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Abstract 
 
 
For modelling complex hydrological problems, realistic models and accurate hydraulic 
properties are needed. In this report we investigate the ability of two different types of model to 
accurately quantify the water balance in a soil-vegetation-atmosphere (SVA) system, namely a 
mechanistic model (HYDRUS-1D) and a compartment model. We present calibrations of these 
two models performed for a SVA system developed in a podzol soil with Scots Pine vegetation. 
Calibrations of the soil hydraulic properties have been obtained using soil water content data 
collected at several depths with time domain reflectometry probes in two distinct lysimeters. 10 
scenarios have been elaborated and applied on the two lysimeters in order to investigate the 
impact, of both model’s type (mechanistic or compartmental) and layer’s number used for profile 
description, on the calibration accuracy. Necessary data for assessing model boundary conditions 
(climatic and ground water level data) were all site-specific measured. We mainly show that: (i) 
with a high number of soil layers, both model’ type are able to describe accurately the water 
contents at all depths, the mechanistic model being the most accurate, (ii) the considered number 
of soil layers is the major factor that controls the quality of the calibration. Finally, we show how 
the compartment model could be considered as an abstracted model in comparison to the 
mechanistic model, which can be seen as the “best model” or “reference model”, and we 
compare drainage values predicted by both models. It appears that drainages values simulated by 
the abstracted model were close to those of the reference model, provided that drainage values 
were averaged over a sufficiently large period (about 9 months). Therefore, this result suggests 
that values of drainage obtained with an abstracted model could be reliably simulated for 
sufficiently long time periods, with a significant gain in computational time compared to the 
mechanistic approach, and without an important loss of accuracy. 
 
 



 

 

6 

Table of contents 
 
1. Introduction ...............................................................................................................................7 
2. Material and methods .............................................................................................................11 

2.1. Field experiment.................................................................................................................11 
2.1.1. Site study .........................................................................................................................11 

2.1.2. Soil layering ................................................................................................................11 
2.1.3. Vegetation data............................................................................................................13 
2.1.4. Meteorological data.....................................................................................................13 
2.1.5. Ground water table levels............................................................................................13 
2.1.6. Measurement of soil water contents............................................................................14 

2.2. Richards’ equation based model ........................................................................................17 
2.3. Compartment model ...........................................................................................................17 
2.4. Calibration by inverse modelling .......................................................................................20 
2.5. Principle and configuration of the GA ...............................................................................21 
2.6. Scenarios for the calibrations .............................................................................................25 
2.7. Statistical criteria and analysis of variance ........................................................................26 

3. Results and discussion.............................................................................................................28 
3.1. Overview and comparison of the calibration runs .............................................................28 
3.2. Analysis of variance ...........................................................................................................30 
3.3. Impact of the number of layers and the optimization of the thickness ..............................30 
3.4. Effect of  seasonal variations on the RMSE.......................................................................31 
3.5. Calibration of the mechanistic model.................................................................................32 

3.5.1. Quality of the fit, sources of errors .............................................................................32 
3.5.2. Estimates of the van Genuchten hydraulic parameters ...............................................32 

3.6. Calibration of the compartment model...............................................................................34 
3.6.1. Quality of the fit, sources of errors .............................................................................34 
3.6.2. Estimates of the compartment model parameters .......................................................34 

3.7. An example of an abstraction methodology: using drainage values as key output............35 
4. Conclusions ..............................................................................................................................38 
References ....................................................................................................................................40 
Appendix 1 Model results ...........................................................................................................43 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 

7

 

1. Introduction 
 
Water fluxes within the groundwater-soil-vegetation-atmosphere continuum are an important 
factor in determining the migration and cycling of nutrients, contaminants and radionuclides in 
soil-vegetation ecosystems (Figure 1). To assess the large scale (e.g., catchment scale) effects of 
potential groundwater pollution originating from near-surface or deep waste disposal facilities on 
pollutant accumulation in such ecosystems, water fluxes in a large number of soil-vegetation 
combinations should be measured or predicted. Obviously, it is not possible to measure in great 
detail the relevant parameters required for quantifying flow and transport processes for large 
areas occupying several hundreds or thousands km2. Alternatively, more generic parameters can 
be derived from auxiliary data (Wang et al., 2003) or from literature (Wösten et al., 1999). How 
well these parameters will predict key variables, such as soil moisture, soil transpiration, or plant 
evaporation, depends both on the quality of the generic parameter sources and on the used 
calculation model. 
 
During two growing seasons (years 2005-2007), detailed measurements of soil moisture and 
transpiration fluxes were performed in a pine wood on sandy podzol soils at SCK•CEN in Mol 
(Vincke and Thiry, 2008). Additional hydrological and climatic parameters including ground 
water table fluctuations, throughfall, etc were also measured at the site. Some further parameters 
quantifying soil hydraulic functions or plant properties were determined. This detailed dataset is 
used as a reference to assess the suitability of different modelling approaches in assessing soil 
water fluxes at different spatial scales. 
 
 

 
 
 

Figure 1. Water fluxes within the soil-vegetation-atmosphere system (from Collins and Bras, 
2007). 
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Model abstraction methodology 
Model abstraction is defined as ‘a methodology for reducing the complexity of a simulation 
model while maintaining the validity of the simulation results with respect to the question that 
the simulation is being used to address’ (Frantz, 2002). Basically, it is a simplification of the 
model that assures validity for specific purposes. An essential part of the model abstraction is to 
define the key output variables to be evaluated. Model abstraction is attained by either 
abstraction of the model structure (or the conceptual complexity) or by abstraction of parameter 
determination. Model abstraction techniques offer a systematic way of addressing the above 
questions in flow and transport models. Pachepsky et al. (2006) reviews model abstraction 
techniques applicable for modelling flow and transport in subsurface and vadose zone hydrology. 
A systematic way of performing model abstraction is to define a base or reference model with 
the highest complexity and compare its key output with the key output obtained by a number of 
‘abstracted’ models. Pachepsky et al. (2006) illustrated this procedure using a water flow data set 
(time series of water content and water fluxes at two depths) in a loamy soil using data from 
Jacques et al. (2002).  
 
Examples of abstraction techniques of model structure include a hierarchy of models, delimited 
input domain (e.g., two dimensional versus one dimensional simulation), scale change (upscaling 
or aggregation) and meta-modelling. Relevant for this study is the testing of hierarchy of 
conceptual models. Altmann et al. (1996) proposed a hierarchy of models to simulate water flow 
in structured soils (Figure 2). Most complex models involve flow in discrete fractures, whereas 
the simplest models are a bucket-type model or a single continuum model based on Richards’ 
equation. Applying a hierarchy of conceptual models to modelling the redistribution of 
precipitation, taking into account processes such as groundwater depth fluctuations, throughfall 
and root water uptake is the subject of this study (Figure 3). 
 
The aims of this study are to: 

(i) Calibrate different conceptual models to an experimental dataset in a soil-vegetation-
atmosphere (SVA) system; 

(ii) Discuss the efficiencies of those conceptual models in order to select one as a 
reference model to develop and test an abstraction methodology (Figure 3). 
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Figure 2. Alternative conceptual models and their corresponding relative permeability 
characteristic curves for flow through fractured rock (from Altman et al., 1996). 
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Figure 3. A schematic of the model abstraction technique. The base of the pyramid represents the 
most detailed or reference model, whereas the top corresponds to the most abstracted model. A 
simplification of the model structure and an increasingly more simplified data set can be applied 
simultaneously. 
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2. Material and methods 
This study uses a dataset collected during the years 2005-2007. Further details on experimental 
setup and relationships between ground water table fluctuations and root water uptake are 
reported in Vincke (2006). The latter study aimed at “contributing to long term biosphere impact 
modelling in a geological disposal scenario through measurements of soil-tree-atmosphere water 
transfer and related ecophysiological parameters”. Vincke (2006) discussed both methodological 
issues and results of the field and laboratory measurements. The present work aims at calibrating 
numerical models for describing water fluxes in a forest stand. Two kinds of conceptual models 
are compared: a Richards’ equation based model and a compartment model. The compartment 
model can be seen as an ‘abstracted model’ since its level of complexity is much lower.  

2.1. Field experiment 

2.1.1. Site study 
The site study is located in Mol, in the Belgian Campine region, in the private domain of 
SCK•CEN. The topography is flat and the altitude is 15 m a.m.s.l.. The climate is humid 
temperate. Mean annual potential evapotranspiration (PET) is 616 mm year-1; the annual 
precipitation is 767 mm year-1, while the mean annual temperature is 9.8°C (Gellens-
Meulenberghs and Gellens, 1992). Vegetation consists of a forest stand of Pine Scots (Pinus 
sylvestris L.). The soil is classified as a podzol (Zcg-Zdg type according to the Belgian soil 
classification or a district cambisol according to the FAO (1998)) and has a sandy texture. 

2.1.2. Soil layering 
Two lysimeters approximately 10 m apart have been installed for the purpose of soil water 
monitoring. The soil layering for the two associated profiles exhibits large differences even at a 
short spatial scale (Figure 4). 
 
The sequence of soil layers in the first soil profile (lysimeter 1) is: (i) a top layer (litter) of about 
13 cm thick, (ii) a 37 cm thick eluvial horizon with anthropogenic disturbances consists of two 
sub-horizons (a light layer on top of a black organic-rich one), and (iii) the parent material with 
two sub-horizons: a white-colored sub-horizon, and a green-colored sub-horizon starting from a 
depth 88 cm depth. This deepest horizon has reduced forms of iron and indicates thus the 
temporary presence of a saturated zone at this depth. The profile is summarized as follows: 
 
- humus (0 - 13 cm),  
- eluvial horizon (light) (13 – 34 cm), 
- eluvial horizon (black) (34 – 50 cm), 
- parent material (white) (50 – 88 cm), 
- parent material (green ) (>88 cm). 
 
