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Information regarding water demand is key to managing consumption in irrigation

districts. Forecasting water demand is one of the main problems for designers and

managers of water delivery systems. This paper evaluates the performance of linear

multiple regressions and feed forward computational neural networks (CNNs) trained with

the Levenberg–Marquardt algorithm for the purpose of irrigation demand modelling. The

models are established using data recorded from an irrigation water distribution system

located in Andalusia, southern Spain, during two irrigation seasons (2001/2002, 2002/2003).

A commercial telemetry system was installed on 28 farms of the irrigation network to

record water volumes in real time. The input or independent variables used in various CNN

and multiple regression models are: (a) water demands from previous days; (b) water

demands and climatic data (rainfall, maximum, minimum and average temperatures,

relative humidity and wind speed) from previous days. Good predictions were obtained

when water demand original data were modified in the calibration period by a smoothing

process to reduce the noise in the data acquisition during the start-up of the research

project. The best predictions were obtained when water demand recorded during the two

previous days was used as input data.

& 2007 IAgrE. All rights reserved. Published by Elsevier Ltd
1. Introduction

Demands for water are increasing in both quantity and

quality; a phenomenon that is conditioned by social, political

and environmental factors. The pressures to meet growing

demands have led to greater competition for available water

resources among traditional water consumers, namely agri-

culture, industry and cities. These competing interests are

already limiting social, industrial and rural development

actions of many countries. Furthermore, the fact that this

growing demand for water is not coupled or sychronised with

increased resources is giving rise to greater competition

between regions or countries for access to water (FAO, 1993;

Ohlsson, 1995; Sumpsi et al., 1998).
All rights reserved. Publis
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The current concern for environmental protection has given

rise to a new factor affecting competition for water. Certain

non-consumptive uses for recreational, ecological or landscap-

ing purposes are now being considered when assigning water

for consumptive uses. Thus, not only has competition increased

in terms of the amount demanded, but also the quality.

As a result of these different factors affecting competition

for water resources, water is increasingly considered a scarce

and valuable resource requiring rigorous management and

extreme caution to prevent its depletion. One of the keys to

solving these problems lies in the agricultural sector given

that irrigated agriculture is the largest user of water through-

out the world, accounting for 87% of consumptive uses (ONU,

1997; Sumpsi et al., 1998).
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The improvement of water management in an irrigation

district requires the analysis of water demand in order to

determine ways in which it may be modified and rationa-

lised with a view to making water management policy more

efficient. Information regarding water demand in irrigated

areas is key to the development of policies on irrigation

water consumption. These data can provide us with

information regarding the marginal value of water and the

response level to different irrigation water rates. This

also provides reference data for the design, modernisation

and exploitation of water-delivery systems (Kadra &

Lamaddalena, 2006).

Daily water requirements for crop irrigation can be

estimated by the rates of percolation and evapotranspiration

and used for irrigation planning. Many models have been

used to simulate these water requirements, from empirical or

functional (Doorenbos & Pruit, 1977; Doorenbos & Kassam,

1979; Allen et al., 1998) to mechanistic (Van Aelst et al., 1988).

However, water requirements calculated for irrigation plan-

ning are not always suitable for predicting actual use (i.e.,

consumer demand) due to changes in the field environment

such as weather conditions and farm management practices,

which can influence the actual amounts of water needed.

Additionally, to facilitate data acquisition and irrigation

system management and operation, recently developed tools,

such as remote sensing and geographic information systems

GIS (Hartkamp et al., 1999; Kite, 2000; Kite & Droogers, 2000;

Lorite et al., 2004), and monitoring and controlling systems

(Leib et al., 2003; Mareels et al., 2005; Miranda et al., 2005), have

been combined with hydrologic models to assess and to

improve the behaviour of irrigation schemes.

Despite these advances water management in some irriga-

tion districts is carried out using only the experience and

knowledge of the administrator although there is always a

need to forecast daily water demand. