0 water
]

Article

Multiscale Pollution Risk and Mitigation Modelling to Inform
Efficacy of Nature-Based Solutions

Barry Hankin *(0, Hannah Champion 1, Johan Strémqvist 2, Chris Burgess 3, Tom Newton 3, Sharon May 3,
Paul J. Smith 1, Peter J. Robinson !, Sarah Warren 1%, Nicola Wood !, Elizabeth Wood !, Penny J. Johnes *

and Andrew Binley °

W) Check for updates

Academic Editors: William Frederick
Ritte and Tzu-Yi Pai

Received: 30 January 2026

Revised: 19 March 2026

Accepted: 4 April 2026

Published: 10 April 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

1 JBA Consulting Ltd., 1 Broughton Park, Old Lane North, Skipton BD23 3FD, UK;
hannah.champion@jbaconsulting.com (H.C.)

2 SMHI, Folkborgsvigen 17, SE-601 76 Norrkoping, Sweden

Environment Agency, Agriculture, Risk & Evaluation Team, Exeter EX2 7LQ, UK;

tom.newton@environment-agency.gov.uk (T.N.)

4 School of Geographical Sciences, University of Bristol, Bristol BS8 1SS, UK

Lancaster Environment Centre, Lancaster University, Lancaster LA1 4AT, UK

*  Correspondence: barry.hankin@jbaconsulting.com

Abstract

There is increasing interest in delivering greater resilience to climate change through
integrated catchment management that includes Nature-based Solutions (NbS) such as
riparian buffer strips, tree-planting and wetlands. Governmental organisations also seek to
use water quality modelling to understand the mass of different pollutants avoided per
feature for appraisal of nutrient-neutrality purposes, but the assessment of efficacy is not
yet fully developed, nor is it clear what it implies at the catchment-scale. We introduce
three open, freely distributable models to help understanding efficacy and risk-reduction
of buffer-strips at the plot (JUMP), waterbody (Fieldmouse), and national (HYPE) scales to
help understand risk-reduction and help objectively quantify improvements in catchment
resilience. These approaches have been developed across a range of projects but are also
being investigated in more detail as part of the modelling element to the NERC Freshwater
Quality programme QUANTUM project. Here we report how the particle tracking model
predicts the need for very slow velocities, high loss rates or other processes to achieve buffer
strip efficacies in common use—slowing the flow alone is unlikely to achieve these results.
Upscaling these results to the catchment scale on the Yeo highlights another significant
concept, that of the need to define a catchment scale efficacy for a particular Nature-based
Solution, given the practicalities of implementation. We demonstrate how HYPE can be
used to target and model mitigations and permits both upscaling nationally and through-
time source apportionment to help identify when design efficacies may not be achieved
in practice.

Keywords: nature-based solutions; phosphorus modelling; HYPE; Fieldmouse; JUMP;
diffuse pollution

1. Introduction

According to the latest assessment undertaken in 2022, 84% of surface waterbodies in
England did not achieve good ecological status [1], with 55% failing to meet phosphorus
standards—widely acknowledged as a key driver of ecological impairment in freshwaters,
though other stressors including rapid extinction rate among freshwater species and the
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sensitivity of freshwater ecosystems to climate change, are also important in driving
declines in the ecological status of freshwaters [2-5]. Considering the source-pathway-
receptor transfer continuum for diffuse agricultural pollution [6], well targeted nature-
based solutions that reduce the source of excess nutrients or disrupt the pathways are
an important component of an integrated catchment management strategy to improve
ecological status. Here, we focus on riparian buffer strips with roughened up landscape
which are introduced between agricultural activities and the stream network, and for which
there is a large body of evidence documenting relative effectiveness in different settings [7].

This study examines the Yeo catchment in Somerset, where surveys from 2019 to
2022 consistently reported overall moderate ecological status and persistently poor status
based on phosphorus concentrations alone [8]. The principal cause identified is inadequate
agricultural and rural land nutrient management. The lack of improvement in this test
catchment mirrors national trends, prompting the investigation and implementation of
alternative mitigation strategies based on nature-based solutions, including retention ponds,
wetlands, and buffer strips. Recently, Natural England published a summary review of
efficacy rates (see supplementary note) for phosphorus reduction related to varying buffer
strip widths [7], which are now informing upcoming Nutrient Neutrality offsetting schemes.
Potential locations for different NbS types have been mapped and signposted in the UK'-?
and internationally®, and there have been recent advances in distributed modelling of their
pollution mitigation and efficacy.

The QUANTUM project,* funded under the NERC Understanding Changes in Quality
of UK Freshwaters Programme,” is currently evaluating these measures with respect to
their effectiveness against a wide spectrum of livestock-derived inputs including nutri-
ents, organic matter, pathogens, veterinary pharmaceuticals, and ecotoxins. This paper
focusses on phosphorus and demonstrates a pathway for later modelling and upscaling
findings from QUANTUM for other contaminants, using a suite of open, freely distributable
models—from a particle-tracking plot-scale model, JUMP, to a catchment scale systems
model, Fieldmouse, up to a national-scale unsteady, process-based water quality model,
CSF-HYPE [9]. JUMP and Fieldmouse are introduced for the first time.

Clearly, diffuse pollution processes operate across multiple spatial and temporal
scales, and no single model can represent the full set of hydrological pathways, decay and
transformation processes, and deployment constraints relevant to riparian buffer strips.
We adopt an ensemble-modelling framework integrating JUMP (plot-scale, event-driven
hydrodynamics), Fieldmouse (catchment-scale steady-state routing and risk mapping)
and CSF-HYPE (catchment-scale to national-scale, multi-source nutrient dynamics). This
approach follows best practice in diffuse-pollution modelling, where multi-model com-
parison or nested model ensembles are recommended [10]. By combining models with
complementary strengths, we can more robustly quantify the divergence between plot-scale
efficacy and feasible catchment-scale outcomes, assess sensitivity to temporal variability,
and upscale results to national typologies.

