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Abstract Natural flood management (NFM) is a nature‐based solution that has grown in importance within
flood risk policy and management over the last two decades. There is limited evidence on nature‐based
solutions' effectiveness, and no accepted best practice on forecasting their performance. To explore NFM
effectiveness, we built a hydrological model of a catchment in the UK uplands typical of areas targeted globally
for NFM interventions. The model was calibrated on streamflow and groundwater contribution to streamflow,
estimated from alkalinity data (ANC). We demonstrated this simple tracer can be a useful tool in model
calibration, highlighting significant differences in performance between model runs that were hidden when
analysing streamflow alone. In particular the use of the tracer helped identify models that better represented
partitioning of flow between surface and sub‐surface. The tracer reduced predictive uncertainty in peak flows
when applied to a woodland planting scenario by upto 39% and showed even greater potential for reducing
uncertainty (∼50%) at low flows (belowQ60). Further, by exploring three common representations of woodland
we showed that the dominant remaining source of uncertainty (>50%) within the scenario modeling was the
choice of how to represent the woodland planting on model parameters. This work underlines the value of using
additional calibration data sets to improve process representation and prediction; the importance of long‐term
monitoring for improving the evidence for NFM effectiveness; and the need to further develop the
representation of woodland planting in catchment models to improve forecasts of their impact on flow.

Plain Language Summary Over the last two decades there has been increasing interest in using and
enhancing natural landscapes to slow water flow, store water and reduce the risk of flooding. We built a
hydrological model of a catchment in the UK uplands typical of those that have been targeted for such
enhancements. Whereas hydrological models are usually calibrated on streamflow alone, we also calibrated the
model based on percent groundwater contribution to streamflow, which was estimated from an environmental
tracer. The environmental tracer proved to be a useful additional tool in model calibration and was found to
reduce uncertainty in model predictions of how woodland planting would impact peak flows. Our results
suggest the environmental tracer would also be beneficial when assessing the impact of landscape changes on
low flows and droughts. Using these improved models, we found, that the primary source of uncertainty when
modeling the impact of woodland planting on peak flows is likely to be the assumptions modelers make about
how woodland planting affects catchment processes. This work highlights the importance of long‐term
monitoring and process understanding of nature‐based schemes that seek to reduce flooding through landscape
changes, as well as the increased value in introducing additional calibration data sets.

1. Introduction
Globally, unprecedented events are increasing the impact of flooding, despite improvements in risk management
(IPCC, 2022; Kreibich et al., 2022). This is leading to growing concern that traditional “hard engineering” ap-
proaches to flood risk management are becoming ineffective or simply too expensive in the face of climate change
(Vicarelli et al., 2024). Nature‐based solutions, which work with natural processes to mitigate risk, are being
increasingly promoted as an alternative or complementary approach for managing flood risk (Cohen‐Shacham
et al., 2016; Faivre et al., 2017; Maes & Jacobs, 2017; World Bank, 2018). In the UK, this has given rise to the
field of natural flood management (NFM), which has been incorporated into policy over the last two decades
(Flood and Water Management Act, 2010; Flood Risk Management (Scotland) Act, 2009). NFM is expected to
not only reduce flood hazard, but also provide a variety of co‐benefits, such as enhancements in biodiversity,
carbon sequestration, and soil and water quality (Dadson et al., 2017).
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At the heart of NFM is a catchment‐wide approach that incorporates in‐channel measures to slow river flow
(e.g., woody debris dams, storage ponds, re‐meandering) and land use or management measures, which seek to
reduce runoff generation (e.g., woodland planting, livestock management, crop choice and rotation, and soil
management) (CIRIA, 2022; SEPA, 2015). Woodland creation is popular among NFM schemes, as it provides a
wide range of environmental and leisure benefits. Woodland alters the hydrology of a catchment in several ways,
including increasing evapotranspiration, particularly wet‐canopy evaporation, increasing infiltration into the soil,
enhancing soil storage and inhibiting rapid overland flow (Burgess‐Gamble et al., 2017; DeWalle, 2011; Martin
et al., 2020).

The widespread adoption of nature‐based solutions is being hampered by a lack of reliable comparative evalu-
ations of effectiveness (Vörösmarty et al., 2021). For example, despite the development of approximately 100
NFM projects across the UK, catchment wide monitoring is usually limited and therefore efficacy is rarely
quantified (Dadson et al., 2017; Kay et al., 2019). Studies are generally limited to plot and field scale experiments.
Experiments have shown that soil permeability can be enhanced underneath some woodland but that woodland
type and management are clearly important factors (Archer et al., 2013, 2016; Brickell et al., 2024; Chandler
et al., 2018; Kingsbury‐Smith et al., 2023; Monger et al., 2022; Murphy et al., 2021). Friction to overland flow is
more difficult to measure, but Monger et al. (2022) were able to compare overland flow rates underneath different
types of woodland and found that bracken in the understory significantly slowed flow. Whether these observed
process changes at the field scale sum up to significant reductions in river flow during extreme events, however,
remains an active topic of debate.

Due to the lack of catchment wide evidence, or even consistent evidence from plot scales, numerical modeling is
heavily relied upon to provide evidence of effectiveness of NFM measures, particularly tree planting (Kay
et al., 2019). However, in a review of the few observational studies that exist and modeling studies Stratford
et al. (2017) found an even split between studies that found a positive impact from tree cover on flood peaks and
those that found the opposite or no influence When only modeling studies were considered they tend to support
the hypothesis that increasing tree cover reduces flooding (Stratford et al., 2017). This suggests a possible
inherent bias in numerical modeling studies toward over‐emphasizing the impact of tree planting, with wide
reaching implications for emerging land use and flooding policy.

