storage following the start of the rain-
fall inputs and the asymmetric form of the transfer functions. The
calculated storage changes reflect both the depth of rainfall inputs
and the steady state gains for the DBM models for each class. The
higher falling limb, which gives rise to such strongly negative val-
ues of the Hysteresis Index, reflects the greater retention of water
in the catchment over the event (which will then evolve via other
loss processes before the next event). This type of behaviour was
evident in the original analysis of K. J. Beven (2006) where hystere-
sis loops for different events were superimposed on a form of linear
recession attractor (see also the recession study of Kim et al. 2023).

The response of the Tebay Gill micro-catchment is notable in
that all event classes exhibit strong negative hysteresis loops
(HI >0.5; Figure 5). Eggerslack exhibits 11/16 (69%) of event
classes with an HI >0.5, while Whale has only 6/16 (38%) and
none for Sedbergh. Indeed, the Sedbergh micro-catchment has
2/16 event classes with weak positive hysteresis loops (Figure 6).
These differences between the hysteretic responses of the
micro-catchments seem to be associated with the median time
constants for the micro-catchments, where Tebay has the fastest
TC time constant, then Eggerslack, Whale, and then Sedbergh
(Tables S1-S4; see also Mindham et al. 2023).

Strong hysteresis was exhibited in the Eggerslack responses for
most classes except for those for the driest antecedent catchment
conditions (Figure 4). The highest rainfall class of >40mm/

event consistently produced strong negative hysteresis (HI of
—0.50 to —0.75) in the Whale data (Figure 7).

Hysteresis loops for Sedbergh are also notable in that some
classes, particularly very wet antecedent conditions, show a
marked delay before discharge responds significantly, as shown
in the modelling of Mindham et al. (2023). Further, the storage-
discharge curves for this micro-catchment often contain minor
loops, where discharge continues to rise after storage starts to
be depleted.

4 | Discussion

By investigating the simple gain and transfer function charac-
teristics within different classes of events it has been shown how
there is some consistency and coherence in the nature of micro-
catchment (ca. 1km?) rainfall-streamflow responses where
we expect the channel routing to have only a small impact on
the response. The strength of the hysteresis has been shown
to vary significantly between the evaluated micro-catchments
and seems associated with other dynamic response character-
istics such as time constant. The strength of the hysteresis in
the storage-discharge curves is seen to be relatively stationary in
some micro-catchments (e.g., the flashy low permeability Tebay
Gill basin), but varying considerably with rain-event size and
antecedent wetness in others (e.g., Whale). Combination of the
methodology applied with the selection of micro-catchments
(with differing hydrogeological conditions and derived response
characteristics) has therefore been shown to capture potentially
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interpretable differences in the storage-discharge hysteresis.
The way the events in each class have been defined and super-
imposed, however, certainly has obscured a lot of the detailed
variation in responses to individual rainfall events under differ-
ent antecedent conditions (when we have not, for example, taken
any account of seasonality, only of antecedent flow as an index
of wetness).

Nearly all the classes of events presented here have shown anti-
clockwise (negative) hysteresis loops for relative storage in re-
lation to discharge, in part because the loops show retention of
water in the system at the end of events. There have been cases
reported for clockwise loops in discharge to riparian water
table responses in a very small 2.5ha catchment by Gelmini
et al. (2022). This implies a faster response of the stream dis-
charge relative to the response of the water table (as also ob-
served elsewhere by Cheng et al. 2023). These were for dry
antecedent conditions with a peak in discharge before the peak
in water table. In their study, anti-clockwise hysteresis loops
did however appear under wet antecedent conditions and long
duration events (they also describe more complex loops). Such
clockwise loops may be a result of using local water table infor-
mation rather than changes in total storage, which in general
will increase before any water table response. Such local effects
have been suggested as contributing to changes in hysteresis be-
haviour in other cases, such as the hillslope to streamflow rela-
tions in McGuire and McDonnell (2010). Other studies, such as
Pavlin et al. (2020) and Nanda and Safeeq (2024) indicate that
hysteresis in soil moisture content or water table to discharge
responses may be a function of the spatial structure within a

catchment. This would therefore be one reason for treating the
catchment response as a whole so as to integrate out the complex
heterogeneity of local responses. Indeed, the dual-loop hyster-
etic responses found here for the Sedbergh micro-catchment
are a result of the delayed initial response (extended pure time
delay) whereby discharge continues to rise after the calculated
relative storage starts to fall.

However, the big question and Great Challenge that then arises
is whether these varying responses can be integrated into a sin-
gle continuous and mechanistic functional representation of
gain and hysteresis that might then be fitted in some form of
data-based model to time-series observations from other catch-
ments. This could be an alternative approach to determining
catchment response functions than, for example, the nonlinear
scaling of unit hydrographs (e.g., Dooge 2005). The DBM meth-
odology has been applied to continuous data series from small
catchments in the past, assuming a constant linear transfer
function but with a nonlinear gain (e.g., Young and Beven 1994;
P. Young 2003, 2013). However, the constant transfer function
implies a constant time scale for the hysteresis, something that
is not supported by the transfer function approach applied to
different classes of event described above (as reflected in the
time-variable ‘a’ parameters of Tables S1-S4 in the Supporting
Informations).

