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Abstract

Standard optimization methods are generally moderately robust and easily
diverge due to the form of the objective function. A genetic algorithm (GA) is
used in this work to solve the calibration problems of a coupled model
rainfall-infiltration-runoff (RIR). The model parameters are those related to
Green and Ampt model infiltration in its general form (hydraulic conductivity
and B). Experiments are done in the laboratory to collect rainfall runoff data,
then the infiltration capacities versus infiltration heights are plotted and the
scattered points are fitted to a linear regression, in order to deduce the model
parameters. Experimental data are used to test the efficiency and the robustness
of the genetic algorithm (GA) (using different crossovers). Moreover, the RIR
model parameters values estimated by GA optimization are compared to those
obtained by experimental fitting strategy. Finally, synthesized data are used to
validate the optimization results.

Keywords:  rainfall-runoff,  infiltration, hydraulic — conductivity, model,
optimization, genetic algorithm, crossover.

1 Introduction

Global rainfall-runoff models (RR) commonly use a number of parameters. Most
of these parameters are estimated by calibration strategies [1], so the model
results will be dependent of its hypothesis, inputs and parameters. These
parameters are generally draining coefficients of reservoirs. However, it will be
more adequate to estimate some physical parameters from calibration with runoff
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data. In this context, the parameters of the Green and Ampt infiltration model are
generally estimated using soil properties, although, they are usually inadequate
and parameter values, calibrated from measured runoff data, can be better [2, 3].

The calibration of global RR models uses generally global optimization
methods to estimate the model parameters. However, since the objective function
to optimize is characterized by the non-smoothness, local optimums, flat plateau,
etc., the standard optimization methods can easily diverge due to the objective
function shape. In this work, a rainfall-infiltration-runoff (RIR) reservoir model
has been developed. This (RIR) model has the particularity of coupling a model
infiltration to the subsurface runoff. This RIR model has the particularity of
coupling a model infiltration to the subsurface runoff. The model parameters are
those related to Green and Ampt model infiltration in its general form.
Experimental and synthetically rainfall-runoff data are used to calibrate these
parameters.

In a first step, experimental data were fitted to the Green and Ampt model to
estimate parameters values. These values are used to validate RIR model
calibration results. In this work, standard calibration methods (Newton, Simplex)
have diverged in calibrating RIR model when genetic algorithm (GA) had
converged on good parameter’s values [4, 5].

GA is an optimization research method that combines probability and natural
genetic selection [6]. It differs from other classic calibrating methods by using a
coded parameter set rather than the parameter values itself, searching among a
population of points and it uses only the values of the objective function and not
its derivative values [7]. A simple GA is divided in three parts: reproduction,
crossover and mutation. The crossover sort may influence the optimization
results and the efficiency of the GA [8]. Three crossovers types were used and
the best results were retained [9].

Also, this paper investigates to estimate the physical soil parameter values (or
their value orders) from runoff data (not expensive) using a simple genetic
algorithm optimization.

2 Materials and methods

2.1 Experimental measurements

The experiments were conducted using the rain simulator at the hydraulic
laboratory of the “Ecole de technologie supérieure (ETS)” in Montreal. The
experimental watershed is represented by a plastic tank filled with an 18 mm/h
hydraulic conductivity medium sand. The variable parameters are rain
intensities, durations and initial soil moisture values. For every experiment,
humidity measurements, soil moisture values at different depths; rainfall masses;
total percolation masses and soil moisture values for different time steps are
taken. By applying the mass conservation law, rainfall heights and infiltration
quantities are deduced (considering null evaporation). Rain intensities range
from 10 to 200 mm/h with duration between 15 and 360 min.
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2.2 Model description

The coupled model RIR is a global model with two reservoirs that uses the
Green and Ampt [10] infiltration model to estimate the maximum infiltration
capacity. This model is composed of two reservoirs; the first one describes the
behavior of the water in the surface and the other represents the soil one. The
surface of the watershed receives the rain and splits it in infiltration and runoff.
The soil reservoir, setup with an initial water height, takes the infiltrated water
until it reaches the saturation and the excess percolates. Similarly in the first
reservoir, the water is piled up until it reaches a preset threshold then the
exceeding water generates the surface runoff. The detailed model flowchart is
described in Chérif [9]. The estimation of infiltration capacity (f) of the soil is
done by the Green and Ampt [10] infiltration model in its general form (eqn.1).
So, the model parameters will be: the hydraulic conductivity K and the parameter
B which is a function of the soil humidity, K and the maximum level of water
that can be absorbed by the soil.

f=K+B/h; €))
h; : infiltrated water quantities

2.3 RIR model calibration

The model calibration is generally based on the optimization of an objective
function that relates the observed and simulated outputs of the model [11, 12].
The objective function used in this work is the mean squared errors of the runoff
heights, eqn. (2):

fob = Z(Rob(i) - Rsim(i))* ()

fob: objective function value; Rob(i): observed runoff height at the step i;
Rsim(i): simulated runoff height at the step 7.

