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Abstract

Estimating groundwater recharge rates is important for water resource management studies.
Modeling approaches to forecast groundwater recharge typically require observed historic data
to assist calibration. It is generally not possible to observe groundwater recharge rates directly.
Therefore, in the past, much effort has been invested to record soil moisture content (SMC) data,
which can be used in awater balance cal cul ation to estimate groundwater recharge. In this context,
SMC datais measured at different depths and then typically integrated with respect to depth to ob-
tain asingle set of aggregated SMC values, which are used as an estimate of the total water stored
within a given soil profile. This article seeks to investigate the value of such aggregated SMC
data for conditioning groundwater recharge models in this respect. A simple modeling approach
is adopted, which utilizes an emulation of Richards’ equation in conjunction with a soil texture
pedotransfer function. The only unknown parameters are soil texture. Monte Carlo simulation is
performed for four different SMC monitoring sites. The model is used to estimate both aggre-
gated SMC and groundwater recharge. The impact of conditioning the model to the aggregated
SMC dataisthen explored in terms of its ability to reduce the uncertainty associated with recharge
estimation. Whilst uncertainty in soil texture can lead to significant uncertainty in groundwater
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recharge estimation, it is found that aggregated SMC is virtually insensitive to soil texture.

Keywords. Conditioning, Groundwater recharge, Soil moisture content, Soil texture, Vertical

percolation

1. Introduction

An essential aspect of water resource planning often involves the estimation of groundwater
recharge rates, here defined as the rate at which water arrives at the water table of an aguifer
following precipitation, interception, snow melt, evapotranspiration and percolation through the
unsaturated zone. In many cases, water loss during percolation through the unsaturated zone
below the reach of plant roots can be assumed negligible. Consequently, vertical percolation
beneath the reach of plant roots and groundwater recharge are often treated as being the same
(Quinn et al., 2012; Sorensen et al., 2014). Hereafter, vertical percolation isreferred to as a proxy
for groundwater recharge. Vertical percolation rates (VPR) can be estimated using a multitude
of different models, all of which require historic data of some form to enable appropriate model
parameter calibration.

Ideally, such models should be calibrated to observed groundwater recharge rates. However,
groundwater recharge data is difficult to observe directly. Some studies have sought to derive
recharge data by separating out base flow from river discharge rate records (Rutledge, 2007). The
problem here is that base flow separation methods are, in themselves, ad hoc and unconstrained,
unless combined with some form of tracer based mass balance study (Lott and Stewart, 2016).

Another method is to assume a specific yield for an unconfined aquifer and to infer recharge rates

*Corresponding author. Tel.: +44 (0)1913343491, Fax: +44 (0)1913342301, E-mail address:
s.amathias@durham.ac.uk
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from water table changes (Healy and Cook, 2002). The problem with this latter approach is that
thereis often significant uncertainty about the time-varying characteristics of specific yield (Healy
and Cook, 2002; Mathias and Butler, 2006) and significant care is required to properly take into
account the effects of lateral groundwater flow rates (Healy and Cook, 2002; Cuthbert et al., 2016).

Arguably, the most direct method of observing recharge rates is to measure VPR from an in
situ lysimeter (von Freyberg et a., 2015). Theissue hereisthat such facilities are very expensive
to manage and very few facilities exist around the world.

Another related approach isto continuously monitor moisture content within asoil profile over
along period of time (Ireson et a., 2006). Providing that precipitation (net of interception) and
actual evapotranspiration (AE) are also monitored, soil moisture content (SMC) data can be used
to develop a VPR measurement by water balance. However, aproblemisthat AE is not often mea-
sured. Instead, an estimate of potential evapotranspiration (PE) isgenerally obtained using weather
station data (incoming radiation, temperature, humidity, wind speed etc.) in conjunction with an
appropriate physics model (e.g. Allen et al., 1998). Under such conditions, a direct estimate of
VPR isnot possible by water balance, as the quantity of AE isunknown. Consequently, VPR must
instead be estimated by simulating soil-plant-water processes using an appropriate model, which
is conditioned to the observed SMC data.

