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Using genetic algorithm for distributed parameters optimisation of
conceptual rainfall-runoff model with radar data as a
high-resolution input

J. Szturc, A. Jurczyk, and K. Osrodka
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Abstract. The paper is a continuation of the earlier works
concerning an introduction of radar data as a high-resolution
input into hydrological models. The application of full radar
rainfall information provokes to distribute all the rainfall-
runoff model parameters onto individual areas correspond-
ing to the radar pixels. If there are thousands of parameters
to optimise, more efficient methods involving probabilistic
rules of choice are required. The genetic algorithm (GA),
used in this paper, may be one of possible optimisation pro-
cedures. Investigations of the properties of the genetic algo-
rithm have been performed. The quality of the model using
GA has not been better than using integrated parameters and
the spatial distribution of parameters optimised in this way
has not corresponded to any physical or geographical fea-
tures of the catchment. For this reason further investigations
have been directed towards a limitation of the number of pa-
rameters to optimise by either decreasing of both data and
parameters spatial resolution or assuming a relationship be-
tween the model parameters and the distance to the outlet.

1 Introduction

Introduction of complete information about spatial distribu-
tion of precipitation field into a hydrological model should
result in an improvement of forecasts quality. However in
consequence all model parameters have to be also spatially
distributed. Such an approach leads to thousands of parame-
ters to optimise. That complicates procedures of parameters
optimisation, therefore more efficient methods, for example
the concept of artificial intelligence, may be required.

An example of such a model is presented in this paper.
The model has been tested for the catchment of the Vistula
river up to Skocźow level gauge (Szturc et al., 2002). It is
rural mountainous catchment in the BeskidŚlaski Mountains
covering an area of 296.7 km2 with height varying from 300
to 1220 m above sea level. It is a source region of the Vistula
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River, the biggest one in Poland.
Rainfall data has been provided by C-band weather radar

in Katowice with spatial resolution 0.5 km at range of 100
km. Hourly rainfall accumulations have been calculated on
the basis of SRI method (Surface Rainfall Intensity), i.e.
rainfall measured 0.5 km above the ground, with time step
15 minutes.

2 Conceptual rainfall-runoff model

Rainfall-runoff conceptual models are the most frequently
based on a parametrical equation expressing a relationship
between the outflow from a river basin, so called the direct
runoff Q(t), and the excess rainfallRe(t). The appropriate
transfer function, so called the response functionh(t), is used
to transfer excess rainfall into outflow:

Q(t) =

t∫
0

h(t− τ)Re(τ)dτ. (1)

The response functionh(t) used in this paper is well
known in hydrology as the Nash model (Nash, 1958):

h(t) =
1

kΓ(n)

(
t

k

)n−1

e−
t
k , (2)

whereΓ(n) is the gamma function, andn, k are the model
parameters.

In practice, a continuous record of rainfall is not available.
For this reason the transformation formula (Eq. 1) is limited
to the following discrete form:

Q(t) =
t∑

τ=0

h(t− τ)Re(τ)∆t. (3)

The time step of calculations∆t depends on the catchment
size and in our case it is 1 hour.

Every catchment pixel is considered as independent of the
others (see Fig. 1). Then the total runoff from the basin is
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Fig. 1. Scheme of the spatially distributed model according to radar
resolution.

calculated as the sum (all over the catchment area) of runoffs
from individual pixels; the runoffs being in turn sums (all
over the rainfall time) of runoffs at consecutive time steps:

Q(t) =
Ng∑
g=1

t∑
τ=0

h(g, t− τ)Re(g, τ)∆t (4)

whereg is a number of a pixel (1...Ng). Each parameter of
the model constitutes an array ofNg elements, what makes
the optimisation difficult.

The excess rainfall has been estimated basing on SCS for-
mula (SCS, 1986) with parameters calculated from total di-
rect runoff.

Quality of the model has been estimated by integrated
square errorISE (Weglarczyk, 1998):

ISE =
RMSE

Qm
obs

· 100% (5)

whereRMSE is the root mean square error, andQm
obs is the

mean observed discharge.

The conceptual rainfall-runoff models require optimisa-
tion of their parameters. A frequent difficulty is a lack of
possibility of physical interpretation of the parameters, what
would help in the estimation of their values.

The application of the simple form of rainfall-runoff
model to the following analysis results from the aim of the
job, which was not an examination of hydrological features
of the catchment, but investigation of possibilities of the
model parameters optimisation.

