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Abstract 

The representation of soil moisture physics in land surface schemes is subject to uncertainty in parametrization 
as well as uncertainties in model structure and in initial and boundary conditions. Assessing parameter 
sensitivity in land surface schemes is vital for determining the dominant components of the predictive 
uncertainty in forecasts. Several techniques, that are routinely used in hydrological modelling, are applicable to 
land surface schemes. Here a first examination of the impact of perturbing soil physics parameters of the 
HTESSEL land surface scheme is tested using the IFS seasonal forecast system. Significant sensitivity is found 
to two typically dominant soil parameters, the van Genuchten α and the soil hydraulic conductivity, K and an 
improvement in 2m temperature forecast skill can be identified for summer months over Southern European 
land points. An assessment of parameter sensitivity of land surface schemes is seen as a precursor to stochastic 
paramaterization of land surface equations, and perspectives of application are discussed. 

1. Introduction 
Modern land surface schemes provide much more than a boundary condition to atmospheric models. 
These models include an often complex suite of hydrological equations to represent mass and energy 
flux at the surface and in the subsurface (Overgaard et al., 2006). Land surface modelling is a hot 
topic for research (a few examples selected from over the last two decades include: Balsamo et al., 
2010; Boone et al, 2009; Famiglietti & Wood, 1995; Gedney et al, 1999; Gupta et al., 1999; Koster et 
al., 2010; Pitman et al., 1993, Pitman, 2003). Although, the physical representation of soil moisture in 
land surface schemes is known to have an influence on the quality of atmospheric predictions (e.g. 
Williams & Maxwell, 2011; Koster et al., 2010), the parametrization of the processes of soil moisture 
physics in land surface schemes is not straightforward and the uncertainties in the parameters selected 
are little researched, and thus there is very little understanding of the direct quantitative links between 
soil hydrology and atmospheric predictions.  Representation of the relevant hydrological processes in 
land surface schemes, such as infiltration into the soil, overland flow and subsurface vertical and 
lateral flow, are now on a par with such representation in hydrological catchment models that are used 
to predict river flow, soil moisture and other hydrological variables (Cloke & Hannah, 2011). This is 
also true of the spatial and temporal scales used; i.e. the atmospheric and hydrological communities 
are beginning to work on similar scales. This paper draws on current practice in large scale catchment 
hydrology modelling on parameter uncertainty and adapts this for application to land surface schemes. 
A soil physics parameter perturbation experiment is undertaken with the ECMWF IFS seasonal 
forecasts coupled to the land surface scheme, HTESSEL (Balsamo et al., 2010) to explore the 
quantitative effects of the soil physics parameters on atmospheric predictions. The potential benefits 
of using a stochastic approach to soil physics parametrization is discussed.  
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2. Uncertainty in Hydrological Modelling 
Hydrological models that predict river discharge and related hydrological variables such as soil 
moisture are used in research and practice together with sensitivity and uncertainty analysis 
techniques in recognition of the fundamental uncertainties in parameterisation, initial and boundary 
conditions and model structure/process representation, (often collectively known as model factors) 
(Beven, 1989; 2001a; 2006). It is well known that such distributed, physics based models are 
overparameterised, in that there are more parameters than can be estimated from the data, and even 
quite robust parameter calibration (or tuning) exercises do not guarantee good predictions.  
Hydrological processes are notorious for being difficult to represent because of their non-linearity, 
complexity and spatiotemporal variability. Thus the parameters in hydrological models are effective, 
in that they compensate for errors such as subgrid variability, inadequacy of equations in representing 
the processes, lack of knowledge about input and boundary conditions (in hydrology a typical input 
would be precipitation and a typical boundary condition would be groundwater pore pressure 
distribution in the subsurface) and inadequate observational data at the local scale in order to 
characterise the parameters and the errors. Of course, this is also true for all environmental models 
including atmospheric models (Järvinen et al, 2011). Several alternative approaches to modelling 
hydrological variables at the catchment scale have been proposed in order to counter some of the 
problems of purely physics based approaches, for example the Representative Elementary Watershed 
(REW) approach (Reggiani & Schellekens, 2003) or the hybrid physically based-conceptual approach 
used in the Lisflood model (van der Knijff et al., 2010) . What is certainly clear is that adding 
explanatory depth (representating more physical processes with new equations) or higher spatial 
resolution to a hydrological model is not always the only answer to improving predictions (Beven 
1989; Beven & Cloke, in press). 