2. Aims

This paper reviews tools designed to leverage large open datasets and examines
whether calibrating pollution transport models at the plot scale can yield useful insights
at catchment and even national scales, given uncertainties in transport dynamics and
the complexity of integrating unsteady and geochemical processes with broadscale tools.
Upscaling from plot to catchment and catchment to regional or national also helps to
highlight the reduction in efficacy given constraints and opportunities for effective buffer
strips and a range of nature-based solutions (NbS).
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Each model’s dataset is described in the methodology and includes recent advances in
open data, such as the Environment Agency National 1 m LiDAR for topography, Sentinel-
based land cover data, and extensive hydrological and environmental sets for the EA
CSF-HYPE model. Figure 1 shows two plots, each with a 10 m and 40 m buffer between
source and minor watercourse.

At the time of writing the plot-scale calibration data for various contaminants were
not available, so an existing published efficacy for Total Phosphorus (TP) has been used as
calibration data by way of demonstration of the three modelling approaches, first at the
plot-scale and then at the waterbody scale (Fieldmouse and CSE-HYPE).

Natural England [7] summarise the literature on nutrient removal efficacy (i.e., percent-
age reduction in initial load at buffer edge reaching the watercourse) based on a literature
review for 10 m are as follows, with additional details provided in a supplementary note:
o TP=69%

e Nitrate = 56%

The review covers nitrate as the only nitrogen form, rather than all forms of nitrogen
(total nitrogen—TN), along with TP. Only TP is modelled here since agricultural-derived
phosphorus is highlighted as a key reason for the catchment not achieving good eco-
logical status. It should be noted that these removal rates are contested in the research
literature [11-13] and are strongly influenced by site conditions, environmental character,
and buffer zone design, including the nature and management of vegetation cover, the prior
use and contaminant-saturation status of the soils, and whether the buffer zone feature
effectively intersects with dominant flow pathways linking land to stream. The figures
here, therefore, are used here as an example of currently reported rates in the UK, rather
than an absolute rate likely to be representative of all site conditions.

They include the full width of the buffer strip, i.e., they do not ‘remove’ the efficacy of
the first 2 m which is undertaken in England when assuming that farmers are following
‘Farming Rules for Water’ [14]. If we do want to follow the Natural England approach and
‘remove’ the impact of the first 2 m, then Natural England [7] suggest the following for 2 m
width efficacy:

o TP =47%
e Nitrate = 46%

Meaning that the ‘residual’ efficacy figures, when ‘Farming Rules for Water’ [14] are
followed, for 10 m buffers are:

o TP=22%
e Nitrate = 10%
In this study, we compare with these residual rates to undertake a theoretical simula-

tion of the likely impacts of introducing buffer zones 10 m distance from the stream, on the
flux on livestock-derived phosphorus from land to stream.
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Figure 1. The test site at Rickford with two test plots: plot 1 (south and upstream) has a 40 m buffer;
plot 2 (north and downstream) has a 10 m buffer and is modelled here.

3. Methods

Here we introduce three open modelling tools to help understand the potential impact
of different nature-based solutions on phosphorus transfers from land to stream under UK
conditions, across different scales and time periods. These are the particle tracking model,
JUMP (v 0.9001), the source-pathway-receptor model, Fieldmouse (v7.5) and SMHI’s
unsteady, process-rich HYPE (v5.22) model [15] and its application to England called
CSF-HYPE [9,15]. We demonstrate the modelling approaches, how they can be calibrated
and explore techniques to explore implications for contaminant transfer to UK freshwaters
at the plot, catchment and regional or national scales.

The flow pathways and transport rates in JUMP have been conceptualised in the
same way as those in the steady-state Fieldmouse model to permit intercomparison and
upscaling from the plot-scale to the catchment scale. The pathways comprise a quick flow
(QF) and slow flow (SF) pathways, apportioned based on the local base flow index (BFI).
The CSF-HYPE model represents a more complex set of pathways in different surface
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soil layers although these can be grouped for comparisons. CSF-HYPE has been actively
updated with new data and refinements since 2018 with the purpose of evaluating the
effectiveness of UK Defra’s programme of catchment sensitive farming (CSF) [16].

3.1. JUMP

JUMP is a Lagrangian particle tracking model with conceptualised quick-flow /slow-
flow hydrological pathways having proportions based on an estimate of the local baseflow
index using open data. Particles are initiated in a source zone and undertake the random
walk/perturbation to emulate turbulent mixing on the surface, and random pathways in
the soil and macropores, with each adhering to a decay rate associated with contaminant
being represented. Here we focus on TP, permitting comparisons with the published
Natural England efficacy rates [7] reported in Section 2 (the model can also initiate particles
to emulate particulate and soluble phosphorus forms). Key assumptions on mean velocities,
slope and decay rates have been selected to allow comparison with Fieldmouse, the model
used to upscale findings from the plot scale to the catchment scale (or waterbody).

A large number of particles (ten thousand used here) representing unit mass of con-
taminant are initiated from an application area (e.g., where fertiliser is spread) and advected
based on the Mannings formula taking into account the local slope from an analysis of the
1 m Environment Agency LiDAR data, and roughness based on a look-up between broad
land-cover map, Living England [17]. The velocity, v, of a particle on the soil surface is

computed using Equation (1):
R2/3g1/2
= — M)

where R is the hydraulic radius, approximated as depth of overland flow during an event

[%
n

and set to a value of 0.01 m to yield typical overland flow velocities of the order 0.04 m/s
within a typical observed range from measurements across a range of vegetation types [18].
S is slope and 7 is the Mannings roughness, based on lookup tables, but typically set at
~0.03 for grassland [19]. This formula is used to be consistent with the systems-based
Fieldmouse model introduced in the next section. Particles are advected using Equation (2):

Seyar = St + fov, At + fo/ Dy /At ()

based on the steady-state velocity field from Equation (1), but including a random pertur-
bation to emulate turbulent diffusion. In Equation (2), S is a position vector based on X and
Y position of the particles at time t + Af; Dy is a fixed turbulent dispersion term (0.05 m?/s
quick-flow, and 0.01 m? /s for slow-flow), scaled a velocity scaling factor, f,, depending on
the pathway. f,, which is set at 1 for surface pathways and 0.01 for sub-surface or slow-flow
pathways. The same values are used in Fieldmouse conceptualisation.

The vector of particle positions is stored through time, and the particle mass, m;, is
also retained with decay based on a half-life, T} /,, using Equation (3):

Mmyyar = m2" /i 3)

This formulation is also used in Fieldmouse and is the main calibration parameter for
both JUMP and Fieldmouse.