In the second soil profile (lysimeter 2), the following horizon sequence was observed: (i) humus 
and OM enriched horizon, (ii) an eluvial horizon which shows anthropogenic disturbances, (iii) a 
transition layer, (iv) a dark horizon (Bh) which contains a high proportion of organic matter 
(humus) at about 80-95 cm depth, and (v) the white colored parent material (>95 cm). The 
profile summary is the following: 
- humus (0 – 19 cm), 
- eluvial horizon  (19 – 69 cm), 
- transition layer (69 – 82 cm), 
- humus horizon (82 – 96 cm),  
- parent layer  (>96 cm). 
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Note that layer thicknesses vary considerably from one location to another, and that some 
horizons are not present at all locations (for instance the humus horizon Bh is present in 
lysimeter 2, but not in the lysimeter 1 where it has been broken by deep ploughing and mixed 
with over- and underlying layers). Table 1 reports data of Vincke and Thiry (2008), which have 
been performed on a trench located few meters from the lysimeters of this study. The data give 
some indications on the general properties of this podzol. Soil water content at selected pressure 
heads were measured on undisturbed cores (100 cm3) using a pressure plate extractor (Richards, 
1941). 
 
 

                 
 
Figure 4. Soil profiles of lysimeter 1 (left) and lysimeter 2 (right). 
 
 
 
Table 1. Depth, texture, organic carbon content, and volumetric soil water content at field 
capacity (pF 1.8) and at wilting point (pF 2.4), measured in a proximal trench (data from Vincke 
and Thiry (2008)).  
 
Horizon * Depth Sand Silt Clay Corg θFC θWP 

 (cm) (%) (%) (%) (%) (cm3.cm-3 ) (cm3.cm-3 )
Ap     (plowed horizon) 0-23 92.3 6.1 1.5 2.03 0.118 0.024
B    (illuviated horizon) 23-41 91.5 6.5 2.0 0.61 0.067 0.036
IIAB (transitional horizon) 41-53 91.1 7.3 1.6 0.72 0.131 0.014
BC   (transitional horizon) 53-66 91.7 8.0 0.3 0.43 0.148 0.014
IIIA  (tourb) 66-89 92.3 6.4 1.2 6.55 0.250 0.030
IIIB    (transitional horizon) 89-110 91.9 7.1 1.0 0.46 0.111 0.019
IVC (parent material) >110 91.9 7.5 0.7 0.34 0.111 0.019

* a detailed description of each horizon is available in Vincke , 2006  
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2.1.3. Vegetation data 
The forest stand, 45 acres in area, was planted with Scots pine (Pinus nigra) in 1949 on a 
formerly tilled soil. The understorey vegetation is mainly constituted by Rowans (Sorbus 
aucuparia), Black Cherry (Prunus serotina), Salmonberry (Rubus spectabilis) and Lady Fern 
(Athyrium filix-femina). The leaf area index (LAI) was estimated to be in the range of 1-3.4 by 
Vincke and Thiry (2008). The maximum LAI is reached about June 1st, whereas the minimum 
was found to the winter period. 
 

2.1.4. Meteorological data 
Meteorological data were recorded one km away from the field study, at 24 m a.m.s.l., on the 
roof of the Medical Services building at SCK•CEN.  Precipitation, air temperature, global 
radiation, relative humidity, and wind speed were recorded every 10 min. The total precipitation 
for the period from April 13 2005 to April 12 2006 was 816 mm, which is very close to the 
yearly mean value calculated by Jacques and Mallants (2008) over the 37 last years (845 mm, 
standard deviation of 149 mm). Throughfall data were also recorded in the forest stand using five 
rain gauges, at a weekly time-step. 
 
Meteorological data were used to calculate the potential evapotranspiration PET (mm.day-1) 
according to the ASCE-Penman-Monteith formula (Penman, 1948; Jensen et al., 1990). Since, 
no roots were included in the lysimeters, the potential evaporation PE was estimated from PET. 
It was assumed that potential evaporation is due to the energy which really reaches the soil 
surface. Thus, PE was calculated by: 
 

)5.0*exp(* LAIPETPE −=                                                                                                         (1) 
 
The total potential evapotranspiration and potential evaporation calculated over the period 
chosen for calibration (339 days) of the soil hydraulic parameters was equal to 572 and 187 mm, 
respectively. For comparison, Jacques and Mallants (2008) calculated a yearly mean PET value 
over the 37 last years of 605 mm (standard deviation of 54 mm). Figure 5 shows the mean daily 
values of measured throughfall at the forest site and the calculated PE using Eq. 1.  
 

2.1.5. Ground water table levels 
The ground water table level has been recorded in three piezometers (PZ1, PZ2, PZ3) installed 
down to two meters deep. Piezometer 3 (PZ3) was nearest to the lysimeters. It was located two 
meters from lysimeter 2 and 10 meters from lysimeter 1. Ground water table levels in PZ2 and 
PZ3 were measured about each two weeks using a graduated stick of wood. PZ1 was equipped 
with an automatic water level sensor and measurements were performed at 30 min interval. Daily 
data for PZ3 were extrapolated from PZ1 by assuming that variations in PZ3 during two 
measurements have followed the tendencies observed in PZ1. Extrapolation was obtained using a 
linear regression. Daily water table levels for PZ3 are plotted on Figure 5. The water table level 
reacts fast to strong rain events (on one particular day, around day 75, the ground water table 
level increases by more than 10 cm). The shallowest ground water level observed is about 100 
cm during early spring (day 333). 
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Figure 5. Climatic (Potential evaporation PE, throughfall) and ground water data. Daily averaged 
values of throughfall, PE and ground water table depth (the latter from piezometer PZ3 located 
in the middle of the experimental plot). Day 1 corresponds to April 13 2005. 

 

2.1.6. Measurement of soil water contents 
Soil water contents were recorded in two lysimeters using time domain reflectrometry (TDR) 
probes. Three-rod TDR probes 35-cm-long were installed. Roots were cut during the installation 
of the TDR probes to exclude effects of root water uptake on the soil-water balance. TDR probes 
were installed at the depths of 10, 20, 30, 40, 50, 60, 70 and 90 for lysimeter 1, and at 10, 20, 30, 
40, 50, 60, 70, 80, 90, 100, 110 and 120 cm for lysimeter 2 (see Figure 6 as illustration). Water 
contents were recorded each two hours using a Tektronix 1502C cable tester connected to a 
datalogger (CR10X, Campbell Inc.).  
 
Each TDR-probe was calibrated to obtain the travel time of the electromagnetic wave in the 
epoxy resin and the exact length of the probe following the approach of Heimovaara (1993). 
Travel times of the electromagnetic wave along the TDR probe were recorded with the Campbell 
automatic system. Travel times were used to calculate the apparent dielectric constant of the soil. 
The apparent dielectric constant was related to the water content with the empirical model of 
Topp et al. (1980). To assess the applicability of Topps equation for our soil, samples of 16 cm 
height and 40 cm in diameter (i.e., the same diameter of the lysimeters) were taken about 1 meter 
from each lysimeter and at four depths. A TDR-probes was installed in the middle of each 
sample. The sample was then saturated and slowly dried by contact to the atmosphere. At 
regularly times, the water content was measured by the TDR-probes and gravimetrically. At the 
end of the experiment, the dry weight of the samples was measured.  
 
Comparison between the gravimetrically-measured and TDR-measured water contents agreed 
relatively well, except at two depths: (i) the sample at a depth of 80 to 95 cm close to lysimeter 
1, i.e. in the green parent material, and (ii) the sample at a depth of 65 to 80 cm close to lysimeter 
2, i.e. in the humic layer. In these two layers, the equation of Topp over predicted the water 
content. The R² of linear regression between the measurement points for the other samples with 
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water contents between 0.1 and 0.35 is about 0.84 with a small tendency to under predict the 
water contents. 
 
Values were averaged on a daily basis. Because of technical problems, data have been not 
recorded at some days and depths, or records had a doubtful quality. Such measurements will be 
excluded from the calibration of the soil water balance model. Data recorded at the depths of 30 
cm and 80 cm for Lysimeter 2 are also not reliable, possibly due to high organic matter content 
of the Bh horizon, and therefore are removed from the data set used for calibration. All reliable 
data are shown on Figure 7.  
 
Water contents for the two lysimeters show similar trends. It appears clearly that after rainy 
events, there is a large and rapid increase of water contents at the near surface observations 
depths in the days subsequent to rain events. Water content changes at the deeper measurement 
depths are less affected. At day 313, there is a sudden change in water content at the 90 and  120 
cm depth for lysimeter 1 and 2, respectively. At that time, water contents at those depths are 
close to 0.45, which is probable close to the saturated water content. Given the sandy texture of 
the soil profile, the water table level is likely to be between a depth of 70 and 90 cm and between 
110 and 120 cm depth for lysimeter 1 and 2, respectively. This difference in the water table level 
for the two lysimeters could be attributed to the irregular micro-topography of the experimental 
field.  
 
 
 

 
 
Figure 6. Lysimeter 2 with the 12-installed TDR probes. 
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Figure 7. Volumetric water contents measured with TDR in lysimeter 1 (top) and 2 (bottom). 
Values of throughfall data are given at the right axis. 
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2.2. Richards’ equation based model 
The first model used to describe the soil-water balance is a fully mechanistic model based on 
Richards’ equation which is a mechanistic water flow model. Richards’ equation (Richards, 
1931) combines the mass conservation equation with the Darcy-Buckingham law. The 
Darcy-Buckingham law relates water fluxes to water pressure head differences over the soil 
column with the hydraulic conductivity as the proportionality factor. In one dimension, 
Richards’ equation is written as follows: 
 

( ) ( ) ( ) )(hS
x

x+hhK
x

=
t
hθ

−⎥⎦
⎤

⎢⎣
⎡

∂
∂

∂
∂

∂
∂                                                                                                (2) 

 
 
where h is water pressure head [L], θ is the volumetric soil water content [L3L-3], K is the 
hydraulic conductivity [LT-1], t is the time [T], x[L] is the vertical coordinate which is positive 
upward, and S is the sink term [L3L-3 T-1]. 
 
To solve Eq. (2), the soil hydraulic functions θ(h) and K(h) expressing the nonlinear relations 
between water content and pressure head and between hydraulic conductivity and water content, 
respectively, have to be defined. We used in this study the functions θ(h) and K(h) defined by  
van Genuchten (1980) because their flexible shapes allow a good description of the θ(h) and 
K(h) behaviour with a limited number of parameters. The moisture retention and hydraulic 
conductivity curves are, respectively: 
 

( ) ( ) ( )[ ] mn
rsr αh+θθ+θ=hθ

−
− 1                                                                                                   (3) 

 
and 
 

( ) ( )[ ]2/111 mml
s SeSeK=hK −−                                                                                                  (4) 

 
where θr and θs are the residual and saturated water contents [L3L-3], respectively, α [L-1], n [-] 
and m [-] are curve shape parameters, Ks is the saturated hydraulic conductivity [LT-1], Se = (θ - 
θs)/(θs – θr) is the effective saturation [-], and l  is the pore connectivity factor [-]. Following the 
approach of Mualem (1976), m is linked to n in this study by the condition m = 1 – 1/n. During 
the calibration process, parameters θr, θs, α, n and Ks are optimized. l is fixed at 0.5 (value 
estimated by Mualem (1976) to be an average of many soils). 
 