Conceptual lumped‐parameter hydrological models are often applied in flood modeling owing to their simplicity
and the ease with which a good calibration to observed events can often be obtained. It is, however, not
straightforward to translate the effects of woodland planting into effective model parameters, and authors rely on
speculative shifts in parameters representing routing or soil permeability (e.g., Ferguson & Fenner, 2020;
Packman et al., 2004; Rose & Rosolova, 2007). Other authors have studied these “parameter shifts” for well‐
monitored micro‐catchments before applying them at a wider basin scale (Goudarzi et al., 2021; Hankin
et al., 2021; Kingsbury‐Smith et al., 2023). However, there is a fundamental problem in scaling these shifts up to
larger basins, given they are essentially an empirical fitting of equations that are not physically based, and it is yet
more difficult to justify applying these results to other catchments, particularly where geology and climate vary.
Process‐based models, however, allow inclusion of woodland planting as a series of physical changes in
measurable soil and vegetation properties (e.g., Buechel et al., 2022; Collins et al., 2023; Iacob et al., 2017). The
limitation of this approach is that these models are data hungry and the soil parameters, in particular, may not be
available. Moreover, while these process‐based models provide a very detailed simulation of the 1D interactions
between soil, water and vegetation, they often do not include routing through the catchment (e.g., Beuchel
et al., 2022) and are therefore often inappropriate for flood studies.

If we are aiming to prevent floods by altering catchment processes, then it seems logical that we should develop a
better understanding of where water is being routed and how to represent this in models. In other words, we should
have confidence that our models are getting the “right answers for the right reasons” (Kirchner, 2006). Even
where streamflow is well simulated at the catchment outlet, there can remain significant uncertainty in the
magnitude and spatial patterns of internal model fluxes (Beven, 2006; Cao et al., 2006). Analyzing tracer data
alongside streamflow data can provide new insights into catchment processes. Although tracer techniques are
promoted by the hydrological community (e.g., Kirchner et al., 2023; McDonnell & Beven, 2014) and have been
available since the 1960s, they are still rarely applied in practice or incorporated within models.

The largest insight gained through tracers to date has been the dominance of pre‐event water in storm runoff, even
at peak flow (Klaus & McDonnell, 2013), which has since led to questions about celerity (discharge) versus
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velocity (flow paths and connectivity) in catchment response (Bracken et al., 2013; McDonnell & Beven, 2014).
The incorporation of tracers in model evaluation is a relatively recent development, with the use of stable isotopes,
in particular, being boosted by improvements in reliability and cost of analysis. There are now several studies that
show the utility of tracers in multi‐criteria calibration, where they have been shown to constrain parameter sets
and reduce equifinality (e.g., Ala‐aho et al., 2017; Birkel et al., 2014; Holmes et al., 2020, 2022; Stevenson
et al., 2021; Tunaley et al., 2017; Wu et al., 2023). However, having additional data does not necessarily make the
task of the modeler easier, as trade‐offs in performance among different data may be required (e.g., Fenicia
et al., 2008; Scudeler et al., 2016) or errors in model structure or process conceptualization may be unearthed
(McDonnell et al., 2007).

Within an NFM context, tracers have been used in two observational studies in a UK upland catchment. In the
first, Peskett et al. (2023) used tracers to show that any effects of forest cover on increasing infiltration and storage
in a UK upland catchment were masked by variations in soil hydraulic properties, even in small, flashy sub‐
catchments. In the second, Peskett et al. (2021) showed that plantation forest cover reduced the fraction of
rapid rainfall runoff, but that soils and geology were the main control. To the authors' knowledge the only example
of tracers being used in the modeling of nature‐based solutions is Neill et al. (2021), who used a tracer‐aided
ecohydrological model to study the effects of rewilding on landscape restoration.

In this study, and for the first time in NFM modeling, we explore: how an environmental tracer can constrain
uncertainty through a multi‐criteria calibration; and how the representation of NFM in models impacts the
assessment of effectiveness. To do this, we apply the widely used Dynamic TOPMODEL (Beven &
Freer, 2001)—which is one of the most frequently used hydrological models in NFM studies (Hill et al., 2023)—
to a well studied catchment in the Scottish Southern Uplands. The Eddleston Research Catchment is represen-
tative of many temperate upland areas combining grassland, forest and small scale agriculture (Spray et al., 2022).
We derive groundwater contribution to streamflow from alkalinity data and combine it with streamflow to
conduct a multi‐criteria calibration. Using the typical methodology in the literature (Hill et al., 2023), we then
apply an afforestation scenario to the calibrated model by altering the soil transmissivity. In doing so, we aim to
answer the following questions:

1. Does the tracer provide additional information during model calibration that we do not get from evaluating
flow alone?

2. How does our choice of speculative parameter shift from the literature affect our scenario predictions and
assessment of effectiveness?

3. Can the tracer reduce predictive uncertainty in the context of NFM?

By answering these questions we discuss how predictions of the impact of natural flood management in-
terventions such as tree‐planting can be improved, and the wider implications of reducing uncertainty in nu-
merical hydrological modeling by adapting distributed models to include better consideration of surface and sub
surface routing, calibrated with tracers.

2. Methods
2.1. Study Area

The EddlestonWater, a tributary of the River Tweed, is a 69 km2 catchment in the Scottish Southern Uplands, UK
(Figure 1). It is the site of one of the largest and longest‐running NFM studies in the UK. As such, a wide variety of
NFM measures have been implemented and monitored in the catchment, from storage ponds and woody debris
dams to river re‐meandering and native woodland planting (e.g., Costaz‐Puyou, 2022; Peskett et al., 2025; Spray
et al., 2022).