Interestingly, previous modeling studies have focused on the ability of modelsto estimate SMC
data as opposed to the value of SMC data as a conditioner for estimating VPR (Ragab et al., 1997;
Sorensen et a., 2014). In arecent study, Sorensen et a. (2014) presented SMC content data from
four instrumented sites from southern England. They then compared estimated SMC data from

four different uncalibrated recharge estimation methods. The authors conclude that, whilst each of
3
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four models provided a*“generally good agreement” between simulated and observed SMC, there
were large discrepancies between the different VPR estimates, leading to concerns over the value
of SMC datafor conditioning groundwater recharge modeling in the future.

In the current study, the four aforementioned instrumented sites presented by Sorensen et al.
(2014) are revisited to quantify the extent to which observed SMC data can be used to reduce
uncertainty associated with groundwater recharge in the context of a single model structure. In
particular, the model structure used includes a recently developed soil moisture accounting pro-
cedure (SMAP) designed by Mathias et a. (2015), which is described later on in this article.
Unknown input parameters associated with this SMAP only include information about the soil
texture of the site (i.e., % clay, % silt and % sand).

Theoutline of thisarticleisasfollows. An explanation is provided concerning the data, models
and conditioning strategies to be applied. The aforementioned SMAP is used to estimate VPR at
the four instrumented sites in southern England. Probability of non-exceedance (PNE) confidence
limits are acquired using four successive methodologies. For comparison, PNE confidence limits
are first acquired assuming any soil texture is equally likely to be applicable at each of the four
sites. PNE confidence limits are then refined by conditioning the SMAP to the observed SMC
datafrom each site. For further comparison, an additional set of PNE confidence limitsis acquired
by restricting soil texture to be within a polygon on a soil texture ternary diagram associated with
the soil texture classification for that site as designated by the UK soil observatory (UKSO). The
results are compared and contrasted so as to draw wider conclusions with regards to the value of

observed SM C data when seeking to estimate VPR for groundwater recharge studiesin the future.
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2. Data and methodology

2.1. Data

The data used for this study include daily net rainfal (i.e., rainfall minus canopy interception
losses) and PE datain conjunction with observed SMC from the four instrumented sites previously
discussed by Sorensen et al. (2014). The four sites include Warren Farm, Highfield Farm, Beche
Park Wood and Grimsbury Wood, all of which are located in Berkshire, UK.

Daily net rainfall and AE data were obtained by Sorensen et al. (2014) using JULES (Best
et a., 2011) driven by nearby meteorological observations. A default JULES parameterisation
was used for grassland sites with woodland vegetation parameters defined using observations by
Herbst et al. (2008).

Routine SMC data were obtained at each site as follows (Sorensen et a., 2014). Point mea-
surements of SMC were obtained using neutron probes at 17 intervals at depths of 0.1, 0.2, 0.3,
04,05,0.6,0.8,1.0,1.2,14,1.6,1.8, 2.0, 2.3, 2.6, 2.9, 3.2 m, respectively. Theresultswere then
aggregated together, by depth weighting, to obtain a depth of water contained within the top 3 m
of the soil profile.

Soail texture maps from the UK soil observatory (UK SO, 2016) were used to provide soil texture
data describing the surface cover of the four sites.

The UK SO map covers Great Britain and integrates geology and soil characteristics at ascale
of 1:50 000, with a 1 km resolution version available for regiona overviews. The simplified soil
texture classifications are derived from measured soil textures (% clay, % silt and % sand) taken

from archive samples held by the British Geological Survey. The map uses terms that refer to:
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sandy soils, silty soils, clayey soils and loamy soils with additional indicators for the presence of
chalk fragments (chalky) and peat (peaty). For reference, soil texture ternary diagramsillustrating

the various available UK SO soil texture classifications are presented in Fig. 1.

2.2. Geology and soil cover of the field sites

Location maps of the four field sites, Warren Farm, Highfield Farm, Beche Park Wood and
Grimsbury Wood, have previously been presented by Sorensen et al. (2014). The four locations
cover arange of different superficial geology, soil type and land use. Warren Farm and Highfield
Farm are grassland sites. Beche Park Wood and Grimsbury Wood are deciduous woodland sites.
All four sites are underlain by chalk geology, with water tableslocated at greater than 10 m depth.
The Chak in this area is overlain by superficia clay-with-flints formation or Paleogene deposits
comprising of clays, interbedded sands and silty clays with the exception of Warren Farm which
is chalk outcrop (Sorensen et a., 2014).