A retardation factor can also be applied to the particle to emulate adsorption processes,
but this has been held at unity here for simplicity, so all the variation is in the half-life for
comparison with Fieldmouse.
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3.1.1. Inputs

Terrain data was prepared at the finest resolution available for JUMP of 1 m. This was
based on the Environment Agency LiDAR survey which compared well to a local survey
of the Rickford site. For compatibility with the Fieldmouse model, the LiDAR data was
used, albeit at the higher resolution of 1 m in JUMP and 10 m in Fieldmouse. A distributed
Mannings roughness grid was derived, based on the landcover in NE Living England
habitat map [19], which is derived from Sentinel Earth observations data, and here the site
comprised mainly grassland.

3.1.2. Assumptions

An overland flow depth of 0.01 m was used yielding overland velocities of ~0.01 m/s.

The ratio of quick-flow to slow-flow was set at 0.01. This could be determined from
additional modelling, e.g., using Richards’ equation, or from in-situ measurements, for
example, with monitored throughflow collectors.

Diffusivity—this was set at a small value to promote mixing to emulate turbulent
transfer over the micro-topography and change of course in soil structure, potentially
influenced by macro-pore and root systems.

3.1.3. Outputs

Breakthrough curves are obtained as the particles enter the line defining the water-
course. It should be noted that some particles for both baseline and scenario runs by-pass
the watercourse altogether due to the slope direction, estimated at 5% of the load applied
to plot 2 in Figure 1 based on the number of particles not reaching the boundary). The
breakthrough curves can then either be plotted using particle count (no decay) or by in-
tegrating the decayed mass to permit comparisons between different assumptions such
as the reduced velocities from increased vegetation in the buffer strip. Here the decayed
TP load used the calibrated half-life from the Fieldmouse simulation (5 days), although of
course this is a simplification of its speciation to permit comparison with empirical data.

3.2. Fieldmouse

Fieldmouse is a steady-state systems-based model designed to simulate the movement
of diffuse pollution at the field scale, tracing its journey across the physical landscape to
local watercourses. This approach facilitates the evaluation of measures to enhance farm
management practices and considers both topographical factors and conceptual pathways
for QF and SF to the river network and a downstream point of interest (POI). Developed
in collaboration with the Environment Agency since 2014, Fieldmouse has evolved into a
freely distributable QGIS python-plugin [20] supported through JBA’s R&D investment in
2022. The model is reported here for the first time providing details on the key assumptions.

For efficiency and sufficient spatial detail, Fieldmouse adopts a 10 m landscape res-
olution. Broadscale agricultural pollution loads, summarised from Farmscoper v5 [21]
(which uses 2019 land use and 1981-2010 climate data) are disaggregated using land-use
(Living England), climate (HadUK), and soil class data [22] via open-data classification at
operational water management catchment scale.

Landscape connectivity is mapped using geo-spatial hydrological processing, with
a DTM outlining connections between each pixel and river network, here based on the
Openrivers dataset, a topologically connected open dataset of the river network for Great
Britain [23]. Flows and pollution are routed through every network segment to a chosen
POI, such as a catchment outlet. The local flow is estimated based on the accumulation
of the distributed runoff which has been estimated based on the water balance method,
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and a global scaling parameter is applied to ensure the total at the outlet agrees with the
long-term mean gauged flow.

Surface transport rates are governed by slope and roughness, simulating land-phase
pathways and are scaled for slower sub-surface pathways, while pollution decay is mod-
elled according to travel time and user-defined half-life. Upon entering the river network,
empirical equations based on broadscale tracer-tests [24] determine transport rates in terms
of average velocities, with further decay calculated along the route to the POIL All model
data inputs and parameters are specified through a detailed, annotated spreadsheet which
provides a useful record of the locations of the complex spatial datasets.

After determining the decayed load at the POI, Fieldmouse performs ‘reverse’ calcula-
tions to apportion the POI load back to every pixel using new rasters. The initial processing
also generates a Time of Travel (ToT) raster, summarising cumulative travel time from
any pixel to the river network and along the network to the POIL. When combined with
user-specified loss rates for both land and river phases, this enables the decayed POI load
to be attributed back across the landscape, resulting in a spatial unit response function,
here called an importance raster. The importance raster quantifies the expected decay of
pollution from each pixel at the POI and assists in identifying areas to avoid for new diffuse
pollution inputs.

Multiplying the importance raster by a raster of pollution load (from disaggregation of
for example Farmscoper excess loads) yields a spatial estimate of the decayed contribution
from each pixel to the POI, known as the pollution risk raster. This tool is invaluable for
pinpointing locations where spatial interventions will be most effective. Targeted reduction
strategies, such as adjusting input loads on the highest-risk 10% of arable pixels, can be
readily assessed by recalculating expected reductions with the importance raster. Physical
landscape modifications, like introducing buffer strips, can be modelled as changes in
roughness, which impact both ToT and pollution losses, further refining the importance
raster. Collectively, use of these rasters permits the testing and optimisation of diffuse
pollution mitigation strategies.

3.2.1. Data Inputs

The river network was represented using the best available topologically correct open
data, identified as being the Openrivers [23] dataset and later refined. This was used
in combinations with the widely available Water Framework Directive (WFD) surface
waterbody polygon data to define the watershed. Distributed runoff was developed
against a finer set of watersheds within the waterbody using the water balance method and
dividing the quick-flow, slow-flow response using the Baseflow Index derived from local
NRFA sites using the UKFE R package [25]. The annual average distributed agricultural
diffuse excess nutrient loads are based on Farmscoper v5 upscale [21]. This was first
simulated for the wider water management catchment and then disaggregated based on
Natural England’s Living England landcover map derived from Sentinel for 2021 [19]. The
disaggregation was undertaken incorporating the landcover class, and five soil texture
classes (fine, medium, heavy, chalk and organic) based on British Geological Survey open
soil texture classes, and the climatology [22]. In addition to these spatial datasets, some
calibration parameters are provided by the user in the input spreadsheet—the key ones
being the land-phase half-life and a decay rate representing in-stream losses.

3.2.2. Pre-Processing and Forward Calculation

The Fieldmouse pre-processing tools are used to develop the key information required
by the transport calculation, including the network connectivity, stream order and stream-
slopes based on the DTM. The forward processing model is then set up with the required

https:/ /doi.org/10.3390/w18080906


https://doi.org/10.3390/w18080906

Water 2026, 18, 906

8 of 24

input datasets described above, with any unit conversions handled to ensure the outputs
are in SI units.

