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INTRODUCTION
Genetic algorithm (GA) is one of the metaheuristics. Metaheuristics are defined 
as “solution methods that orchestrate an interaction between local improvement 
procedures and higher level strategies to create a process capable of escaping 
from local optima and performing a robust search of a solution space” (Glover 
and Kochenberger, 2003). Other than GA, there are some other metaheuristics 
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ABSTRACT
The aim of this study was to use simple genetic algorithm (SGA) as an inverse 
method to fit Haverkamp constitutive functions, implemented in Richards’ water 
flow equation, to volumetric water content data to predict a globally-optimum set 
of input parameter values. For the purpose of comparison, bat algorithm (BA) 
was also implemented. Both SGA & BA were coded in FORTRAN to solve 
Richards’ equation. The Haverkamp constitutive functions were used to govern the 
relationships between hydraulic properties. Richards’ equation was approximated 
by a finite-difference solution and was used to simulate water infiltration into 
Yolo light clay. In previous study, uncertainities in the input parameters were 
subjected to global sensitivity analyses (GSA) to determine the sensitivity indices 
and interactions between parameters by previous studies. GSA was also used to 
determine the input parameter that was responsible for the greatest uncertainty 
in the simulation results. In this study, the optimum population size was found to 
be 50, and the SGA was able to reproduce the water infiltration front, provided 
that data points of water content at saturation and residual levels were used in 
the prediction. Under extreme conditions where the uncertainties in the input 
parameter values were significant, a larger population size (greater than 50) would 
be required to obtain reasonable simulation results. The SGA was found able to 
generate comparable results to the bat algorithm at a population size of 50. 
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tools such as ant algorithm, bee algorithm and particle swarm optimisation (PSO) 
(Yang, 2010a).

GA was first introduced by Holland (1975). Its capability in optimisation 
was first demonstrated in significant detail by de Jong (1975). Since then, GA 
has been popularised for various optimisation applications. For instance, GA 
was used for multi-niche crowding designed for locating multiple peaks in a 
multimodal function (Cedeno and Vemuri, 1992). Population-based incremental 
learning, a variant of GA, was used in artificial neural network evolution to evolve 
a neuro-controller (Baluja, 1994). GA was also used to locate likely candidates 
for functional protein signals that participate in some molecular events such as 
degradation  and  chemical  modification  (Levin, 1992).  A  global  path  planner 
based on the combination of two parallel GAs was used to drive a robot in a 
dynamic environment where obstacles were moving (Latombe, 1991). Chambers 
(1995) provides examples of problems solved using the application of GA.

In soil science, two types of GAs have been used to model hydraulic properties 
in unsaturated soils, namely simple genetic algorithm (SGA) and micro-genetic 
algorithm (μGA). SGA was used by Schneider et al., (2013), and micro-GA was 
used by Shin et al., (2012) and Ines and Droogers (2002). This study was limited 
to SGA. Other than SGA, Levenberg–Marquardt (L-M) algorithm was also used 
to predict groundwater hydraulic properties (Kelleners et al., 2005). However, 
SGA’s ability to find a global optimum solution give it an advantage over L-M 
algorithm, which searches only for local optimum solutions. 