Sail logs indicate the following (Sorensen et al., 2014): Warren Farm consists of athin 0.2 m
soil, including flints, overlying westhered chalk which grades into consolidated chalk between 1
and 3 m depth. Highfield Farm consists of a very heterogeneous fine loam to around 0.4 to 0.5 m,
above clay with various degrees of interbedded gravel. Beche Park Wood consists of around 0.3 m
of gravely clay, over clay-with-flints containing occasional sand filled fissures. Grimsbury Wood
is predominantly silty clay overlain by 0.3 m of loam.

The soil texture for the four sites according to UKSO is as follows. Warren Farm is described
as a “chalky silty loam”. Highfield Farm is described as “loam to sand”. Beche Park Wood is

described as “clay to clayey loam”. Grimsbury Wood is described as “clay to silt”.
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The UKSO map provides quite reasonable soil texture descriptions for Beche Park Wood and
Grimsbury Wood. However,the UKSO map soil texture descriptions do not compare well with
the field descriptions for Warren Farm and Highfield Farm, previously provided by Sorensen et
al. (2014). Indeed there are many problems associated with determining soil texture for soils
associated with chalk (Kerry et al., 2009). Nevertheless, the UK SO soil textures will be considered

further as an aternative conditioner for groundwater recharge estimation.

2.3. Vertical percolation rate (VPR) modeling

The soil moisture accounting procedure (SMAP) previously proposed by Mathias et al. (2015)
was used to simulate VPR at the four sites. The model requires daily net rainfall, PE data and soil
texture data to provide estimates of aggregated SMC and VPR.

The SMAP has been specifically designed to emulate Richards equation in conjunction with
the plant roots stress function of Feddes et al. (1976) and the pedotransfer function stored within
the ROSETTA database (Schaap et al., 2001). The associated conceptua model comprises a 3
m thick homogenous soil column with an exponentially distributed vertical plant root density
distribution contained within the top 1 m of soil. The upper boundary condition comprises a flux
associated with the net rainfall rate. The lower boundary condition is represented as a gravity
drainage boundary.

An aspect not adequately discussed by Mathias et al. (2015) isthe stability of the Euler explicit
time-stepping scheme used within the SMAP. Stability is ensured using a scheme very similar to
that presented in Appendices B and C of Mathias et al., (2016). Further details about how thisis

achieved are provided in Appendix A of thisarticle.
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Each SMAP simulation was run for awarm-up period of at least 90 days before simulating the
period through which observed SMC datais available. Aninitial value of SMC used to start the
warm-up simulation was obtained as follows:. First, the SMC that would be expected for a3 m soil
column at hydrostatic conditions with afictitious water table present at 2 m below the base of the
column was determined. The SMAP was then run, with this starting SMC value, using the first
three years of net-rainfall and PE data. The final SMC value from this latter simulation was then

used as the starting SMC value for the beginning of the 90 day warm-up period.

2.4. Determination of VPR confidence limits

Unconstrained probabilistic estimates of VPR are obtained by performing a Monte Carlo sim-
ulation involving uniform random sampling of 10,000 soil textures across the entire soil texture
ternary diagram and simulating SMC and VPR for each soil texture realization, for each of the four
recharge sites. Cumulative distribution functions for VPR are then obtained to determine values
of VPR at each simulation time, which correspond to probabilities of non-exceedance (PNE) of

10% and 90%, hereafter referred to as the P10 and P90, respectively.

2.4.1. Conditioning using the observed soil moisture content (SVIC) data
The confidence limits for each VPR are constrained further by conditioning the SMAP to the
observed SMC data for each site. This is achieved as follows: The Nash and Sutcliffe (1970)

efficiency (NSE) criterion is determined for each realization whereby
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and N is the number of data points, o, are the observed SMC data, m are the modeled SMC data,

Mz

P4

and ©; isthe mean of the observed SMC data.

All the Monte Carlo simulation realizations are ranked in terms of their NSE values. The
highest NSE values correspond to those models that gave the most favorable comparison with
the observed data. Conditioning is achieved by only retaining the top 10% realizations with the
highest values of NSE. Cumulative distribution functions for VPR are then obtained to determine

P10 and P90 values of VPR following conditioning.