The HYDRUS-1D package (Šimůnek et al., 2009) was used to simulate the soil-water balance. 
Climatic data were used for the upper boundary conditions (throughfall and evaporation values). 
Because the water table fluctuations occurred at a depth varying from about 100 cm to 180 cm 
we defined a vertical profile of 200 cm and set the bottom boundary condition as a variable 
pressure head based on the groundwater table fluctuations. The spatial discretization increment 
was set to 1 cm. 
 

2.3. Compartment model  
The second model used is a so-called compartment model which represents a significant 
simplification over the mechanistic model from section 2.2. Compartment models aim to 
simulate, albeit in a simplified manner, temporal and spatial variations of the soil water content, 
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as well as the water fluxes that occur across model boundaries (evapotranspiration, drainage). 
Their robustness and their low computational cost time make them suitable for long term studies, 
for example for hydrological (Chen et al., 2005) or agricultural management (Stuff and Dale, 
1978) purposes.  
It is long known from field observations that the soil water flow which follows rainfall or 
irrigation events decreases in intensity as time progresses and becomes close to 0 within a few 
days (see e.g. Peck, 1971; Talsma, 1974; Dane and Wierenga, 1975). The water content at which 
internal drainage ceases is called the field capacity. At certain low water content, depending on 
the type of plant, the roots can no longer extract water, and the plant wilts. This water content is 
called the wilting point, and the amount of water held within the soil between its field capacity 
and wilting point is referred as the available water or water-holding capacity.  
 
Single budget models essentially treat the soil profile as a bucket into which water flows until its 
maximum capacity is reached. Excess of water is then treated as runoff or drainage. In more 
sophisticated budget models, the soil profile is divided into several layers, with different field 
capacities. Input of precipitation leads to the successive filling from the upper layers to the 
deeper layers when they reach their field capacity. The strength of these models is that they 
require a minimal amount of input data, namely field capacity, wilting point and daily 
precipitation. Functions for calculating the interception and the root water extraction could also 
be considered. An additional strength of these models compared to Richards’ equation based 
models is their low computation time. 
 
Weaknesses of budget models are their poor physical bases: (i) the field capacity is somehow 
arbitrary since the flow within the soil is conditioned by differences of pressure head, and (ii) no 
vertical redistribution induced by capillary forces is taking into account.  
 
In the literature a large number of compartment models have been proposed. Among others we 
mention the models of Kim et al. (1996), Granier et al. (1999) and Raes et al. (2006). 
 
We developed a site-specific compartment model including multiple layers to deal with the 
observed soil heterogeneity. Considering the entire soil profile, the change in water content 
between two successive days ∆W (mm.day-1) could be written as: 
 

DETInPW u −−−−=∆                                                                                                            (5)  
 
where P represents the rainfall (mm.day-1), In is the interception due to canopy (mm.day-1), T is 
the tree evaporation (mm.day-1), Eu is the evaporation from understorey plus soil (mm.day-1), and 
D is the drainage that occurs at the bottom at the soil profile (mm.day-1).  
 
Since roots were excluded in this experiment (thus, T=0), and since the throughfall was 
measured (Th=P-In), Eq. (5) is reduced to: 
 

DEThW u −−=∆                                                                                                                       (6a)  
  
A schematic view of the compartment model used in this study is shown in Figure 8.  
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Infiltration process 
Because runoff is assumed to be equal to 0, the water which infiltrates within the soil is equal to 
the throughfalls. By denoting l (mm.day-1) the water which infiltrates within the soil, equation 
(6a) is rewritten as: 
 

DElW u −−=∆                                                                                                                         (6b)  
 
 l is distributed in the different layers, starting by the top layer, until all the available water has 
infiltrated (see schematic on Figure 8):  
 

( ){ }jjiisij IeMINI ;t   1,,,1 ∆×−×= −θθ                                                                                              (7) 
 
where I1,j (mm.day-1) is the amount of water infiltrated in the first layer at the jth day, ei is the 
thickness (mm) of the layer i, ∆t is the time increment equal to 1 day and Ij (mm.day-1) is the 
total amount of water infiltrated at the jth. If ( )( ) Ite jiisi <∆×−× −1,, θθ  then equation (7) is 
applied to the successive layers until all the infiltration water is distributed in the soil. 
 
 
 

 
 
 
Figure 8. A schematic of the compartment model showing the different fluxes within the soil-
vegetation-atmosphere system: Infiltration (I), evaporation (E) and drainage (D). Note that 
impact of vegetation is taken into account through the measurement of the throughfall and the 
calculation of the potential evaporation which depends on the energy captured by the 
understorey. 

 
 
Evaporation from the soil and understorey 
The evaporation from understorey plus soil Eu was calculated as follows: 
 

{ }MEPMINEu ; E =                                                                                                                     (8) 
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where ME (mm.day-1) is an empirical factor accounting for the soil resistance to the evaporative 
flux. This expression was chosen thanks to its basic form. Parameter ME is calibrated in this 
study.  
 
Drainage 
The drainage between two successive layers occurs if the top layer has a water content θ superior 
to field capacity water content θfc. The drainage Di from the sol layer i is calculated as follows: 
 

( ) ( ){ }t    ;t    11  ,1, ∆×−×∆×−×= +++ iisiifciii eeMIND θθθθ        if  ni <                                            (9) 
 

( ) t , ∆×−×= ifciii eD θθ                                                           if  ni =                                          
 
where n is the number of layers. 
 

2.4. Calibration by inverse modelling 
The calibration of a model aims to obtain the set of parameters that gives the best fit between 
observations and calculations. If b is the vector that contains the parameters, the goal is to find 
the minimum of the objective function OF(b) defined as follows: 
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N
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1

2 *
i bb θθ                                                                                                             (10) 

 
where N is number of water content measurements and θi and θi

* are the ith observed water 
content and the ith calculated water content, respectively. 
 
Since the calibration problem (also called “optimization problem” or "inverse problem") deals 
with a non-linear set of equations, b could not be calculated in a single matrix, and an iterative 
process is needed. Several methods for parameter optimization exist, which could be either 
heuristic, such as the Levenberg-Marquardt algorithm (Marquardt, 1963), or stochastic (see for 
instance Vrugt and Bouten, 2002). Whereas heuristic methods are purely deterministic, 
stochastic methods use a random process in order to explore the whole parameter space. For the 
heuristic methods, results are often dependent on the initial parameter values. When the shape of 
the objective function is very complex, it is very common that the algorithm find only a local 
minimum. Thus heuristic methods are also called local search method. In the opposite, the 
stochastic method performs a global search. For complex calibration problems, the stochastic 
methods are often preferred because they use a global search into the space parameter. The 
drawback is that the stochastic methods are computationally more intensive. Most popular 
stochastic methods are the evolutionary algorithms and simulated annealing. 
 
Because it is known that the heuristic methods (e.g. the gradient-based method) often lead to a 
local minimum instead of the global minimum (Schwefel, 1995), a stochastic method (i.e., the so-
called evolutionary algorithm) was used in this study. Because the problem investigated here is 
relatively simple and 1D, a single run requires about 1 and 0.1 second for the mechanistic model 
and the compartment model, respectively. 
 
In this study, an elitism genetic algorithm (GA) which incorporates the island model theory was 
used. General literature on genetic algorithms is available from, for instance, Goldberg and 
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Richardson (1987), Goldberg (1989), or Goldberg and Deb (1991). Some general principles of 
genetic algorithms are discussed in section 2.5. 
 

2.5. Principle and configuration of the GA 
2.5.1. General principle 
Genetic algorithms (GAs) are a particular class of evolutionary algorithms that use techniques 
inspired by evolutionary biology such as inheritance, selection, crossover and mutation. GAs are 
implemented in a computer simulation in which a population of abstract representations (called 
chromosomes) of candidate solutions (called individuals) to an optimization problem evolves 
gradually towards an optimal solution. Traditionally, solutions are represented in binary as 
strings of 0s and 1s, but it is also possible to represent solutions with real-parameter values. The 
evolution usually starts from a population of randomly generated individuals and proceeds in 
generations (see the flowchart presented in Figure 9). The first generation of individuals is 
similar to initial parameter values in a deterministic algorithm. In each generation, the fitness of 
every individual in the population is evaluated, multiple individuals are selected from the current 
population (based on their fitness, i.e. objective criterion), and modified (recombined and 
possibly randomly mutated) to form a new population. The new population is then used in the 
next iteration of the algorithm, and represents a perturbation of the previous population. 
Commonly, the algorithm terminates when either a maximum number of generations has been 
produced, or a satisfactory fitness level has been reached for the population. These steps are 
described more in details below. 

 
 

 

 
 
 
Figure 9. Flowchart of the principle of the genetic algorithm. 
 
 
Initialization 
An initial population is randomly generated, in order to cover the entire range of possible 
solutions (the search space). The population size depends on the nature of the problem and the 
number of parameters to optimize, but typically contains several hundreds or thousands of 
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possible solutions. This represents a major difference with deterministic heuristic methods, in 
which generally a limited set of initial parameters exist (often just one). 
 
Selection and reproduction 
During each successive generation, a proportion of the existing population is selected to breed a 
new generation. Individual solutions are selected through a fitness-based process, where fitter 
solutions, as measured by a fitness function, are typically more likely to be selected. For 
calibration problems, the sum of square errors is often chosen as fitness function. For instance, if 
observations are water contents, the fitness function (FF) could taken equal to OF(b) as 
calculated in equation 10: 
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2 *
i θθ                                                                                                                       (11) 

 
Therefore, at any generation, the best solution is the one with the lowest fitness function value 
(FF).  
Selection of individual has to be realized so that a small proportion of less fit solutions are kept, 
together with the most fitted solution. This helps keep the diversity of the population large, 
preventing premature convergence on poor solutions (which would be similar to a local 
minimum in the solution domain). Popular and well-studied selection methods include roulette 
wheel selection and tournament selection. 
 
