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ABSTRACT

In this work, an application of Genetic Programming (an evolutionary computational tool) is
presented with the aim of modeling the behavior of the water temperature in a river. Recorded
data corresponding to the water temperature behavior at the Ebro River, Spain, are used as
analysis case, showing a performance improvement on the model developed when data are
standardized. This improvement is reflected in a reduction of the mean square error.
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INTRODUCTION

Evolutionary computing has been widely used in hydraulics and hydrology; for example the
studies of Savic et al. (1999), Madsen et al. (2000), and Dorado et al. (2002) related to
rainfall-runoff processes; modeling of an urban aquifer was discussed by Hong and Rosen
(2001); or the modifications of genetic programming algorithms attempting to get an
agreement with the problem dimension in natural and compounded channels as applied by
Keijzer and Babovic (2002), Harris et al. (2003), and Keijzer et al. (2005).

On the other hand, water temperature is an important parameter to take into account because
of the changes it can experience due to human activities. In the last three decades diverse
studies about weather changes have been made, related to the increase of extreme events such
as floods and droughts (e.g. Lehner et al., 2006), the increasing air and water temperatures
(e.g. Segui, 2003; Webb & Nobilis, 1994), ice melting and greenhouse effect (e.g. Greve,
2000), with all their consequences in the surrounding ecosystems (e.g. Schindler, 1997;
Alvarez Cobelas et al., 2005).

Water temperature in the lower Ebro River, Spain, was studied by Val (2003) and in the last
two years an important effort has been made to obtain equations to predict water temperature
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associated to meteorological variables, measured at the Ribarroja station located at this river
(Arganis et al., 2005; Arganis et al., 2007). Downstream of Ribarroja, the Flix Dam is
located. Part of the Ebro River’s water is extracted about 5 km downstream from this
reservoir for cooling purposes at the nuclear power plant of Asco; the water is subsequently
returned to the river and flows downstream towards Miravet (Figure 1).
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Figure 1. Station locations at the Ebro River, Spain

In order to preserve the ecological balance it is very important to have a continuous inspection
of water quality in that portion of the river. Freshwater organisms are mostly ectotherms and
are therefore largely influenced by water temperature. Some of the expected consequences of
a water temperature increase are life-cycle changes (Hellawell, 1986; Winfield & Nelson,
1991), and shifts in the distribution of species with the arrival of allochthonous species
(Schindler, 1997; Walther et al., 2002) and the expansion of epidemic diseases (Harvel et al.,
2002) as a possible result. Also, aquatic flora and fauna depend on dissolved oxygen to
survive and this water quality parameter is a function of water temperature as well.

The reason to count with models that allow the representation of water temperature behavior
in terms of time is because each time that a possible abnormal increase in this parameter
happens, the consequences and implications for the physical and chemical properties of water
with their corresponding effects in aquatic life are numerous; some models have been applied
to maximum water temperatures by means of non linear relationships between air temperature
and water temperature (Caissie et al., 2001) but there are other important variables involved
in water temperature variation during a given period of time.

METHODOLOGY

Genetic programming algorithm

A typical genetic programming algorithm consists of a set of functions, which can involve
arithmetic operators (+, -, *, /,...), transcendental functions (sin, cos, tan...., In, exp,...), even
relational operators (>, <, =) or conditional operators (IF); and a terminal set with variables
and constants (X1, X2 ,X3,...Xn). An initial population is randomly created with a number of
individuals formed by nodes (operators plus variables, and constants) previously defined
according to the problem domain. An objective function must be defined to evaluate the
fitness of each individual (in this case each individual will be a resultant model or program of
the random combination of nodes). Selection, crossover and mutation operators are then
applied to the best individuals and a new population is created. The whole process is repeated
until the given generation number is reached (Cramer, 1985; Koza, 1989).
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In this document, for simplicity, only four arithmetic operators were considered:
FS={+-*/} 1)

Twelve independent variables, one dependent variable and a vector of real constants were
selected. Thus, in the non-standardized case the terminal set is:

TS={hros, Taos, Vvos, I'sos, Nrag, Tage, Vvag, I'se9, Nr2000, Ta2000, Vw2000, I's2000, Two00,b } (2)

where: hreg, hrgg, hrao0o are the hourly average relative humidity values recorded in the years
1998 to 2000, in decimals; Tags, Tage, Ta2o00 are average air temperature values from years
1998, 1999 and 2000, in °C; Vygg, Vuge, Vi2000 are the average wind speeds from years 1998,
1999 and 2000, in mM/s;rseg , Isog, s2000 are average solar radiations from years 1998, 1999,
2000, in W/m?% Tuao00 is the hourly average water temperature measured from year 2000, in
°C: p _is a real constant vector.