2.4.2. Conditioning using the UKSO soil texture data

As discussed earlier, soil texture of the surface cover for each of the four sites has been deter-
mined at a 1 km scale using the UKSO soil map. UK SO provide a soil texture classification for
each location, which is defined in terms of a polygon on a soil texture ternary diagram (recall Fig.
1). As acomparison to conditioning VPR using SMC data, ssimulated VPR is also conditioned
using the UK SO soil texture data. Thisis achieved by redetermining the P10 and P90 VPR values
from the aforementioned full Monte Carlo simulation, whilst only retaining those soil textures

contained within the associated UK SO soil texture polygon.
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3. Reaults

Fig. 2 showsthe modeling results for Warren Farm. First consider the plotsof SMCin Fig. 2a
Note that the plotted lines represent the P10 and P90 results from the unconstrained Monte Carlo
simulation, the conditioning on the observed SMC data and the conditioning to the UKSO soil
texture classification for that site. For each of the three cases, the P10 and P90 are closely overlain
on top of each other suggesting that SMC is completely insensitive to soil texture. Furthermore,
the SMAP is able to estimate the observed SMC data to a considerably high-level, regardless of
the soil texture assumed.

In contrast, the unconstrained Monte Carlo simulation (the green envelope) presented in Fig.
2b suggests that soil texture has a much more significant effect on VPR, with the difference be-
tween the P10 and P90 results being as high as 50% during the peak event of 2004. The difference
between the P10 and P90 for VPR clearly narrow following conditioning to the observed SMC
data (consider the blue solid lines). However, even with this conditioning, the difference between
the P10 and P90 results are as high as 30% during the peak event of 2004. Conditioning the sm-
ulations using instead the UK SO soil texture classification leads to a similar level of refinement
on VPR. However, conditioning to the UK SO soil texture classification generally leads to a dlight
overestimation of VPR in 2007 and 2008 as compared to the results obtained by conditioning to
SMC datawith the exception of the peak VPR events of early 2007 and 2008.

Fig. 3 shows a very similar story for the Highfield Farm site. However, in this case, soil
texture conditioning leads to an underestimation of VPR as compared to results obtained by SMC

conditioning.
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Figs. 4 and 5 show results from Beche Park Wood and Grimsbury Wood, respectively. SMC
sensitivity to soil texture is more apparent at these sites (consider the green envelopesin Figs. 4a
and 5a). However, SMC data estimates following SMC conditioning and soil texture conditioning
at both sites are virtually interchangeable. In contrast, as with Warren Farm and Highfield Farm,
there is amuch wider variation in VPR estimate.

To gain further insight, Fig. 6 shows the location of all the simulations selected by the SMC
conditioning on a soil texture ternary diagram (the blue dots) for each of the four sites considered.
The polygons for the associated UKSO soil texture classifications for each of the sites are also
shown for comparison (the red solid lines).

From Figs. 6aand b, it is clear that for Warren Farm and Highfield Farm, SMC conditioning
identifies soil textures that are completely different to those suggested by UKSO. According to
Fig. 1, the SMC conditioning suggests that Warren Farm is more of a “clay to chalky loam” as
opposed to a“ chalky, silty loam”. In the same way, the SMC conditioning suggests that Highfield
Farm ismore of a*“chalky silty loam” as opposed to a“loam to sand”.

In contrast, Figs. 6¢ and d show that some of the soil textures identified by SMC conditioning
exist within the allocated UKSO soil texture classification polygons for Beche Park Wood and
Grimsbury Wood. It isaso notable that the soil 1og descriptions reported by Sorensen et al. (2014)
for these sites are closer to the UKSO descriptions as compared to the soil log descriptions for
Warren Farm and Highfield Farm. Recall Sorensen et a. (2014) describes Beche Park Wood as
gravely clay and Grimsbury Wood as silty clay. UKSO describe Beche Park Wood as “clay to
clayey loam” and Grimsbury Wood as “clay to silt”.

Fig. 7 shows contour plots of NSE across the soil texture ternary diagrams for each of the four
11



225

226

227

228

229

230

231

232

233

234

235

236

237

238

240

241

242

243

244

245

sites. Note that NSE values closer to one imply better fits to the observed SMC data. Only values
of NSE from 0.7 to 0.9 are contoured because 0.9 represents the highest NSE values achieved and
lessthan 0.7 isarguably too poor to consider. Thefirst thing to note isthat NSE values greater than
0.7 are achieved at al four sitesfor al soil textures outside of the UKSO “sand” polygon. Vaues
of NSE within the UKSO “sand” polygon were mostly lessthan 0.7 for each of the four localities.
The next thing to note is that at Warren Farm, NSE was between 0.86 and 0.9 for al soil textures,
excluding the UKSO “sand” polygon. NSE values were considerably lower but still exhibit little

variability with soil texture at Highfield Farm, Beche Park Wood and Grimsbury Wood.