Flows and entrained substances are considered to follow two pathways in the same
way conceptualised for JUMP, i.e., quick flow and slow flow pathways. The quick flow
pathway corresponds approximately to direct surface runoff and fast sub-surface runoff
pathways in the upper soil layer. The slow flow pathway covers all deeper sub-surface and
groundwater flow pathways.

The overland velocity is based on the Mannings Equation (1), with a user-input
overland flow depth (set at 0.01 m as per JUMP) and the sub-surface transport is assumed
to follow the same pathways as the surface, but with a reduced velocity, here using the 0.01
factor and a proportion based on the baseflow index (BFI), as per the JUMP simulation.

The river network is made up of segments between confluences or nodes with at-
tributed topology (upstream-downstream connectivity). A given cell in the landscape can
only drain to one segment and for a given segment there will be zero or more cells that
drain to it. The collection of cells that drain to a given river segment form a sub-catchment
or watershed for that segment. The model therefore works with a series of river segment-
watershed pairs, and the river-segments are the finest resolution scale at which flows and
loads are computed.

Fieldmouse makes use of efficient in-built GIS hydrological processing tools (PCRaster
toolbox) which provide an integrated response at each river segment. It requires the user to
provide a 10 m resolution, sink-filled DTM to permit connectivity between each pixel and
the catchment outlet. Fieldmouse generates a flow direction grid (8-directional scheme) and
uses this to generate watersheds draining to every stream-segment such that every pixel is
indexed with the segment it will pass flow and pollutants to, via the hydrological pathway.
The pathways lengths from every pixel to the receiving stream segment are computed
using the hydrological pathway length (HPL) tool computing the most probable pathway
each pixel in a watershed is linked to its corresponding river segment.

The watershed tool is initially used to accumulate the distributed estimate of runoff
(QF and SF) reaching each river segment. These flows are then accumulated in a stream-
ordered calculation through the river network down to the outlet or a POI where there is a
flow gauge. Here the mean flow from a long term NRFA flow gauge (52017—Congresbury
Yeo at Iwood) is used to calibrate a catchment-wide runoff-scaling factor such that the
accumulated distributed runoff agrees with the long-term mean flow of 0.802 m3/s.

The HPL tool is used to derive a travel-time for each pixel by using an impedance-
weighting (1/velocity) to generate a cumulative travel-time grid from any pixel to asso-
ciated river segment to the POL Combined with a constant substance half-life and using
the same form of Equation (3), the decayed accumulated load reaching each river segment
is obtained highly efficiently. The total pollutant load entering a given river segment is
the sum of the contributions from each cell that drains into that segment—that is from the
watershed for that river segment.

Once the decayed accumulated load from each watershed reaches its associated river
segment, the calibrated accumulated runoff is used to estimate the local concentration, and
instream processing is undertaken. This follows a similar travel-time and decay approach
but is ordered from headwater to outlet as follows. Starting with stream-order 1 (SO 1) river
segments the decayed accumulated loads (from both pathways) are decayed assuming an
in-river travel time. This time the in-stream velocities are based on an empirical equation
developed from rhodamine tracer experiments across England [24] given by Equation (4):

b
V =864a [86%1] (4)
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where a = 0.671.59266; ) — 0.466; S is the slope; Q is the mean flow and 86.4 is a factor
required to convert into SI units.

Here slope (S) has been determined from the pre-processing tools and the change in
elevation, and the mean flow (Q) at that location, based on the accumulated runoff to that
river segment. Combined with the river segment length, the travel time for each segment
is estimated, and for loads arriving from the associated watercourse half the distance
is assumed.

The SO 1 travel time and decay losses are first computed, and the SO 2 computations
are undertaken- taking all contributing stream-order 1 decayed loads and flows and de-
caying these by the full travel time, plus the watershed contributions from the associated
SO 2 segments are accumulated and decayed assuming the half-river segment pathway.
This is repeated until the highest SO is reached and for each segment the flow, undecayed
load, decayed accumulated load to that point and resulting in-stream concentration are
computed for each pollutant.

3.3. HYPE

HYPE (HYdrological Predictions for the Environment) is a hydrological and wa-
ter quality model developed at the Swedish Meteorological and Hydrological Institute
(SMHI) [15]. The model is open-source and semi-distributed. HYPE is supported by a large
wiki and community of users, and working collaboratively with SMHI and the Environment
Agency, JBA helped to develop a new version to help evaluate the effectiveness of Catch-
ment Sensitive Farming (CSF) called CSF-HYPE [9]. The national CSF-HYPE for England
differs from the above models since it represents many more processes and incorporates
multiple sources of pollution, including continuous and intermittent sewage discharges,
septic tanks and some allowance for animal defecation directly into the watercourses.

3.3.1. Data Inputs

The HYPE model is driven by meteorological forcing data comprising daily catchment
averaged precipitation and air temperature time series based on the HadUK 1 km gridded,
long term record [26].

Point source discharge data (flows and concentrations) were based on Environment
Agency returns of treated effluent concentration and flows where available or consented
discharges where not monitored. Key flow abstractions were based on three Environment
Agency databases. Diffuse excess load data was based on EA data, which combines loss
coefficients derived from the same ADAS Farmscoper v5 model used by Fieldmouse, with
Defra land use data covering the period 2000-2021 and annual HADUK 1 km gridded
precipitation data [26]. Excess pollutant loads were aggregated and anonymised from
farm-level data into a monthly timeseries of average daily total excess pollutant load per
broad land use class within each CSE-HYPE Hydrological Response Unit (Defra License).

