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Summary

In this report we document work aimed at improving the quality of the representation of land
and rivers in multi-year, coupled atmosphere-land (UM-JULES) simulations over the British Isles.
The approach taken was to use standalone (uncoupled) simulations of JULES to investigate the
potential to improve the coupled system.

The use of alternative soil ancillary information, generated by using a data assimilation frame-
work and observations of soil moisture from the COSMOS-UK network to optimise the constants
in a pedotransfer function, was found to result in improved simulations by JULES of river flow in
a diverse sample of British rivers (as measured by standard statistics). The revised soil parameters
tended to increase the variability of the simulated river on short timescales, and reduce variabil-
ity on the annual timescale. In catchments with a large influence of slow baseflow the revised
parameters tended to give poorer simulations, with too much variability on short timescales.

A new representation of groundwater processes was implemented in JULES and applied, for
the first time, across Great Britain. This was shown to allow an influence of groundwater on near-
surface hydrology and fluxes over large parts of the country. Modelled river flows were more realistic
in many cases, though much of the improvement was due to differences in the representation of
runoff generation rather than the introduction of groundwater.

A more physically-complete parameterisation of river physics, using the local inertial equation,
was applied in a range of catchments, again for the first time. Simulated river flows were improved
in most cases.

The final section of this report offers a perspective on how terrestrial hydrology and its impacts
could be considered in the next generation of UK Climate Projections.

The work reported here has significantly improved our capability in several areas of land surface
modelling, to the extent that new developments could be tested in nationwide simulations of
JULES. In each area the results are encouraging and further development will continue in the
Hydro-JULES project.
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1 Introduction

The Regional Environmental Prediction Project is a Met O�ce R&I Strategy 
agship activity,
under the Seamless Environmental Prediction and Capturing Environmental Complexity themes,
to develop regional coupled prediction capabilities with the aim of improving predictions across
kilometre-scale atmosphere, land and marine components through more explicitly representing the
feedbacks and interactions in the environment.

The existing implementation of the regional coupled system over the British Isles includes
the coupling between hydrology and ocean in season-length runs. Although successful, this �rst
demonstrator needs further improvements in the quality of the river out
ow into the ocean. Devel-
opments underway will also lead to prototype climate runs with a regional atmosphere-land-ocean
coupled system, which do not currently include river hydrology.

The Hydro-JULES project is a NERC-funded research programme with a wide range of activi-
ties across the terrestrial water cycle, to underpin hydrological research in the UK. Hydro-JULES
is delivered by UKCEH in partnership with BGS and NCAS. Included in the project are several
developments to the JULES land surface model.

This report summarises work at UKCEH aimed at improving the quality of the representation of
land and rivers in multi-year, coupled atmosphere-land (UM-JULES) simulations over the British
Isles. Key developments to JULES from Hydro-JULES are considered. The approach taken was
to use standalone (uncoupled) simulations of JULES to investigate the potential to improve the
coupled REP system. Ultimately this work can inform the design of the next generation of products
from UK Climate Projections (hereinafter UKCPnext).

Speci�cally in this project we:

ˆ Generated alternative soil ancillary (characteristic) data and assessed the impact on modelled
hydrology

ˆ Introduced a representation of groundwater processes

ˆ Investigated the use of a more physically-complete representation of river 
ow and inundation

ˆ Considered how hydrological impacts should be included in UKCPnext.

2 JULES con�guration, data, and codes

2.1 JULES con�gurations

The Joint UK Land Environment Simulator (JULES) is described in Best et al. (2011) and Clark
et al. (2011), while descriptions of many recent developments can be found on the JULES website.

In this work we created JULES con�gurations and suites based on RAL3M (as implemented
in suite mi-bc095). The RAL3M con�guration is a recent update on the Regional Atmosphere
and Land con�guration RAL1 (Bush et al., 2020). The grid used is a variable-resolution rotated
pole grid; the JULES simulations described below considered the central constant-resolution part
of the domain in which the resolution is approximately 2.2km. This constant-resolution grid has
size 532 x 654, and is referred to as the REP grid below. In terms of land hydrology, RAL3M uses
a TOPMODEL-based parameterisation of runo� generation.

The branches of JULES that were used and suites are referenced in each section below, but
a common starting point was the JULES branch vn6.2daily and the JULES suite u-ci969. This
JULES branch is based on vn6.2 with a development from this project to make it easier to specify
daily input �les (daily templating, which was subsequently adopted for vn6.3).

Arguably the largest di�erences between the UM and JULES runs concern the timestep length
and the, inevitably, di�erent ways in which near-surface meteorology are represented. The UM
used a timestep of 60 s, whereas JULES was run with a timestep of 1800 s. This longer JULES
timestep length was used largely because of the limitation already present through the use of hourly
precipitation data; there would likely be little bene�t in using a shorter timestep with the same
input data. By contrast, there is likely to be signi�cant variability of precipitation in the UM
on timescales shorter than one hour, which will a�ect the simulation of surface 
uxes (including
runo�). The in
uence of such di�erences in setup between the UM and JULES are assessed in
Section 2.5 below.

3

https://www.ceh.ac.uk/hydrojules
https://www.metoffice.gov.uk/research/approach/collaboration/ukcp
https://jules.jchmr.org/content/publications-0
https://code.metoffice.gov.uk/trac/jules/browser/main/branches/dev/douglasclark/vn6.2_daily?rev=21697
https://code.metoffice.gov.uk/trac/roses-u/browser/c/i/9/6/9/trunk


2.2 UM data

We were provided with ancillary �les for RAL3M that were used with UM suite mi-bc095, an
initial state �le derived from the UM, and meteorological and hydrological outputs for 2012{2017
were available via MASS.

Table 1 lists the variables retrieved and the available frequencies. PP �les were converted
to netCDF �les suitable for use with JULES using the iris python library. Two sets of driving
data were created: meteorological to drive the full JULES model and hydrological to drive a river
routing only version of JULES. To create a driving dataset with hourly values, where a variable
was only available as 3-hourly, data the values were repeated for each of the 3 hours.

Variable Frequency STASH code Stream
Shortwave 3hr 1235 apd.pp
Longwave 3hr 2207 apd.pp
Rainfall 1hr 4203 apq.pp
Snowfall 1hr 4204 apq.pp
Temperature at 1.5m 3hr 3236 apd.pp
Wind components at 10m 1hr 3225 (u), 3226 (v) apd.pp
Surface pressure 3hr 0409 apd.pp
Speci�c humidity at 1.5m 3hr 3237 apd.pp
Surface runo� 3hr 8234 apd.pp
Subsurface runo� 3hr 8235 apd.pp

Table 1: UM variables retrieved from MASS.

