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In the overall model development, model calibration is one of the most important tasks. This paper
focuses on use of genetic algorithm (GA) in water quality model calibrations and definition of suitable
operators which allow GA process run well and generates sets of optimized model parameters for river
water quality model. An investigation on the importance of GA operators on model parameter optimization
was considered in this study based on the data which collected from the Tatara River, Fukuoka, Japan.
Many of numerical experiments on GA operators were conducted to check impacts of different GA opera-
tors on efficiency of GA process and goodness of parameter set which will be used for calibrations of water
quality model. It was found that most of GA operators have sensitive effects on optimization process, in
which the most important operators are rate of crossover and mutation.
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INTRODUCTION

Successful management of river water quality
requires the development and use of river water quality
models. Model calibration (or parameter estimation) is
an important part of overall model development. Some
model parameters can be physically measured, while the
remaining model parameters should be estimated
through model calibration. Model calibration is gener-
ally done through a trial and error iterative process by
comparing model predictions with observations. This
method is time consuming, and, may be, can miss the
‘optimum’ model parameter set. Recently, genetic
algorithm optimization has proven to be successful and
efficient in identifying the ‘optimum’ parameter set for
river water quality models. Genetic Algorithm (GA) is a
global optimization technique that is based on the con-
cept of natural selection and genetics [Goldberg, 1989].

In general, the efficiency of GA depends on the
proper selection of GA operators, which are essentially
the components that make up the overall GA process.
The GA operators consist of parameter coding, popula-
tion initialization, selection of subsequent populations,
crossover and mutation.

Although the importance of GA operators on model
parameter optimization has been studied in the past, the
findings were inconclusive and no guidelines were avail-
able to select appropriate GA operators for specific
applications such as optimization of river water quality
model parameters. These operators can also vary
depending on type of water quality and typical condi-
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tions of the data set that the GA process works on.
Therefore, a specific study applied for the Tatara River
was conducted to test the significance of GA operators
on the Tatara River water quality model parameter opti-
mization and presented in this paper. In this study,
three main operators including size of population, rate of
crossover and rate of mutation are considered to point
out how they work and the effects of these operators in
an attempt to obtain optimum GA operators for river
water quality modeling.

MATERIALS AND METHODS

Genetic algorithm

GA is a prominent and powerful optimization tech-
nique that has been applied successfully in many disci-
plines. It is a robust search technique that is based on
concepts of natural selection and genetics. For this
reason, the terminology used in GA is borrowed from
genetics.

Every model has its own model parameters.
According to the genetics terminology, each model para-
meter is a gene, while a complete set of model parame-
ters is a chromosome.

Each GA run consists of a number of generations
with constant population size of several model parame-
ters sets. The process of GA begins with an initial popu-
lation of a user—defined number of model parameter
variables, of which values were chosen at random or
using a pre—defined rule, within a specified parameter
range. Each model parameter set is then evaluated by
an objective function to yield its fitness value. The
second and subsequent generations are formed by com-
bining model parameter sets with high fitness value from
the previous (or parent) population using selection and
sampling, crossover and mutation operations, to pro-
duce successively fitter model parameter sets or off-
spring. The selection and sampling operation favors
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those parent parameter sets with high fitness value to
those of lower fitness value in producing offspring. The
crossover operator exchanges model parameter values
from two randomly selected parent model parameter
sets to produce a new parameter set for the current
population. The mutation operator adds variability to
randomly selected model parameter sets by altering
some of the values randomly. Several generations are
considered in one GA run, until the convergence of data
is achieved.

In this study, a GA program was developed and
applied. This program based on main principles of GA
and using the reciprocal of the root mean square error of
the difference between the model predictions and the
observed data as fitness function.
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Fig. 1. Flow chart illustration of GA performance.

The Tatara River

The Tatara River basin is located in Fukuoka prefec-
ture, Japan. The main stem of this river is roughly
21.5 km in length and flow generally from east to west,
starting in the mountainous area of Sasaguri Town and
Hisayama Town, and finally discharging into the Hakata
Bay —Sea of Genkai. The river has an average width of
about 3m at upstream part and about 30m at down-
stream. The total catchments area is 101.98 km®.

There are total 16 weirs numbered from W1 to W16
(see Fig. 2) across the river. 19 intakes used for pur-
poses of irrigation supply and domestic uses along the
river. Water flows into the river through 27 points
received waste water from residential area, agricultural
drainage, rain water, etc. For the purpose of this study,
the Tatara River is divided into 15 river blocks which
numbered from Bl to B15 (some examples of river
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Fig. 2. The Tatara River and the selected river blocks.

blocks are illustrated in Fig. 2); each block is formed by
a river segment between two weirs.