The motivation of this work was to find a globally-optimised set of input 
parameter values that best describe the infiltration of water into unsaturated soils. It 
is common to observe a discrepancy between simulation results and experimental 
data or analytical solutions (Goh and Noborio, 2013). The uncertainty range of 
each input parameter was considered and solved using global sensitivity analysis 
(GSA) (Goh and Noborio, 2014), using the Sobol’ variance-based method 
(Sobol’, 1990). The extension of the framework to include the inverse method 
(i.e., SGA) would be a step to complement the existing GSA tool. Hence, the aim 
of this study was to use SGA as a tool to fit Haverkamp constitutive functions, 
implemented in Richards’ water flow equation, to volumetric water content data. 
The objectives of this study were to: (1) couple SGA with Richards’ equation, 
with its constitutive functions from Haverkamp et al., (1977); (2) investigate the 
effects of population size, mutation numbers and input value uncertainty range on 
simulation results; and (3) determine optimum population size and its limitations.
Additionally, bat algorithm (BA), a nature-inspired metaheuristic tool proposed 
by Yang (2010b), was coded for the purpose of comparison with the SGA.Yang 
(2010b) demonstrated that BA out performed GA and particle swarm optimisation 
(PSO) after subjected to a benchmarking function. The choice of algorithm would 
be case dependent in line with the function. In other words, it depends on function 
as one algorithm could be better (or worse) than another algorithm. This study 
aimed to demonstrate that the SGA was comparable to BA.
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Numerical Solution to Richards’ Equation and Input Parameters
The governing equation for transient water flow in unsaturated soil is the Richards’ 
equation and its θL-based form, is shown below (Richards, 1931):

     
  (1)

where θL is the volumetric water content (m3 m-3); t is time of simulation (s); z 
indicates the vertical distance of simulation (m); K is the hydraulic conductivity 
of the medium (m s-1); ψm  is the  matric pressure head (m); and k

  is the vector unit 
positive for downward vertical flow. 

Eq. (1) was approximated numerically and implemented in FORTRAN. The 
spatial discretisation method used was termed as cell-centred finite difference. 
The finite difference algebra for Eq. (1) that coupled to the SGA is shown below:

(2)
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where k indicates a cell-centred number in the z-direction of the Cartesian 
coordinate system; t (s) is the time-step size;  

n
L k (m3 m-3) and  

1n
L k  (m3 m-3) 

indicate the volumetric water content at old time level ( n ) and new time level 
( 1n ), respectively; 1/2kK  (m s-1) is the hydraulic conductivity at the interface 
between cell k and 1k  ; 1/2kK  (m s-1) is the hydraulic conductivity at the interface 
between cell 1k  and k ;   1/2

/m L k
 


  is the partial derivative of m with respect 

to L at the interface between the cell k  and 1k  ;   1/2
/m L k

 


  is the partial 
derivative of m  with respect to L  at the interface between the cell 1k   and k ; 

1kz   (m), kz  (m) and 1kz  (m) are corresponding to the spatial sizes of spacing 
of cell 1k  , k  and 1k  .  
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the volumetric water contents at new time level of cell 1k  , k  and 1k  , 
respectively. The numerical solution was solved by a partially implicit cell-
centred finite-difference scheme. An iterative method was used to solve the 
mathematical algebra. A convergence factor criterion was used to indicate the 
condition for iteration termination process (i.e,. absolute maximum difference 
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L k L k    for every single cell).  
 
The constitutive functions implemented were fromHaverkamp et al. (1977) are shown below: 
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where  α , β , A and B  are the fitting parameters; θr (m3 m-3) is the residual 
volumetric water content; θs (m

3 m-3) is the saturated volumetric water content; 
and Ks (m s-1) is the saturated hydraulic conductivity. 

SGA Method
There were eight input parameters implemented in SGA. They were: α , β , A 
and B as fitting parameters; θr (m

3 m-3), the residual volumetric water content; 
θs (m

3 m-3), the saturated volumetric water content; Ks (m s-1) , the saturated 
hydraulic conductivity; and θL(initial) (m

3 m-3), the initial value of volumetric water 
content. Uncertainty range for each input parameter was required. The upper and 
lower ends of the range of values gave the low (ai ) and high (bi ) limits, where  
represents input parameters. The limits were translated into integers using Eq. (5) 
shown below:
           
 (bi - ai) x 10n      (5)

where n represents the number of significant figures. Eq. (5) was also used to 
determine number of bits (m ) required for the input parameter as shown below:

 2m-1 < (bi - ai) x 10n < 2m     (6)

Quasi-random number from Sobol’ sequence was used as values for the input 
parameter  xi . The m -bits value from Eq. (6) was used with the randomly generated   
xi value to generate decimal number from Eq. (7) as shown below:

       (7)