River routing ancillary data and code

The river ancillary data used in this work are essentially those of Davies et al. (2022), with minor
modi�cations and reformatting to allow their use with JULES. Those are 1km data on a grid that
is essentially that of the CHESS OSGB dataset (albeit over a larger domain). JULES cannot
currently regrid runo� from the REP grid to the 1km OSGB grid, hence we had to identify an
alternative approach. Initially we tried to use UniFHy (Hallouin et al. (2021); this is the modelling
framework being developed in the Hydro-JULES project) but that is also currently unable to
support this combination of grids. In the end we used a preprocessing stage to regrid the runo�
�elds (produced by JULES at 2.2km) and then used a 'rivers only' branch of JULES to perform
the routing. Surface and sub-surface runo� outputs from the UM or JULES were regridded to this
1km using IRIS functionality.

The rivers-only branch (r21857 cama
ood) is the latest in a line of branches that allow simu-
lations in which only river routing is active, driven by runo� �elds. (This is similar to the rivers
executable recently introduced to JULES by ticket 1084 development.) This branch was used to
route 
ows using RFM; a separate branch was used for CaMa-Flood (see later).

The River Flow Model (RFM) implements a �nite di�erence solution to the 1-D kinematic
wave equation - see Appendix B of Lewis et al. (2018). The parameter values used with RFM
were chosen to match those used in previous work by the Met O�ce (see Table C3 of Lewis et al.
(2018)) and are listed in Table 2.

Parameter Value
a thresh 13.0
cland 0.4
criver 0.5
cbland 0.05
cbriver 0.05
retr 0.005
retl 0.005

Table 2: Parameter values for RFM.
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2.3 Measured 
ow amounts

We used daily 
ow data from the National River Flow Archive (NRFA). The bulk of our analysis
was based on the 191 stations in Great Britain that were selected by the eFLaG project (Han-
naford et al., 2022) on the basis of o�ering national-scale representivity (of climate and catchment
characteristics such as soils), spatial distribution, and a balance of 'near-natural' and disturbed
catchments (80 of the catchments are also included in the near-natural Benchmark compilation of
Harrigan et al. (2017). The locations covered are shown in Fig.3a of Hannaford et al. (2022). For
each station the most appropriate location on the model river grid for comparison was chosen by
starting at the declared station location and considering neighbouring locations that best matched
the declared catchment area.

Where a smaller number of stations is used for illustration, and for compatibility with previous
work, we also make use of the 13 catchments of Mart��nez-de la Torre et al. (2019), some of which are
not in the eFLaG dataset. These catchments and some basic characteristics are listed in Table 3.
On occasions a subset of 11 was used, excluding stations 27304 and 54001 (which are upstream of
27009 and 54057 respectively).

Gauge number Gauge name BFI Area km 2

12002 Dee at Park 0.53 1844
15006 Tay at Ballathie 0.65 4587
27009 Ouse at Skelton 0.45 3315
27034 Ure at Kilgram Bridge 0.32 510
27041 Derwent at Buttercrambe 0.70 1586
39001 Thames at Kingston 0.63 9948
39081 Ock at Abingdon 0.65 234
43012 Avon at Knap Mill 0.86 1706
47001 Tamar at Gunnislake 0.46 917
54001 Severn at Bewdley 0.53 4325
54057 Severn at Haw Bridge 0.57 9895
71001 Ribble at Samlesbury 0.34 1145
84013 Clyde at Daldowie 0.46 1903.1

Table 3: Gauge numbers, names, Base
ow Index and catchment area reported in the NRFA for
the 13 catchments selected by Mart��nez-de la Torre et al. (2019).

2.4 Calculation of river 
ow metrics

We considered various existing codes for the comparison of observed and measured river 
ows
before concluding that we would develop a new program. This new evaluation code uses the
hydroeval API for Python (Hallouin, 2021) which gives access to a suite of evaluation metrics,
including Nash-Sutcli�e E�ciency and the Original Kling-Gupta E�ciency. The Base Flow Index
(BFI) was also generated using a methodology from Gustard et al. (1992). Times with missing data
within the observation set were removed from the modelled data before metrics were calculated. In
addition to calculating metrics for each station, the code calculates and plots summary statistics
for the dataset as a whole, and plots hydrographs for each station. This tool has a good level of
functionality and has improved our capability to analyse modelled river 
ows (in particular with
NRFA data), but it is our expectation that it will continue to be developed (e.g. through the
Hydro-JULES project) to provide enhanced capability in future.

2.5 Comparison of results from JULES and the UM

In this section we test the assumption that runs of standalone JULES o�er insight into the perfor-
mance of JULES in coupled mode. We compare diagnostics from the UM (suite mi-bc095) with
corresponding outputs from standalone JULES (suite u-ck812).

Figure 1 shows surface and subsurface runo� from the UM and JULES for a day in the middle
of each month. There is no systematic increase in the di�erence between these as the simulation
time increases, i.e. no observable drift through the simulation period.

Figure 1b shows that the di�erences in subsurface runo� are very small; Fig. 1a shows relatively
larger di�erences between the modelled surface runo� �elds. This may be a consequence of the
di�erent timesteps used in the models, and in particular the di�erences in rainfall intensity that
might be expected between the 60 s timestep of the UM and the hourly meteorological data that
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are used to drive JULES. This level of similarity seen in domain-average 
uxes was generally also
seen in spatial patterns and time series at selected points { UM and JULES results tended to be
similar but not identical.

(a) surface runo� (b) subsurface runo�

Figure 1: Comparison of domain-averaged surface and sub-surface runo�s for UM and JULES
standalone runs. Values on the x-axis correspond to number of months through the simulation.

We also compared modelled river 
ows, which provide a measure integrated over the catchment.
River routing was not active in the UM run and to calculate river 
ow we used UM daily runo�
�elds as input to a rivers-only con�guration of JULES that used the RFM parameterisation (see
Section 2.2). Figure 2 shows the calculated daily 
ows for JULES against the equivalent UM
outputs for the catchments used in Mart��nez-de la Torre et al. (2019) and described in table 3. In
general there is a reasonable level of agreement between the models.

Figure 2: Daily 
ow values for default JULES runs plotted against daily 
ow values for routed
UM 
ow outputs.

Figure 3 shows the correlation coe�cient (r ) for UM and JULES river
ow outputs compared
to observations in 191 catchments. The correlation coe�cient for the UM is lower in almost all
catchments - possibly re
ecting a timing mismatch. Note also that NRFA daily 
ows generally
refer to the 24-hour period ending at 09H GMT each day (or 00H GMT at a minority of stations),
whereas both UM and JULES outputs are averages ending at 00H GMT. This will a�ect the
calculated statistics, more so in smaller catchments. Overall JULES and the UM show similar
values for r in many catchments, though JULES does seem to perform better than the UM in
catchments with large BFI { possibly relating to increased surface runo� generated by higher
rainfall intensities in the UM.