3 Problem of parameters optimisation

The response function in any conceptual model has a number
of parameters, for instance two parameters in Nash model:
n andk, which do not have any physical meaning. Then a
mathematical optimisation basing on historical data is neces-
sary to estimate them.

When the number of parameters is small enough – up to
three according to Liong et al. (2001) – they can be opti-
mised using trial-and-error method. But the bigger the num-
ber of parameters is, the more efficient optimisation algo-
rithms should be applied. The simplest method to optimise
the big number of parameters is so called Uniform Random
Sampling (URS). In this method the great number of param-
eters samples is randomly generated and the best one is taken
as the optimum.

The rainfall-runoff model quality may be estimated by an
objective function, for instance expressed by Eq. (5). This
function has usually more than one minimum so there is more
than one solution of the optimisation problem. The proce-
dures that stop after having found a local minimum are not
appropriate for application in this case. Duan et al. (1992)
and Gan and Biftu (1996) described and verified other meth-
ods applying empirical material, e.g. exhaustive gridding
(EG), shuffle complex evolution (SCE-UA), multiple start
Simplex (MSX) and local Simplex methods. At the outside
15 parameters were optimised in these papers. Efficiency of
the methods results from an introduction of randomness for
the search of the global minimum.

The genetic algorithm (GA), used in this paper, may be
one of more advanced optimisation procedures. Only few pa-
pers have considered hydrological applications of GA. To our
knowledge the first attempt was undertaken by Wang (1991)
who applied Xinanjiang model with 7 parameters. Next GAs
were used in this field by Franchini (1996) and Franchini and
Galeati (1997). Liong et al. (2001) applied the method of ge-
netic programming, which is an extension of GA. The trials
of using GA undertaken by authors of this paper are reported
in (Jurczyk et al., 2001).

Usually a compromising approach, where the number of
parameters to optimise has been limited, is chosen. Al-
though a direct interpretation of the parameters does not ex-
ist, an empirical dependence of the parameters on the follow-
ing features may be introduced: the catchment concentration
time (Chander and Fattorelli, 1991), travel path to the out-
let, which consists of hill slope and stream fractions (Garrote
and Bras, 1995), or the distance to the closest watercourse
(Corral et al., 2000; 2001). Therefore only a few or several
parameters remain for optimisation.

4 Description of the genetic algorithm (GA)

Genetic algorithms (GAs) are the algorithms of optimisation
and search basing on analogy to the mechanisms of natu-
ral selection and heredity. They differ from the traditional
methods in the following features: they do not directly treat
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 Fig. 2. Coding of a chromosome (total number of pixelsNg =
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Fig. 3. Scheme of selection and reproduction.

the task parameters but their coded form, conduct the search
starting not from a single point but from certain population of
points, and do not use deterministic but probabilistic rules of
choice. GAs are utilised in many problems containing the
search, optimisation and teaching (Goldberg, 1989). Ele-
mentary GA is composed of four operations: (a) selection,
(b) reproduction, (c) crossover, and (d) mutation.

The total number of parameters to be optimised is equal to
the doubled number of pixels at the catchment area, as Nash
model adopted here introduces two parameters. For our river
basin there are 1,251 pixels× 2 parameters = 2,502 param-
eters. All those mutually independent parameters have been
coded as one binary number in such a way that they have
been written one after another, pixel after pixel, every pa-
rameter covering a predefined number of bits. If the number
of bits is 8, the parameters get values from the interval 0.1
÷ 25.6 with the step 0.1. In this way a chromosome of the
length of 20,016 genes – or binary digits – has been defined
(Fig. 2).

All chromosomes form a population, which size has been
optimised (from 100 to 500). The initial population has been
created by a random generation of the appropriate number of
chromosomes.

1. Selection. The first step consists in a selection of chro-
mosomes, performed randomly, but favouring better
chromosomes, i.e. having higher values of the fitness
function (Fig. 3).

For the purpose of this paper the fitness functionF has
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 Fig. 4. Scheme of crossover.
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 Fig. 5. Scheme of mutation.

been defined as:

F = 1− ISE

100%
(6)

whereISE is the error of the model taking the parame-
ters included in a given chromosome.

There are many methods of population selection, e.g.
roulette, tournament and ranking. The last method has
seemed to be the most efficient in this case. The ranking
method consists in ordering of all chromosomes accord-
ing to their fitness function values: from the worst to
the best one. Then a probability of duplicationpi is at-
tributed to each chromosome according to the formula:

pi =
i

N∑
i=1

i

(7)

wherei is number of the chromosome in the series,N
is the number of chromosomes in the population.