The decimal number was then converted (i.e,. encoded) into binary digits with the 
length of m with each digit represented by either 1 or 0. Other encoding methods 
were also  possible (Whitley, 1994). Eqs. (5) to (7) were used to generate binary 
digits for eight input parameters, and they were aligned in a single line to represent a 
chromosome. The schematic diagram of flow and process of the SGA used is shown 
in Figure 1. The Sobol’ quasi-random sequence was used repeatedly to generate 
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The constitutive functions implemented were from Haverkamp et al., (1977) are 
shown below:
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a population of chromosomes. This was one of Talbi’s (2009) recommended 
strategies for population initialisation. A pair of randomly selected chromosomes 
was subjected to the crossover process in order to produce a pair of offspring, 
where each offspring was decoded and evaluated based on a fitness function. The 
offspring with a better fitness value than parent chromosome would replace the 
parent chromosome with its own. In a similar manner, the mutation process was 
also implemented. This procedure was known as the tournament selection. The 
crossover procedure was accomplished by randomly selecting a point in the parent 
chromosomes and then swapping all the binary digits before the point in a parent 
chromosome with the other parent’s chromosome (Reeves, 2003). The mutation 
process was carried out by randomly selecting binary digit(s) in the offspring’s 
chromosome and changing it from 1 to 0 or vice versa. The mutation process was 
used to help preserve population diversity by preventing a sub-optimal solution at 
an early stage of the global search on the input space (Reeves, 2003). The number 
of crossovers and mutations was based on the size of population. A complete cycle 
of the processes resulted in a new generation of population. Multiple generations 
would be needed to search for an optimised solution. GA was coded and modified 
to handle eight input parameters and was also coupled with Richards’ equation. 
The code was improved to allow screening of various mutation numbers. Another 
improvement was the inclusion of termination criteria. The termination of the 
simulation was based on pre-set percentage reduction of average fitness function 
(FF) value stated by Reeves (2003), and also based on pre-set number of times a 
percentage reduction value less than the pre-set FF value occcured. The code was 
improved to include multiple time datasets where the solution (i.e., chromosome) 
was based upon a sum of FF value of the dataset at various times.  

Figure 1: Flow and process schematic of simple genetic algorithm (SGA).

Fitting Constitutive Functions to the Soil Water Flow
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The FF’s objective was to minimise the error between the experimental data 
and the simulated results. In this study, the FF used was absolute residual errors 
as shown below (Zheng and Bennett, 2002):

      (8)

where calk is the simulated data at cell k ; and obsk is the analytical solution at 
cell k.

BA Method
BA was used to imitate the echo location behavior of bats to search for globally-
optimum set of input parameters. According to Yang (2010b), BA has three 
distinctive features which improved its efficiency. They were frequency tuning, 
automatic zooming, and parameter controlling. A population of bats was used to 
search for the optimum condition, and each bat has its position (x_bati) and velocity 
(vi ). The success of BA in finding the optimum condition was analogous to a bat 
finding, locating and reaching a prey or its roosting crevice. The echolocation 
behaviour begins by the bat emitting a sound pulse that varies in its frequency (fi ). 
The loudness of the sound (Ai ) reduces as it reaches its target, but the sound pulse 
rate (ri ) increases.

The frequency and wavelength combine to provide a constant sound speed in 
the air, and thus, if one increased, the other would have to decrease. Yang (2010b) 
prefers the parameterization of sound frequency and requires the specification of 
minimum (fmin ) and maximum (fmax ) limits of frequency as shown shown below:

  fi = fmin + (fmin - fmax) Rand     (9)

where subscript i refers to an individual bat; and  Rand is the random number from 
the Sobol’ sequence, which has a value between 0 and 1. 