Although many optimisation strategies exist for parameterisation of hydrological models (e.g. Feyen 
et al., 2007, Vrugt, 2003), realistically multiple sets of parameter values may be seen as equally likely 
as simulators of the land surface, within the limitations of a given model structure and errors in 
boundary conditions and observations (Beven & Binley, 1992). A common approach to deal with 
such parameter uncertainty (see e.g. Cloke et al., 2010) is that of first assessing the dominant 
sensitivities of these factors, through global sensitivity analysis and use these results to inform an 
uncertainty analysis, such as the Generalized Likelihood Uncertainty Estimation, or GLUE (Beven & 
Binley, 1992), in order to use the model in predictive mode. Parameter sets are selected randomly 
from specified distributions and many Monte Carlo simulations are undertaken. Those parameter sets 
that lead to a good model (forecast) performance are noted as ‘behavioural’ and retained for the 
prediction. Thus for predictions (forecasts) an ensemble of simulations is undertaken and for each 
member a set of parameters is stochastically selected from the behavioural sets (see also table 1). This 
procedure can be very computationally expensive for models with many equations and parameters, 
however, it is increasingly possible to use these or similar techniques for complex models 
(Pappenberger & Beven, 2006; Pappenberger et al., 2010; Cloke et al., 2008; Jackson et al., 2003). In 
this paper the first parts of this process are instigated (section 4). 

  



CLOKE, H. ET AL.: REPRESENTING UNCERTAINTY IN LAND SURFACE HYDROLOGY 

Workshop on Model Uncertainty, 20 – 24 June 2011 111 

 

1. Take a large random sample of models (structures and parameter sets) 
2. Evaluate performance using one or more measures 
3. Reject those that do not provide acceptable performance 
4. Retain remaining behavioural models in prediction 
5. Weight predictions according to performance from CDF of predicted variables 
6. Parameter SET that gives the behavioural model 

Table 1: Strategy for GLUE Uncertainy estimation (after Beven, 2001b) 

 

3. Soil moisture physics and land surface schemes 
There is a strong coupling between the land and the atmosphere which is inadequately understood 
(e.g. Fischer et al, 2007, Weisheimer et al., 2011). Recent research on land surface schemes has 
shown that the representation of soil hydrology can influence the variability of precipitation and air 
temperature. International projects such as PILP, GLACE2 and AMMA have improved understanding 
of the mechanisms and areas of strong coupling between the land surface and the atmosphere (Agusti-
Panareda et al., 2010; Balsamo et al., 2010). Generally representations that lead to higher soil 
moisture will lead to higher evaporation and greater cooling of the surface and the overlying air, 
however the soil moisture effects on precipitation are more complex. For example, in the GLACE2 
multimodel experiment for the boreal summer, the subseasonal (out to two months) forecast skill for 
precipitation and air temperature was quantified derived from the realistic initialization of land surface 
states, notably soil moisture. It was shown that land surface intitial conditions impacts on skill 
increase dramatically when conditioned on the size of the initial local soil moisture anomaly 
(http://gmao.gsfc.nasa.gov/research/GLACE-2/). Thus clearly representing initial soil moisture 
conditions is very important. However, in particular for seasonal forecasting the influence of initial 
conditions will deteriorate through the forecast period, and here it is hypothesized, based on 
experience with hydrological modeling (e.g. Mertens et al., 2004), that soil physics parametrization 
may have as least as much if not more influence than the initialization of soil moisture and the spatial 
representation of soil types.   

Many land surface schemes of atmospheric models (including ECMWF’s HTESSEL scheme) are 
based on Richards equation for flow of water in the subsurface (Richards, 1931), which is a very 
popular representation in soil physics (Hillel, 1998): 

 1( )K
t z x
θ ϕθ ∂ ∂ ∂ = +  ∂ ∂ ∂  

 

Where K is the hydraulic conductivity, ϕ is the pressure head, z is the elevation above a vertical 
datum, θ is the water content and t is time. The non-linear relationship between ϕ and θ is decribed 
with a soil moisture release curve (also known as the soil moisture characteristic, see Hillel, 1998 for 
an excellent description), for example the van Genuchten (1980) representation: 
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Where θr is the residual soil moisture content, θs is the saturated soil moisture content and α and n are 
soil dependent soil texture parameters which describe the shape of the soil moisture release curve. 
Typically a land surface textural type map is allocated for the land surface scheme (figure 1) and a 
look-up table gives a specified value per soil textural type (table 2). 