4. Discussion

The most important observation that can be made from Figs. 2 to 5 isthat SMC is virtually
insensitive to soil texture. On the other hand, vertical percolation rate exhibits a stronger depen-
dence on soil texture. The above results include a range of different soil type scenarios; consider
the UKSO texture classification polygons in Fig. 6. However, all the sites studied are situated
in Southern England, and therefore all experience a UK maritime climate. The extent to which
climate may be important on the above finding is discussed bel ow.

From an earlier sensitivity analysis of the aforementioned SMAP, Mathias et al. (2015) found
that the ratio of AE to PE, averaged over 34 years, ranged from 40% to 94% over the entire soil
textural triangle (seetheir Fig. 5a). However, for sand fraction less than 90% this variation reduced
to between just 80% and 94%. The main reason for thisis that, in a UK maritime climate, there
is generally sufficient rainfall to satisfy evaporative demands. Re-inspection of the governing

equations presented by Mathias et al. (2015) reveals that the impact of soil texture on SMC is
12
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largely through its control on AE. Because AE is virtually the same regardless of soil texture in
this context, very little variation of SMC is observed with changing soil texture.

It isinteresting to note that there is marginally more sensitivity of SMC to soil texture at Beche
Park Wood and Grimsbury Wood as compared to Warren Farm and Highfield Farm. The main
difference between the wooded sites and the farm sites, as far as the SMAP is concerned, is that
the wooded sites experience reduced net rainfall due to forest canopy interception losses. Figs.
2¢, 3c, 4c and 5¢ show monthly mean AE (excluding canopy interception loss) and VPR. It is
clear that VPR is considerably lower at the wooded sites. Furthermore, whilst AE shows margina
summer variability with soil texture at all four sites, winter variability in AE is only apparent at
the wooded sites.

The reduction in available rainfall due to canopy interception makes it harder for plant roots
to satisfy evaporative demands. Consequently, the system becomes more dependent on the soil
moisture relationship with matric potential and plant stress function (consider Egs. (22) and (23)
in Mathias et al. (2015)). Hence SMC can be seen to me more variable with soil texture at the
wooded sites.

The wooded sites can be thought of as a proxy for a dlightly more arid climate. It follows that
SMC is expected to exhibit amuch greater sensitivity to soil texture in semi-arid and arid climates,
as compared to UK maritime climates.

With regards to the stronger sensitivity of VPR to soil texture as compared to SMC, VPR is
caculated by the SMAP using a non-linear function of SMC (Mathias et al., 2015, Eq. (20)).
It follows that any minor variability in SMC will naturally lead to a greater variability in VPR.

Conditioning the SMAP to the observed SMC data or the UK SO soil texture classifications leads
13
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to arefining of the confidence limits for VPR. However, given the insensitivity of SMC to soil
texture, it does not follow that this conditioning leads to increased reliability with regardsto VPR.

Similar to the JULES simulations presented by Sorensen et al. (2014), close to zero runoft was
estimated by all the models regardless of the soil texture adopted. At Warren Farm the models
estimated runoff to occur only on the 27th May 2007 and 20th July 2007 where recorded daily
rainfall was 59 and 105 mm, respectively. At the other three sites, runoff was estimated only to
occur on the 20th July 2007. Both of these dates have been previously recognized in terms of their
high rainfall intensity by Ireson et al. (2011). The reason that the May event is only found to be
significant at Warren Farm is due to its relative higher atitude and hence higher rainfall generaly.
In fact surface runoff was likely to have occurred on many more occasions at Grimsbury Wood
and Beche Park Wood due to the nature of the overlying Paleogene deposits (Maurice et a., 2010).
However, the modelling approach applied here (and by Sorensen et a. (2014) when using JULES)
isnot capabl e of estimating these events dueto the use of daily rainfall, which leadsto an averaging

on rainfall intensities over a 24 hour period (Mathias et al., 2015).