2. Reproduction (Fig. 3). Thus, the better a chromosome
is, the higher is its probability to be selected, so it is
more frequently duplicated. In this way the population
is reproduced.

3. Crossover (Fig. 4). The next step is the crossover, per-
formed also in random way. The crossover is applied
to randomly matched couples of chromosomes with the
determined probability, with one or more also randomly
selected crossover point.

4. Mutation (Fig. 5). The mutation – as well as the
crossover – has to prevent the stopping of the optimi-
sation procedure after attaining a local maximum of the
fitness function. Both the mutation index and the num-
ber of mutations have to be optimised. If the mutation
index is assumed to be e.g. 0.1, and the number of mu-
tations 50, it means that fifty digits are randomly altered
into opposite in one chromosome among 10.

In presented paper up to 100 reproductive cycles have been
performed. Described below investigations of the genetic al-
gorithm properties have been performed for a single freshet
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of 6–7 June 2000. It has been caused by intensive storms
connected with cold front spreading from the west. The pre-
cipitation (30 mm on average over the whole catchment) on
6 June resulted in an increase of water level up to the range
of high level.

5 Optimisation of fully distributed parameters

First the model errors have been calculated for integrated pa-
rameters, i.e. when they have had the same optimised values
for all over the catchment. The bestISE has amounted to
5.50% with integrated parametersn = 1.0 andk = 17.1.

Before trying to use more sophisticated methods to op-
timise fully distributed parameters, the simplest optimising
method URS has been used. Thus 500 samples of parame-
ters have been randomly generated. The lowestISE value
using the best parameters has equalled about 6.6% (Jurczyk
et al., 2001).

The next step was using GA method. Applying of
this method requires estimation of relevant GA parameters.
Therefore the following properties of GA having influence
on the algorithm efficiency have been investigated.

1. The number of bits recording the parametersn andk
(admissible parameter interval). The optimum values
are 5 bits for parametern and 7 bits for parameterk.

2. The initial population size. The probability of genera-
tion of chromosomes having high values of the fitness
function increases in larger population. On the other
hand the time of optimisation procedure gets longer be-
cause a model has to be started for each chromosome.
A compromising value of 500 chromosomes has been
assumed.

3. The initial population type. The initial population has
been generated in different ways: either fully randomly
or partially imposing extreme values. The introduction
of chromosomes with partially imposed values into the
initial population is aimed to obtain better differentia-
tion of the population. The extreme chromosome values
are to give to GA a stimulus for further search. The GA
efficiency is significantly better when the initial popula-
tion is created using the second method, however only
in some tens of steps.

4. The method of reproduction. The ranking method has
been used. When the population size is big (hereN
= 500 chromosomes), the probability of duplication is
very low for all chromosomes. It leads to excessive av-
eraging of population. In order to avoid it, the probabil-
ity of duplication for better chromosomes has been am-
plified multiplying their probabilities of duplication by
constant factor or squaring these probabilities. The am-
plification generally improves the GA efficiency at the
several first steps of its running. Later on this improve-
ment is impeded because values of the fitness functions
in the population equalise.

5. The number of crossover points in one chromosome
and crossover coefficient. The optimum values of the
both parameters have been set to 1. The crossover co-
efficient value equal 1 means that each chromosome is
crossovered.

6. The number of mutations and mutation coefficient. The
optimum values of the number of mutation and mutation
coefficient have been set to 500 and 0.1 respectively.
Increase in number of mutations has not improved op-
timisation quality. It may be caused by the fact that
too many mutations apart from knocking out population
from averaged values additionally as a side effect lead
to a breakage of some well-adjusted chromosomes.

The Nash model quality with fully distributed parameters
optimised with GA (ISE = 5.49%) has not turned out to be
better than with integrated parameters (ISE = 5.50%).

In spite of mathematically correct fitness, the spatial distri-
bution of parameters optimised using GA seems to be com-
pletely chaotic what excludes any trials to connect their val-
ues with physical and geographical features of the catchment.
Many different combinations ofn andk values can give sim-
ilarly good results of the model.