Tournament selection 
In the tournament selection, “tournaments” are played between two solutions and the winner 
(better solution accordingly to the fitness function) is chosen and placed in the mating pool. It 
involves running several tournaments among a few individuals chosen at random from the 
population. The winner of each tournament is placed in the mating pool. Selection pressure is 
easily adjusted by changing the tournament size. If the tournament size is larger, weak 
individuals have a smaller chance to be selected. 
 
Roulette wheel selection 
In fitness proportionate selection, as in all selection methods, the fitness function assigns fitness 
to possible solutions or chromosomes. This fitness level is used to associate a probability of 
selection with each individual chromosome. If FFi is the fitness of individual i in the population, 
its probability of being selected, pi, is: 
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where M is the number of individuals in the population. The selection process is similar to a 
roulette-wheel (Figure 10): a proportion of the wheel is assigned to each of the possible selection 
based on their fitness value. This is achieved by dividing the fitness of a selection by the total 
fitness of all the selections, thereby normalizing them to 1. Then a random selection is made 
similar to how the roulette wheel is rotated. Thus each solution has a non-zero probability of 
being selected, the solutions with highest fitness being more likely selected.  

Crossover 
Several techniques for crossover are available depending on the coding system (Deb, 2001). The 
principle is to combine the genetic material of the selected solutions (parents) in order to create a 
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new solution (child). Schematic view of the crossover technique for a binary-coded GA is 
illustrated on Figure 11. Genetic material of the two parents is cut in two or three segments 
(depending on crossover technique); then the segments of the two parents are combined in order 
to create the genetic material of the children. Note that implementing crossover is simpler for 
real-parameters-coded GAs (for instance some difficulties arrive for binary-coded systems when 
the transition to a neighboring solution requires the alteration of many bits). 

 

 

 

Figure 10. Schematic representation of the roulette-wheel process. In this example, the 
probabilities of being selected are represented for a population of five individuals. Individual 3 
has the highest fitness and individual 2 has the worst one (source: Engineering Design Center of 
Newcastle University1). 
 

 
 

 
Figure 11. Schematic representation of the single-point crossover (a) and the two-point crossover 
(b) techniques. Each color represents the genetic material of one parent (source: Wikipedia2). 

                                                 
1 http://www.edc.ncl.ac.uk/highlight/rhjanuary2007g02.php (last check: 1/04/20100). 
2 http://en.wikipedia.org/wiki/Crossover_(genetic_algorithm) (last check: 1/04/20100). 
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Mutation  
The purpose of mutation in GAs is to allow the algorithm to avoid local minima by preventing 
the population of chromosomes from becoming too similar to each other, thus slowing or even 
stopping evolution. Mutation is the key factor for keeping diversity within the population. 
Depending on the coding system, mutation is implemented in the following ways:  
 
Binary-coded GAs 
The mutation operator involves a probability that an arbitrary bit in a genetic sequence will be 
changed from its original state. A common method of implementing the mutation operator 
involves generating a random variable for each bit in a sequence. This random variable tells 
whether or not a particular bit will be modified. Figure 12 illustrated the mutation process for a 
binary-coded GA. 
 
 

 
 
Figure 12. Schematic illustration of the mutation process for a binary-coded GA. In this example 
two bits are mutated (in red color). 
 
 
Real-parameters-coded GAs 
For real-parameters-coded GAs, the parameters that are mutated are randomly selected. Numbers 
of parameters that are subject to mutation could be adjusted accordingly to a defined level of 
mutation pressure (which can vary with time). Intensities of mutations are randomly chosen 
accordingly to a specified distribution (e.g. a Gaussian distribution).   
  
Elitism 
As the name suggests, an elite-preserving operator permits the best solution or group of best 
solutions to be carried out over the next generation. Elitism could be implemented in various 
ways. A common way is to directly place the best individual in the mating pool. No matter how 
elitism is introduced, it makes sure that the fitness of the population-best solution does not 
deteriorate.  
 
Termination 
Common terminating conditions for GAs are (i) a solution is found that satisfies minimum 
criteria or (ii) the fixed number of generations is reached. 
 
Island/migration models 
For improving the efficiency of GA, both in terms of quality of the solution and of computation 
time, some authors have proposed the “island”, or “migration” models (IMs). Such models are 
based on a population structure that involves subpopulations which have their isolated evolution 
occasionally punctuated by inter-population communication (Gordon et al., 1992; Skolicki, 
2005). Whereas during the isolation phase, an exploitation of the potentialities of the 
subpopulations occurs, during the communication phases, with the infusion of migrant(s) in the 
subpopulations, the exploration process is emphasized. IMs are implemented by subdividing the 
population into subpopulations, and by copying, at selected phases of communication, the best-

                                                                                                                                                             
 



 

 

25

individual(s) of each subpopulation into the mating pool of all others subpopulations. Sensitive 
parameters for IMs are the numbers of migrant(s) and the duration of isolation phases.  
 
2.5.2. Configuration of the GA  
 
A GA algorithm has been written for the purpose of this study. We implement the GA with the 
following features: 
- real-parameters coding. Real-parameter coding avoids some inherent difficulties which arise 
when binary coding is used (in particular the difficulty of the “Hamming cliffs” associated with 
certain strings from which a transition to a neighboring solution requires the alteration of many 
bits). 
- use a roulette-wheel process for selection operator. This operator, despite the fact that 
convergence is slower than the one of tournament selection, has the capability for keeping a high 
degree of diversity in the population. This is due to the random selection process that prevents all 
low fitness solution to disappear. 
- use of elitism. This is a general feature which theoretically allows (with a non-zero mutation 
probability) the GA to converge to the global optimum (Rudolph, 1994). 
- use of island theory. Provided the number of individuals in the sub-populations is sufficiently 
high, island model improves significantly the GA’s performance, given a consistent amount of 
computation (Martin et al., 1997). The island theory is implemented, by creating five sub-
populations. Migration process is restricted to the best individual of each subpopulation which is 
duplicated in the four others subpopulations at the end of each epoch (15 generations).  
Note that choosing size population and total number of generation is critical with regard to the 
quality of the final solution. At our knowledge, there is no way for determining the optimal 
number of individual for a specific problem. In fact, since each problem has a specific objective 
function (more or less complex), and since various operators can be selected and applied with 
different set-up (for instance the set-up of the mutation factor), there is no systematic way to 
determine the optimal size population. In fact, if the population is smaller than this theoretical 
optimal size population, the global optimum is likely not to be found, and if the population is 
larger, a computational time will be loss. Compared to examples found in the hydrological 
literature, we fixed the size population to 1000 (equal to five sub-populations of 200 individuals) 
and the number of generation equal to 300. This choice results in a total number of generate 
solutions of 300 000. For comparison, using the SWAT hydrological model, Zhang et al., 2009, 
use a total number of solutions equal to  50 000. 
 
No additional ending criterion is added in this study, therefore the GA stops after the last 
generation has been reached.  
 
 

2.6. Scenarios for the calibrations 
The fitness function was calculated as the sum of square errors between observed and predicted 
water content values (see Eq. 11). Calibrations of the soil hydraulic properties were done for the 
two lysimeters. For lysimeter 1, water contents derived from TDR measurements at depths of 10, 
20, 40, 50, 60, 70 and 90 cm were selected, whereas water contents of the lysimeter 2 at depths 
of 10, 20, 40, 50, 60, 70, 80, 90, 110 and 120 cm were selected. Other data was rejected because 
values are incoherent, likely to be due to be the inconsistency of the Topp’s relation for those 
depths (see section 2.1.6.). 
 
For the purpose of model calibration, ground water table levels of the piezometer 3 were used for 
the lower boundary condition, since this piezometer was the closest to the two lysimeters. Since 
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variations of water table levels in all the piezometers follow the same trends but with PZ1 having 
a much finer temporal resolution, we use trends of PZ1 for PZ3 in order to have a finer temporal 
resolution for the latter (see figure 5). 
 
Several scenarios were performed in order to test model accuracy depending on the number of 
layers and their thickness. We defined a scenario which includes the five horizons observed in 
the field investigations. Because descriptions of the soil profile were not done at exactly the 
same locations as the location of the TDR probes, we add a scenario in which layer thickness is 
optimized. We considered also a scenario in which the soil is considered as homogeneous (1 
layer). Finally, because we anticipate that the litter layer has very different hydraulic parameters 
compared to those of the underlying sandy soil profile, we added an other scenario with two 
layers, the first one corresponding to the litter layer, according to the field observations. A 
modified version of this scenario was also added, including an optimization of the thickness of 
the litter layer. The five following scenarios were investigated:  
- a 5-layer model with fixed thickness (5F), 
- a 5-layer model with unfixed thickness (5U), 
- a 2-layer model with fixed thickness (2F), 
- a 2-layer model with unfixed thickness (2U), 
- a 1-layer model (1F). 
 
Those five model scenarios will be referred to as M5F, M5U, M2F, M2U, M1F and C5F, C5U, 
C2F, C2U, C1F for the mechanistic model (MXX) and the compartment model (CXX), 
respectively. Depending on the data availability (climatic, ground water table levels, water 
content measurements), the scenarios were run on a period from April 13 2005 to March 17 2006 
(simulation of 339 days). A 63-day period is used for ‘warming-up’ the model. Therefore, daily 
water content measurements from June 14 2005 to March 17 2006 were used for calibration (276 
days). Note that Day 1 corresponds to April 13 2005. 
 

2.7. Statistical criteria and analysis of variance 
 
RMSE and AIC criteria will be used for comparing the performances of the different models and 
scenarios. 
 
The mean root square error (RMSE) is commonly used to judge the quality of model predictions, 
and to compare several models. We will use the following expression of RMSE: 
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                                                                                                     (13) 

 
where N is the number of observed water contents, and θobs (cm.cm-3) and θcal (cm.cm-3) are the 
observed and the calculated water contents, respectively.  
 