Flow calibration data was based on daily flows over the years 2000-2020 and across
777 NRFA flow gauges [27]. Water quality calibration was originally across 14,800 Water
Information Management System (WIMS) water quality sample points [28]. Spatial river
network and lake data are based on available Environment Agency datasets

3.3.2. Process Summary

The HYPE model begins by converting the forcing data inputs of rainfall and tempera-
ture into hydrological responses such as snowmelt, evapotranspiration, infiltration, and
runoff, which together determine how water enters and moves through the landscape. As
precipitation infiltrates the soil layers, the model simulates soil moisture dynamics, ground-
water fluctuations, macropore flow, tile drainage, and lateral flow, while simultaneously
tracking other nutrient pools (e.g., organic N/P, inorganic N species, soluble reactive P
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fractions) within each soil compartment. Water and associated nutrient loads from each
hydrological response unit (see below) then enter local streams and lakes, where the model
routes flows via conceptualised river attenuation routines and lake mixing processes, trans-
forming nutrients through processes such as mineralisation, settling, adsorption, and decay.
Nutrient dynamics in rivers and lakes are represented explicitly, with HYPE modelling
inorganic nitrogen, organic nitrogen, soluble reactive phosphorus, particulate phosphorus,
and sediment-nutrient interactions as they travel downstream, including transformations
within both the water column and benthic sediments. Finally, these flows and nutrient
concentrations are routed along the main river network toward the basin outlet, integrat-
ing contributions from upstream soils, tributaries, lakes, groundwater, and point sources,
enabling assessment of diffuse pollution, nutrient retention, and catchment-wide water
quality responses.

3.3.3. Soil-Land-Travel Band Classes

Unlike JUMP and Fieldmouse, CSF-HYPE is not fully distributed and relies upon
breaking the landscape down into soil-land classes (SLCs), sometimes called Hydrological
Response Units (HRUs), based on: 5 soil texture classes; 14 land-use classes; and 5 travel-
time bands (Figure 2). These generate runoff based on calibration of each soil-land use class
combination, and this is routed via a conceptualised local river network, before reaching
the main river network in which sedimentation, macrophyte uptake, and other processes
are represented.

14 Land Covers 5 Time of Travel horizons

Each catchment comprises
a combination of HRUs
with runoff characteristics
dependent on soils &
234 units with similar hydrological responses (HRUs) landcover

Figure 2. Composition of the soil-land-use-travel-time classes in CSF-HYPE. Nationally there are
5 soil texture classes, 14 land classes and 5 travel-time bands resulting in 330 possible classes. Unique
classes called hydrological response units (HRUs) with very small area were removed, resulting in
234 unique classes (given unique colour here) for which soil parameters were calibrated.

The travel-time bands were introduced in CSF-HYPE [9] to allow for some repre-
sentation of the effect of different hydrological pathway lengths for diffuse agricultural
sources of pollution depending on their distance from the stream network. This property
is not used in hydraulic parameter calibration and only influences pathway travel-time,
but they are made use of here to target higher risk areas with shorter travel times for soil
and land-use improvements, as opposed to explicitly representing buffer strips in the SLCs
which would require major reformulation of the model.
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4. Model Scenarios

The model scenarios have been set up with the aim of understanding the loss rates
(in terms of half-life) and velocities required to achieve widely reported nutrient removal
efficacies of different NbS, first at the Rickford plot scale, then at the Yeo catchment scale
and more widely across England. Here the focus is on TP since this has been a key chemical
resulting in failure of Good Ecological Status, but the approaches will be adapted for
other pollutants as data becomes available. JUMP and Fieldmouse simulations are both
dependent on calibrating an appropriate half-life for TP to yield the observed concentrations
at the nearest downstream EA water quality monitoring point since this represents the key
empirical evidence available.

4.1. Calibration of Half-Life

The Fieldmouse calibration takes a multi-step process, first ensuring a flow balance.
The first step comprises estimating a flow scaling factor by comparing integrated flow at
outlet to nearest flow gauge with long-term record (Congresbury Yeo at Iwood, Station
52017). For the study-catchment, a factor of 0.4 was required to scale the distributed runoff
to match the long-term average of 0.802 m?/s at this gauge and ensure the correct dilution.

Having attained a flow balance, the TP decay rates (land-phase and instream) were cal-
ibrated against the appropriate long-term average concentration at the closest downstream
site (E8101000) having a mean concentration 0.236 mg/L soluble phosphorus (SP) over most
recent stable period in data 2011-2020. Since the investigation only assesses diffuse sources,
this measurement has been adjusted to reflect the long-term average estimated agricultural
source apportionment of 40%, giving a target calibrated concentration of 0.094 mg/L for
SP, scaled to estimate TP by a factor used in national model of 1.11, yielding 0.104 mg/L.

The in-stream TP decay rate was set at 0.25 day !, which corresponds to a half-life of
2.8 days and is typical of the rates used in, for example, national SIMCAT modelling [29].
The land-phase half-life was then calibrated at 5.0 days to meet the target downstream
concentration within 3%. The same land-phase half-life was assumed for the particle loss
rate in JUMP for baseline and buffer-strip scenarios, with the latter represented using an
increased roughness within a 10 m buffer.

4.2. JUMP Simulations
JUMP Riparian Buffer Strip Scenario, J1

The riparian buffer strip scenario in JUMP simply increased the Mannings roughness
within the buffer strip area between plot 2 and the water’s edge in Figure 1, to slow the
quick flow, and proportionately, the scaled slow flow. This results in a longer travel time
and combined with the baseline half-life incurs increased decay. A comparison was made
between the peak concentrations in the breakthrough curves predicted by the baseline and
roughening-up scenario. In reality, other processes such as retardation and transformation
occur, but here the loss is a pure exponential decay with the calibrated half-life.

4.3. Fieldmouse Simulation
Fieldmouse Riparian Buffer Scenario F1

In combination with the calibrated half-life of 5.0 days, a riparian buffer strip spatial
scenario was developed (Figure 3). This can be set using the risk-grid output as a useful
form of prioritisation, but here all grassland was targeted that was not infrastructure, hard-
standing or woodland. Figure 3 shows the spatial strategy for the Yeo based on 10 m buffer
strips on grassland and improved grassland, comprising a total area of 52.9 ha, which
represents approximately 45% of the total length of watercourse using the Openrivers
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dataset. The reduction in the load at the outlet for this strategy was tested, varying only
the roughness within these defined buffer-strips to emulate establishment of vegetation.
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Figure 3. Fieldmouse catchment scale buffer scenario: 10 m buffer covering existing grassland and
arable land-uses—total area 52.9 ha.

4.4. CSF-HYPE Model Scenarios
4.4.1. Baseline HYPE Model Calibration

As a first step the Yeo sub-basin was split off the national CSF-HYPE model, and
the daily flow calibration was improved for flows over the national calibration, for the
simulated period 2000-2020 (Figure 4), yielding an NSE performance measure of 0.84, and
this was used with the existing national calibration parameters for the baseline simula-
tion with CSF-HYPE, to compare against a sustainable land management (SLM) scenario
described below.
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Figure 4. Refinement of flow calibration for Yeo (2000-2020) showing strong performance metrics.