The Eddleston Water is typical of upland catchments within the UK. Topographic elevation varies between 160
and 600 m asl (Figure 1a). The main river valley and lower hillslopes are dominated by improved grassland and,
on higher ground, acid grassland is found in the east and coniferous plantation in the west, large areas of which
were felled during the study period (Figure 1b). Mean annual precipitation (2012–2022) is ∼1,080 mm, which
predominately falls as rainfall; monthly mean air temperatures are 3°C–13°C; and actual daily evapotranspiration
increases from 0.2 mm in winter to 2.5 mm in summer (Peskett et al., 2023).
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There is a strong association between soils and geology in the Eddleston catchment. Overlying the poorly
permeable glacial till of the western sub‐catchments (Figure 1c), there are extensive areas of poorly permeable
gley soils and peats. The subsurface thus provides little storage, resulting in flashy streamflows with rapid surface

Figure 1. Eddleston Water location map showing (a) topography, gauge locations and river network. (b) Land use simplified
and modified from NatureScot (2019) licensed under Open Government License v.3.0. (c) Superficial geology simplified
from Auton (2011) BGS © UKRI 2011. AWS, automatic weather station.
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runoff (Black et al., 2021; Peskett et al., 2021, 2023). Through the central valley of the catchment, however, more
freely draining brown soils are found, which allow recharge into the sands and gravels of the lower hillslopes and
floodplain. The east is dominated by brown earth soils with some peaty and mineral podzols on hilltops and non‐
calcareous gley soils along the tributaries. Superficial deposits are largely absent in the east with soils overlying
the low‐permeability bedrock, Silurian greywacke (Ó Dochartaigh et al., 2015; Graham et al., 2009). Contrary to
expectation, streamflows and hydrochemistry data from the eastern subcatchments indicate relatively high water
storage and groundwater fraction (48%), suggesting the bedrock is weathered and fractured and allows significant
groundwater flow (Peskett et al., 2023). The same behavior has been observed during storm events, for which
peak discharge is lower and recession rates slower in the east of the catchment (Black et al., 2021; Peskett
et al., 2021).

2.2. Hydrological Model

In this section, we describe the data inputs, set up and streamflow calibration of the hydrological model, including
modifications that were made to the model. The second stage of the calibration based on groundwater fraction is
described in the following Section 2.3.

2.2.1. Meteorological and Streamflow Data

Rainfall and meteorological variables for the calculation of evapotranspiration (ET) were obtained from an
automatic weather station in the center of the catchment (Figure 1a). Gaps in the rainfall data were infilled with
data from the two nearest rain gauges (Shiplaw Burn and SEPA Shiplaw, Figure 1a). The catchment has five rain
gauge sites relatively equally dispersed across the catchment and at differing altitudes. Rainfall is monitored using
both storage and Tipping Bucket Rain gauges at each of these sites. Rainfall data have been periodically quality
checked, with <10% between storage gauges and TBRs in cumulative totals at each of the sites (Peskett
et al., 2020). For comparison between sites, annual rainfall totals were compared—there is some variation be-
tween sites but this is not systematic. The standard deviation in annual totals between five rain gauge sites across
5 years of rainfall records including the time period of this study ranged from 2% to 9% of annual rainfall. Plots of
rainfall accumulation for the five sites for each event are shown in Supporting Information S1.

We used streamflow data from seven of the gauging stations shown in Figure 1a—Eddleston School and Middle
Longcote were excluded owing to high scatter in their rating curves, but were included in the tracer analysis (see
Section 2.3) (Figure 1a). The gauges are operated on the velocity–area principle. No weirs were built (a) on cost
grounds and (b) in keeping with the environmental ethos of the project. Typically flows are measured at eight
calibration check gaugings per year, including flood conditions where practical, in order to define ratings and
track changes which may arise from sediment movement and/or seasonal weed growth. Uncertainties in the flow
data may be marked during high‐flow episodes.

2.2.2. Hydrological Model Setup

The hydrological model DECIPHeR (Coxon et al., 2019), a version of Dynamic TOPMODEL (Beven &
Freer, 2001) and referred to herein simply as “Dynamic TOPMODEL,” was used to model the hydrology. As in
the original Dynamic TOPMODEL, areas with similar characteristics are grouped together as hydrological
response units (HRUs). For the Eddleston Water, we used superficial geology, land use and topography to define
the HRUs. Superficial geology, which is strongly linked to soils within the catchment, was simplified into three
classes: (a) low permeability superficial deposits, consisting primarily of glacial till; (b) medium to high
permeability superficial deposits, comprising glaciofluvial and alluvial sands and gravels as well as head deposits;
and (c) rock head, where superficial deposits are absent (i.e., white/blank in Figure 1c). Land use was derived
from the Scotland Land Cover Map (NatureScot, 2019) and simplified into six categories (Figure 1b): upland,
semi‐natural grassland, grassland, felled/young woodland, coniferous woodland, broadleaved woodland and
urban. Felled and young woodland were combined into a single category because they could not be differentiated
on satellite imagery or existed together (i.e., young woodland planted/naturally regenerating among felled
woodland). The land use classification was compared to another land cover map (CORINE, 2018) and satellite
imagery checked to see whether any plantations had been recently felled.

The hydrological model was run for a period of ∼10 years (March 2011–October 2021) at an hourly time step.
Rainfall was not applied directly to the model, but instead used to drive an interception model, which produced
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throughfall to the land surface. The interception model is based on that of Rutter et al. (1975), which calculates a
canopy water balance.We parameterized the model for different land uses according to Dunn andMackay (1995),
who applied the same model in a nearby catchment (River Tyne, NE England). The interception scheme and
parameterization are detailed in Text S1, Figure S1, and Table S1 in Supporting Information S1.

In Dynamic TOPMODEL, actual ET is calculated by multiplying potential ET by the fraction of saturation of the
root zone. We replaced this scheme with the CERF soil moisture accounting scheme (Griffiths et al., 2006), which
explicitly accounts for the soil and vegetation type. The model is based on the widely applied FAO method
(FAO, 1998) and is described in detail by Mansour et al. (2018) (see Tables S2 and S3 in Supporting
Information S1).