For assessing the relative efficiency of several models one can use Akaike's information criterion 
(AIC) (Akaike, 1974). The AIC methodology attempts to find the model that best explains the 
data with a minimum number of free parameters. Given a data set, several competing models 
may be ranked according to their AIC, with the one having the lowest AIC being the best (AIC 
values can be negative). AIC is calculated using the following formula: 
 



 

 

27

[ ] ⎟
⎠

⎞
⎜
⎝

⎛
−−+= ∑ NNkAIC

N

=i
lnln2

1

2 
i cal, i obs, θθ                                                                                 (14) 

 
 
Analysis of variance (ANOVA, Ruth et al., 2004) was used to determine whether there were 
significant differences in prediction accuracy between different types of model (mechanistic or 
compartment), different number of layers (five or two), different scenario (optimization of the 
layer thickness or not), and different lysimeters. Note that only scenarios with five or two layers 
were considered, in order to achieve a symmetric analysis according to the fact that the 
optimization of the layer thickness was not possible for scenarios with only one layer. Therefore 
four factors and 11 interactions (including two, three and four factors interactions) were 
considered. A 5% α-level (significance level) was used. 
 
Note that in this ANOVA, data corresponds to differences in water content between 
measurements and predictions (expressed in RMSE), and that all depths were mixed. Thus, if 
there is an effect of the depth of the measurements on the goodness of the fit, this effect will be 
not specifically quantified.   
 



 

 

28 

3. Results and discussion 

3.1. Overview and comparison of the calibration runs 
By looking at the residual mean square errors (RMSE) for water contents, one can judge the 
quality of the fit for all calibrations (Figure 13, Table 2). RMSE values range from 0.0129 to 
0.0823 cm3cm-3. Graphs for all scenarios of the predicted versus measured water contents are 
given in Appendix 1 (Figures 1 to Figure 20). The lowest RMSE values are found for the 
scenario M5U for lysimeter 1 and for the scenario M5F for lysimeter 2 (respectively 0.0160 and 
0.0129 cm3cm-3), whereas the highest RMSE are found for the scenarios C1F for both lysimeters 
(respectively 0.0823 and 0.0818 cm3cm-3). Scenarios with five layers give fits that could be 
judged as excellent. In terms of RMSE, the mechanistic model performs systematically better 
than the compartment model. The compartment model has a RMSE that is about 30% higher 
than the mechanistic model for the 5U conceptual model; the difference in RMSE increases to 
114% for the 1F conceptual model. Nevertheless the compartment model, if a sufficient number 
of layers is used in the profile description, gives annual mean square errors of water content at all 
depths always inferior to 0.03 cm3cm-3. This can be considered as a very acceptable level of 
accuracy, since water content mean errors measured with TDR probes usually are in the range of 
0.01 – 0.02 cm3cm-3 (Evett and Parkin, 2005).  
 
The superiority of the mechanistic approach, in terms of RMSE, is not surprising since the 
mechanistic model has a higher physical significance (e.g. uses a more realistic physical 
description of the water flux processes) and deals with a larger number of parameters. The 
difference in performance between the two types of model is larger for the 2-layer or 1-layer 
models, in comparison with the 5-layer models. For the mechanistic model, RMSE of the one 
and two layers models are almost the same. 
 
We observed also that the fits in general are slightly better for the lysimeter 2. Lysimeter 1 
shows a better result only for the 2-layer compartment model with optimized thicknesses. This 
general result could be due to several reasons, or combination of reasons, including: 
- it exists a difference in soil layering; 
- the depths of measurement and the number of data are different (1791 data and 2124 and for 
lysimeters 1 and 2, respectively); 
- the piezometer in which the ground water table levels were recorded is much closer to the 
lysimeter 2 than to the lysimeter 1 (distances of about two and 10 meters, respectively). Indeed, 
RMSE values confirm that at the two deepest depths errors for lysimeter 2 are smaller than for 
lysimeter 1 (Table 2). 
 
A view on the details of the water content error, considering RMSE calculated for each 
observation depth, indicates that errors are well spread over the profile. However, errors in 
general are more important for the deepest observation points. This result could be explained by 
the fact that water contents at the deepest observation points are strongly influenced by the 
ground water table data. Therefore, errors on ground water table measurements are likely to have 
a stronger impact on the deeper observation points. 
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Figure 13. RMSE on water contents for the two lysimeters. 
 
 
Table 2. RMSE on water contents for the two lysimeters at all the depths. 
 

M5U M5F M2U M2F M1F  C5U  C5F C2U C2F  C1F

Depth Data RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE
(cm) (-) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 )

10 223 0.0273 0.0279 0.0289 0.0266 0.0369 0.0268 0.0265 0.0267 0.0291 0.0860
20 224 0.0144 0.0148 0.0505 0.0500 0.0493 0.0172 0.0146 0.1057 0.1057 0.0937
30 224 0.0117 0.0117 0.0678 0.0672 0.0664 0.0172 0.0132 0.1076 0.1076 0.0958
40 224 0.0090 0.0085 0.0307 0.0302 0.0290 0.0200 0.0345 0.0366 0.0366 0.0286
50 224 0.0092 0.0105 0.0410 0.0416 0.0422 0.0286 0.0360 0.0366 0.0366 0.0475
60 224 0.0143 0.0159 0.0267 0.0274 0.0283 0.0297 0.0346 0.0443 0.0443 0.0551
70 224 0.0188 0.0186 0.0419 0.0429 0.0443 0.0283 0.0194 0.0702 0.0702 0.0837
90 224 0.0154 0.0153 0.0401 0.0404 0.0410 0.0297 0.0297 0.1130 0.1130 0.1257

All depths 1791 0.0160 0.0164 0.0429 0.0427 0.0437 0.0252 0.0275 0.0757 0.0758 0.0823

10 233 0.0207 0.0201 0.0206 0.0204 0.0320 0.0219 0.0234 0.0265 0.0273 0.0537
20 236 0.0115 0.0115 0.0122 0.0145 0.0145 0.0162 0.0161 0.0214 0.0816 0.0749
40 233 0.0089 0.0090 0.0300 0.0276 0.0298 0.0120 0.0120 0.0912 0.0802 0.0739
50 237 0.0114 0.0119 0.0425 0.0414 0.0438 0.0145 0.0145 0.0942 0.0833 0.0772
60 237 0.0067 0.0070 0.0524 0.0512 0.0518 0.0135 0.0136 0.0830 0.0721 0.0662
70 237 0.0115 0.0108 0.0365 0.0373 0.0352 0.0260 0.0276 0.0357 0.0398 0.0416
90 237 0.0037 0.0037 0.0507 0.0532 0.0530 0.0149 0.0154 0.0658 0.0768 0.0839

110 237 0.0133 0.0136 0.0258 0.0257 0.0265 0.0233 0.0236 0.0913 0.1021 0.1090
120 237 0.0199 0.0197 0.0287 0.0285 0.0287 0.0295 0.0334 0.1057 0.1164 0.1230

All depths 2124 0.0130 0.0129 0.0357 0.0357 0.0370 0.0200 0.0211 0.0749 0.0800 0.0818

Lysimeter 1

Lysimeter 2

Scenario 

 
 
 
In addition to the classical goodness-of-fit estimation such as RMSE, others tests were applied. 
According to the Akaike's information criterion (AIC), the relative performance of the scenarios 
follows the same order as the one of their RMSE (Table 3). For the mechanistic model, scenario 
M5U is the most efficient (lower RMSE and AIC) in the case of lysimeter 1, whereas scenario 
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M5F is the most efficient in the case of lysimeter 2. Nevertheless, those differences in statistical 
criteria between scenarios F and U are very small, thus indicating that the optimization of the 
layers thicknesses has very little effect. 
Almost identical observations could be made for the compartment model, for which the 
scenarios C5U (layer thickness is optimized) are the most efficient. The optimization of layers, 
in terms of the AIC criterion, is slightly favorable for the compartmental model. A comparison of 
the AIC values obtained for the lysimeters indicates that the efficiency of the models for 
describing the data is better in the case of the lysimeter 2.  
 
 
Table 3. Akaike's information criterion (AIC) for all calibration runs 

Lysimeter M5U M5F M2U  M2F M1F  C5U C5F C2U C2F C1F

1 0.0160 0.0164 0.0429 0.0427 0.0437 0.0252 0.0275 0.0757 0.0758 0.0823
29 25 11 10 5 15 11 6 5 3

-20764 -20727 -19033 -19044 -19012 -19978 -19830 -18026 -18026 -17882

2 0.013 0.0129 0.0357 0.0357 0.037 0.02 0.0211 0.0749 0.08 0.0818
29 25 11 10 5 29 25 11 10 5

-25438 -25463 -23329 -23331 -23265 -24523 -24418 -21755 -21617 -21579

Scenario

AIC

RMSE (cm3.cm-3 )

Number of parameter

RMSE (cm3.cm-3 )

Number of parameter
AIC

 

 

3.2. Analysis of variance  
The analysis of variance shows that there are significant effects that explain the variability of the 
quality of the fit. The significant effects are the number of layers, the type of model used and the 
interaction of these two effects (Table 4). The number of layers is responsible for the highest 
quantity of variance (SS=0.0426), the next largest variance is due to the type of model 
(SS=0.0147) and their interaction (SS=0.0048). It appears that the location (lysimeter 1 or 2) and 
the optimization of layers thicknesses have no significant effect.  
 
Table 4. ANOVA results showing effects, at the 5% level, of number of layers, type of model, 
lysimeter and optimization of layer thicknesses and their interactions on the quality of water 
content predictions compared to measurements recorded at several depths (i.e. RMSE). 
  