The generated frequency would be used to produce a bat’s new velocity (Eq. 
(10)). It would then update the bat’s existing position to generate a new position 
(Eq. (11)):

 vi
t+1 = vi

t + (x_bati
t - x _ batbest ) fi    (10)

  x_ bati
t+1  = x _ bati

t + vi
t+1     (11)

where superscript t and t+1 refer to the old (or previous) and new iterations, 
respectively; x_batbest  is the existing globally best bat position; x_bati

t is the 
selected bat position; vi

t is the existing bat velocity; vi
t+1 is the updated bat velocity 

after considering the distance between the existing bat and globally best bat 
position; and x_bati

t+1  is the updated or newly generated bat position that is to be 
subjected to model simulation and FF evaluation. 
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Eq. (9) is part of Step 3, refer to Figure 2. Eqs. (10) and (11) are parts of Step 4. 
In Step 5, the random walk equation provided by Yang (2014) was modified to 
the following form:

  x_ bati
t+1  = x _ batbest (1 + multiplier) Rdn_num  (12)

where multiplier is a fraction value that less than 1; and Rdn_num  is a random 
number between -1 and 1. Eq. (12) would be executed, only if, a random number 
that is generated by Sobol’ sequence is greater than sound pulse rate (ri

t+1 ) emitted 
by bat as shown below:

       (13)

where ri
o is the initial pulse rate for a bat; γbat is a pulse rate enhancement factor 

between 0 and 1; and ri
t+1 is an updated sound pulse rate for a bat. Eq. (13) indicates 

that the sound pulse rate increases with subsequent updates. Thus, it implies that 
the likelihood of executing Eq. (12) would be reduced with an increasing number 
of updates. 

Step 7 would be executed only if: (1) the individual bat fitness value resulting 
from evaluating either Eqs. (11) or (12), was less than its existing individual bat 
fitness value; and (2) a generated random number (Sobol’ sequence) was lesser 
than the loudness value. The loudness value decreases with subsequent updates 
according to the Eq. (14) shown below:

  Ai
t+1 = αbat Ai

t      (14)

Figure 2: Flow and process schematic of bat algorithm (BA).

Fitting Constitutive Functions to the Soil Water Flow
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where αbat is a loudness cooling factor between 0 and 1; Ai
t is the initial loudness 

of a bat; and Ai
t+1 is an updated loudness for a bat. The second criterion in 

Step 7 denotes that the probability of replacing an existing individual bat with 
an improved bat position (with better fitness value) would be reduced with an 
increasing number of updates.

Lastly, in Step 8, the globally-optimum position of the bat in each iteration 
would be stored and compared with other bats’ fitness values. Steps 4 to 8 were 
repeated until termination criteria were fulfilled. The termination of simulation 
was based on a pre-set percentage reduction of average FF value, which was 
similar to the SGA, and also based on a pre-set number of times a percentage 
reduction value less than the pre-set FF value was achieved. It was also coded to 
be able to handle the value of dataset at various times.

RESULTS AND DISCUSSION
Population size, mutation rate and generation were among the important factors of 
SGA (Reeves, 2003). The simulation results were studied for various population 
sizes (i.e., 20, 50, 100, 200 and 300) and different mutation rates were applied 
(i.e., 0, 4, 9, 13, 15, 18, 27, 36, 54, 72 and 90). SGA was set to continue for 
100 generations. These mutation rates were applied to each population size. The 
fitness value was found to decrease at early generations before reaching a plateau 
as the generations continued to increase as shown in Figure 3(a). Decrease in 
the fitness value indicated that the simulation results closely matched Philip’s 
semi-analytical solution from Haverkamp et al., (1977). This trend was observed 
for different population sizes and also for various mutation rates, as shown in 
Figures 3(b)-(d). It thus indicated that a sufficient allocation of generations was 
required to achieve the desired results. However, allowing the SGA process to 
continue after the plateauing of the fitness value only wastes computational time. 
Hence, the SGA code was improved to include termination criteria as suggested 
by Reeves (2003).