In this section we have established that the runo� �elds from simulations of JULES, forced
by UM meteorology, look broadly similar to those from the UM when similar con�gurations and
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Figure 3: Correlation coe�cients between JULES (blue) and UM (orange) stream
ow measure-
ments vs NRFA observations for 191 catchments.

ancillary �les are used. We conclude that the standalone con�guration would appear to be correct,
and that standalone JULES can indeed provide insight into the behaviour of the land surface in
the coupled model.

3 Alternative soil ancillary data

3.1 Introduction to soil ancillary work

Work within the Met O�ce (e.g. presentation by Chris Short, Uni�ed Model User Workshop,
June 2021) and in Hydro-JULES (Pinnington et al., 2021; Cooper et al., 2021) has shown that
JULES soil ancillary data can have an important impact on atmospheric and land states. Here we
describe three di�erent soil ancillary �les and compare the impacts of using them in standalone
JULES runs which closely match the RAL3 MetO�ce con�guration. Soil ancillaries contain the soil
physics parameters necessary for JULES to represent soil hydraulics processes. These soil physics
parameters are generated for each model grid cell using an underlying soil texture database and a
set of pedotransfer functions (PTF). In this work we use the Brooks and Corey option in JULES
for soil hydraulic processes, and we use the Cosby PTF (Cosby et al., 1984), although there are a
large number of alternative options as in, e.g. Marthews et al. (2014) and T�oth et al. (2015). The
three soil ancillary �les we compare are:

ˆ Default (as provided by UKMO); uses Harmonised World Soil Database (HWSD) soil texture
data (Database) and standard Cosby PTF)

ˆ SoilGrids; uses SoilGrids topsoil texture data (Hengl et al., 2017) and standard Cosby PTF

ˆ Optimised uses HWSD soil texture data and a modi�ed Cosby PTF in which the standard
PTF constants have been optimised using COSMOS-UK soil moisture data (Stanley et al.,
2021) and techniques from Pinnington et al. (2021) and Cooper et al. (2021).

The soil ancillary options are described further in the next section, while in Section 3.3 we
compare the impact of the di�erent ancillaries on various aspects of JULES.

3.2 Alternative soil ancillary data

Default soil ancillary �le

This �le is the soil data ancillary provided by the Met O�ce. It is based on HWSD soil textures
and the standard Cosby PTF.
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SoilGrids soil ancillary �le

This �le uses the SoilGrids 250m soil texture data (Hengl et al., 2017) regridded to the REP
rotated pole grid (UKCP grid). This texture data is used in a standard Cobsy PTF to generate
the soil physics values in the ancillary �le. The SoilGrids textures are more smoothly varying than
the HWSD equivalent over the GB domain; Fig. 4 shows the percentages of sand per grid in the
HWSD database (LH column), SoilGrids database (middle column) and the di�erence between the
two (RH column).

Figure 4: Topsoil sand fractions for hwsd and soilgrid databases.

Optimised HWSD ancillary �le

For this ancillary �le we used HWSD soil textures. We used the lavendar data assimilation frame-
work (Pinnington, 2021; Pinnington et al., 2020) and soil moisture observations from the COSMOS-
UK network to optimise the constants in the Cosby PTF, following the approach in Cooper et al.
(2021). We used daily soil moisture observations from 16 COSMOS-UK sites throughout 2017 in
the data assimilation algorithm. The corresponding 2017 JULES runs were driven with observed
meteorology from each COSMOS-UK met station. It would have been preferable to do the opti-
misation runs over the period of interest (2007 - 2012) but the COSMOS-UK network only began
operating in 2014.

Figure 5 shows soil moisture time series at the 16 sites used in this study for 2017 and 2018.
The plots show that at all sites RAL-JULES is able to better match the soil moisture observations
(pink dots) after data assimilation (posterior runs; yellow line) than before data assimilation (prior
runs; blue line). Note that all of the observations in 2017 are used to optimise the PTF constants;
these PTF constant values are then used at all sites.

8



Figure 5: Soil moisture time series at 16 COSMOS-UK sites used in study. Pink dots are COSMOS
observations, blue lines are initial RAL-JULES soil moisture outputs, yellow lines are RAL-JULES
outputs after data assimilation

Figure 6: Kling-Gupta e�ciency metric and components for the timeseries shown in Fig. 5. The
ideal value of KGE, R, alpha and beta is 1; this is shown on each plot with a dotted line.
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Figure 6 shows Kling-Gupta E�ciency (KGE) metrics for the times series shown in Fig. 5. As
in previous work, optimisation of the constants in the Cosby PTF leads to larger KGE values,
representing a better �t to the soil moisture observations at all 16 sites. Figure 6 also shows that
in agreement with previous work, the correlation coe�cient, r, is not greatly impacted by the
optimisation. The posterior value of beta is closer to the ideal value of 1 than the prior value at
the majority of sites; this represents a decrease in bias between the model and the observations.
The largest improvement following optimisation is in the alpha component of the KGE. The alpha
component represents how well the spread in the model matches the spread in the observations and
the optimisation acts to increase the spread in the JULES soil moisture outputs to better match
the observations.

3.2.1 Comparison of ancillary �les

Default (HWSD) and SoilGrids �les

Figure 7 shows theb soil physics parameter plotted over the REP domain for the default soil
ancillary �le (HWSD) and the SoilGrids ancillary (SG). Figure 7 illustrates the fact that the
smoother soil textures in the SoilGrids database result in more smoothly varying soil physics
parameter �les over the domain. Figure 7 shows that the SoilGrids values for theb parameter
have a narrower range than those generated using the HWSD soil textures, with nob values at the
higher end of the HWSD range.

Figure 7: Soil physicsb parameter plotted over the REP domain for the default (HWSD) runs, the
SoilGrids (SG) runs, and the di�erence between them. The spatially smoother SoilGrids texture
�elds lead to smoother soil physics parameter variations.

Figure 8 shows histogram plots of the soil physics parameters used in the default runs (blue)
and the SoilGrids runs (orange).

Default and optimised HWSD ancils

Figure 9 shows histogram plots of the soil physics parameters used in the default runs (blue) and the
optimised runs (orange). Figure 9 shows that the range of values for b and satcon is very much nar-
rower in the optimised ancils; we also see that the satcon values are generally smaller and thesmsat

values are much bigger. These changes acts to allow the soil to become wetter at saturation, and
slow down the movement of https://www.overleaf.com/project/62345be93929e26f74a7b937water
through the soil.