There is a variety of techniques which may be applied to
smoothing of data set, for instance various forms of kriging.
Results described for instance by Whelan et al. (2001) show
that the form of spatial estimation chosen for mapping has
a significant influence on the final estimated image. Kriging
with a local semivariogram performs the best in the case of
large data sets, and using block kriging gives a well smoothed
map. The VESPER software (Minasny et al., 2002) has been
used for our analysis. Smoothing of parameters values (opti-
mised with GA) using kriging and block kriging have had no
effect on improving their spatial distribution.

Therefore next works have been directed towards a limi-
tation of the number of parameters to optimise. Two com-
promising approaches have been proposed: (1) using lower
spatial resolution, and (2) introducinga priori a relationship
between model parameters and some physical or geographi-
cal features of the catchment.

6 Decrease in number of parameters by decrease in spa-
tial resolution

GA is a very efficient method however it does not cope with
hundreds and more parameters to optimise. Thus the next un-
dertaken step has been to test its efficiency with lower num-
ber of parameters. The decrease in number of rainfall-runoff
model parameters has been achieved by reduction in their
spatial resolution. The resolution of radar input data has been
always the same as the resolution of model parameters.

The spatial resolution has been changed gradually from
0.5 to 8 km, so the number of parameters has varied from
2502 down to 10. The best result has been obtained with 1
km resolution (ISE = 4.61%), whereas the worst with 4 km
resolution (ISE = 7.86%). It is difficult to interpret these
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results. It might be effect of specific freshet which the algo-
rithm has been tested on.

7 Decrease in number of parameters by partially im-
posing of parameters values

Next approach has consisted in introducing a relationship
connecting model parameters to some physical or geograph-
ical feature of catchment. A strict relationship between the
values of the parametersn andk and the distancel from the
pixel to the catchment outlet has been assumed as follows:

ng = a1lg + a2 (8)

kg = a3lg + a4 (9)

whereg is a number of a pixel. The values oflg have been
normalised to unity, i.e.lg ∈ (0, 1).

It is a simplification with respect to the assumption ac-
cepted by Corral et al. (2000; 2001). In such a way the
number of parameters has been limited to only a few. Af-
ter applying assumption described by Eqs. (8) and (9) only
four parametersa1, a2, a3 anda4 have remained to optimise.
Then the size of the chromosome drastically has decreased to
28 bits with 7-bits record for each parameter (froma1 to a4).
The other GA parameters have had also to be changed. Op-
timum GA parameters have been set to: the population size
250, number of crossover points in chromosome 1, crossover
coefficient 0.25, number of mutations 8, and mutation coef-
ficient 0.1.

At once the result has appeared to be better. The model
errorISE has been 5.07%.

8 Summary

The application of full radar rainfall information provokes
to distribute all the rainfall-runoff model parameters onto in-
dividual areas corresponding to the radar pixels. However
such an approach leads to thousands of parameters to opti-
mise. Using fully distributed parameters optimised with GA
has resulted in no improvement of the Nash model quality
(ISE = 5.49%, whereas with integrated parametersISE =
5.50%). The spatial distribution of parameters optimised us-
ing GA seems to be completely chaotic what excludes any
trials to connect their values with physical and geographical
features of the catchment. It indicates that GA does not cope
with the optimisation problem although fitness is mathemati-
cally correct. Many different combinations ofn andk values
can give similarly good results of the model. Smoothing of
optimised parameters values using kriging and block kriging
has had no effect on improving their spatial distribution.

Thus next two approaches consisting in radical diminish-
ing of the number of parameters to optimise have been pro-
posed: (1) using lower spatial resolution, and (2) introducing
a relationship between model parameters and some physi-
cal or geographical features of the catchment. Decrease in
number of parameters by decrease in spatial resolution has

Table 1. The results of optimisation with different ways of param-
eters distributing

Method of distribution of Optimisation ISE [%]
model parameters method

Integrated parameters Trial-and-error 5.50

Fully distributed parameters URS about 6.6∗
Fully distributed parameters,
highest resolution 0.5 km GA 5.49

Fully distributed parameters,
the resolution from 0.5 to 8 km GA 4.61∗∗
Distributed, partially imposed
parameters GA 5.07

∗ depends on specific randomly generated samples.
∗∗ with 1-km resolution.

affected improving GA efficiency but only slightly. The best
result has been obtained with 1 km resolution whenISE =
4.61%. Introducing relationship connecting model parame-
ters with the distance to the catchment outlet has resulted in
lower improvement of GA efficiency (the model errorISE
= 5.07%).
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