2.4 Fitting of experimental data to the Green—Ampt model

Experimental measures of rainfall-runoff are used to determine the infiltration
quantities (/).

In a first step, an exponential equation is fitted through the infiltration time
data, [9]:

hiC:atb (3)

hi. : cumulated infiltrated water height [L], t: time [T].
where a and b are deduced from fitting strategy.

In a second step, the infiltration capacities values (f) are calculated by
deriving in time this equation:

f=0hi /Ot 4)
£ soil infiltration capacity [L T],
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For each experiment, f values are plotted in a graph versus (1/4,;) values.
These scattered points are finally fitted to a linear regression in order to deduce K
and B parameters values for each experiment. These parameters values will be
used later to validate the optimization results.

Determination coefficient values (D) obtained vary in the interval [0,92;
0,99] showing a good model fitting quality. Table 1 shows the parameters K and
B values for all the experiments and the errors calculated in a 5% conveyance
interval and the determination coefficients. All hydraulic conductivity values (K)
varies in the interval [7.51; 16.72] so always inferior to the saturated hydraulic
conductivity value (Ks = 18 mm/h).

Table 1: Green and Ampt parameters values and errors obtained by fitting
strategy.
Experiments K B Error (K) |Error (B) D
(mm/h)| (mm2/h)
1 8.69 689.3 4.38 53.0 0.99
2 16.72 253.5 2.40 25.8 0.99
3 10.68 102.4 0.47 3.7 0.99
4 12.70 159.8 0.50 7.3 0.99
5 14.77 69.9 0.64 8.7 0.98
6 9.33 97.1 1.33 19.8 0.92
10 4.84 57.4 1.33 19.9 0.92
11 11.19 21.4 0.38 3.8 0.96
12 15.69 31.3 0.64 4.2 0.98
13 10.86 25.2 0.77 5.5 0.98
15 14.19 34.5 0.81 11.7 0.95
16 9.36 73.8 2.23 12.7 0.99
17 11.36 27.8 0.68 4.4 0.98
18 11.78 55.3 0.60 4.4 0.99
19 7.51 80.8 1.24 7.3 0.99

2.5 Calibration data

In a first step, the calibration of the model parameters is done from the
experimental data. The results of the genetic optimization strategy are compared
to those obtained by the fitting method of experimental measurements. Then, in a
second step, the calibration is made using generated runoff data from different
soil parameters, so that, the synthesized runoff data were introduced in the model
in order to estimate its parameters (K and B). The synthetic runoffs are generated
by the RIR model with a rainfall intensity of 40 mm/h.

2.6 The steps of calculation of a simple genetic algorithm

A simple genetic algorithm uses, generally, the notion of an adaptation function.
This function is, generally, the function to optimize (known as fitness) which is
the objective function of the RIR model in this study. The genetic algorithm used
in this work, is a simple algorithm that is composed of the following steps:
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1. a population of couples of parameters (K and B) are randomly chosen in the
search space (with a size m);

2. the objective functions are calculated for all the population;

3. the normalized geometric ranking strategy is used to select a new generation
that probabilistically favors the points which have the minimum objective
function;

4. some crossovers are done between the members of the generation;

5. a random mutation is done in the new generations;

6. the steps 2, 3, 4, 5 are repeated until the maximum number of iterations is
attempt.

The selection method used in this work is the normalized geometric ranking
method, [13], this method only requires the evaluation function to map the
solutions to a partially ordered set. Three popular types of crossovers: simple,
arithmetic, and heuristic are used in this work.

3 Optimization results and discussion

3.1 Analysis of the influence of the crossover on the parameters K and B
optimized and robustness study

Solomatine [8] defines two main performance indicators: the efficiency
measured by the number of evaluations needed and how close the algorithm gets
to the global optimum and the robustness measured by the number of successes
in finding the global minimum, or at least approaching it sufficiently closely.
Figure 1 holds the number of iterations required for each crossover type to
converge (for all experiments). We note that for the majority of experiments the
crossover type does not affect the GA efficiency, fig. 1.
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Figure 1: Iterations number needed for different crossovers.

Table 2 shows the optimized K values from experiments data using three
crossovers sorts. These values are calculated with a 5% confidence level and
results are illustrated in table 3. This table shows that the optimized K values are
independent from the crossover type if we consider the confidence interval.

WIT Transactions on Ecology and the Environment, Vol 104, © 2007 WIT Press
www.witpress.com, ISSN 1743-3541 (on-line)



184 River Basin Management IV

If compared to the K values obtained from fitting procedure, these optimized K
are considered well found, considering the confidence interval, for the
experiments (2, 3,10, 12, 13,17 and 18); as for experiments number 4, 5, 6, 15,
and 16 they are estimated with a maximum difference equal to 15% of the fitted
K value that we consider acceptable. As for experiments (1 and 19), K values are
estimated with a difference (from fitted values) of 40% so not well found. So
60% of experiments gave us a good estimation for K.