3.3 Impact of alternative soil ancillary data

3.3.1 Heat 
uxes

The di�erent soil ancillary �les produce di�erent values of soil moisture, and this in
uences the
pattern of latent and sensible heat 
uxes. There is very little di�erence in heat 
uxes between the
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Figure 8: The eight soil physics parameter values showing the di�erence in the range of values
generated for the default runs (blue) and the SoilGrids runs (orange).

Figure 9: The eight soil physics parameter values showing the di�erence in the range of values
generated for the default runs (blue) and the optimised ancillary runs (orange).
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default and SoilGrids runs (not shown). The optimised soil ancillary run gives slightly reduced
latent heat 
ux and slightly increased sensible heat 
ux in the summer months. This leads to a
reduced value of evaporative fraction in the summer months for the optimised ancillary runs, as
shown in �gure 10.

Figure 10: Evaporative fraction from runs of JULES using di�erent soil ancillary data.

Figure 11 shows the evaporative fraction across the domain for at a time when the optimised
ancillary JULES run predicts lower evaporative fraction than the other runs (July 2008). The
di�erence in evaporative fraction is greatest around the Thames Valley region, parts of eastern
England, and in the part of mainland Europe contained in the REP domain, where di�erences in
soil physics parameters tend to be large.

3.3.2 River 
ows

Surface and subsurface runo� outputs were routed into river 
ows on a 1km (CHESS) grid, as
described in Section 2.2, and compared with NRFA river 
ow observations at a number of gauges.

Figure 12 shows the KGE metric (as described in Knoben et al. 2019) for the SoilGrids and
optimised ancillary runs plotted against the KGE for the default run. Each point represents one of
191 GB catchments. The right hand panel in Fig. 12 shows a subset of the catchments, where the
KGE score is greater than� 0:41 and the forecast stream
ow is therefore regarded as having some
skill (Knoben et al., 2019). Figure 12 shows that the SoilGrids KGE scores are fairly similar to the
default, with the red points close to the dotted 1:1 correspondence line. There are 43 catchments
(23%) in which the SoilGrids ancillary gives an improvement in KGE score (closer to the ideal
maximum value of 1) and 148 (77%) where the score becomes slightly worse. For the optimised
ancillary �le, the LH panel of Fig. 12 shows that for catchments in which the default KGE score
is very low, the soil ancillary degrades the forecast even further, with even lower KGE scores.
However, the right hand panel shows that in the skilful KGE score range, the optimised ancillary
gives rise to many better KGE scores than the default, with the majority of black points lying
above the dotted line. In total there are 138 catchments (72%) in which the KGE score is improved
for the optimised ancillary and 53 (28%) where the KGE score for the optimised ancillary runs is
worse than for the default runs.

The KGE is made up of three components (correlation, variability bias and mean bias; Knoben
et al. (2019)); values were calculated for all catchments, with those for 13 catchments shown for
default and optimised ancillary runs in Fig. 13. The correlation coe�cient, r is generally worse
(further from the ideal value of 1) for the optimised ancillary run than for the default run, with an
improvement in only 8 out of 191 catchments (4%). The alpha component (related to variability
bias) of the KGE is larger in the optimised ancillary runs than the default run in every catchment.
This re
ects the fact that the spread of the 
ows is increased for the optimised ancillary run.
When the default alpha is too low (< 1; not enough variance in the 
ow) an increase in alpha
is an improvement, but in catchments where alpha is already too large the optimised ancillary
runs amplify this. The beta component (related to mean bias) also increases in the majority of
catchments for the optimised ancillary runs. The alpha and beta parameters are improved (closer
to 1) for the optimised ancillary runs in 141 and 151 catchments respectively.

Nash-Sutcli�e E�ciency (NSE) scores for the 191 catchments are shown plotted against base
ow
index (BFI) in Fig. 14. The left hand panel demonstrates that the optimised ancillary runs produce
very bad NSE scores in catchments with the highest BFI; this is also true for the KGE score (not
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Figure 11: Mean evaporative fraction over July 2008 for default (top) and optimised (bottom)
ancillary JULES runs

Figure 12: Kling-Gupta E�ciency metric for 191 catchments, with SoilGrids (red) and optimised
ancillary (black) run values plotted against default run values. Left hand panel shows all the
calculated KGE scores; right hand panel shows only scores in the range of forecast skill
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Figure 13: Components of the KGE for 191 catchments; optimised values plotted vs default values.
Ideal value of each of the components is 1.

shown). The right hand panel shows only NSE scores above zero, as this is the threshold at which
a forecast is often assumed to show some skill 6. The default runs give rise to better NSE scores
than the optimised ancillary runs in 179 (94%) of the catchments. The default and SoilGrids NSE
scores are more similar, with the default run scoring better in 98 (51 %) catchments.

Figure 14: NSE scores with BFI for all 191 catchments on left panel; same data with cuto� of
NSE > 0 in right panel.

Illustration for selected catchments

Figures 15 and 16 show two years of hydrograph data for two catchments with similar observed
BFIs. Red lines show NRFA daily 
ow measurements and black lines show JULES stream
ow
estimates. Gauge 8004 is the Avon at Delnashaugh, which has a BFI of 0.55 (NRFA) and a
catchment area of 542.8 km2; gauge 54057 is the Severn at Haw Bridge, with a BFI of 0.57
(NRFA) and area 9895 km2. These catchments are very di�erent sizes, but both have BFI values
close to the mean of 0.50 for the 191 catchments studied here. In Fig. 15a we can see that while the
base
ow appears to be captured well by the default soil ancillary runs, the modelled stream
ow is
not as 
ashy as the observations; the highest 
ows are missed by the model. Figure 15b shows the
stream
ow resulting from the optimised soil ancil. Now more of the higher 
ows are captured, but
the modelled low 
ows are too low. The default ancillary predicts the measured BFI very accurately
(0.51 over the 2007 - 2012 time series); the optimised ancillary underestimates the BFI (0.39) but
scores better on the KGE metric (-0.01 for the optimised ancillary vs. -0.14 for the default), with
slightly reduced bias and a better match in the variance of the modelled 
ow. Results in catchment
54057 show a similar picture in Fig. 16, with the optimised soil ancillary providing better capture of
the higher 
ows and improved spread of the modelled 
ow leading to an increase in the KGE score
(0.38 optimised vs 0.28 default). However, the NSE score is worse for the optimised ancil, giving a
score of 0.23, vs 0.31 for the default run. The BFI is also underestimated using the optimised soil
ancillary (0.35 vs 0.54 for the default ancil).