4.4.2. HYPE Sustainable Land Management Scenario H1

A comparison is first made between the higher risk areas identified using the Field-
mouse risk-grid and areas targeted in this way for a reduction in agricultural load due to
Sustainable Land Management for shorter travel-time classes (Figure 5). The risk map is an
output from Fieldmouse and considers the distributed agricultural load (source) and the
connectivity in the landscape (pathway).

Qualitatively, the targeted areas in the shorter-travel time bands correspond with the
higher risk areas based on the Fieldmouse risk analysis and represent a useful strategy
at the catchment scale, although there are differences between the open-data loads used
in Fieldmouse and those in the CSF-HYPE model since this latter has access to higher
resolution, licensed data. The zones targeted for SLM here correspond to the short travel
time band; Improved Grassland or Arable; and Medium Soils

In the orange areas identified in rightmost image in Figure 5, a suitable TP reduction
scenario was required for which there have been numerous efficacy values published across
a range of SLM improvement types. In one meta-analysis paper [30], it was estimated that
riparian buffers can reduce TP loads by 30-85% depending on width and slope, while others
have reported an increase or no net decrease in TP loads under other circumstances [11,12].
The NE range used in this study falls within this range and suggests a 30 m buffer can
reduce fluxes to streams by up to 89% for TP, or 42% residual efficacy if we assume 2 m
buffers are already in place from adherence to Defra Farming Rules for Water [12].

For the purposes of this modelling experiment, we assume riparian buffer strips in
these identified zones will result in a 45% reduction in TP delivered to the water based
on the mean of the broad range in the literature. A direct comparison was then made
between the concentration and cumulative loads at the outlet of the catchment between this
reduced load scenario and the baseline model using the national calibration (CSF-HYPE
version 6.02).
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Figure 5. Fieldmouse risk grid and CSF-HYPE targeted areas for Sustainable Land Management
improvements in short travel time medium soils. TP ‘risk” is in units kg/ km?/ year.

4.4.3. HYPE Scenario H2: National Upscaling of Scenario H1

Finally, the above classes and 45% efficacy was rolled out in the national model to
understand the range of reductions possible across different catchments, typologies and
climates in England based on the existing national calibration.

5. Results
5.1. JUMP

The JUMP model was simulated using the same half-life for TP that was calibrated
using the Fieldmouse model (5.0 days), and the roughness was increased using a wide
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range of Mannings number until the breakthrough curve showed a reduction supported by
the published literature. It should be noted that the baseline roughness for grassland was
assumed to be n = 0.03, and extremely high values were used outside physically realistic
range to permit very slow velocities (Figure 6).

30

Baseline (n=0.03)
—— N5(n=0.1)

25 o N6(n=0.25)

& — — - N4(n=0.5)

-~~~ N7 (n=0.75)
—— N3 (n=5)

a —— N2 (n=20)

20

——NI1 (n=45)

Mass (units)

Figure 6. Breakthrough curves for baseline (short grass) and increased roughness scenarios within
10 m buffer strip.

The breakthrough curves shown in Figure 6 were smoothed using a moving window
of 60 s to reduce noise and avoid longer runtimes. Assuming good farming practice
is in place (Farming Rules for Water [14]), the N4 breakthrough curve yields a peak
polutograph concentration reduction of approximately 27.8%, requiring an increased
roughening up that is physically plausible for highly vegetated and complex terrain
(n=0.5 or velocity ~ 0.01 m/s). Assuming higher values of efficacy (such as no exist-
ing buffer), requires unrealistic roughening up greater than this (breakthrough curve N1;
velocity ~ 0.0001 m/s), although this current model does not consider factors such as re-
tardation due to bonding and transformation. As the window over which the efficacy is
computed is reduced to 2 min the efficacy in terms of ‘peak mass avoided’ reduced to 8.1%
and then 1% beyond 5 min for the same roughness (n = 0.5). It is important to consider the
implications, for instance, if the release of the particles represent an incidental rainfall event
following application of, for example, manure, much of this will reach the watercourse in
the current setup over time, but significantly reducing peak concentrations will be more
important for chemicals with more acute ecotoxicological impacts.

5.2. Fieldmouse

The calibrated baseline Fieldmouse model was next used to simulate and upscale the
catchment scale impact of 10 m buffers shown in Figure 2 in terms of TP reduction at the
outlet. The calibrated half-life the model was repeatedly simulated increasing the Mannings
roughness in all buffers to slow the flow and permit more time for losses across the buffer
strips. For a small, buffered portion of grassland headwater (unaffected by upstream loads),
Fieldmouse shows a 7.3% reduction in load arriving at the watercourse over a non-buffered
baseline when using the same change to roughness (n = 0.5) that were calibrated using
JUMP. Whilst JUMP yielded a 27.8% peak reduction, this reduced to 8.1% ‘peak mass
avoided’ when using time-averaging centred on the peak, and less when integrated over
the whole event.
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At the whole catchment scale, and measuring change at the catchment outlet, the
Fieldmouse model shows 5.0% reduction. This is in much part due to the reality of
feasible catchment-scale implementation of buffer strips (Figure 2), considering a realistic
spatial strategy resulted in 45% of the network length to be buffered, the distribution of
agricultural loads in the catchment. The concept of ‘catchment-scale” efficacy (for realistic
spatial strategies) could be very useful in combination with the notion of buffer-strip
efficacy for management purposes.

For catchment scale efficacies close to the plot scale, with feasible spatial strategies,
much greater increase in roughness and corresponding reduction in velocity would be
required -approximately 300-fold, as opposed to the 10-fold identified using JUMP to
achieve the types of efficacies (Figure 7), implying other processes are taking place.

® Reduction in Load (whole catchment)

o Reduction in load - Rickford headwater

0.0010 0.0100 0.1000 1.0000
Velocity (m/s) log scale

Figure 7. Outcome of Fieldmouse simulations showing reduction in load for the small, buffered
headwater (orange) and at the catchment outlet (blue) as a function of velocity reduction (log scale)
required.