The hydraulic conductivity, K, describes the ease with which water can move through the soil pore 
spaces. It is well known to be difficult to allocate values to this parameter as it does not scale 
adequately and the effective parameter does not represent the subgrid variability. There has been 
much research into the uncertainty in hydrological predictions due to uncertainty in hydraulic 
conductivity [e.g. Schulze-Makuch et al., 1999; Christiaens & Feyen, 2002; Cloke et al., 2008] and 
initial recognition of its importance as a dominant parameter in land surface modelling (e.g. Williams 
 

 

Figure 1: ECMWF soil distribution map built from the FAO database 

Textural type van Genuchten  
α (m-1) 

van Genuchten  
n (-) K (ms-1 x 10-6) 

Coarse 3.83 1.38 6.94 

Medium 3.14 1.28 1.16 

Medium-Fine 0.83 1.25 0.26 

Fine 3.67 1.10 2.87 

Very Fine 2.65 1.10 1.74 

Organic 1.30 1.20 0.93 
Table 2: Subset of soil parameters used in the operational version of HTESSEL 



CLOKE, H. ET AL.: REPRESENTING UNCERTAINTY IN LAND SURFACE HYDROLOGY 

Workshop on Model Uncertainty, 20 – 24 June 2011 113 

and Maxwell, 2011). Other soil parameters, for example the van Genuchten α, also affect the 
movement of water in and through the soil and model predictions can be highly sensitive to the value 
allocated (Cloke et al., 2008). Thus, there is the compound problem of model sensitivity to these 
parameters and the fact that they may not represent values that can be physically measured (they are 
‘effective’, a heterogeneous unsaturated zone will not average linearly in its parameters and the 
Richards equation is not representative of all processes such as preferential flow). Richards equation 
remains a useful tool for modelling subsurface flow if it is understood that the parameters used are 
only effective and not directly comparable to measurements and there remains a model structural 
problem in that it does not represent all water flow pathways (note that alternative hydrological 
approaches such as TOPMODEL may prove competitive to implement in this framework – Best et al, 
2011). Here it is hypothesised here that sampling values from a possible distribution of values is a 
better approach as it may lead to better model performance. There has been little research into the 
prior distributions of the soil moisture physics parameters that may be valid to use at the scale of land 
surface schemes, however, Cloke et al (2008) note the descriptive statistics of the distributions of 
relevant soil moisture physics parameters applicable at a smaller scale, which is a starting point. Here 
we are not considering varying the soil map itself, which is another notable consideration for future 
work. 

4. A soil parameterisation experiment with ECMWF seasonal forecasts 
Using ECMWF’s seasonal forecasting system in model cycle 36R4 and T159L62 resolution the 
following retrospective forecast experiments (reforecasts) were generated: 

(i) a 25 member control forecast (ffcf) 

(ii) a 25 Member perturbed soil physics experiment (fi8x) 

(iii) a 25 member perturbed soil physics experiment WITHOUT the atmospheric stochastic 
physics scheme operating (fjee) 

All reforecast experiments were run for 1st May start dates over the period 1989-2008. The forecast 
length is 4 months ensuring the full coverage of the meteorological boreal summer season June to 
August (JJA). The forecasts were compared to both ERA40 and ERA-interim data. The soil physics 
parameters that were varied were those that have been found to be sensitive in previous studies (Cloke 
et al., 2008): K (hydraulic conductivity) and α (van Genuchten parameter affecting shape of soil 
moisture release curve), and the soil becomes more hydrologically active as these parameter values 
increase. Ranges of possible parameters were inferred from distributions presented in Cloke et al. 
(2008). The reported parameter values of K and α reported in the look-up table (table 2) were used as 
a base and also perturbed by ±10% and ±20% in order to generate the 25 member parameter sets; this 
is a very conservative perturbation – well within the known range of uncertainty, but suitable for a 
first test. As an illustration of the effect of these parameters, figure 2 shows the soil moisture release 
curves generated by these perturbations (α). Focus is on Southern European land areas and the 
summer of 2003, as this region and time period is of particular interest for predictability as an extreme 
hot and dry summer (Weisheimer et al., 2011). 



CLOKE, H. ET AL.: REPRESENTING UNCERTAINTY IN LAND SURFACE HYDROLOGY 

114 Workshop on Model Uncertainty, 20 – 24 June 2011 

 
Figure 2: Soil moisture release curves for coarse, medium and medium-fine soils, examples 
selected to show the effects of perturbing the van Genuchten α parameter. 

Figure 3 shows that there is variation in the ensemble mean performance of the 3 experiments 
compared to ERA-interim for 2m temperature anomalies of Southern European land surfaces during 
JJA over the 1989-2008 period. However, the two perturbed soil physics experiments with (fi8x) and 
without (fjee) the atmospheric stochastic physics do, in most places, outperform the control forecast 
(ffcf) for this case. In summer 1992, the perturbed soil physics experiment (fi8x) outperforms the 
others and interestingly in 1995-1997 and 2003 the perturbed soil physics without atmospheric 
physics (fjee) performs the best. However, it is clear from figure 4, showing the absolute 
temperatures, that there is a warm bias to this last experiment, fjee, although there is no such bias 
evident in the perturbed soil physics experiment, fi8x. The performance of the various experiments 
with respect to the control also varies widely over the years, and thus relative performance is likely to 
be dependent on the summer predictability. This rather complicated result does point to a possible 
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increase in skill with the addition of soil physics perturbations, which should be explored further in 
future work.  