Tests were made with daily and weekly averaged water temperatures. In the standardized case
all the last variables are dimensionless.

Objective Function
The objective function considered in this problem was defined as the minimization of the
mean square error between calculated and measured data:

FO = Min[i(TW‘ ~T) }

i-1 n

3)

where: T,, measured data, T, calculated data, i counter from 1 to data number n; the genetic
programming algorithm was implemented in MATLAB (The MathWorks, 1992).

Standardization
The variables were standardized by subtracting the mean and dividing by the standard
deviation:

TW _-rw

or,

w

Z= (4)

where: Z standardized variable, dimensionless, T, variable before standardization, with
physical dimensions, T, mean of Ty, with the same units than Ty (the arithmetic average was

used), and o standard deviation of Ty, with the same units than Ty,

Input data

Meteorological and water temperature data were taken in gauging stations installed in the
Ebro River. Data consists of 10-minute averages of the measurements taken every minute.
Water temperatures were measured just downstream of the hydroelectric power plant of Flix.
The meteorological variables were measured at the measuring station located on the Ribarroja
Dam. The daily and weekly average were calculated for all the variables and taken as input
data: relative humidity (h,), air temperature (T,), wind speed (v,), and solar radiation (rs) as
independent variables and water temperature (T,,) as the dependent variable.

The first trial was done with the original data, and the second one with the standardized ones.
In each case a text file of thirteen columns was built containing the independent variables
from columns one to twelve and the dependent variable in column thirteen.
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GP parameter settings for both experiments are shown in Table 1.

Table 1. GP Parameter Settings

Parameter Value
Number of individuals 250
Maximum number of nodes 30
Maximum number of generations 3,000
Cross probability 0.9
Mutation probability 0.09
Real constant mutation probability 0.03

Model Linearity
In order to validate the applicability of the method, the correlation coefficient between
measured and calculated data was obtained:

_ Cov(T,,T,,)

TwTw
! 07,07,

wl

()

where: Cov(TW,Twl):EZ(TW_ -T,)(T —=T,), is the covariance between T, and Tw
n Py i wlj
variables; o ,o; are the standard deviation of T, and Tus, respectively

RESULTS AND DISCUSSION

Daily average data
The processing time took about 25 minutes (1500 s). The equations obtained without and with
standardization were as follows:

T r
Tw — Ta + a2000 + 598 6
12000 ”* Ta98 (TaZOOO B 2r598)hr98Ta2000 ( )
szooozTags
Tleooo =0.5018T,4; + 0.4982T,, —0.2108r 55 —0.1195v, g + 0.1195V, 50, — 0.1195h, 500
(7)

where: T,, is the daily average water temperature value estimated in 2000, in °C, hreg, hroo,

are the daily average relative humidity values recorded in 1998 and 1999, in decimals, Tags,
Tago are the daily average air temperatures of 1998 and 1999, in °C, rgs is the daily average
solar radiation of 1998, in °C; the z prefix indicates a standardized variable.

By applying an inverse standardization process:

Tleooo = O-TwzoooTleor)OZ + H Tuwo00 (8)

In equation 8, data from 2000 are estimated according to equations 10 and 11, but considering
daily measurements. The mean square errors (MSE) obtained by using equations 6 and 8 are
set on Table 2. The mean (u,) and the standard deviation of residuals (o) of this experiment

appear in Table 3. Water temperature variations against time and the obtained differences are
plotted on Figures 2 and 3. Figures 4 and 5 show a comparison between measured and
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calculated daily average water temperatures with respect to the identity function.

day=86,400 s).
Table 2. Mean square error values. Daily average data

Equation MSE, °C
6 8.279
8 4978

Table 3. Statistics of residuals. Daily average data

Equation u (°C) c: (°C)
6 0.0762 2.8802
8 0.0213 2.2342
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Figure 2. Water temperature values and residuals. Trial without standardization. One-

day average values
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Figure 3. Water temperature values and residuals. Trial with standardization. One-day

average values
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Figure 4. Comparison between measured and estimated data (Eq. 6). Correlation
coefficient rry tw1=0.8939
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Figure 5. Comparison between measured and estimated data (Eq. 8). Correlation
coefficient rry tw1=0.9091

Results for daily analyses report a reduction of nearly 40% in mean square error with the
equation obtained using standardized data. In this case the standard deviation of residuals is
also smaller (12% lower than using non-standardization).