Objectives of the study

The main aims of this study are to test the signifi-
cance of GA operators on river water quality model
parameter optimization and to provide insight into the
selection of appropriate GA operators for such optimiza-
tion studies.

The objectives of study are two river blocks named
B5 and B6 chosen from the Tatara River (Fig. 2).
Parameter set need to be optimized here are some para-
meters that could not be measured from field measure-
ment, experiments or analyses in equation of rate of
change of dissolved oxygen (DO) concentration.

In equation (1), which used for description of the
rate of change of DO, each term represents a major
source or sink of DO in the water quality model.

0K 00 @ 0P IAK.L
- [;3 _G3BIN1_G4B2N2 (1)

where OO the concentration of dissolved oxygen (mg/l);
O, the saturation concentration of dissolved oxygen at
the local temperature and pressure (mg/l); K,[0 the
reaeration rate in accordance with the Fickian diffusion
analogy (1/day); K,[O carbonaceous BOD de-oxygena-
tion rate (1/day); K, sediment oxygen demand rate
(g/m*~day); O 0 the rate of oxygen production per unit
of algal photosynthesis (mg-O/mg-A); O ,[I the rate of
oxygen uptake per unit of algal respired (mg—-O/mg-A);
O ,0 the rate of oxygen uptake per unit of ammonia
nitrogen oxidation (mg-O/mg-N); O ,00 the rate of
oxygen uptake per unit of nitrite nitrogen oxidation
(mg-0O/mg-N); uU algal growth rate (1/day); P U algal
respiration rate (1/day); 3,0 ammonia oxidation rate
coefficient (1/day); B ,0 nitrite oxidation rate coefficient
(1/day); A algal biomass concentration (mg/l); L con-
centration of ultimate carbonaceous BOD (mg/l); dll
mean stream depth (m); N,[J ammonia nitrogen concen-
tration (mg/1); N, nitrite nitrogen concentration (mg/1)
In this equation, a set of 6 parameters related to
reaeration (K)), algal activities (O , O ,, ), ammonia
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nitrogen oxidation (M ,, B o will be optimized by GA pro-
gram. Several model runs will be done to find out the
best values of GA operators which can be used to gener-
ate an optimal data set of above 6 parameters.

GA operator selection
Search space

Table 1 show rates of parameters will be used as
search space in GA program.

Table 1. Search space used for GA optimization

Parameter Search Space Actual rate
a, 1.710-1.820 1.790
a, 1.590-1.630 1.615
a, 3.800-4.100 4.000
B, 0.930-1.040 1.000
K, 0.000-1.100 0.500
2 0.970-1.005 1.000
Fitness functions

Fitness function is a function that will be used to
calculate the fitness of parameter set. In this study, two
types of functions, called simple Least Square and Root
Mean Squared Error (RMSE), were considered.

Firstly, a simple least square function (2) was used.
After some test-runs conducted, the results shown that
with a large set of parameters (6 parameters, in this
case), use of least square function is not suitable

FO— 1 @)
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where F[ value of fitness, O, observed value, P,[J pre-
dict value, n0 number of pairs of predicted and
observed values.

Secondly, the fitness was determined as the recip-
rocal of the root mean squared error of the difference
between the model predictions and the observed data
for water quality constituent [G. J. Pelletier et al., 2006]
as shown in equation (3).
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i m 102
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where: FO value of fitness, O, [J observed value, P, [
predicted value, n[J number of different state variables,
m U number of pairs of predicted and observed values,
w, weighting factor, and g0 number of different state
variables included in the reciprocal of the weighted nor-
malized RMSE.

RESULTS AND DISCUSSION

Selection of GA operators
Population size and number of generations

The first GA operator considered in GA process was
the population size, which may have some influence on
the ‘optimum’ model parameter set. Forty different
population sizes from 25 to 220 with increasing interval
[0 5 were tested. The number of generations used for all
these population sizes were set at 250, which is big
enough to get convergence of model data and not con-
sume much computer time. It was found that the model
parameters converged with the population sizes range
between 120 and 130, while they did not converge with
other population sizes (see Fig. 3).