Figure 7 also shows there is a marked kink in the efficacies for both a small headwater
catchment and at the catchment scale as slower velocities and higher travel times are
attained (<0.001 m/s). The figure also suggests that above this apparent threshold the
change in velocity over baseline does not make a significant difference. For a 10 m buffer,
the 0.001 m/s equates to a travel-time of approximately 2.8 h, or 2% of the calibrated
half-life (5 days).

5.3. CSF-HYPE
5.3.1. CSF-HYPE Scenario H1

For CSF-HYPE scenario H1, the long-term average cumulative load reduction as a
percentage of total load at the catchment scale was estimated to be 2.5% over the 20 years
of simulation (Figure 8). This equates to a larger reduction of 6.3% of the total load
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(considering point and diffuse sources), which is similar to what was observed with
Fieldmouse at the catchment scale in terms of reduction in diffuse load (5.0% reduction).
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Figure 8. CSF-HYPE predicted total load reduction at Yeo catchment per year (2000-2020) with SLM
improvements in higher risk areas.

Closer inspection of the targeted classes for excess load reduction for scenarios H1
highlighted that the two SLC-classes selected for modification (improved grassland OR
arable for travel-time band 1, and moderate soils) only receive a small proportion of the
total agricultural diffuse excess load based on the HYPE load files. The existing catchment
distribution of loads and the spatial strategy strongly influence the overall catchment scale
efficacy. Additional analysis including an analysis of through-time source-apportionment
was undertaken to explore this scenario more in the discussion.

5.3.2. CSF-HYPE National Upscaling Scenario H2

For national upscaling, the results are, of course, dependent on local soils and condi-
tions, the distribution of loads, feasibility, and a large range of assumptions need to be made.
Here the same SLM scenario on medium soils was rolled out nationally in Figure 9, high-
lighting the spatial variation in catchment-scale efficacy and overlaying QUANTUM spot
sampling sites highlighted in black. This demonstrates how catchment-scale experiments
can be upscaled nationally using the national CSF-HYPE model, which will permit an
understanding of how local field results may change depending on a range of typological
factors, intrinsic to the CSF-HYPE classes.
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Figure 9. Simulated annual average TP percentage (%) reductions (2000-2020) with soil and land
management targeting on medium soils, short travel times, and arable or improved grassland. Spot
samples have been take in the sub-catchments with black outlines.

6. Discussion

This article has sought to introduce three freely licensable models (JUMP, Fieldmouse
and HYPE, although CSF-HYPE has licensable data) with different complexities to sup-
port investigation of the efficacy of riparian buffer strips as a form of nature-based solu-
tion. The three models provide useful tools for multi-scale modelling and upscaling from
plot-catchment-national scales and highlight the need to discuss plot-scale and feasible-
catchment scale efficacy values, since buffers cannot be included everywhere in practice.
In summary:

https://doi.org/10.3390/w18080906


https://doi.org/10.3390/w18080906

Water 2026, 18, 906

19 of 24

JUMP shows only modest TP retention for realistic vegetation, with peak reductions
of ~28% but whole-event reductions of <8%. Using a calibrated TP half-life of 5 days, JUMP
required a substantial increase in roughness (to n = 0.5) to obtain a 27.8% reduction in peak
concentration for a 10 m buffer strip. However, when integrating over longer time periods,
the reduction fell to 1%, indicating limited mass removal except at the absolute peak.

Fieldmouse predicts far smaller catchment-scale TP reductions from the same buffer
strategy, i.e., only 5% at the outlet despite 45% of streams being buffered. A spatially
realistic 10 m buffer implementation covering 52.9 ha (=45% of stream length) reduced
total TP load at the catchment outlet by only 5.0% under steady-state conditions, even
when applying the same roughness increase (n = 0.5) used in the JUMP runs.

Direct comparison shows JUMP predicts approximately 4 times higher plot-scale peak
reductions than Fieldmouse achieves at catchment scale for the same hydraulic assumptions.
Under identical assumptions (10 m buffer; n = 0.5; TP half-life = 5 days):

e JUMP: 27.8% peak concentration reduction (plot scale), but much lower when
mass-integrated.

e Fieldmouse: 7.3% load reduction for a small-buffered headwater and 5.0% at the
catchment outlet.

This demonstrates how plot-scale hydraulic efficacy collapses when diluted by spatial
feasibility and upstream loading at catchment scale. Furthermore, achieving plot-scale
removal rates at catchment scale would require roughly 300-fold velocity reductions; it
is considered that this may have to be explained by other transformations or processes
that cannot be represented through a friction increase alone. Fieldmouse simulations also
show that matching high literature TP removal rates across the catchment (e.g., 70-90% for
10-30 m buffers) would require flow velocities of <0.001 m/s, equating to a 300 x reduction
from baseline—well beyond what vegetation roughness can generate. The model exhibits a
threshold where further velocity reduction provides little additional benefit.

National CSF-HYPE upscaling shows TP reductions of 0-23% depending on soils,
travel times and land use, but only ~6% is achievable in the Yeo under realistic target-
ing. Applying a 45% TP reduction in short travel-time, medium-soil agricultural classes
produced:

e  6.3% reduction in diffuse agricultural load in the Yeo,
o 2.5% reduction in total cumulative load over 20 years at the outlet,
e 0-23% reductions when applied across all English catchments in the national model.

The broader riparian buffer strip literature reinforces the central conclusion of Johnes
et al. [12] that nutrient-mitigation performance is governed by complex, spatially variable
hydrological and biogeochemical pathway interactions rather than by buffer presence
alone. Studies of riparian buffer strips show similarly high context-dependence: Cole
et al. [31] demonstrate that buffer efficacy is strongly modulated by vegetation structure,
soil saturation, hydrological connectivity and long-term nutrient loading, with saturated
buffers even switching from sinks to sources under certain conditions. Their review
emphasises that riparian buffers cannot be treated as simple end-of-pipe solutions and
must instead be embedded within catchment-scale management frameworks, as localised
retention rarely translates linearly to whole-catchment load reductions.

These conclusions are further reinforced by Stutter et al. [32], whose synthesis high-
lights persistent uncertainties around pollutant trapping mechanisms, strong seasonal
variability in retention processes, and the risk of over-generalising nominal trapping
efficiencies. They argue that assumptions about buffer functioning often ignore pathway-
specific behaviour, antecedent wetness conditions and legacy nutrient stores, and warn that
the apparent short-term retention observed in some studies may not translate to sustained
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long-term nutrient reduction. Stutter et al. therefore similarly call for moving beyond plot-
scale metrics toward a more process-explicit understanding of hydrological connectivity,
residence times and landscape configuration when assessing buffer strip efficacy.