2.2.3. Flow Calibration

The hydrological model was first calibrated based on streamflows using a Monte Carlo approach. Dynamic
TOPMODEL includes seven parameters (Table 1), five of which were adjusted during calibration. The initial
storage in the root zone was set to the “readily available water” content (i.e., the moisture level below which the
vegetation will suffer water stress; FAO, 1998), but is insensitive to this parameter, as the first 2 years of the run
were discarded as model spin up. The maximum storage in the root zone was set through the soil moisture ac-
counting scheme (Section 2.2.2) to the difference between field capacity and wilting point (Table S3 in Sup-
porting Information S1). The remaining five parameters were treated as calibration parameters and calibrated
within a wide range used previously for UK catchments (Table 1; Coxon et al., 2019). As observational research
conducted in the catchment shows that soils and geology provide a much stronger control on flow dynamics than
land cover (Peskett et al., 2021, 2023), these five parameters were varied only according to the three classes of
superficial geology (see Section 2.2.2), giving a total of 15 model parameters.

Owing to the long run time (8 min), the calibration was split into two stages. (a) 162,000 (pseudo)randomly
generated parameter sets (Marsaglia & Zaman, 1987; with modification by James, 1988) were run through the
model for the period September 2018–December 2020. The first 2 years were discarded as spin up and the
performance of the model was assessed over the period August–December 2020. This acted as an initial
“screening” to remove parameter sets that were obviously producing poor streamflow estimates during a wet
period containing a number of peak flow events. (b) The parameter sets from stage 1 with a Kling‐Gupta (KGE)
efficiency >0.6 (13,195 models) were run for the entire period (March 2011–October 2021). In this second stage,
the first 2 years were again discarded as spin up and the five largest peak flows over the remaining period analyzed
(Table 2) as well as mean monthly flows. Although NFM is widely thought to be most effective for smaller events
(Dadson et al., 2017), we used the five largest flows as they were known to have caused some degree of flooding
in the settlements along the Eddleston Water. The return periods of these events were previously estimated by
others (JBA, 2020), but the uncertainty in these estimates is large because there is insufficient historical data
(Table 2). “Acceptable” models were identified as having a Nash Sutcliffe Efficiency (NSE) > 0.8 for all peaks
and an NSE > 0.8 for mean monthly flows at Kidston Mill. The NSE—rather than KGE—was used because we
were analyzing the performance of the peak, rather than a longer time series Selecting a value of NSE to represent
a threshold of model fit is necessarily arbitrary, however a value of 0.8 represents the case that the unexplained

Table 1
Dynamic TOPMODEL Model Parameters

Parameter (unit) Description Lower bound Upper bound

SRinit (m) Initial storage in root zone RAWa RAWa

SRmax (m) Maximum storage in root zone b b

SZM (m) Form of exponential decline in transmissivity with depth 0.001 0.15

Td (h/m) Unsaturated zone time delay 0.1 40

CHV (m/h) Channel routing velocity 100 4,000

Ln (T0) (ln(m
2/h–)) Lateral saturated transmissivity − 7 7

Smax (m) Maximum effective deficit of saturated zone 0.3 3
aSet to the “readily available water” (RAW) content, but the parameter is insensitive owing to 2‐year spin up. bSet according
to land use using the CERF soil moisture accounting scheme (see Table S3 in Supporting Information S1).
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variation is less than 20% of the total variation. We used only the Kidston Mill gauge for the calibration because it
is the experimental catchment outlet (Figure 1a), the location of many of the highest flow calibration gaugings and
also the location of the furthest downstream gran alkalinity measurements. We quote NSEs in Section 3 for all
gauges except Eddleston School and Middle Longcote, owing to very high scatter on their ratings curves
(Figure 1a). We used the generalized likelihood uncertainty estimation (GLUE) (Beven & Binley, 1992, 2014)
method to weight each of the acceptable models and define 90% confidence bounds.

2.3. Alkalinity Data and Groundwater Fraction

Alkalinity data in the form of acid neutralizing capacity (ANC) were available across the whole catchment at a 2‐
weekly resolution over a 2‐year period (May 2015–May 2017). The alkalinity data were used to estimate the
groundwater fraction in streamflow with a two‐component mixing model:

Fgw =
Ar − AS

Ar − Agw
=

Qgw
Qt

where Fgw is the groundwater fraction, Qt is streamflow,Qgw is groundwater contribution to streamflow, As is the
ANC of streamflow, Ar is the ANC of the surface runoff endmember and Agw is the ANC of the groundwater
endmember. The groundwater endmember was defined as the mean ANC of the five lowest flows in each sub‐
catchment for the period September 2015‐August 2016 based on weekly sampling conducted at this time; the
surface runoff endmember was defined as 0 µeq l− 1 given that this approximates the ANC in rainfall, and the soils
comprise generally acidic brown earths, peaty podzols and non‐calcareous gleys. Other endmember definitions
for surface runoff were explored as part of a previous study (Peskett et al., 2023), resulting in variations in
groundwater fraction estimates up to 25%, but all gave similar relative estimates between catchments. We
compared the estimated groundwater fraction with the groundwater fraction simulated by the hydrological model.
Splitting the observed streamflow into two distinct components, groundwater and surface water, clearly presents
some limitations, as, in reality, flow paths will likely be more complex than this and there are three components to
runoff generation in the model. In this version of Dynamic TOPMODEL, overland flow is comprised of pre-
cipitation and saturation excess flow (Figure 2). The main limitation is that the saturation excess component of
overland flow may well have mixed to some degree with the saturated store. Despite the potential for saturated
flow to become overland flow, the saturation excess flow is better described as surface runoff because it is
generated in impermeable areas, where the transmissivity is insufficient to allow the water to be routed through
the subsurface. Groundwater flow in the model occurs between neighboring HRUs and into the river channel and
is controlled by the average saturation deficit across the HRU, the mean slope of the HRU, and an exponentially
declining transmissivity with depth (Table 1, Figure 2; Coxon et al., 2019).