As for, B values, they are estimated in a large confidence interval. Taking
these confidence intervals, the B values obtained from different crossover types
can be considered equal. However, these optimized values are different from the
B values obtained from fitting strategy: these results could be explained by the
objective function shape and interactions between K and B parameters. Finally,
the GA robustness and results are independent from the crossovers sorts in this
case.

Table 2: Optimized K and B values obtained from the three crossovers sorts
(experimental data).

simple Cr. arithmetic Cr. heuristic Cr.
Exp K optimized | B optir;lized K optimized |B optirglized K optimized |B optir?ized
| (mm/h) (mm®/h) (mm/h) (mm®/h) (mm/h) (mm®/h)
1 | 18.0+£0.02 | 998 +1.1 17.9+0.11 980+ 11.8 18.0 + 0.04 997 + 1.6
2 | 18.0+0.02 | 999+0.8 17.9+0.08 983 +10.3 18.0+0.01 997 + 1.0
3 110.0+£021 | 37+£23.6 9.9+0.15 54+17.7 9.8+0.23 67+41.5
4 | 144+0.33 )| 914+£41.0 142+032 [ 939+39.4 14.0+0.23 965+ 28.7
5 | 11.8+0.28 | 921 +33.3 11.9+049 | 912+57.9 11.9+0.49 912+ 57.9

6 6.6+0.12 | 973 +16.3 6.7+0.21 963 +25.8 6.5+0.14 991+ 18.4
10 | 44+0.24 [ 37+£27.6 4.3 +0.36 53+40.4 4.3+0.26 53 +29
11 [ 5.5+0.87 | 831+104 5.5+0.42 830+ 50 5.5+0.69 832 +82.8

12 [ 16.0+£0.37 | 68+42.5 15.9+£0.29 81+33.8 16.2+0.23 42 +£26.8

13 1102039 49+45.6 10.1 £0.26 57+299 10.2+0.21 42 +£24.5
15 | 12.4+£0.29 [ 952 +34.3 12.5+ 0.44 938+ 49.8 124+0.21 957 +24.8
16 | 7.7+£0.14 [ 25+15.6 7.4+ 0.38 54+43.1 7.5+£0.28 50+30.8
17 | 12.5£0.84 [ 155+97.2 12.8 £ 0.39 115+ 45 12.9 +£0.55 102 + 62.4
18 1122+0.13 [ 32+15.2 11.9+0.35 62 +39.7 12.1+£0.31 47 +34.7
19 | 18+0.03 998 £ 1.9 17.9+0.1 988 +5.9 18 +0.01 998 + 2.6

3.2 Optimization results from synthetic data

In a second step, the model calibration is done using rainfall data generated for
different cases. To generate this data, a rainfall of a mean intensity equal to 40
mm/h is introduced in the conceptual rainfall-infiltration-runoff model, and K
and B parameters values (table 3) are introduced to generate the runoff synthetic
data. Later, this synthetic runoff data are used to calibrate the conceptual rainfall-
infiltration-runoff model using the GA optimization method.

K optimized values has converged to the good solution (introduced value),
for 80% of cases, with 20% of a maximum related difference, fig. 2. As for B
values, 60% of cases have converged with related differences less than 30%,
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40% of cases has converged with high related differences (can be explained
interactions and high correlation between K and B). Globally, GA can be
considered efficient.

e Related difference on K is defined as : abs [(K-Koptimised)/K]

e Related difference on B is defined as : abs [(B-Boptimised)/B]

Table 3: Different cases of synthesized values.
introduced values
B
Case K (mm/h) | (mm?h)
1 20 910
2 10 375
3 1 80
4 2 360
5 20 800
6 6 480
7 5 875
8 1 120
9 0,5 120
10 1 50
11 20 120
920
80 @ related difference on K
o) + related difference on B
Q 70
o +
g 60
©
° “ + +
D .
% 30 + T
kS 2 . L +
< } + ¢
10 <+ ()
0 v o , ® o ¥ .
case number
Figure 2: Related differences on K and B, synthesized optimization

(arithmetic crossover).

4 Conclusion

A genetic algorithm optimization strategy is used to estimate the physical
parameters of a global RIR model through a calibration strategy. The model
calibration is done from experimental and synthesized data in order to estimate
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its physical parameters [K and B] (of general Green and Ampt infiltration
model). The experimental data were fitted by deriving the capacity infiltration
expression (exponential equation is fitted through the infiltration time data) in
order to deduce [K and B] values. GA optimization results are compared to the
experimental results. It is deduced that the genetic algorithm is effective and the
soil parameters [K, B] are well found by the calibration strategy from synthesized
data for the majority of the cases (90% for K and 60% for B). Finally, the genetic
algorithm has successfully solved the optimization difficulties due to the
objective function shape where other classic methods have failed.
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