Figures 17 and 18 show example results for catchments with more extreme observed BFI values.
In Fig. 17a we see daily 
ow time series for catchment 39019, the Lambourn at Shaw, with BFI =
0.97 (NRFA) and area 234.1 km2. Figure 17a shows the default soil ancillary produces stream
ows
which are too 
ashy compared to observations, and underestimates the low 
ows in this catchment.
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Figure 17b shows that these de�ciencies are enhanced by the optimised ancillary (note the di�erent
y axis labels in �gs17a and 17b), with the high 
ows becoming higher still and the low 
ows even
lower. The optimised ancillary therefore scores lower in both NSE and KGE metrics for the
optimised ancillary (Default NSE = -2.8, optimised NSE = -20.6; default KGE = -0.19, optimised
KGE = -2.72).

Results for catchment 21023, are shown in Fig. 18. This gauge is Leet Water, Coldstream which
has a low BFI of 0.32 (NRFA) and catchment area of 113 km2. In this catchment we see again the
pattern of 
ashier 
ows and reduced base
ow for the optimised ancillary compared to the default.
The optimised ancillary again signi�cantly underestimates the BFI (0.06 cf 0.17 for the default
run) and makes the NSE worse relative to the default runs. The optimised ancillary runs are able
to better capture higher observed 
ows, giving a slight improvement in the KGE score here.

The catchments highlighted here have illustrated features found in many of the other catch-
ments, and also drawn attention to the fact that whether a change represents an improvement or
not will often depend on the chosen metric.

(a) default soil ancil

(b) optimised soil ancil

Figure 15: Hydrographs for gauge 8004: Avon at Delnashaugh. Red lines show NRFA observations;
black lines show JULES stream
ow.

Cross spectral analysis of river 
ow

We compared modelled and observed stream
ow for 13 catchments in terms of cross spectral
analysis; the catchments used are those of Mart��nez-de la Torre et al. (2019) and listed in table
3. Note that we inadvertently used a value of athresh = 1 in the routing con�guration for these
results (meaning that all points were considered to be rivers and hence used the wave speeds for
river rather than land points); elsewhere in this report a value of a thresh = 13 was used (see
Section 2.2). This is expected to have a small impact on the spectral results, but is unlikely to
a�ect the main conclusions.

Spectral analysis allows assessment of the average amplitude of discharge on di�erent timescales
(Mart��nez-de la Torre et al., 2019). In Fig. 19 we show amplitude ratios of the modelled to observed

ows at the annual (top) and ~several day (bottom) timescales. The ideal value for the amplitude
ratios is 1, shown on the plots with a dotted line. The data shows that at the annual scale all
of the JULES runs underestimate the variability of the 
ows, with the optimised ancillary runs
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(a) default soil ancil

(b) optimised soil ancil

Figure 16: Hydrographs for gauge 54057: Severn at Haw Bridge. Red lines show NRFA observa-
tions; black lines show JULES stream
ow.

(a) default soil ancil

(b) optimised soil ancil

Figure 17: Hydrograph for gauge 39019: Lambourn at Shaw. Red lines show NRFA observations;
black lines show JULES stream
ow.
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(a) default soil ancil

(b) optimised soil ancil

Figure 18: Hydrograph for gauge 21023: Leet Water, Coldstream. Red lines show NRFA obser-
vations; black lines show JULES stream
ow.

underestimating to the greatest degree. At shorter timescales, the optimised ancillary run gives rise
to larger amplitude ratios than the default run at all catchments. In the 9 (of 13) catchments where
the default run underestimates the short term 
ow variability, the optimised ancillary run therefore
improves this measure. In catchments where short term 
ow variability is already overestimated
in the default run, the optimised ancillary makes the situation worse.

Optimising the soil ancillary based on COSMOS-UK soil moisture measurements reduces the
saturated conductivity and absolute value of the matric potential at saturation (parameters satcon
and sathh) and increases the moisture content at saturation (smsat). This allows the soil to hold
more water in the winter and to better match the seasonal cycle of the COSMOS observations.
Applied at a catchment scale, the optimised soil ancillary has the e�ect of decreasing base
ow and
increasing 
ashier 
ows over catchments, relative to the default soil ancil. This increased variation
in the 
ow values matches the increase in variation of the soil moisture values. We �nd that the
optimised ancillary can improve stream
ow by some measures in catchments where the default
ancillary underestimates the 
ashiness, but performs particularly badly in catchments with the
largest measured BFI.

3.4 Summary and future work on soil ancillary data

We have found that:

ˆ the di�erences between the default and soil grids ancillary �elds are small at the catchment
scale, with the SoilGrids JULES runs producing similar river 
ows to the default runs.

ˆ the optimised ancillary allows soils to hold on to more water. This leads to reduced evapo-
rative fraction in the summer months compared to the default ancillary �le.

ˆ the optimised ancillary gives rise to 
ashier river 
ows, enhancing 
ows at short timescales
to better match the observations.

ˆ the optimised ancillary substantially decreases the base
ow compared to the default ancillary,
and this signi�cantly degrades the match to river 
ow observations, especially in catchments
with larger base
ow indices.
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Figure 19: Cross spectral amplitude ratios, comparing modelled stream
ow from runs with al-
ternative soil ancillary �les, to measured NRFA stream
ow. Gauge numbers and locations are
described in Table 3.

Possible avenues of further exploration include:

ˆ Validation (or otherwise) of the new soil ancillary �le using 
ux tower measurements of
latent and sensible heat 
uxes. This would allow us to work out whether the optimised
ancillary �elds are having a positive or negative impact on JULES 
ux estimates as well as
soil moisture.

ˆ Using additional observations in the data assimilation framework. There are many possible
options for this, such as using 
ux tower or stream
ow measurements alongside soil moisture
observations to further constrain the PTF constants. It would also be possible to look at
optimising parameters controlling di�erent processes such as those in RFM and/or the runo�
generation mechanisms in JULES. It would be important here to investigate which processes
are sensitive to which observations, and to guard against over�tting of any particular param-
eter or process.

ˆ Rerunning this analysis using the new groundwater parameterisation described in the next
section. It is likely that this optimisation process produces parameters which are implicitly
correcting for process not yet represented in JULES, such as those concerning groundwater.
It would therefore be interesting to examine the extent to which the parameters change once
groundwater process are explicitly considered.

ˆ Investigation of a selection of alternative PTFs, many of which include additional inputs as
well as sand, silt, clay. It would also be particularly interesting to use PTFs speci�cally
designed for particular types of soil (e.g. highly organic soils).
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4 Groundwater

In this project we have �nished the implementation of a new Dynamic GroundWater scheme for
JULES that has been developed in a collaboration between UKCEH and the British Geological
Survey (BGS). We have also applied the new scheme across GB.