Thus, as suggested by K. J. Beven (2020a) it is important to ex-
plore other data-based or machine learning methodologies to
investigate if a functional form for the hysteresis might be iden-
tifiable, related to other dynamic response characteristics and
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to independently measured catchment properties with a credi-
ble mechanistic interpretation. Some investigations of this type
have already been made for the small-scale hysteresis in soil
moisture characteristic curves (e.g., Beriozkin et al. 2024) and to
discharge-concentration curves (e.g., Hamshaw et al. 2018; Liu
et al. 2021) but not, to our knowledge, directly to any catchment-
scale storage-discharge relationship, since catchment storage is
not itself easily derived from mass balance or readily observed
even at small catchment scales (at least as yet, observations of
storage by gravity anomaly methods at small scales still seem to
havelimitations, see, for example, Giintner et al. 2017; Creutzfeldt
et al. 2014; Chaffaut et al. 2022). Some catchments, such as those
with doubled peaked hydrographs, with initial peaks generated
on dynamic saturated areas, might be particularly challenging
to describe in this way, but given enough reliable data it might
well be possible using direct data-based methods applied at the
catchment scale rather than postulating ever more complex
conceptual model structures. And if the resulting functions can
have a mechanistic interpretation then perhaps we will be able
to directly address the dynamics of effective celerities for rising
limbs and recession limbs of the hydrograph at catchment scales
and relate these to catchment processes.

5 | Conclusions

We have demonstrated the types of hysteresis that might be
found in some micro-catchments ranging in size from 0.1 to
1.1sq. km when the storage-discharge relationship is consid-
ered under different antecedent flow and rainstorm magnitude
conditions. The type of event classification we have used to be
able to parameterise a simple model of the response in differ-
ent classes does, however, have some limits to its general appli-
cability. Notably, it does not provide a complete description of
the changes in hysteretic behaviour across even the small set of
classes examined.

The Great Hysteresis Challenge is then really quite simple. It is
to find a parsimonious and physically interpretable set of non-
linear functions to represent in a single framework the nonlin-
ear hysteresis in catchment response across the types of classes
used in the analysis here, and beyond. This needs to include the
effects of evapotranspiration on the seasonality of responses
and a representation of the hysteretic departures of single event
responses from a longer term storage-discharge attractor as
demonstrated by K. J. Beven (2006) and Kim et al. (2023). We
do not expect, of course, that such functions would be easily
interpretable, for example to differentiate surface and subsur-
face processes, but rather that the parameters of the functions
might be interpreted as changing time constants and gains (or
other dynamic response characteristics) that reflect the effec-
tive storage behaviour of a catchment. Such parameters might
then provide useful signatures for catchment behaviour, per-
haps in terms of scaling and in relation to perceptual models of
the processes of catchment response (Beven and Chappell 2021;
Wagener et al. 2021; McMillan et al. 2023, 2025) or the physical
characteristics over a set of catchment applications (Tarasova
et al. 2024). Parameter parsimony in such functions would be
valuable in terms of integrating over the variability, uncertainty
and errors in the rainfall and discharge observations (Beven and
Chappell 2021).

A real challenge to achieve such an aim is illustrated by the
complex forms of storage-discharge relationships that have
been demonstrated in this paper. It is also a challenge that is
made greater by knowing that some observational data might
introduce disinformation into a model calibration process (see
for example K. J. Beven 2024 and references therein) and by the
seasonal effects of evapotranspiration, which were only treated
here as implicit in the antecedent conditions for an event.

Recent work with machine learning models, however, has sug-
gested that there may be more information to be extracted from
input data than has been achieved using conceptual hydrologi-
cal models. Many such models do not fit the requirements of the
Great Hysteresis Challenge directly since, while the catchment
hysteresis may be implicit in their function, many are not easily
interpreted and are not parametrically parsimonious (though
see, for example, Lees et al. 2022 for an argument to interpret
a machine learning model in terms of hydrological processes).
Such an approach would, however, provide a way of encapsulat-
ing the hysteretic behaviour of a catchment across the different
cases. Forcing such models with defined sequences of inputs
might then provide information for the identification of the sim-
pler functional form that would meet the challenge.

In time it might also be possible to extend the Challenge further
to combine both hydrological and tracer data in a related way,
so that effective values of both celerities and velocities can be
addressed. This, however, would require the availability of high
resolution tracer data over a sufficient range of events to allow
the data-based analyses of a sufficient number of events. As yet,
such data are still lacking in most catchments but hopefully will
be available in future.
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