Additionally, a greater population size was found to result in a low fitness 
value. For instance, a population size of 300 produced fitness values between 
0.1123 and 0.2231, whereas a population size of 20 produced finess values between 
0.1395 and 0.7686. Similarly, the fitness values for population sizes of 50, 100 and 
200 were found located between those of 20 and 300. High population size would 
result in better simulation results, but required excessive computational time 
because increases in the size of the population would also increase the number of 
simulation execution for each generation. Thus, finding an optimum population 
size was important. Goldberg (1985) suggests that there is an optimal population 
size for a given chromosome length, but Grefenstette (1986) found it unnecessary. 
Moreover, for each population size, some mutation rates would result in better 
simulation results (i.e., low fitness value) as shown in Figures 3(a) to (d). For 
example, a mutation rate of 18 resulted in the lowest fitness value of 0.1395 and 
0.1239 for population sizes of 20 and 50, respectively. Although previously it was 
observed that there were reductions in fitness values as population size increased, 
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the mutation rates required to obtain the lowest fitness value were simultaneously 
reduced from 18 for a population size of 100 to 4 for a population size of 300.
Similarly, for a population size of 200, the required a mutation rate was only 9.

From the observations, it was evident that the fitness value would continue 
to decrease with increasing population size. Finding an optimum population size 
would require graphical examination of simulation results. A high population 
size, 300 for instance, provided a slightly better fit on the upper plain of water 
infiltration front, whilst a low population size, such as 20, improved the lower 
plain prediction as shown in Figure 4(a). The simulation results in Figure 4(a) 
also suggested that there were insufficient data to reproduce the level of upper 
and lower plains. Using additional data at the upper and lower plains, a population 
size of 50 was found to provide a reasonable prediction and had a fitness value of 
0.0122 as shown in Figure 4(b). The SGA unexpectedly failed for a population 
size of 20, suggesting that the population size used was inadequate. 

The SGA method was subjected to additional performance tests that 
subjected each input parameter to random percentage changes. The evaluation 
was necessary to prove that the SGA method was able to withstand a variety of 
input parameter conditions. The exact percentage variations used are shown in 
Figure 5(a), whilst Figure 5(b) shows reasonably good prediction results for a 

Figure 3: Average fitness function (FF) value for  population sizes: (a) 20; (b) 50; (c) 
100; and (d) 300. For each population size, different mutation rates (m) were applied as 

stated in the legend.
Note: inverse modeling was investigated by varying each input parameter by +20%

from the base value in Table 1. Simulation time was 105s.
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population size of 50 and a mutation rate of 18. Its fitness value was found to 
be 0.0978. Thus, it indicated that the SGA method was able to handle random 
percentage changes in the input parameters.

Furthermore, the reliability of the SGA method was evaluated with two 
extreme performance tests. The first extreme test reduced all input parameter 
values by 100% as shown in Figure 6(a). For instance, θr was reduced from 0.124 

Figure 4: Water infiltration front with: (a) 28 data points inverse model by 
different population sizes, i.e., 20, 50 and 300; and (b) 200 data points inverse model 

by population sizes of 20 and 50. The 200 data points were simulated from a numerical 
model and used in the inverse modeling.

Note: p indicates population size and m indicates mutation rate. Simulation time 
was 105s.

Figure 5: (a) Random percentage change of the input parameter from the base 
value (Table 1). (b) Water infiltration prediction at population size (p) of 50 and mutation 

rate (m) of 18.
Note: θr is the residual volumetric water content, θs is the saturated volumetric 

water content, Ks is the saturated hydraulic conductivity, θL (initial)  is the initial value of 
volumetric water content, and α, β, A  and B are the fitting coefficients (Eqs. (3) and (4)).

Simulation time was 105s.
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to zero where this value was used as a low limit (ai ) in Eqs. (5) to (7). The extreme 
test would require a population size of 300, as shown in Figure 6(b), to provide 
reasonable prediction results at a fitness value of 0.1250. Whilst maintaining the 
use of the low limit of the first extreme test, the second extreme test increased 
the high limit (bi ), as shown in Figure 6(c), of Eqs. (5) to (7). The extreme test 
would require at least a population size of 500, which was barely sufficient to 
provide a reasonable prediction with a fitness value of 0.1763, as shown by Figure 
6(d). Hence, a wide range of uncertainty in input parameter value would require 
a greater population size (i.e., more than 500) to maintain reasonable prediction 
results.