Effects and interactions SS df MS F p

Type III sum degree of Mean square value of significance
of square freedom Fisher's test

{1}Number of layers 0.0426 1 0.0426 125.29 <0.001
{2}Type of model 0.0147 1 0.0147 43.20 <0.001
{3}Lysimeter 0.0003 1 0.0003 0.98 0.325
{4}Thickness Opti. 0.0001 1 0.0001 0.16 0.694
Number of layers*Type of model 0.0048 1 0.0048 14.21 <0.001
Number of layers*Lysimeter 0.0001 1 0.0001 0.20 0.653
Type of model*Lysimeter 0.0002 1 0.0002 0.52 0.471
Number of layers*Thickness Opti. 0.0000 1 0.0000 0.04 0.850
Type of model*Thickness Opti. 0.0000 1 0.0000 0.14 0.708
Lysimeter*Thickness Opti. 0.0000 1 0.0000 0.06 0.808
Number of layers*Type of model*Lysimeter 0.0004 1 0.0004 1.28 0.260
Number of layers*Type of model*Thickness Opti. 0.0000 1 0.0000 0.05 0.821
Number of layers*Lysimeter*Thickness Opti. 0.0000 1 0.0000 0.10 0.752
Type of model*Lysimeter*Thickness Opti. 0.0000 1 0.0000 0.07 0.795
1*2*3*4 0.0000 1 0.0000 0.07 0.789
Error 0.0408 120 0.0003
Corrected Total 0.1041 135  
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3.3. Impact of the number of layers and the optimization of the thickness 
Results for the mechanistic model show that for both lysimeters, and at almost all depths, fits are 
less good when a 2-layer model is used. This result shows that, efficiency of the model is clearly 
linked to the number of layers used to describe the profile, and that a 2-layer model is clearly less 
adapted than the 5-layer model to mimic accurately the water fluxes in our experiment. The 
scenario M1F results in the worst case since only one layer is used for describing the profile 
(Figure 13). Average errors are equal to 0.0437 cm3cm-3 and 0.0370 cm3cm-3 for lysimeters 1 
and 2 respectively, which are only very slightly worse than results of the scenarios M2F and 
M2U. The benefit of the use of a 2-layer model is only an improvement in the prediction of the 
water content in the observation point concerned by the additional layer. This result indicates 
that the benefit of the use a 2-layer model compared to the 1-layer model is very low.  
 
Also for the compartment model, a large difference of the goodness of fit was obtained between 
the 5-layer and 2-layer scenario (a factor of 3 and 4.5 for lysimeter 1 and 2, respectively). 
Models with one layer give results very close to those of the two layers scenarios. 

3.4. Effect of seasonal variations on the RMSE 
In order to check if there is any disparity in the accuracy of prediction of the models in function 
of the period of the year (e.g., seasonal effect), RMSE for water contents have been calculated 
(all depths mixed) for three 90-day periods, the first period starting after the warming up period 
at day 63 (Table 5). Results show that in all cases the period for which predictions are the most 
accurate is the second period, which corresponds to day 155-245 (September 14 to December 
13). The larger the number of layers included in the model, the higher the discrepancies between 
the three periods. For instance, in the case of the scenario M5U for the lysimeter 1, the RMSE of 
the second period is equivalent to only 72% and 92% of the RMSE of the period 1 and 3, 
respectively. In the case of the lysimeter 2, the RMSE of the second period represent only 62% 
and 78% of the RMSE of the periods 1 and 3, respectively.  
 
 
Table 5. Comparison of the RMSE for the five scenarios of the mechanistic and compartment 
models for three 90-day periods.  
 

M5U M5F M2U M2F M1F  C5U  C5F C2U C2F  C1F

Lysimeter 1
Period Data RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE
(days) (-) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 ) (cm3.cm-3 )

64-154 536 0.019 0.019 0.039 0.040 0.041 0.023 0.027 0.074 0.074 0.083

155-245 575 0.014 0.014 0.037 0.037 0.039 0.023 0.025 0.072 0.072 0.077

246-336 656 0.015 0.016 0.049 0.048 0.049 0.027 0.029 0.080 0.080 0.086

Lysimeter 2
64-154 611 0.016 0.016 0.035 0.035 0.036 0.020 0.020 0.077 0.082 0.085

155-245 702 0.010 0.010 0.031 0.032 0.034 0.019 0.019 0.068 0.072 0.074

246-336 774 0.013 0.013 0.039 0.037 0.038 0.021 0.022 0.078 0.084 0.085

Scenario 

 
 
Reasons for these results are: 
- the soil is drier during the second period, especially in the deepest part of the profile (see 
Figures in Appendix), and the variations of water content have a smaller amplitude. We can 
argue that because both models assume simplified physical processes compared to the reality, the 
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predictions on the output variables are more precise for the periods which have a low variance of 
the output variable;   
- the level of the ground water table has lower values during this period, leading to a weaker 
interaction between the soil’s water and the aquifer during this period. It is likely that both 
models (mechanistic and compartment) have a tendency to perform worse when the ground 
water table is high because the measurement errors on the water table level have then a stronger 
impact (discrepancies between subperiods are more pronounced in the case of the lysimeter 1, 
which is the one which is farther from the piezometer). 
 

3.5. Calibration of the mechanistic model 

3.5.1. Quality of the fit, sources of errors 
The scenarios 5U give a very good fit for both lysimeters at all depths (Appendix, Figures 1 and 
11). Looking at the results for scenario M5F, largest residual errors occur at the depth of 10 cm 
for lysimeter 1 (RMSE of 0.028 cm3cm-3), whereas, for lysimeter 2, the largest residual errors 
occur at the depths of 10 and 120 cm (RMSE of 0.020 cm3cm-3) (Table 2). For the scenarios 
M5U, the largest errors are also found at the top and bottom observations points. This result is 
probable due to the fact that: 
- the water contents at 10 cm are very sensitive to the climatic data (throughfall, evaporation), 
especially the exact spatial location of taking the measurement, especially in a forest ecosytem; 
- the water contents in the deepest observation points are very sensitive to the ground water table 
level (especially in the case of lysimeter 2 with the deepest observation point at a depth of 120 
cm). 
Therefore, we conclude that the highest values of error found in the top and bottom observation 
points are due to: 
- the measurement errors on climatic data, and on ground water table data; 
- the spatial and temporal variability of these variables which were insufficiently captured by this 
deterministic calculation; 
- the intrinsic inability of the models to describe perfectly the natural phenomena (infiltration, 
evaporation, drainage), which is mainly revealed close to the upper and lower boundaries of the 
model. 
 

3.5.2. Estimates of the van Genuchten hydraulic parameters  
Calibration of the mechanistic model has resulted in a set of best fit values for the van Genuchten 
soil hydraulic parameters (Table 5). For assessing the uncertainty of the parameter estimates, 
diagrams have been developed showing the number of runs performed (including the 5% best 
runs) as function of the values of the parameters are presented (Appendix, Figure 21 to Figure 
40). 
 
Values of the van Genuchten parameters are typical for a sandy-soil, except some low values of 
n which were unexpected (values close to 1.2 for the deepest layer of the scenario M5U and M5F 
of lysimeter 2). High values of Ks are not unexpected for this type of soil (Seuntjens et al., 2002). 
For the 5-layer models for both lysimeters, values of α are found to be in average close to 0.05 
cm-1, whereas values of n are in general close to 1.6. This observation indicates that: 
- water flow in the two profiles can be described with a similar set of hydraulic properties, 
despite intern heterogeneities and different visual appearances; 
- the 5-layers model has a sufficiently fine discretization.  
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On the other hand, extreme values are found for the 2-layer and 1-layer models (values at, or 
close to the boundaries of the parameters search spaces, see in Appendix Table 1 the parameter 
search spaces), indicating that the number of layers are insufficient. Values of n are also 
somehow incoherent for this kind of material (values close to 3.5-3.9 in the deepest layer of the 
scenario 2U and 2F), but these values can be considered as effective parameters. For the 2-layer 
and 1-layer scenarios, α value in the deep layer is always in the range 0.010-0.016 cm-1. These 
effective α values are much lower than those found for the 5-layer scenarios. This result is 
consistent with the finding of Zhu and Mohanty (2003) which state that for heterogeneous soils 
the effective α is usually smaller than the mean value of α. 
 
 
Table 5. Best fit values for the van Genuchten soil hydraulic parameters for the two lysimeters 
and for the five scenarios of the mechanistic model considering a 2-m-deep simulation domain. 
 
Lysimeter Scenario Layer Thickness θr θs α n Ks 

(cm ) (cm3 cm-3) (cm3 cm-3) (cm-1) (-) (cm day-1)
1 M5U 1 15 0.017 0.349 0.038 1.531 4249.7

2 20 0.093 0.443 0.085 1.824 1339.6
3 14 0.040 0.455 0.082 1.375 2029.2
4 37 0.090 0.397 0.015 1.723 4071.9
5 114 0.037 0.474 0.054 1.231 930.8

M5F 1 13 0.077 0.398 0.087 1.592 2061.8
2 21 0.084 0.429 0.120 1.655 1498.6
3 16 0.070 0.356 0.025 1.584 460.0
4 38 0.075 0.426 0.020 1.594 1166.6
5 112 0.097 0.478 0.049 1.305 907.0

M2U 1 13 0.041 0.423 0.037 1.702 3265.2
2 187 0.007 0.379 0.010 3.385 3209.6

M2F 1 13 0.078 0.478 0.145 1.649 42.8
2 182 0.013 0.381 0.010 3.353 4427.7

M1F 1 200 0.017 0.385 0.010 3.229 4920.4
2 M5U 1 18 0.070 0.426 0.091 1.605 256.0

2 48 0.067 0.470 0.120 1.699 2977.4
3 13 0.004 0.470 0.054 1.475 226.2
4 16 0.040 0.361 0.046 1.181 206.5
5 105 0.088 0.379 0.047 1.240 4988.3

M5F 1 19 0.033 0.348 0.045 1.545 54.2
2 50 0.055 0.407 0.123 1.572 2171.8
3 13 0.035 0.378 0.020 1.861 10.0
4 14 0.075 0.365 0.057 1.193 421.2
5 104 0.100 0.380 0.051 1.243 3057.8

M2U 1 22 0.053 0.372 0.129 1.478 108.3
2 178 0.037 0.356 0.015 2.886 1878.5

M2F 1 19 0.061 0.449 0.142 1.511 334.1
2 189 0.076 0.353 0.015 3.448 29.4

M1F 1 200 0.089 0.354 0.016 3.500 20.2  
 
 
It appears from Figure 20 to 40 of Appendix 1 that the uncertainty on the hydraulic parameters is 
variable depending on the parameters, and on the layer considered. For scenario M5F for 
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instance, uncertainties are larger for parameters θr and θs than for parameters α and n. 
Uncertainty of Ks depends on the layer considered: for layers 1, 3, and 4, the 5% best runs are in 
a small interval compared to the one corresponding to the layers 2 and 5. The shape of the 
diagrams showing all the performed runs is also more flattened.  