5. Summary and conclusions

In this study, four instrumented recharge monitoring sites previously presented by Sorensen et
al. (2014) arerevisited to explore the value of observed SMC as a constraint for VPR (a proxy for
estimating groundwater recharge rate) estimation. The four sites represent arange of different soil
classifications. Although all four sites are from Southern England, two of the sites are located in
woodland areas, providing a proxy for aslightly more arid climate.

In their earlier study, Sorensen et al. (2014) concluded that SMC was not a good constraint in
14
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this respect. The basis for their argument was that they used four different models to estimate the
SMC data and found that, although each model was “generally good” at estimating the SMC data,
the different models led to large variations of VPR.

In this article, the observed SMC data has been revisited using a single model structure, the
aforementioned SMAP, developed previously by Mathias et a. (2015). Furthermore, rather than
just using the SMAP to estimate both SMC and VPR, the model is also calibrated directly to
the SMC data to look at how such data can be used to reduce uncertainty associated with VPR
estimate.

Monte Carlo simulation using the SMAP suggests that aggregated SMC isvirtually insensitive
to soil texture. In contrast, uncertainty in soil texture can lead to significant variations in VPR
prediction, as high as 50% of P10 values in some cases. Conditioning the SMAP to the observed
SMC data or the UKSO soil texture classifications leads to arefining of the confidence limits for
VPR. However, given the insensitivity of aggregated SMC to soil texture, it does not follow that
this conditioning leads to increased reliability with regardsto VPR.

Using a goodness of fit measure, the NSE criterion, it was possible to delineate regions on a
soil texture ternary diagram that provide better correspondence between the SMAP and observed
SMC at each of the four sites (recall Fig. 6). Interestingly, the delineated regions did not al
coincide with the polygons associated with the UK soil observatory (UKSO, 2016) soil texture
classifications for the different sites. However, the regions defined by the NSE values represent
well defined shapes in all four cases, potentially pointing to an alternative method for defining a
“hydrological” soil texture for these sites.

Overdll, it isfound that the calibrated soil texture values from such an exercise do not always
15
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coincide with data from existing field-scale soil texture maps. But more importantly, whilst un-
certainty in soil texture can lead to significant uncertainty in groundwater recharge estimation, it
isfound that aggregated SMC is virtually insensitive to soil texture.

The insensitivity of aggregated SMC to soil texture is largely attributed to the fact that AE is
generally not much less than PE in UK maritime climates. However, it is hypothesized that much
greater sensitivity of aggregated SMC with soil texture would be observed in arid climates where

AE islikely to be much less than PE and more controlled by soil hydraulic properties.
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Appendix A. Ensuring stability for the Euler explicit time-stepping scheme

This note provides additional information, not previously reported in Mathias et a. (2015),
concerning an Euler explicit time-stepping scheme for the simplified soil moisture accounting
procedure (SMAP).

The SMAP of concern involves solving the conservation problem (Mathias et al., 2015)

dae
E =0 —0On—0o—Ja — Ea (A-l)

where @ [L] isthe aggregated soil moisture content, t [T] istime, g, [LT™}] isthe rainfall rate, g,
[LT-] isthe canopy interception rate, g, [LT1] isthe surface runoff rate, gy [LT!] isadrainage
rate (which forms an input into alinear reservoir store which outputs the vertical percolation) and

Ea. [LT™] isthe actual evapotranspiration rate.
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Application of an Euler explicit time-stepping scheme leads to

®n+l = ®n + At(Qr,n - qm,n - qro,n - qd,n - Ea,n) (A-2)

where At [T] is the chosen time-step
Following Appendix C of Mathias et al., (2016), it can be shown that stability of the above
scheme is ensured providing

d 1
500 * Gin+ Gro + g + Ba) < (A.3)

Note that, according to the equations presented in Mathias et a., (2016), ¢, g, and g, are
independent of @. The E, termisjointly controlled by ® and the potential evapotranspiration, E,
[LT-Y]. It is found that the stability of the above scheme is largely insensitive to E,, providing
E, is constrained to ensure that ® > ®,, where ©,, [L] represents the minimum possible value of

0 associated with plant wilting. In this way, the stability criterion in Eq. (A.3) can be smplified

further to
0 1
8—‘2; < (A.4)
Mathias et al. (2015) prescribe that
Qu(Se) = KeSt[1- (1 - 52" (A 5)

which is the hydraulic conductivity function for unsaturated soils originally proposed by van
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Genuchten (1980). K [LT™Y] is the saturated hydraulic conductivity of the soil, 1 [-] and m [-]

are empirical exponents, and Se [-] is the effective saturation, estimated by the SMAP using

0 -0,
S. = A6
€ Opu (A-6)

where ®,, [L] isthe soil moisture content capacity available for plant uptake.