In BA, there were a few extra important factors to consider. Apart from the 
population size and the generations, as in SGA, in BA there were: (1) maximum 
limits of frequency, fmax , after setting fmin to zero, refer Eq. (9); (2) multiplier, in 

Figure 6: (a) Extreme percentage reduction of the input parameter from the base 
value (Table 1). (b) Water infiltration prediction based on input range of graph (a) at 

population size (p) of 300 and mutation rate (m) of 4. (c) Extreme percentage reduction 
and increase of input parameter from base value (Table 1). (d) Water infiltration 

prediction based on input range of graph (c) at population size (p) of 500 and mutation 
rate (m) of 4. 

Note: θr is the residual volumetric water content, θs is the saturated volumetric water 
content, Ks  is the saturated hydraulic conductivity, θL (initial)  is the initial value of 

volumetric water content, and α, β, A  and B  are the fitting coefficients (Eqs. (3) and (4)).
Simulation time was 105s.
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Eq. (12); (3) pulse rate enhancement factor, γbat  , in Eq. (13); (4) initial pulse 
rate, ri

o , in Eq. (13); (5) loudness cooling factor, αbat , in Eq. (14); and (6) initial 
loudness, Ai

t , in Eq. (14). In this study’s SGA, there was only mutation rate apart 
from population size and generations. By following a similar procedure to  SGA, 
those six parameters of  BA were calibrated to search for the best FF value. The 
first stage of calibration was done by repeatedly deviating one parameter at a 
time from the default values (Table 2), whilst maintaining all other parameters 
unchanged. This was carried out individually on all those six parameters. The 
best parameter values (i.e., each parameter with the best FF value) were selected 

TABLE 1
The base values of input parameters from Haverkamp et al. (1977) for Yolo light clay.

TABLE 2
The base (or default) value of input parameters for Bat Algorithm (BA). Parameter 

values for population 20, 50 and 100 were calibrated.
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TABLE 1 
The base values of input parameters from Haverkamp et al. (1977) for Yolo light clay. 
 

Parameter Base value 
  739 

r  0.124 m3 m-3 

s  0.495 m3 m-3 
  4 
A  124.6 
B  1.77 

sK  1.23x10-7 m s-1 

 L initial  0.2376 m3 m-3 

Notes: r is the residual volumetric water content, s is the saturated volumetric water content, sK is 
the saturated hydraulic conductivity,  L initial is the initial value of volumetric water content, and  , 

 , A  and B  are the fitting coefficients (Eqs. (3) and (4)). The upper boundary was set to saturated 
volumetric water content, i.e.,0.495 m3 m-3, and lower boundary was set permeable inflow and outflow 
of water. The data used by Haverkampet al., (1977) fitted to Eq. (3) were obtained from Philip (1969) 
and data for Eq. (4) were from Philip (1957). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Notes:  θr  is the residual volumetric water content, θs is the saturated volumetric 
water content,  Ks is the saturated hydraulic conductivity, θL (initial) is the initial value of 

volumetric water content, and α, β, A and B and are the fitting coefficients (Eqs. (3) and 
(4)). The upper boundary was set to saturated volumetric water content, i.e.,0.495 m3 m-3, 

and lower boundary was set permeable inflow and outflow of water. The data used by 
Haverkamp et al., (1977) fitted to Eq. (3) were obtained from Philip (1969) and data for 

Eq. (4) were from Philip (1957).
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and used. The process was then performed for other individual parameters. This 
process was repeated two times. In the second stage of calibration, the fmax and  
multiplier  parameters were fixed for convenience. The remaining four parameters 
were randomly sorted through using the Sobol’ sequence to account for every 
possible quad combination. Goh and Noborio (2014) illustrated the spatial 
coverage of the Sobol’ sequence in two dimensions for two parameters.  