3.6. Calibration of the compartment model 

3.6.1. Quality of the fit, sources of errors 
For both lysimeters the two 5-layer scenarios predict well the water content at all the depths, 
whereas the three others scenarios (the 2-layer and 1-layer models) predict water contents that 
show large discrepancies with the observations (superior to 0.06 cm3.cm-3). Figures 6, 7, 16 and 
17 in the Appendix illustrate that the predictions for scenarios C5U and C5F reproduce quite 
well the observed values. Predictions are less good for rapid and strong variations in water 
content, because of the smoothening by the model. It appears also that for some periods, and at 
certain depths, there is a constant overestimation or underestimation. 
 
As seen previously, the performance of the compartment model is less good than that of the 
mechanistic model for both lysimeters and all scenarios. Nevertheless, when using five layers, 
performance is good for both scenarios, with a RMSE close to 0.02 cm.cm-3 (0.022 cm3cm-3 and 
0.016 cm3cm-3 for scenarios C5U of lysimeter 1 and 2, respectively). 
 
When looking at the individual observation points, it appears that the errors are about equally 
spread between the observation points (Table 2). However, in lysimeter 1 larger errors are found 
in the shallowest observation point (0.029 cm3cm-3 and 0.030 cm3cm-3 at 10 cm depth for the 
scenarios C5U and C5F, respectively). For the scenarios C2U and C2F, the calculated water 
contents at the deeper observation point (90 cm and 120 cm depth for lysimeters 1 and 2 
respectively) are the least accurate.  
 
These above observations about model performance are similar to the ones made in the case of 
the mechanistic model, and indicate that, whatever the model used, the prediction of the water 
content is less accurate close to the boundary conditions. 

3.6.2. Estimates of the compartment model parameters 
The fitted values of θfc are almost identical for the two lysimeters, while this is not the case for θs 
(Table 6)The values of θfc and θs increases with depth and seem to reflect the general tendency 
of an increase in water content with depth (e.g. in the scenario C5U, θfc =0.217 cm cm-3 for the 
third layer, and θfc =0.317 cm cm-3 for the fifth layer). θfc values for the third, forth, and fifth 
layer are much higher that the ones obtained by Vincke and Thiry (2008) for the same 
experimental plot but using different dataset. This is likely to be due to the presence of the 
ground water table level combined with the incapability of the compartment model to describe 
capillary rise. Thus the values of the parameter θfc, which is likely the most sensitive parameter 
in this optimization because it controls directly the drainage process, are correlated with the 
mean water content profile. The increase of the value of θfc with depth, from about 0.16 cm3cm-3 

in the top layer to about 0.35 cm3cm-3 in the deepest layer, is observed for both lysimeters and 
scenarios. Therefore, θfc values are not linked with the actual field capacity, as defined 
previously. It is clear that the compartment model has a poor physical significance; however it is 
interesting to note that, with a number of parameter which is a little bit inferior to the one of the 
mechanistic model, this model performs almost as good as the mechanistic one, if a sufficient 
number of layers is used (i.e. five layers). 
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Parameter uncertainty is relatively large (Figure 31 to 40, Appendix): 
- for θs parameters the 5% best runs belong most of the time to large intervals 
- parameters θfc are always estimated in small intervals. This result confirms that this parameter 
is the key parameter of the proposed compartment model. 
- thickness (parameters T1, T2, T2, T4) are estimated large intervals. Optimized values are often 
very close to the boundary. This indicates that optimized layer thickness have to be considered as 
“effective” layer thicknesses. 
- estimates of ME (which corresponds to the maximum evaporation rate) have also a large 
uncertainty.   
 
 
Table 6. Estimates of the soil hydraulic parameter values for the two lysimeters and for the five 
scenarios of the compartment model. 
 
Lysimeter 1 Lysimeter 2

Scenario Layer Thickness θs θfc ME Layer Thickness θs θfc ME
(cm ) (cm3 cm-3) (cm3 cm-3) (mm day-1) (cm ) (cm3 cm-3) (cm3 cm-3) (mm day-1)

C5U 1 15 0.305 0.178 0.740 1 16 0.208 0.186 0.864
2 21 0.224 0.149 2 54 0.180 0.143
3 14 0.310 0.223 3 17 0.291 0.229
4 39 0.319 0.298 4 18 0.312 0.301
5 111 0.364 0.364 5 95 0.391 0.329

C5F 1 13 0.220 0.166 0.364 1 19 0.215 0.175 0.331
2 21 0.185 0.142 2 50 0.180 0.143
3 16 0.284 0.241 3 13 0.297 0.226
4 38 0.314 0.309 4 14 0.317 0.302
5 112 0.364 0.364 5 104 0.391 0.331

C2U 1 14 0.303 0.179 0.742 1 20 0.305 0.172 0.932
2 186 0.255 0.255 2 180 0.272 0.237

C2F 1 13 0.392 0.168 0.255 1 19 0.253 0.175 0.225
2 187 0.289 0.255 2 189 0.366 0.225

C1F 1 200 0.263 0.257 0.257 1 200 0.236 0.232 0.232  
 
 

3.7. An example of an abstraction methodology: using drainage values as key output 
Establishing an abstraction methodology is part of further work, which will be developed in a 
separate report. A first illustration of abstraction methodology will be given here. As an example, 
we give a comparison of the simulated drainages values calculated by the mechanistic and 
compartment models. The calculated drainage is some kind of functional indicator which 
expresses the model efficiency in terms of a parameter describing the functional behaviour of the 
system, rather than using some statistical parameter. 
 
The model with the lowest overall RMSE is taken as the reference model, i.e. M5U for lysimeter 
1, the mechanistic model with five layers and optimized layers thicknesses, and the M5F, the 
mechanistic model with five layers and fixed layers thicknesses, for lysimeter 2. Models with 
fewer layers (abstraction of the model geometry) and the compartment model (abstraction of 
process description) are the abstracted models. Note that the abstraction here is elaborated in the 
meaning of the model structure itself and not in the meaning of the parameterization process. 
Drainage values calculated by reference model are believed to be the most accurate values, and 
thus drainage values calculated by the compartment model represent an approximation of the 
former values. Since the compartment model is computationally less intensive, it could be 
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beneficial to use this abstracted model for long term calculations, provided its accuracy is 
acceptable. 
 
Analysis of the drainage values calculated during the calibration process reveals that for a 
simulation period of nearly one year, if a sufficient number of layers is used in the compartment 
model (five layers), the difference never exceed 36% (Table 7, Figure 14). For the same period 
(nearly one year), when the mechanistic model is used with less layers (2 layers or 1 layer), the 
difference compared to the reference model never exceed 12%. 
 
For time periods of 90 days, differences in drainages values can be large (period 2 and 3). 
Differences between the reference model and the abstracted models are smaller for lysimeter 2 
than for lysimeter 1 both for the 275-day period and the 90-day periods. 
 
Thus, if the time period considered is long enough (about one year), and the number of layers 
used for describing the profile is sufficient (five layers), abstracted values of drainage at the 
bottom of the profile using the compartment model could be considered as acceptable. When 
using the mechanistic model with a simplified soil description (2 layers or layer) abstracted 
values are even closer to the one of the reference model, provided that the period is long enough. 
 
 
Table 7. Drainages values calculated using the mechanistic (Mech.) model and the compartment 
(Comp.) model over a 275-day period (from day 64-339) and over three 90-day periods (day 64-
154, 155-245, 246-336), for five scenarios. All differences (Diff.) are calculated from a 
comparison with the reference model (scenario M5U and M5F for lysimeters one and two 
respectively; values of the reference model are underlined).  
 
Model Mech. Diff. Comp. Diff. Mech. Diff. Comp. Diff. Mech. Diff. Comp. Diff. Mech. Diff. Comp. Diff.

(mm) (%) (mm) (%) (mm) (%) (mm) (%) (mm) (%) (mm) (%) (mm) (%) (mm) (%)
Period (days)

Lysimeter 1
M5U 228 0 311 36 178 0 154 13 9 0 64 653 35 0 93 166
M5F 227 1 310 36 182 2 159 11 5 38 87 924 32 9 102 192
M2U 216 5 307 34 200 12 150 16 -25 391 64 653 35 1 93 166
M2F 234 3 374 64 202 14 184 3 -6 168 76 794 32 9 111 218
M1 202 12 377 65 198 11 175 2 -28 432 83 876 24 32 118 238

Lysimeter 2
M5U 256 3 257 3 168 2 160 2 35 9 47 47 45 2 43 8
M5F 249 0 332 34 164 0 175 7 32 0 68 112 46 0 81 75
M2U 218 12 289 16 197 20 160 2 -11 134 50 57 23 50 79 72
M2F 225 10 329 32 196 20 205 25 0 100 47 47 20 57 77 66
M1 221 11 394 58 194 18 180 10 3 91 88 175 17 63 125 172

64-339 64-154 155-245 246-336
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Figure 14. Comparison of drainages values calculated using the mechanistic model and the 
compartment model over a 275-day period, and over three 90-day period, for the five scenarios. 
The mechanistic model is the reference. 
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4. Conclusions 
 
Numerical modelling is a well developed tool for analyzing complex hydrological problems. 
However, representative conceptual models and hydraulic information are indispensable for 
solving water balance issues. In this study we present calibrations of two models used for 
quantifying the water balance of a soil-vegetation-atmosphere system (SVA) system. The SVA 
system under study is a podzol soil with a Scots Pine vegetation located in the Campine region of 
Belgium. Calibrations of the soil hydraulic properties have been obtained using soil water 
content data collected with Time Domain Reflectometry (TDR) probes. In total 10 scenarios 
have been elaborated by using two different types of models (the mechanistic soil-water model 
HYDRUS-1D and a compartment model), and five alternative conceptual profile descriptions 
including different numbers of soil layers. Those 10 scenarios have then been applied to a data 
set with soil water content measurements recorded at several depths within two distinct 
lysimeters. The top BC was obtained from a nearby climatic station, while ground water level 
data was used to specify the lower BC. 
 
Because an efficient optimization method is known to be necessary for such complex hydrologic 
model calibrations, a genetic algorithm (GA) was implemented and used for this study. Special 
operators, such as elitism or migration operators, have been incorporated in order to obtain an 
optimal efficiency. The GA demonstrated to be an efficient optimization tool, both in terms of 
model performance and computational time. 
 
 
Main results of this work are summarized as follows: 
 
1. When using the most precise description of the profile (5-layer soil profile) and the 
mechanistic model (HYDRUS-1D), very low values of RMSE have been found (inferior to 0.017 
cm3cm-3) showing at the same time that the modeling approach was pertinent, the experimental 
data set was consistent, and that the used algorithm (GA) was efficient. 
 