Weekly average data

In this last experiment, processing time was similar to daily results (about 1380 s). The
equations obtained without and with standardization were:

( TaZOOO

T
= 2hr98 —Vyigg _1-4558Vv2000 +Ta98 L —

)+ Vigs
— - — h
Vyigg — Vyag — Vyopo + MNr2000

(9)

Wlzo00
VV 2000

2000, = 0-2962T g +0.6819T, 59 +0.6397T, 00 — 0.26680,45 —0.3215,5 — 0.3852r,4,T, 5000 + 0.3852r 441, —0.0928

(10)
where: T, is the weekly average water temperature value estimated in 2000, in °C, hygg,
hra000 are the weekly average relative humidity values recorded in 1998 and 2000, in decimals,
Taos, Tase, Tazo00 are the weekly average air temperatures of 1998,1999 and 2000, in °C, vygg,
Vygg, Vo000 are the weekly average wind speeds from years 1998, 1999 and 2000, in m/s, rsgs,
I'seo, are the weekly average solar radiation values of 1998 and 1999, in °C, and the z prefix

indicates standardized variable. Equation 10 must be non-standardized to get the average
weekly temperature approach:
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Tleooo = GTwzoooTW120001 + H Twa000 TWzooo (11)

Mean square errors and statistics of residuals appear in Tables 4 and 5. Figures 6 to 9 show
the behavior of water temperature in this weekly analysis. (1 week=604,800 s)

Table 4. Mean square error values. Weekly average data

Equation MSE, °C
9 4.538
11 2.176

Table 5. Statistics of the residuals. Weekly average data

Equation u; (°C) c: (°C)
9 0.0186 2.1509
11 0.0239 1.4892
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Figure 6. Water temperature values and residuals. Trial without standardization.
Weekly average values
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Figure 7. Water temperature values and residuals. Trial with standardization. Weekly
average values

Arganis et al. 7



11th International Conference of Urban Drainage, Edinburgh, Scotland, UK., 2008

T T T T T
0 5 10 15 20 25 30

Twmeasure d2000 (°C)

‘ + Measured vs Calculated Eq. 9 —=— Identity‘

Figure 8. Comparison between measured and estimated data (Eq. 9). Correlation
coefficient rry tw1=0.9241

25

o

.
. 0
+
.
.« .

L
20 *

15 -
0’ 2
.
U
o -
.3
10 e
.
3
:
5

0 5 10 15 20 25

Twmeasure a2000 (°C)

Twealculated (°C)

‘ + Measured vs Calculated Eq. 11 —=— |dentidad ‘

Figure 9. Comparison between measured and estimated data (Eq. 11). Correlation
coefficient rry tw1=0.9612

The results obtained for the weekly analysis show a reduction of 52% in the mean square
error when data are previously standardized, and about 31% reduction in the standard
deviation of residuals. The correlation coefficient is also close to one.

CONCLUSIONS

Different models which allow the estimation of water temperature in the Ebro River in a
given year were obtained, taking into account climatic variables measured in the same year,
but also considering their variability in two previous years. The GP algorithm was fed with
hourly, daily and weekly average measured data without and with standardization, in order to
analyze the resulting equations when the shape of input data varies from one form to another.

Intrinsically, measured data of water temperature have more oscillations in hourly average
data than in daily or weekly average data. Particularly in the experiment using hourly data, the
GP algorithm showed some difficulties to reproduce such oscillations with the considered
arithmetic operators in both cases (without and with standardization). Nevertheless, by using
standardized data, mean square errors were lower than those without standardization and a
lower dispersion in data could be obtained. Similar situations occurred in the case of daily
data.
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When weekly data were considered, GP algorithms gave models able to follow the behavior
of water temperature, particularly those obtained with standardized data based on the mean
square errors, the standard deviation of residuals and the correlation coefficient.

According to these results, the convenience of the standardization process is evident to be
able to get some improvements in generating water temperature models by means of genetic
programming.
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