Differentiating Eq. (A.5) with respect to ® leadsto

n-1 1/m _ cl/mm-1
9 _ KsSe 11-(1- s;/m)m]2 [n+ 25 (1-Sc ) (A7)

90 Op 1—(1-SYm)m

Considering again Eq. (A.4), stability of the scheme is therefore ensured providing ® < ®q
where

and Sy isfound iteratively from the expression

KsSp

2 ZSl/m(l _ Sl/m)W:L 1
[1-(1-8") | [n+ =2 o == (A.9)
1- (1 - So )m At

Note that ®, only needs to be found once for each simulation because ®, does not vary with time.

Following Mathias et a., (2016), the above constraint can be imposed by determining the
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w0 discrete values of gq from

0, Oyia <0
Qdn =3 Qugrials 0 < BOyia < Og (A.10)
®O,—-0
nAt 0 + qr,n - qin,n - qro,n - Ea,na ®trial > ®0
w1 Where
®trial = ®n + At((-]r,n — Uinn — Yron — Qd trial — Ea,n) (A-ll)

w2 With qq1ia being calculated directly from Eq. (A.5) with Se = Sep.

403 The reader isreferred to Mathias et a. (2015) for al other details concerning the SMAP.
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a) Soil textures b) “Peaty” textures
CLAY CLAY

PEAT AND
PEATY CLAY

PEAT PEATY SILT

SAND SILT  SAND SILT

c) “Chalky” textures
1) CLAY CLAY
2) CLAY TO CLAYEY LOAM
3) CLAY TO SANDY LOAM
4) CLAY TO SILT

5) SILT

6) SAND CHALKY

7) SAND TO SILT CLAY TO

8) LOAM CHALKY LOAM

9) LOAM TO SAND

10) LOAM TO SILT

11) CLAYEY LOAM TO SANDY LOAM
12) SILTY LOAM TO SANDY LOAM

CHALKY, CHALKY,
SANDY LOAM\ SILTY LOAM

SAND SILT

Figure 1: Soil texture ternary diagrams illustrating the various available UKSO soil texture classifications (adapted
from UK SO, 2016).
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Figure 2: a) and b) Time-series plots of daily soil moisture content and daily vertical percolation rate for Warren Farm.
The black dots are the observed soil moisture content data previously presented by Sorensen et a. (2014). The grey
bars represent the range in observed soil moisture content, as reported by Sorensen et al. (2014). The green envelope
represent the area bounded by the P10 and P90 from the Monte Carlo simulation obtained by uniform sampling across
the entire soil texture ternary diagram. The blue lines represent the P10 and P90 of the top 10% of all the simulations
interms of their ability to simulate the observed soil moistpme content data. The dashed red lines represent the P10 and
P90 of al those simulations that contained soil textures within the UK SO polygon for this site. ¢) Time-series plots of
monthly mean actual evapotranspiration (excluding canopy interception loss) and vertical percolation. The envelopes
represent the area bounded by the P10 and P90 from the Monte Carlo simulation obtained by uniform sampling across
the entire soil texture ternary diagram.
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b) Highfield Farm
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Figure 6: Soil texture ternary diagrams showing blue dots as the locations of the top 10% simulations (in terms of their
ability to simulate the observed soil moisture data) for @) Warren Farm, b) Highfield Farm, c) Beche Park Wood and
d) Grimsbury Wood. The red polygons denote the region defined by the UKSO soil texture classification associated

with each of these sites.
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Figure 7: Soil texture ternary diagrams showing Nash and Sutcliffe (1970) efficiency (NSE) contours for @) Warren
Farm, b) Highfield Farm, c) Beche Park Wood and d) Grimsbury Wood. The red polygons denote the region defined
by the UKSO soil texture classification associated with each of these sites. The color bar values relate to NSE value

as given in Eg. (1). Recall that NSE is used here to assess the ability of the models to simulate the observed soil
moisture content data.
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