2. The impact of the number of soil layers on model performance is high in each scenario (for 
both types of model and both lysimeters). With five soil layers, both conceptual models are able 
to describe accurately the water contents at all depths. Larger RMSE are found close to the 
boundaries. The measurement errors on climatic data and on ground water levels, combined with 
errors due to spatial and temporal variability of those variables, have a significant impact on 
model performance in the top and bottom observations points. Also, the smaller variability of the 
water content in the middle observation points allows a better prediction by the models. This 
result is in agreement with the lower RMSE found in the dry period of the year when the 
variations in water content over time are smoother and the water table level is deeper. 
Furthermore, in case of the compartment model, no capillary rise is taken into account, so the 
description of water fluxes in the bottom of the profile is less accurate. 
 
3. The number of soil layers in the model for both types of model is the major factor in model 
performance (evaluated based on the RMSE). The type of model used plays also an important 
role in terms of goodness of the fit. For the mechanistic model, optimization of the layer 
thickness does not improve the accuracy of the model. Unlike the mechanistic model, the 
performance of the compartment model slightly improves when the layer thickness is optimized. 
Parameter uncertainties have confirmed that layer thickness is very poorly constrained for the 
scenario M5U. The large number of parameters in the highly non-linear inverse problem when 
layer thickness is optimized is likely to be the cause of the slightly worse performance of the 
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goodness of the fit of M5U (mechanistic model with thickness of five layers fixed) compared to 
M5F (mechanistic model with thickness of five layers optimized).   
 
4. Typical values of van Genuchten parameters (θr, θs, α, n) and Ks for a sandy soil are obtained 
by the calibration process in case of the mechanistic model. In the 5-layer scenario, values of the 
n parameter for the deeper layers are lower than expected for a sandy soil. We attribute this to 
the errors on water table level measurements and its spatial variability. For the compartment 
model, values of θs were consistent with values obtained with the mechanistic model, but the 
estimates of field capacity (θfc) of the deeper horizons were out of the range of expected values 
for field capacity water contents. In fact, the θfc parameter exhibited increasing values with 
depths, reflecting the general tendency of an increase of the water content with depth. We 
interpreted these results as the consequence of the incapability of the model to take into account 
the capillary rise, and therefore the inability to mimic any upward water flow. Despite the fact 
that such values of θfc were outside their normal physical range when they are defined as the 
water content at field capacity, we emphasize that for the most elaborate scenarios (five layers) 
an acceptable accuracy of water content predictions was obtained. 
 
5. Finally, an example of a model abstraction methodology has been discussed, by comparing 
drainages values predicted by the mechanistic model and the compartment model (referred to 
respectively as the reference model and the abstracted model). Drainages values simulated by the 
abstracted model were close to those of the reference model, provided that drainage values were 
averaged over a sufficiently large period (about 9 months). Therefore, these results suggest that 
values of drainage obtained with an abstracted model could be reliably simulated for sufficiently 
long time periods, with a significant gain in computational time compared to the mechanistic 
approach, and without an important loss of accuracy. 
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Appendix 1 Model results 

 
 
 
 
Figure 1. Observed and simulated daily water contents at 10, 20, 30, 40, 50, 60, 70, and 90 cm 
depth, scenario M5U, Lysimeter 1. 
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Figure 2. Observed and simulated daily water contents at 10, 20, 30, 40, 50, 60, 70, and 90 cm 
depth, scenario M5F, Lysimeter 1. 
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Figure 3. Observed and simulated daily water contents at 10, 20, 30, 40, 50, 60, 70, and 90 cm 
depth, scenario M2U, Lysimeter 1 
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Figure 4. Observed and simulated daily water contents at 10, 20, 30, 40, 50, 60, 70, and 90 cm 
depth, scenario M2F, Lysimeter 1. 
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Figure 5. Observed and simulated daily water contents at 10, 20, 30, 40, 50, 60, 70, and 90 cm 
depth, scenario M1, Lysimeter 1. 
 
 



 

 

48 

 
 
 
Figure 6. Observed and simulated daily water contents at 10, 20, 30, 40, 50, 60, 70, and 90 cm 
depth, scenario C5U, Lysimeter 1. 
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Figure 7. Observed and simulated daily water contents at 10, 20, 30, 40, 50, 60, 70, and 90 cm 
depth, scenario C5F, Lysimeter 1. 
 



 

 

50 

 
 
Figure 8. Observed and simulated daily water contents at 10, 20, 30, 40, 50, 60, 70, and 90 cm 
depth, scenario C2U, Lysimeter 1. 
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Figure 9. Observed and simulated daily water contents at 10, 20, 30, 40, 50, 60, 70, and 90 cm 
depth, scenario C2F, Lysimeter 1. 
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Figure 10. Observed and simulated daily water contents at 10, 20, 30, 40, 50, 60, 70, and 90 cm 
depth, scenario C1, Lysimeter 1. 
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Figure 11. Observed and simulated daily water contents at 10, 20, 40, 50, 60, 70, 80, 90, 110, 
and 120 cm depth, scenario M5U, Lysimeter 2. 
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Figure  12. Observed and simulated daily water contents at 10, 20, 40, 50, 60, 70, 80, 90, 110, 
and 120 cm depth, scenario M5F, Lysimeter 2. 
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Figure 13. Observed and simulated daily water contents at 10, 20, 40, 50, 60, 70, 80, 90, 110, 
and 120 cm depth, scenario M2U, Lysimeter 2. 
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Figure 14. Observed and simulated daily water contents at 10, 20, 40, 50, 60, 70, 80, 90, 110, 
and 120 cm depth, scenario M2F, Lysimeter 2. 
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Figure 15. Observed and simulated daily water contents at 10, 20, 40, 50, 60, 70, 80, 90, 110, 
and 120 cm depth, scenario M1, Lysimeter 2. 
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Figure 16. Observed and simulated daily water contents at 10, 20, 40, 50, 60, 70, 80, 90, 110, 
and 120 cm depth, scenario C5U, Lysimeter 2. 
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Figure 17. Observed and simulated daily water contents at 10, 20, 40, 50, 60, 70, 80, 90, 110, 
and 120 cm depth, scenario C5F, Lysimeter 2. 
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Figure 18. Observed and simulated daily water contents at 10, 20, 40, 50, 60, 70, 80, 90, 
110, and 120 cm depth, scenario C2U, Lysimeter 2. 
 
 



 

 

61

 
 
Figure 19. Observed and simulated daily water contents at 10, 20, 40, 50, 60, 70, 80, 90, 
110, and 120 cm depth, scenario C2F, Lysimeter 2. 
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Figure 20. Observed and simulated daily water contents at 10, 20, 40, 50, 60, 70, 80, 90, 110, 
and 120 cm depth, scenario C1F, Lysimeter 2.  
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Table 1. Parameter search spaces. 
 
Lysimeter Scenario Layer Bound Thickness θr θs α n Ks 

(cm ) (cm3 cm-3) (cm3 cm-3) (cm-1) (-) (cm day-1)

1 M5 1 lower 10 0.00 0.33 0.005 1.10 10
upper 16 0.10 0.48 0.150 2.00 5000

2 lower 15 0.00 0.33 0.005 1.10 10
upper 27 0.10 0.48 0.150 2.00 5000

3 lower 10 0.00 0.33 0.005 1.10 10
upper 22 0.10 0.48 0.150 2.00 5000

4 lower 32 0.00 0.33 0.005 1.10 10
upper 44 0.10 0.48 0.150 2.00 5000

5 lower - 0.00 0.33 0.005 1.15 10
upper - 0.10 0.48 0.150 2.00 5000

M2 1 lower 10 0.00 0.33 0.005 1.10 10
upper 16 0.10 0.48 0.150 2.00 5000

2 lower - 0.00 0.33 0.005 1.500 10
upper - 0.10 0.48 0.150 3.500 5000

M1 1 lower - 0.00 0.33 0.005 1.10 10
upper - 0.10 0.48 0.150 3.500 5000

2 M5 1 lower 16 0.00 0.33 0.005 1.10 10
upper 22 0.10 0.48 0.150 2.00 5000

2 lower 44 0.00 0.33 0.005 1.10 10
upper 56 0.10 0.48 0.150 2.00 5000

3 lower 7 0.00 0.33 0.005 1.10 10
upper 19 0.10 0.48 0.150 2.00 5000

4 lower 8 0.00 0.33 0.005 1.10 10
upper 20 0.10 0.48 0.150 2.00 5000

5 lower - 0.00 0.33 0.005 1.15 10
upper - 0.10 0.48 0.150 2.00 5000

M2 1 lower 16 0.00 0.33 0.005 1.10 10
upper 22 0.10 0.48 0.150 2.00 5000

2 lower - 0.00 0.33 0.005 1.500 10
upper - 0.10 0.48 0.150 3.500 5000

M1 1 lower - 0.00 0.33 0.005 1.10 10
upper - 0.10 0.48 0.150 3.500 5000  
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Figure 21. Scenario M1, lysimeter 1. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 22. Scenario M2F, lysimeter 1. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 23. Scenario M2U, lysimeter 1. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 24. Scenario M5F, lysimeter 1. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 25. Scenario M5U, lysimeter 1. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 26. Scenario M1, lysimeter 2. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 27. Scenario M2F, lysimeter 2. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 28. Scenario M2U, lysimeter 2. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 29. Scenario M5F, lysimeter 2. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 30. Scenario M5U, lysimeter 2. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 



 

 

78 

 
 
 
Figure 31. Scenario C1, lysimeter 1. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
 
 
 
 
 

 
 
 
Figure 32. Scenario C2F, lysimeter 1. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 33. Scenario C2U, lysimeter 1. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 34. Scenario C5F, lysimeter 1. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 35. Scenario C5U, lysimeter 1. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 36. Scenario C1, lysimeter 2. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
 
 
 
 

 
 
Figure 37. Scenario C2F, lysimeter 2. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 38. Scenario C2U, lysimeter 2. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 39. Scenario C5F, lysimeter 2. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
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Figure 40. Scenario C5U, lysimeter 2. Number of runs realized during the calibration process 
represented as function of the parameters values (discretization in 30 intervals). The 5% best 
runs are colored in red. 
 
 