Also as data shown in this figure, the best values of
number of generation range from 132 to 140 (area
marked by the blue ellipse shape). In this step, initial
values chosen for rate of crossover and mutation are
0.85 and 0.01, respectively. From the results, the popu-
lation size of 125 with 135 generations was chosen as the
‘optimum’ population size and the number of genera-
tions, respectively, and was used in subsequent investi-
gations.
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Fig. 3. Differences from actual value of rate of change of DO.
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Crossover and mutation rates

In this step, the mutation and crossover rates were
considered. Since these two rates simultaneously deter-
mine the rate of convergence of model parameters, they
should be tested together. Several combinations of rates
of crossover and mutation were chosen and tested in
order to find out the optimal set of GA operators.
Varying increments within the range 0.0025-0.03 were

considered for mutation rate with increasing constant
interval is 0.0025, while constant interval of 0.05 was
considered for crossover rate within the range
0.40-0.90.

The results of the analysis were presented using
spectral plots of the model parameters. These plots, as
shown in Fig. 4, were produced with respect to mutation
and crossover rates for all six parameters mentioned
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Fig. 5. Coefficient of variation of water quality parameters with different combinations of mutation and crossover rates.
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above.

By comparison of these values of six parameters
with the actual values as shown in Table 1, some best
ranges of result were found as marked by the ellipse
shapes in Fig. 4. From this result, the best combination
of crossover probability (Pc) and mutation probability
(Pm) were designed in ranges of Pc from 0.74 to 0.76,
Pm from 0.0272 to 0.0276, and Pc from 0.58 to 0.62, Pm
from 0.0224 to 0.0227.

In order to find the optimal set of GA operators, one
more coefficient has been checked in this study, called
coefficient of variation (CV). CV coefficient calculates
differences between calculated values of each parameter
and the corresponding mean values, respectively.

As the results shown in Fig. 5, most of parameters
have convergences with values of Pc ranged from 0.55 to
0.63 and Pm ranged from 0.022 to 0.023. Comparing
with combinations of Pc and Pm found when checking
convergences of mean values of water quality parameter
(Fig. 4), the best combination of crossover and mutation
rates are now defined, with Pc ranged from 0.58 to 0.62
and Pm from 0.0224 to 0.0227.

The optimal set of GA operators

From the results shown in above sections, the opti-
mal set of GA operators was decided with number of
generation is 135, population size of 125, crossover rate
is 60% and mutation rate is 2.25%.

Calibration of water quality model using GA opti-
mization

Two types of water quality model calibrations for
simulation of DO concentration in blocks B5 and B6 of
the Tatara River were performed in order to compare
results of model calibration using traditional method and
optimal parameters sets obtained from GA program.

For traditional calibration, here called trial-by—error
method, values of 6 parameters were adjusted
step—-by-step until the model’s results have a best fit
with observed data set.

For calibration using GA generated optimal data set,
a data set, which obtained from GA program based on
selected GA operators set, was applied directly into the
water quality model.

The results (named WQ model for traditional cali-
bration and GA optimization for calibration using GA) at
some calculated point are shown in the pink data series
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~4- GA Optimization
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Fig. 6. Concentration of DO at point B5-3, Block B5, the Tatara
River calculated by the model using traditional and GA
optimization calibrations.
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Fig. 7. Concentration of DO at point B6-4, Block B6, the Tatara
River calculated by the model using traditional and GA
optimization calibrations.

in Fig. 6 and Fig. 7. These results shown that simulated
data have good fitness with measured data, and data
simulated using GA optimization for calibration are also
good in comparison to traditional calibration.

CONCLUSIONS

In this study, a GA program has been developed and
applied for calibration of some water quality parameters
in the Tatara River. Some main conclusion can be
pointed out from this research as following,

— In order to get the best combination of GA opera-
tor, not only estimation of the values of parameters, but
also coefficient of variation, should be considered.

— Simulated data using GA program for calibration
were quite good in comparison to traditional calibration.

— Simulation using GA optimization is a little less
correlative with measurement than simulation using tra-
ditional calibration. However, it is better in time con-
sumption, and might be better if users have better solu-
tions for GA program.

Because of limitation of data and objectives for
application, the results of this study in finding optimal
set of GA operators might not be applied well for other
cases of study. The main achievements of this study is a
quite deeply understanding how is a GA program work-
ing, and how to defined an optimal combination of GA
operator in order to obtain the best parameters using in
calibration of water quality parameters.

In further studies, more cases of study should be
conducted, and more references should be considered
with expectation of finding out a good solution for appli-
cation of GA in water quality model calibration.
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