These findings mirror the behaviour observed in our multi-model framework: JUMP
identifies only modest plot-scale retention except under unrealistically slow velocities;
Fieldmouse demonstrates substantial dilution of plot-scale gains when catchment con-
nectivity and feasible implementation extent are considered; and CSF-HYPE highlights
the dominance of hydrological regime and source distribution in determining net out-
comes. Together, these studies provide a strong, buffer-strip-specific basis for our argument
that effective mitigation requires explicit treatment of hydrological pathways, spatial
feasibility and catchment context rather than reliance on nominal plot-scale efficacy val-
ues [12,31]. Incorporating insights from Stutter et al. [32] further strengthens this argument
by demonstrating that without explicitly accounting for pathway-specific processes, sea-
sonal responses and landscape-scale connectivity, buffer strip performance is likely to be
over-estimated.

Each of the three models discussed here will be further developed to improve these
shortfalls in process representation and calibration, starting with calibration of JUMP to
represent different classes of pollutant behaviour (e.g., conservative, reactive). However,
one approach is also to interrogate the model through-time behaviour when considering
different sources of pollution, which is next described for HYPE.

Through Time Source Apportionment

The through-time event-driven or episodic transport of diffuse pollution can be further
enhanced with the use of a more sophisticated time-varying velocity field imported to
JUMP. However, since HYPE considers unsteady state, albeit with a daily time step, it has
been possible to develop new ways to help understand through-time source apportionment.
In this technique, the CSF-HYPE model was run repeatedly, sequentially switching off
loads from all sources apart from one at a time. Following this the superposition of the
polutographs (Figure 10) is in proportion to the instantaneous load since concentrations are
all computed under the same flow conditions.

Figure 10 shows that during higher flows (e.g., January to March for the year 2007) the
load from agriculture is typically a much greater proportion of the total load at the catch-
ment outlet than during low flow periods (e.g., April, May). This can also be identified in
the concentrations from each source plotted as a function of the flow exceedance percentile,
which reveals that at high flows (flow exceedance close to 0), the proportion of agricultural
load is close to 1.

This leads to an ability to explore the efficacy of measures to target diffuse loads in
more detail and at the catchment-scale, for instance integrating the peak mass of agricultural
diffuse load avoided per event. This permits the technique to be compared in more detail
with the JUMP outputs at the fine scale, providing a mechanism to improve the upscaling.
This temporal and flow dependant change to peak load will be key to understanding
long-term efficacies of nature-based solutions. Initial analysis of the effect of the plot scale
in the Yeo catchment is showing significant mobilisation in incidental events.
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Figure 10. Daily river flow and computed TP concentrations for source-apportionment runs (other
corresponds to other non-represented classes such as woodland, water, bare ground).

7. Conclusions

Three water quality transport models of different complexity and resolution have been
investigated for use in understanding and upscaling agricultural pollution transport, losses
and mitigation using buffer strips and more generalised soil and land use management
improvements. The three models include two models that are introduced for the first time
(JUMP, Fieldmouse) cover a range of tools aiming to understand and upscale the benefits
of nature-based solutions applied to TP as a precursor to modelling other agricultural
contaminant fluxes to freshwaters in the QUANTUM project:

e A conceptualised dual-pathway, particle-tracking model, JUMP, presented for the first
time, setup to investigate plot-scale buffer-strip experiments for agricultural pollution

e  The time-averaged systems-based transport model Fieldmouse, presented for the first
time, optimised to make use of large improvements high resolution open-data and
help with risk-based targeting of nature-based solutions

e The national process-based unsteady CSF-HYPE model setup to investigate the
effectiveness of the catchment sensitive farming programme in England by the

Environment Agency.

The Fieldmouse model was first set up and calibrated to long-term monitoring data
for TP, yielding a land-phase half-life of 5 days that could be used in both JUMP and
Fieldmouse. These models share the same Mannings-based estimate of velocity based
on slope and roughness. JUMP was then used to assess the roughness increase required
to achieve typical efficacy in terms of the change to breakthrough curves for a simulated
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pollution release event (27% for 10 m buffer based on peak reduction, or much smaller
when integrating the mass under the polutograph over a pollution event). Using the
catchment-scale Fieldmouse model, with a realistic spatial strategy for buffer strips along
45% of the modelled watercourse, the long-term (steady state) catchment-efficacy of 5%
was achieved for the whole Yeo. This introduces the notion of a catchment-scale efficacy,
for understanding of what key NbS could practically achieve at a management scale. This
considers the feasibility of constructing measures and the existing distribution of loads.
The Fieldmouse simulations highlighted that matching high literature TP removal rates
across the catchment (e.g., 70-90% for 10-30 m buffers) would require flow velocities
of <0.001 m/s, equating to a 300x reduction from baseline—well beyond what vegeta-
tion roughness can generate, and requiring more detailed transformation and retardation
processes to be accounted for.

The national calibrated CSF-HYPE model was setup with a risk-based prioritisation
of reduced loads applied to areas in the landscape comprising short travel-time band,
grassland or arable and medium soils for the Yeo. The model calibration was improved for
the Yeo and included more detailed processes and runoff pathways from three soil layers,
surface runoff and field drains were present. A load reduction scenario in the targeted
zones only met with on average approximately 6.3% of the diffuse agricultural load at
the catchment scale. The HYPE model can also be used to simulate the through-time
source apportionment, helping explore efficacy from more episodic pollution events. At
the national scale—targeting the same reductions across the same land-classes (short travel-
times, medium soils) an understanding of the impacts of catchment typology (climatology,
geology, soils) on the catchment scale efficacy is gained (0-23% catchment-scale efficacy).

Future applications of the modelling tools will explore in-stream loading of contam-
inants originating from livestock excreta (in various forms) using results emerging from
field experiments recently completed under the QUANTUM project to assign transport
coefficients for a range of different nutrient, organic matter, pathogen and ecotoxin con-
taminants. Ultimately, we wish to develop assessments of freshwater quality risk from
such sources and evaluate the likely efficacy of various mitigation strategies as these vary
according to site character, environmental conditions including hydrological function,
soil character and contaminant accumulation histories, as well as site management and
mitigation interventions.
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