4.1 Overview of the parameterisation

The Dynamic Groundwater (hereafter DGW) parameterisation is based on the groundwater scheme
from LEAFHYDRO (Walko et al., 2000; Miguez-Macho et al., 2007; Fan et al., 2007; Mart��nez-
de la Torre and Miguez-Macho, 2019) and is illustrated by Figures 20{22. The model introduces
a prognostic water table depth that 
uctuates in the model as a result of three main interactions
keeping the groundwater balance:

ˆ Groundwater recharge (R): Water 
ux between the groundwater reservoir and the soil. De-
pending on the soil wetness and evaporative demands, the recharge can be downwards, caus-
ing the water table to rise, or upwards, causing the water table to deepen.

ˆ Lateral groundwater 
ow (Qn): Water 
ux to or from neighbour cells within the saturated
groundwater reservoir. This 
ux is governed by topography and the water table head eleva-
tion in the cells.

ˆ Groundwater-river 
ow (Qr): This can occur as groundwater discharge (subsurface runo�)
into the streams when the water table head is above the river bed, maintaining stream
base
ow (Fig. 22), or as river in�ltration to the groundwater reservoir when the water table
head is below the river bed.

Figure 20: Schematic view of the DGW groundwater balance in a cell.

We have added two new developments in JULES-DGW that were not in the previous work.
For the calculation of recharge when the water table is below the resolved soil layers JULES-DGW
uses a new formulation based on the saturated conductivity at depth and the water table position
(Niu et al., 2007; Batelis et al., 2020). In addition, for the calculation of lateral 
ows, the original
versions of the model used an exponential decay of saturated conductivity with depth and applied
an anisotropy ratio to calculate the lateral conductivity from the vertical conductivity. Now the
DGW included in JULES includes an option to use ancillary �elds for the depth to the bottom
of the aquifer and the saturated conductivity at depth. Through this the user can choose to
provide ancillary layers if the area of interest is well characterized and such parameters at depth
are available.

The JULES-DGW code can be found in the branch vn5.2dgw leafhydro bgs.
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(a) View from top (b) lateral 
ow cross section

Figure 21: Schematics of lateral 
ow, from Fan et al. (2013).

Figure 22: River-groundwater 
ow for gaining streams.

4.2 Simulations and groundwater ancillary data

We developed suite u-ck085 for use with JULES-DGW in conjunction with UM meteorology for
2007{2012, similar to the suites used in earlier sections outlined in Sec. 2.1. The JULES con�gu-
ration is as close to RAL3M as possible, with minor changes to allow the use of the vn5.2-based
DGW code.

We carried out a set of simulations to study model performance and the e�ect of introducing
DGW:

ˆ simulation WT (water table) with the DGW scheme on and PDM used to calculate surface
runo�, with parameter settings as recommended in Mart��nez-de la Torre et al. (2019);

ˆ simulation FD (free-drain) with the DGW scheme o� and again PDM to calculate surface
runo�;

ˆ simulation TOP using TOPMODEL to calculate runo� as in RAL3M.

Comparison of WT and FD shows the e�ect of DGW, while comparison of WT and TOP shows
the impact of di�erent ways of dealing with both the surface runo� and subsurface hydrology. Note
that the DGW scheme cannot be used with TOPMODEL as these include contrasting descriptions
of groundwater processes. The WT run included two spin up cycles over 2007{2012 as the initial
water table depth (from external data, see below) needs to adjust to the model.

JULES-DGW requires additional ancillary �elds which were prepared in this project. Here
we brie
y summarize what this new dataset contains, the main data sources used, and how the
parameters were calculated for this work.

ˆ zw eq: Initial water table depth, calculated using an iterative 2D groundwater model that
�nds a balance between long-term recharge driven by the atmosphere and lateral 
ows driven
by the topography (Fan et al., 2007, 2013). We extracted this �eld from a global 1km
dataset available through the eartH2Observe project (https://wci.earth2observe.eu) which
was produced using an updated version of the methodology presented in Fan et al. (2013)).

ˆ klat : Deep saturated conductivity. This parameter has been provided by BGS for this project
in the form of a dataset covering Great Britain and drawing on many years of work and ex-
perience with geological surveys, hydrogeological interpretation and borehole pumping tests.
We regridded the data from the original 1km OSGB grid.
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ˆ elev: Cell elevation. Calculated as mean elevation from high resolution DEM data (100m)
provided by the MetO�ce.

ˆ z river : Riverbed depth from surface. Calculated as the di�erence between the cell elevation
and the lower high resolution elevation found within the 2.2km cell.

ˆ rc eq: River conductance at equilibrium. Calculated from a long-term balance betweenR,
Qn and Qr (Miguez-Macho et al., 2007). For this balance we used long-term recharge from
a JULES run over 1961-2015 (Blyth et al., 2019) driven by the CHESS forcing dataset
(https://eip.ceh.ac.uk/chess).

ˆ rc a: River conductance parameter for deviation from rceq due to water table position,
depending on the cell slope (Mart��nez-de la Torre and Miguez-Macho, 2019). The calculation
of this involves the cell slope, which was calculated from the high resolution DEM data
provided by the Met O�ce.

ˆ rc in : Parameter for �xed river-groundwater 
ow in losing stream. Not used for this work.

ˆ sy: Speci�c yield for groundwater. We use values provided by BGS. This parameter has been
provided by BGS for this project in the form of a dataset covering Great Britain and drawing
on many years of work and experience with geological surveys, hydrogeological interpretation
and borehole pumping tests. We regridded the data from the original 1km OSGB grid.

ˆ zbot: depth to the bottom of the aquifer. We use the value recommended by BGS of 100
metres over Great Britain.

ˆ fdepth: Parameter for exponential decay of saturated conductivity with depth below the
resolved soil layers (Fan et al., 2007). Not used for this work.

4.3 Impact of representing groundwater

4.3.1 Mean hydrological patterns

The �rst result we show is the mean water table depth for the 6-year simulation, shown in Fig. 23.

(a) JULES-DGW (b) BGS modelled

Figure 23: Water table depth.
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The main patterns in water table depth from JULES-DGW in Fig. 23a resemble those in
the separate estimate produced by BGS (the modelled Depth to Groundwater dataset) shown in
Fig. 23b. Both products show very deep groundwater levels in mountainous regions in the north
and west, and shallower regions in the east. Although the main areas of shallow water table depths
are found in the southeast of the island, there are extensive areas with depths below 15-20 m
scattered across the domain, showing a strong potential connection and in
uence of groundwater
dynamics on JULES soil moisture and water 
ows.