In this second phase of the multi‐criteria calibration, we extracted the modeled groundwater fraction of
streamflow at each gauge throughout the 2‐year monitoring period for the acceptable models from the flow
calibration (see Section 2.2.3). The root mean squared error (RMSE) between the modeled and estimated
groundwater fraction according to alkalinity were calculated. The acceptable models were subjectively selected as
those in which the RMSE at the catchment outlet, Kidston Mill, was below 25%. Although high, upon visual
inspection, this seemed an appropriate threshold for separating those simulations that were roughly correct from
those that were not.

Table 2
Flow Events Used in Model Calibration and Scenario Analysis

Event no. Date Peak flow at Kidston Mill (m3/s) Estimated return period (JBA, 2020)

1 December 2014 28.9 5

2 December 2015 32.0 5

3 November 2016 36.7 10

4 December 2020 32.9 5

5 October 2021 36.1 10
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2.4. NFM Scenario Parameterization

A recent systematic review (Hill et al., 2023) highlights Dynamic TOPMODEL as one of the most commonly
used models in assessing the impact of afforestation or land use change as an NFM intervention. Both in-
terventions are typically represented as changes in shallow transmissivity, overland flow velocity and Manning's
n, where the model is coupled with a hydraulic model. Here we concentrate on shifts to the parameters controlling
transmissivity because, in the version of Dynamic TOPMODEL used, overland flow is not routed along the
surface but instead added straight to the channel (Figure 2).

It is not straightforward to translate the effects of woodland planting into effective model parameter shifts in a
conceptual hydrological model, and, even where some local observation data are available, these shifts will al-
ways be somewhat speculative. Hankin et al. (2016) provide a short review of how woodland affects the
permeability of soils. They highlight three studies that show an increase in soil saturated conductivity of
1.81–3.40 times for deciduous trees versus grassland on gley soils and suggest this could be represented by a
1.5–3.5 factor increase in T0 in Dynamic TOPMODEL. This effect is lower than that recorded in other obser-
vational studies on different soil types across the globe (Table 6.6 in Hankin et al., 2016). It is also significantly
smaller than the 5− 8 factor increase in soil permeability measured by Archer et al. (2013) in the Eddleston
catchment between deciduous woodland and improved pasture on well drained brown soils. Brickell et al. (2024)
measured saturated hydraulic conductivity of both gley and brown soils in the Eddleston catchment on different
land uses and found permeabilities under both conifer plantation and rough grazing to be two orders of magnitude
higher than under improved grassland (40− 66 factor), which, although high, is not unheard of in the literature
(Table 6.6 in Hankin et al., 2016). The large variation between field experiments, sometimes even within the same
catchment, highlights the challenge in quantifying any change in soil permeability from woodland in a conceptual
model.

In addition to an increase in saturated transmissivity, it is thought that the rate of exponential decline in con-
ductivity (SZM or “m” in other versions of TOPMODEL) with depth is less steep underneath woodland. There is
some observational evidence for this, including from the Eddleston catchment, where Peskett et al. (2020)
attributed a lower water table under a forest strip to enhanced hydraulic conductivity in the soil and subsoils
compared with adjacent grassland. There are several examples from the UK in the literature where either SZM
and/or saturated transmissivity were enhanced to represent woodland planting. Ferguson and Fenner (2020) used
Dynamic TOPMODEL to simulate the impact of woodland planting and used factor increases of 1.5 for T0 and 1.2
for SZM. Coulthard et al. (2000) and Coulthard and Van De Wiel (2017) used TOPMODEL to simulate the
impact of tree planting, changing only the SZM parameter by as much as a factor of 4 between sparse and very

Figure 2. Description of the DECIPHeR version of Dynamic TOPMODEL (Coxon et al., 2019).

Water Resources Research 10.1029/2025WR041145

COLLINS ET AL. 8 of 18

 19447973, 2026, 5, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025W

R
041145 by B

ritish G
eological Survey, W

iley O
nline L

ibrary on [07/05/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



dense vegetation. Iacob et al. (2017) used a multiplication factor of 8 for soil
hydraulic conductivity to represent the impact of tree planting in Scotland;
however, they used the physically based WaSiM‐ETH model and thus
changed the vertical conductivity rather than horizontal conductivity, which is
modified in (Dynamic) TOPMODEL applications. Kingsbury‐Smith
et al. (2023) represented woodland planting in a slightly different version
of Dynamic TOPMODEL with a 1.5 factor increase in SZM and a 0.9
decrease in saturated hydraulic conductivity. Whereas the change in SZMwas

estimated from the literature, the scaling factor for conductivity was based on local measurements, albeit from soil
samples rather than in situ measurements. Finally, Hankin et al. (2021) studied two adjacent micro‐catchments
with similar gley soils (although with differing superficial geology), one of which was entirely rough grazing
and the other one‐third mature conifer plantation, with the remaining land use being felled/young woodland or
rough grazing. They calibrated the SZM parameter separately for two storm events, finding SZM to be 1.53 and
1.78 times higher for the micro‐catchment with woodland. They used SZM to encompass all changes between the
two micro‐catchments (i.e., no change in T0 or overland flow velocity). If we accept the assumption that this shift
in SZM is due to the land cover, rather than superficial geology, the effect appears quite large, especially as more
recent plantations appear to have much lower soil permeability than older, more natural forests (e.g., Archer
et al., 2013). A further issue with conifer plantations is that drainage ditches are often constructed to aid rapid tree
growth, which we would expect to promote rapid runoff. In the Eddleston catchment, Peskett et al. (2021)
detected only small reductions in rapid runoff from conifer plantations during storm events. Based on these
previous studies we test three different parameter sets to explore the uncertainty deriving from how these
parameter shifts are defined (Table 3). We use a single woodland planting scenario in which the entire catchment,
aside from urban areas, is converted to broadleaved woodland.