In the first stage of calibration, the default condition was found to generate 
an FF value of 0.1556, and when those six parameters were varied individually 
(or individually-calibrated), the lowest FF value of 0.1276 was found and it was 
significantly lower (or improved) than that of the default condition. Another 
round of searching was carried out using the individually-calibrated values, and 
it was found to cause deterioration (or increase) in the FF value to 0.1499. The 
parameter values were not provided in the table. The combined individually-
calibrated parameters were unable to generate a good FF value indicating that 
there were some degrees of interaction between the parameters that could be 
exhibiting either antagonistic or synergistic behaviours. This problem was solved 
in the second stage of calibration by simultaneously varying four input parameters 
(i.e., pulse rate enhancement factor, initial pulse rate, loudness cooling factor and 
the initial loudness). An improved FF value of  0.1365 was found even for a 
population size of 20 (refer Table 2 for calibration-20), and 0.1249 and 0.1198 at 
calibration-50 and calibration-100, respectively. Compared to SGA’s FF values, 
which included 200 data points as showed in Figure 4(b), BA’s FF value of 0.1365 
was found to outperform SGA’s FF value of 0.4906, for a population size of 20. 
However, for a population of 50, SGA outperformed BA with respective FF values 
of 0.0122 and 0.1249.

For SGA, a calibrated mutation rate was found after eleven trial-and-error 
iterations, whilst for BA, the best quad combination was found at the 84th, 54th and 
42nd iterations for population sizes of  20, 50 and 100, respectively. Additionally, 
if SGA and BA were compared for a population size of 20 without considering 
the total number of trial-and-error iterations needed to obtain the calibrated 
parameter values, corresponding total model executions of 1,040 and 540 were 
needed, whilst for a population size of 50, model executions needed were 
3,400 and 1,650. At this point, BA appears to be more cost efficient than SGA. 
However, if the total count number of trial-and-error iterations (i.e., the search for 
optimising parameter values) were included, the SGA would require only 11,440 
model executions, whilst BA would require 45,360 for a population size of 20. 
Similarly, for a population size of 50, SGA and BA required 37,400 and 89,100 
model executions, respectively.

CONCLUSION
The SGA was found to be an effective method to predict a globally-optimum 
set of input parameter values where the simulation results were found to match 
the existing data points closely. A large number of generations were unnecessary 
as in most cases minimum fitness value was reached in the early generations 

Fitting Constitutive Functions to the Soil Water Flow
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(i.e., between 5 and 40). The SGA was solved with termination criteria. Large 
population size resulted in a low fitness value, thus, suggested better simulation 
results. SGA required expensive computational time and, therefore, finding 
optimum population size was a better approach. In this study, a population size 
of 50 was sufficient to provide reasonable simulation results, except when there 
was an extremely uncertain range of input parameter values where it required 
an excessive increase in the population size. Additionally, it was found for each 
population size, a particular mutation rate applied in order to obtain the lowest 
fitness value. Although this value varied for each population size, it was observed 
to decrease as the population size increased. Whilst SGA was able to reproduce 
sound simulation results, data points at saturation and residual levels were equally 
important as those of the water infiltration front. It was necessary to perform a 
meaningful search of globally-optimum set of input parameter values. Moreover, 
SGA was found to perform reasonably well under constant increments (+20%) and 
random percentage changes in input parameter values. Under extreme cases, as 
mentioned previously, SGA continued to perform reasonably well at the expense 
of higher population sizes and greater computational time. An educated guess 
to narrow the range limit of input uncertainty would result in better simulation 
results, smaller population size and ultimately, require less computational time. 

Comparing the SGA to the BA, the latter appeared to perform well at a 
low population size (i.e., 20) whilst the former was found better at a population 
size of 50. SGA was the better choice after considering the number of model 
executions needed for model calibration, a reasonably small population size 
without sacrificing FF value, and the number of input parameters that must be 
calibrated in order to search for a small FF value.
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