Typically the large-scale soil moisture pattern should be dominated by precipitation input and
soil texture. The in
uence of groundwater becomes an additional factor as shown in Fig. 24. The
di�erence between the mean top-3 m soil moisture �elds from the WT and FD runs (Fig. 24c)
shows patterns from the water table depth distribution (Fig. 23a), reaching generally higher values
(wetter WT run) where the water table is shallower and negative values (drier WT run) in regions
with a deeper water table (even though there are some exceptions such as over Wales and South
Scotland where the WT run presents wetter patterns even with deep water table). The similarity
between the patterns of soil moisture WT-FD di�erences and mean water table depth illustrates
the controlling role of groundwater dynamics in soil moisture spatial variability.

(a) (b) (c)

Figure 24: Mean soil moisture.

The di�erences in soil moisture suggest that DGW will introduce di�erences in the runo� and
evapotranspiration (ET hereafter) water 
uxes that complete the JULES water budget. We �nd
that even if the total runo� di�erences are not large (mostly below 0.1 mm day � 1, Fig. 25c), spatial
patterns are introduced in the runo� partition between surface and subsurface runo� (Fig. 26).

The areas highlighted in Figures 24c and 23a with drier soil and deeper water table in the WT
run result in lower surface runo� (PDM surface runo� production is based on the wetness of the
top soil layers) and higher subsurface runo� (the water drains quickly over those hilly areas to
the subsurface). More interestingly, wetter areas of shallow water table over the southwest and
other regions that show higher surface runo� (again as a consequence of the PDM behaviour with
the wetter soil) and lower subsurface runo� in general, indicating that the water table presence
might act as a bu�er in the subsurface, keeping the soil wetter and not draining water to the river
network as much as the free-drain approach does.

4.3.2 Impacts in di�erent groundwater regimes

The di�erences described in the preceding section tell us that there will be a clear in
uence of
groundwater dynamics on JULES hydrology; here we try to understand how those di�erences
apply during the simulation period over di�erent regions where the water table is found closer to
or further from the surface (more or less connected to the surface 
uxes). The next set of �gures
show the monthly evolution of the main JULES water variables, dividing the domain in three main
areas depending on the local depth to water table: (1) mean water table depth is below 20 m, (2)
between 20 and 3m, and (3) shallower than 3 m.

Deep water table regions cover 46 % of the domain (Fig. 27a) and DGW is not expected to
make a big di�erence to the simulation in these areas as the groundwater is disconnected from the
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(a) (b) (c)

Figure 25: Mean runo�.

(a) (b)

Figure 26: Mean runo� partition di�erences.
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(a) W T D < 20m, 46% of land (b) WT-FD (c) WT-TOP

Figure 27: Monthly evolution averaged over the deep (wtd > 20m) regions. (b) and (c): Precipi-
tation and water table depth in the top plots; ET and ET di�erences (WT-FD, WT-TOP in (c))
in the top of the middle plots; mean soil moisture in the resolved column for WT and FD (TOP in
(c)) runs in the bottom of the middle plots; and total runo�, surface runo� and subsurface runo�
for WT and FD (TOP in (c)) runs in the bottom plots.

surface. Even though the water table is found very deep into the soil (close to 40 m in average),
its seasonal evolution is clear in Fig. 27b and we can appreciate how it responds with a lag of 2{3
months to the precipitation input at the surface. The changes in soil moisture are very small or
negligible (except in the �rst year when the water table is still adjusting after the spin up phase)
and therefore there is no real in
uence on ET. The bottom plot in Fig. 27b does not show signi�cant
di�erences between WT and FD runs, as expected. These hilly regions are largely dominated by
surface runo�, and the small di�erences in total runo� come from the timing of the subsurface
runo� (green lines) which, in the WT run, does not show such high peaks in winter and keeps the
base
ow slightly higher than the FD run during the drier months. Looking at Fig. 27c we point out
that DGW has a larger impact over these deep water table regions when we compare it to the TOP
run, showing drier soil and a very di�erent partition of the runo�, even if the total runo� di�erences
are not as large. E�ectively the WT run treats these regions as surface runo� dominated, whereas
looking at the runo� partition of the TOP run these regions could be characterized as base
ow
dominated areas. Higher runo� peaks during wet months in the WT run in these regions will have
an impact, however, on the river 
ow (next section).

In Fig. 28 we analyse another large portion of the land (46 %) where the water table is found at
shallower depths (10-11 m in average) and the impact from DGW is expected to be more signi�cant.
The soil moisture is now higher in the WT run, and this shows an impact in the ET 
uxes to the
atmosphere (Fig. 28b, middle plot) which is larger than over deeper water table regions, as here
the precipitation input is lower and the ET demands are better satis�ed with a wetter soil. Also
there are 2 periods (Feb-Mar 2011 and Feb-Mar 2012) that show consecutive months of very low
precipitation, and this have an impact on the water table which does not rise to its usual level
during the winter 2011-2012, thus causing lower di�erences in soil moisture during the last year and
lower di�erences in ET during the 2012 ET season. This might be showing the kind of soil moisture
memory that the water table introduces in the soil and other studies have pointed out with former
versions of DGW (Miguez-Macho et al., 2007; Mart��nez-de la Torre and Miguez-Macho, 2019).

The DGW runo� impact in Fig. 28b is similar to that found over deeper water table regions,
with lower winter subsurface runo� peaks and slightly higher base
ow during the drier season, but
such di�erences in subsurface runo� have a larger impact on total runo� over these areas where
the water table is more connected to the system, as now the surface and subsurface 
ows are of
similar magnitude. In Fig. 28c we point out that again the TOP run characterizes more clearly
all these regions as subsurface 
ow dominated (as seen over the deeper water table regions), and
the di�erences in the resulting total runo� are not as large as they were over deeper areas but still
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(a) 20 < W T D < 3m, 46% of
land

(b) WT-FD (c) WT-TOP

Figure 28: Monthly evolution averaged over the medium (20< wtd < 3m) regions. (b) and (c):
as in Fig. 27

.

appear to come from higher winter peaks with the WT run from surface 
ow (from PDM very
likely producing higher surface runo� with similar or slightly higher soil moisture).

The areas of the domain where the water tables oscillates around very shallow values (mean
water tables less than 3 m deep) are found over many regions, particularly in the east, but they
only cover 8% of the total domain (Fig. 29a). Over these areas the soil moisture is much wetter
in the WT run (Fig. 29b) as the water table is actually within the resolved soil layers (we used
the typical JULES soil layer distribution for this work, down to 3 m), and the impact on ET is
larger still that it was over the medium water table depth areas. The surface runo� is, probably
as a consequence of such wet soil, much higher in the WT run, causing the subsurface 
ow to be
lower than in the FD run. We were expecting the groundwater to dominate the runo� over these
regions (this is an issue for further study). The expected behaviour that does occur, even if it
might not be too signi�cant over such wet areas, is that the subsurface runo� continues to drop,
for 1-2 months more in the FD run than in the WT run, to lower values every year during the dry
season, while the WT run starts to recover earlier (even if it reaches lower values in this case). It
is over these shallower water table areas where the di�erences in total runo� (and not only the
runo� partition) are found to be larger between the WT and the TOP run (Fig. 29c). Again as
seen when comparing WT and FD, the subsurface runo� recovers during or after summer earlier
and quicker in the WT run, but the values are higher for the TOP run and result in higher total
runo� during the low 
ow seasons.