3. Results and Discussion
The first part of this section describes the calibration of the model and the value of the tracer data (research
question 1). In the second part, we explore the sensitivity of the model to how we define the parameter shift due to
NFM (research question 2); and we determine to what degree the multi‐criteria calibration has reduced the
predictive uncertainty of the scenario model (research question 3).

3.1. Model Calibration

3.1.1. Streamflow

Calibration of the hydrological model produced 200 “acceptable” model runs with an NSE > 0.8 for all peaks and
mean monthly flows at Kidston Mill. The models perform well at Kidston Mill, with median NSEs > 0.9 for
events 3 and 4 and >0.84 for events 1, 2, and 3, which are slightly underestimated (Figure 3). A summary of the
model performance at all gauges is given in Table 4 with the caveats given in Section 2.2.1 on the uncertainty in
these observed flows. Along the main stem (Figure 1a), the models perform well at Nether Kidston and Eddleston
Village, except for event 1 which is overpredicted at Eddleston Village (median NSE − 0.56). The most upstream
gauge on the main stem (Craigburn, catchment area ∼3.6 km2) is poorly simulated at both peak flows and mean
monthly flows (Table 4; Figure 1a). The poor performance of the model in this small subcatchment cannot solely
be attributed to uncertainty in observed flows, as the shape of the simulated hydrograph is also incorrect, with the
model producing a response that is too flashy. The subcatchment hosts a number of NFM
interventions—including river re‐meandering and flow restrictors—which have been shown to increase lag times
(Black et al., 2021), although these were mostly in place before event 1, which is well simulated. Alternatively,
given that the topography of the subcatchment is very flat, the model assumption that all overland flow reaches the
channel within a time step (1 hr) may be inappropriate in this part of the catchment (see Figure 2).

Cowieslinn, Shiplaw and Middle Burn are neighboring subcatchments to the west of the Eddleston Water with
similar superficial geology, topography and land cover (Figure 1). The model performs significantly better at
Shiplaw than at Cowieslinn or Middle Burn (Table 4), with simulated streamflows being consistently lower than
observations at Middle Burn and consistently higher than observations at Cowieslinn. The reasons for this are
likely manifold: from variations in rainfall (which has been applied uniformly across the catchment) and un-
certainty in observed flows to potentially the topographic boundaries not representing closed water balances

Table 3
Parameter Shift Sets Used to Represent the Impact of Woodland Planting on
Soil Permeability

Parameter Set 1 Set 2 Set 3

Ln (T0) 1.5 3.5 1.0

SZM 1.2 1.7 4.0
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(e.g., due to drains). For example, the observed flows at Middle Burn are also higher than rainfall inputs, which
can be seen by calculating the empirical runoff coefficients for the five events (1.3, 2.9, 1.0, 1.4, 1.8). Similar to
Craigburn, Middle Burn and Cowieslinn have been modified in recent years, with plantation woodland felling
occurring during the modeling period and the construction of NFM interventions, predominately before but also
during the modeling period. However, it is difficult to attribute the discrepancies in simulated versus observed
peak flows to these modifications, primarily because the discrepancies are too large, but also for other reasons.
For example, Middle Burn contains 35 channel flow restrictors, which should slow flow, but simulated flows are
far too high; plantation felling took place during the simulation period, but the disparity between modeled and
observed streamflow remains consistent for all of the peak flows (i.e., either too high or too low); and, in
Cowieslinn, native tree planting is too recent and the capacity of NFM storage ponds too small (Peskett

Figure 3. Simulated versus observed flow at Kidston Mill for the five events (Table 2) and mean monthly flows. The x‐axis
shows the time period.

Table 4
Median Nash Sutcliffe Efficiency (NSE) for the 200 Acceptable Models

Gauge Position in catchment

Median NSE

Event 1 Event 2 Event 3 Event 4 Event 5 Monthly flows

Kidston Mill Main stem 0.86 0.84 0.95 0.92 0.84 0.89

Nether Kidston 0.78 0.83 0.77 0.89 0.70 0.80

Eddleston Village − 0.56 0.80 0.72 0.83 0.79 0.86

Craigburn 0.68 − 2.6 − 2.9 − 2.7 − 3.9 0.57

Shiplaw Western tributary 0.53 0.68 − 0.39 0.53 0.62 0.88

Middle Burn 0.63 0.08 0.50 0.33 0.21 0.86

Cowieslinn − 1.9 − 3.3 − 6.6 − 3.1 − 0.26 0.69

Note. Gauge positions shown in Figure 1a.
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et al., 2025) to explain the overestimation of the model. Modeled mean monthly flows are reasonably consistent
with observations at all three subcatchments (Table 4).

3.1.2. Groundwater Contribution

The groundwater contribution to streamflow estimated from alkalinity data (see Section 2.3) was compared
against modeled baseflow for the 200 models deemed acceptable for their streamflow performance alone (Sec-
tion 3.1.1). Figures 4a and 4b shows RMSE and bias in these models for groundwater contribution. There are
models that perform well at each of the gauges except for Craigburn. Although these models produce accurate
simulations of streamflow, they differ substantially in terms of predicted groundwater contribution to total flow,
particularly for the gauges with the largest catchment areas on the main stem. There is no correlation between
streamflow performance (NSE) and groundwater contribution performance (RMSE) (r = 0.11 at Kidston Mill),
which shows that the alkalinity data are providing additional independent information that can be used to improve
model calibration and ultimately provide a better representation of all hydrological budget components. The
variation in model performance is illustrated in Figure 4d, which shows time series of groundwater contribution
for the best and worst performing models at Kidston Mill, the catchment outlet. It is clear from the figure that,
despite these two models meeting the calibration criteria for simulating peak flows and monthly mean flows, the
mechanisms for generating streamflow within the model are very different.