 

 

Figure 3: Ensemble mean 2m temperature anomalies for JJA over Southern European land for 
the 3 forecast experiments and ERA-interim.  

 

Figure 4: 2m absolute temperature over Southern European land for the 3 forecast experiments 
and ERA-interim. 

Figure 5 shows the 2m temperature RMS errors and anomaly correlations for Southern European land 
points against ERA40 (extended with operational analysis). Comparing the RMS errors and the 
ensemble standard deviations, the perturbed soil physics experiment (fi8x) shows an improvement on 
the control (ffcf) (closer lines and lower RMS error) in the first month. The ensemble standard 
deviation of fi8x in fact mostly tracks the control line (ffcf). Although this picture is not free from 
variability there is some indication from these initial results that for Southern European land points 
there is an improved performance when soil physics perturbations are included. 
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For the soil physics experiment without atmospheric stochastic physics (fjee), the RMS error is only 
slightly lower than the control (ffcf). Again, these initial results suggest that for Southern European 
land points there is an improved performance when soil physics perturbations are included and good 
performance is seen even without the atmospheric stochastic physics operating (noting warm bias).   

The anomaly correlations (bottom panels of figure 5) are particularly encouraging. They show that for 
the soil physics perturbation experiment (fi8x) the anomaly correlation is noticeably higher than the 
control (ffcf) and importantly that this is not just an improvement over the first months, but that the 
effect is maintained until month 4.  

 

Figure 5: 2m temperature RMS errors and anomaly correlations for Southern European Land 
points during JJA. Left: control (ffcf) against perturbed soil physics (fi8x). Right: control (ffcf) 
against perturbed soil physics without atmospheric stochastic physics (fjee). 

Figure 6 shows PDFs of Summer 2m temperature anomaly over Southern European land points for 
the experiments. Solid lines represent the climatology over the verification period and stars represent 
the 2003 anomaly ensemble. The dashed vertical line represents the verifying anomaly. Study of the 
left panel of the figure shows that the overall climatology of the experiments does not change the 
distributions with the addition of the soil physics perturbations which gives us confidence that the 
climatic processes are being correctly represented overall. Compared to the control, for 2003 (stars), 
the perturbed soil physics experiment is closer to the extended ERA40 than the control experiment 
(noting that the ensemble size of 25 is still relatively small for representing the full distribution). The 
right panel shows that the combination of atmospheric stochastic physics and soil physics 
perturbations leads to a relatively higher peak in the distribution and a very slight shift towards the 
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verifying anomaly.  Figure 7 as a summary shows that the perturbed soil physics experiment (fi8x) 
does overall show an improved probabilistic skill (measured as the Brier Skill Score for upper tercile 
temperature events) for southern European land points in JJA.    

 

 

Figure 6: PDFs of JJA 2m temperature anomalies over Southern European land points for LEFT: 
soil physics perturbation without atmospheric stochastic physics (fjee) against control (ffcf) and 
ERA40-extended with operational analysis, and RIGHT: soil physics perturbation without 
atmospheric stochastic physics (fjee) against soil physics perturbation (fi8x) and ERA40 
(extended with operational analysis). Solid lines represent the climatology over the verification 
period and stars represent the 2003 anomaly ensemble. The dashed vertical line represents the 
verifying anomaly.  

 

 

Figure 7: Brier Skill Score for Southern European land points for JJA 2m temperature anomalies. 
Perturbed soil physics (fi8x) against control (ffcf). 
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5. Conclusions 
Parameterisation of soil moisture physics equations in land surface schemes (LSS) is not 
straightforward. The land surface is extremely heterogeneous and difficult to parameterise. There are 
many realistic parameter sets none of which necessarily represent the ‘true’ or ‘measurable’ parameter 
value. Experience in hydrological modelling has demonstrated that a modelling strategy that selects 
parameter sets from the range of well performing models can improve predictive ability and can 
quantify uncertainty in predictions.  

A simple soil physic perturbation experiment was undertaken to test the sensitivity of seasonal 
forecast predictions to two soil parameters. Focus was for Southern European land points in JJA. 
Initial results show that just by taking account of some of the uncertainty in two of the most sensitive 
soil parameters 2m Temp skill in seasonal forecasts for S Europe in ECMWF seasonal forecasts can 
be improved. However, results require confirmation and are affected by sample size and are 
dependent on summer type. Ongoing work is testing the tendencies found in initial results on other 
regions and time periods.  This methodology could be expanded to test parameter sensitivity of land 
surface schemes and to implement stochastic paramaterization of land surface equations. 
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