4.3.3 River 
ows

We evaluated river 
ow from JULES-DGW using the NRFA daily 
ow observations. In Fig. 30 we
have selected the stations where the model in the WT run shows skill (de�ned as in Sec. 3.3.2).
We found skill in 50% of catchments in terms of NSE and 93% (a total of 153 catchments) in terms
of KGE.

The di�erences in NSE metrics (Fig. 30a) between the WT and FD runs are generally small,
however WT tends to improve performance where there was already good skill in the FD run, and
where FD performs better (lower BFI catchments) generally the skill is anyway low (NSE < 0:2).
The TOP run is more di�erent (consistent with it having very di�erent representations of runo�
processes). The WT run NSE score improves on the scores from TOP in 48% of the catchments,
with the comparative performance not showing a clear relation with BFI values (blue columns).
The KGE metric (Fig. 30b) shows again that the improvement in skill from FD to WT is small
although it occurs in 54% of the shown catchments, but clearly the WT run outperforms the TOP
run in most stations (86%, a total of 153), more clearly where the BFI is small but also with high
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(a) W T D < 3m, 8% of land (b) WT-FD (c) WT-TOP

Figure 29: Monthly evolution averaged over the shallow (wtd < 3m) regions. (b) and (c): as in
Fig. 27

.

(a) NSE

(b) KGE

Figure 30: Performance metrics at gauge stations with skill for daily river 
ow of WT, FD and
TOP runs evaluated against NRFA observations. BFI in light blue columns.
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BFIs.
In Fig. 31 we present hydrographs at selected stations to illustrate aspects of the behaviour of

JULES-DGW. We use some of the same gauge stations as were used earlier (Sec. 3.3.2) with a
range of values of BFI, but here we replace station 21023 (a small catchment with low BFI and
poor performance from all con�gurations) with station 39001 (Thames at Kingston, 9945 km2)
which covers a large catchment with regions of connected water tables.

For the Avon at Delnashaugh (Fig. 31a) no run shows skill in terms of NSE, but KGE is clearly
improved by both WT and FD with improved peaks from precipitation events, albeit it often
smaller than observed peaks. In contrast the TOP run is not 
ashy enough and also overestimates
the base
ow. However, over this catchment the improvement largely comes from switching to FD,
and WT and FD perform very similarly.

For the larger catchment of the Severn at Haw Bridge (Fig. 31b) WT outperforms both FD and
TOP. The winter high 
ows are better captured by WT and FD (for example at the end of 2009).
At times spring-summer base
ows tend to be overestimated by the TOP run (e.g. June-July 2008)
whereas WT simulates these better. These results are particularly encouraging as this is a station
integrating the water balance of a large (9869 km2) region with extensive areas of shallow water
table (Fig. 23a).

The Thames at Kingston (Fig. 31c) is another large catchment covering areas of connected
water table. The WT run slightly improves on the performance of the FD run in terms of KGE
but has lower NSE, with the main di�erence seeming to be related to lower base
ow with WT.
However this base
ow is oftentimes underestimated with WT (summer 2008, spring 2009). The
TOP run shows similar NSE score but lower KGE than the other runs; as in other catchments it
has a tendency to overestimate base
ow and underestimate high 
ows.

The �nal catchment highlighted here is the 238 km2 Lambourn (Fig. 31d) for which a very high
BFI (0.97) is indicative of the importance of groundwater in the chalk geology. All simulations
were too 
ashy (as was also the case for the soil ancillary work shown in Fig. 17b) and the WT run
produced the lowest base
ow. This catchment illustrates the unexpected behaviour discussed in
the previous section in regions with a very shallow water table region, in which run WT produced
low base
ow and high surface 
ows from a very wet soil. The reasons for this need to be understood
through further work.

This small selection of catchments has shown a range of responses to model con�guration and
has suggested that the best con�guration is currently di�erent in di�erent areas. The introduction
of DGW has improved results in some catchments, including large areas with important groundwa-
ter systems. There is little impact of DGW in other catchments, consistent with lower importance
of groundwater in those areas. However, even in catchments with major groundwater in
uence,
the current con�guration of JULES-DGW is not guaranteed to improve the simulation.

Cross spectral analysis of river 
ow

We compared modelled and observed stream
ow for 13 selected catchments (Table 3) in terms of
cross spectral analysis, as was done previously for soil ancillaries (Sec. 3.3.2). In Fig. 32 we show
amplitude ratios of the modelled to observed 
ows at the annual (top) and ~several day (bottom)
timescales. The data show that at the annual scale all of the runs (with the exception of the
Dee catchment, 12002, in WT and FD runs) underestimate annual variability, with the FD run
consistently showing the amplitude closest to observations. The WT run shows reduced amplitude
(compared with FD) which could be a result of the bu�ering e�ect on stream
ows of groundwater,
with WT amplitude also being lower than that from TOP in most catchments.

At shorter timescales, the opposite result is generally found, with the WT runs having higher
amplitude ratios and therefore better results in terms of < 3 day scale variability in most catch-
ments. At this timescale the introduction of groundwater has little impact in many catchments,
except that in catchments where short term 
ow variability is already overestimated in the TOP
and FD runs (higher BFI catchments where all simulations overestimate the 
ashiness: 27041,
39081, 43021), the WT run further increased the variability, giving poorer results.

4.4 Implementing groundwater in JULES vn6.3

During the course of this project we have started to implement the groundwater model (origi-
nally added on a branch from vn5.2) in the latest version of JULES (vn6.3) using the branch
vn6.3 groundwater. This is work in progress; at present the new code can successfully replicate
results in a short test case. Further work is required in various areas, including adding provision
for parallel runs using MPI (which was already catered for in the vn5.2dgw leafhydro bgs branch
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(a)

(b)

(c)

(d)

Figure 31: River 
ow (m 3 s� 1) and metrics for gauges 8004 (a, Avon at Delnashaugh), 54057
(b, Severn at Haw Bridge), 39001 (c, Thames at Kingston) and 39019 (d, Lambourn at Shaw)
[2008-2009 shown, the metrics refer to the 6-year simulation]. Red lines show NRFA observations;
blue lines show WT run, green lines show FD run and orange lines show TOP run.
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