Figure 4. Groundwater representation of best models calibrated with streamflow alone (a) Root mean square error (RMSE)
and (b) bias between the groundwater (GW) contribution estimated from alkalinity data and baseflow. (c) Correlation matrix
for RMSE in GW contribution between different gauges for the 200 acceptable models. (d) Example plot for Kidston Mill
gauge of the best performing and worst performing model with respect to groundwater contribution which were
indistinguishable using streamflow calibration.
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In terms of bias, at the main stem gauges there is a tendency toward the models underestimating baseflow. This is
particularly apparent at Craigburn, which also showed a poor match of peak and mean monthly flows, with
simulated flows being too flashy (see Section 3.1.1). Model performance in terms of groundwater contribution is
on average worse along the main stem than in the tributaries (Figures 4a and 4b). This is in contrast to streamflow
performance, which is best at the outlet, Kidston Mill (Table 4). We can see from the correlation matrix
(Figure 4c) that the models that performwell at KidstonMill are also the best‐performing models at the other main
stem gauges, Craigburn and Eddleston Village, as well as at Middle Longcote, on the eastern tributary. These are
the gauges with the largest groundwater contributions. In the western tributaries, where flows are flashy due to
impermeable glacial till, there is little positive correlation with performance elsewhere in the catchment as well as
among the three tributaries, with only Cowieslinn and Shiplaw having a weak positive correlation (0.51). Middle
Burn is distinct from the other subcatchments in that it is the only gauge with a positive bias on average (i.e.,
simulated baseflow is too high) and a strong negative correlation with any of the other gauges—namely those
along the main stem (− 0.62 to − 0.92) and the eastern tributary (− 0.77) (Figure 4c). Middle Burn is the most
forested of the subcatchments (93%), although a large portion (71%) of that was felled over the study period. The
forest is coniferous plantation, and it could be that the drainage ditches constructed for the plantation are pro-
moting a higher proportion of surface runoff than would be expected based on the superficial geology.

Carrying out model calibration based on streamflow and percent groundwater contribution (as determined by
alkalinity measurement) versus on streamflow alone reduces the number of acceptable models from 200 to 18.

3.2. Evaluating Uncertainty

3.2.1. How Does the Choice of Speculative Parameter Shift Affect the Assessment of Effectiveness?

The impact of woodland planting can be assessed through changing model parameters controlling soil storage,
overland flow velocity and soil permeability. In a sensitivity analysis, we tested three different parameter
shifts—all within ranges found in the literature (see Section 2.4)—to see how these shifts affect the effectiveness
of woodland planting as an NFM measure. Figure 5 shows the impact of the woodland planting scenario for the
five largest peak flow events on record with the three different choices of parameter shifts (see Table 3).

Figure 5. Impact of broadscale woodland planting for five flood events at the catchment outlet, KidstonMill; x‐axis is the date
Parameter sets are given in Table 3.
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For all five events, limiting the decline in hydraulic conductivity with depth and/or increasing the saturated
transmissivity allows more water to infiltrate and flow through the saturated zone, leading to a less flashy
response to heavy rainfall. The scenario is extreme, converting all land cover to broadleaved woodland, and
therefore we see significant decreases in peak flows for most parameter sets and events. There is, however, a large
variation in the predicted reduction in peak flow across the three parameter sets: for example, the reduction in the
50th percentile is 12%–43%, 3%− 21%, 12%− 55%, 18%− 49%, and 24%− 60% for events 1− 5, respectively. These
variations would likely be enough to alter a decision as to whether a tree planting scheme was worthwhile and cost
effective or not. The uncertainty, defined as the difference between the 5th and 95th percentile, is large when
considering all three possible parameter sets together: 10.1, 9.5, 22.6, 17.4, and 15.8 m3/s for events 1− 5,
respectively (55%, 36%, 66%, 69%, 65% of median peak flow for the base case) (see Figure 5).

The uncertainty is lowest for event 2, which, while not the largest in terms of peak flow, is the largest event in
terms of total volume of water, with flows being persistently high for several days. This reflects the widely held
view (Dadson et al., 2017) that the impact of NFM measures reduces with the size of the event, as the catchment
becomes overwhelmed with the volume of rainfall. For example, a higher rate of infiltration into the saturated
zone may not be important if the saturated zone is full and the recharge is rejected. The model predicts the highest
reductions in peak flow for event 5, which is likely a result of the timing of the event in October, when the
broadleaved woodland still has its leaves and interception is high. The impact of season on the effectiveness of
broadleaved woodland in reducing peak flows was also noted in the review by Burgess‐Gamble et al. (2017). In
this study we focus on the uncertainty derived from choosing the shift in soil parameters. There is, however, also
significant uncertainty in how interception is parameterized (Page et al., 2020) and—perhaps to a lesser
extent—in how overland flow is affected by land use change. Therefore, our results likely underestimate the
uncertainty involved in modeling woodland planting as an NFM intervention.

3.2.2. Can Tracers Reduce Predictive Uncertainty in the Context of NFM?

Including the fraction of groundwater contribution to river flow as a calibration parameter results in a reduction in
predictive uncertainty for the woodland planting scenario. Figure 6 compares the predictive uncertainty for both
sets of acceptable models across the five highest peak flow events for the woodland planting scenario using the
most modest shift in parameters (parameter set 1, Table 3). Introducing the tracer into the calibration reduces
uncertainty at peak flow by 2.7 (39%), 0.37 (9%), 3.2 (29%), 1.7 (15%), and 2.7 m3/s (36%) for events 1− 5,
respectively. Although encouraging, these reductions in uncertainty are smaller than the uncertainties arising

Figure 6. Predictive uncertainty in streamflow for the woodland planting scenario with parameter set 1 (see Table 3) where
the acceptable models are selected based on streamflow and percent groundwater contribution performance versus on
streamflow alone. The x‐axis shows the time period.
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from how we represent woodland planting through parameter shifts (see
Section 3.2.1), suggesting efforts to improve NFM scenario modeling should
concentrate on how we represent NFM in models as much as on improving
the models themselves. While predictive uncertainty in peak flow is reduced
throughout the five events, we observe a large increase in predictive uncer-
tainty in the falling limb of event 1. This is because some of the models show a
very slow decline in the falling limb in event 1 and having a smaller number
of acceptable models means that outliers have a stronger influence on the 5th
and 95th percentiles of streamflow.

The models were calibrated not only to peak flows but also to mean monthly
flows. Figure 7 shows the empirical cumulative distribution function of mean
monthly flows over the entire simulation period for the woodland planting
scenario using the most modest shift in parameters (parameter set 1, Table 3).
It compares the 50th and 5− 95th percentiles based on the calibration with
streamflow and the tracer versus streamflow alone. For the highest ∼5% of
monthly flows, although the difference in 5 to 95th percentiles is narrower for
the multi‐criteria calibration, the 50th percentiles are largely consistent. Thus,
the multi‐criteria calibration does not lead to a prediction of greater or lesser
impact of the scenarios on the highest flows, but only a reduction in uncer-
tainty. However, Figure 7 (inset) shows that the lowest ∼40% (Q60) of pre-
dicted monthly flows are consistently lower with the multi‐criteria calibration

as well as uncertainty being reduced (by ∼50%). This suggests that better constraining of the groundwater
contribution to streamflow in hydrological models could have the largest impact in the study of low flows and
droughts.

3.2.3. Wider Implications of the Study

The study has provided convincing evidence of the reduction in uncertainty in partitioning of flow in hydrological
models which explore landcover change by including a second calibration data set. By evaluating the groundwater
fraction using a model independent variable—ANC, we have shown that many of the models that were physically
plausible and well calibrated using streamflow were giving the “right results for the wrong reasons” (Kirch-
ner, 2006). By choosing models that also gave a plausible representation of the groundwater component, un-
certainty was reduced by between upto 39% for woodland planting scenarios. Given the routine use of
hydrological models for assessing the economic benefits from natural flood management (Hill et al., 2023), this
reduction in uncertainty could be critical in deciding whether to proceed with a scheme and whether it was
economically viable (Vörösmarty et al., 2021). The results have implications for modeling all scenarios that
involve changes in landcover which essentially change the fraction of rainfall routed between surface and sub-
surface pathways. We did not aim to explore the value of alkalinity data in identifying better model structures or
quantifying model structural uncertainty. However, this would be a valuable topic of further research. The
application of alkalinity data could, for example, help to reject model structures within a framework for testing
models as hypotheses such as that outlined by Beven (2018).

The uncertainty introduced by the different approaches used to represent woodland within the model also has
wide ranging implications for uncertainty in catchment modeling. Given the lack of convincing direct evidence
for tree planting on flood reduction (Carrick et al., 2019; Stratford et al., 2017) numerical modeling is often relied
on to make predictions (Kay et al., 2019). However, the high sensitivity of results to how woodland is represented
is troubling, with uncertainty in flood peak magnitude varying by more than 50%. This strongly suggests that
more research is required to both gather evidence of the processes by which catchment tree‐planting impacts
flows and how these processes can be reliably incorporated in numerical models.

An interesting finding from the from the study was the improvements to the representation of low flows by using
ANC as a secondary calibration. This is of particular relevance to current Natural Flood Management research
where attention is beginning to grow on the potential for undesirable reductions in low flows due to Natural Flood
Management (van Meerveld and Seibert, 2025). The increased use of tracers, such as ANC, that help identify

Figure 7. Empirical cumulative distribution function (ecdf) of mean monthly
flows for the models calibrated only on streamflow versus on streamflow
and percent groundwater contribution. Mean monthly flows are across the
entire simulation period and for the woodland planting scenario using
parameter set 1 (Table 3).
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groundwater fractions could therefore prove helpful in developing models that are appropriate to explore impacts
at both high and low flows.

4. Conclusions
We built a hydrological model of a well‐monitored catchment typical of temperate uplands. A multi‐criteria
calibration was applied to the model: first on streamflow and then on groundwater contribution to streamflow,
which was estimated based on alkalinity (ANC) data. A broadscale woodland planting scenario was simulated by
applying parameter shifts to the calibrated model. To investigate uncertainty, a sensitivity analysis was conducted
whereby three different shifts representing enhanced soil permeability under woodland were applied, all within
the range of values used in the literature. Finally, we quantified the extent to which the multi‐criteria calibration
reduced predictive uncertainty in the woodland scenario versus a calibration based only on streamflow.

We found that model runs indistinguishable with respect to peak and mean monthly flows could vary significantly
in groundwater contribution to streamflow and how runoff is generated and routed. Therefore, including ANC
data in model calibration improved model robustness and reduced model uncertainty in the context of NFM.
Including ANC data also reduced predictive uncertainty, when applying the calibrated model to a woodland
planting scenario by upto 39%. Although the focus of the work was on peak flows, our results also indicate that
simple tracers such as alkalinity could be even more helpful when assessing low flows and droughts.

The three common assumptions we tested on how woodland planting alters soil properties significantly impacted
our assessment of how effective woodland is as a measure against flooding. This introduced uncertainty of
approximately 50% on peak flows.While we concentrate on woodland planting, the results are likely applicable to
other forms of land‐based NFM that aim to alter soil properties, such as changes to livestock or crop management.
Therefore, while tracers significantly reduced uncertainty in scenario analysis, the uncertainty is likely dominated
by how we choose to represent NFM in the model. This underlines the vital importance of long‐term monitoring
for improving the evidence for NFM, and process understanding to improve the representation of NFM in
catchment models.

Further research should focus on: (a) the use of secondary data sets for calibration, such as ANC, stable isotopes or
organic carbon reduction to reduce uncertainty at both high and low flows and choice of model structure; (b)
gathering systematic evidence for how woodland planting and other catchment NFM measures impact soil
permeability and partitioning between runoff and sub surface flow to improve representation in catchment
models.
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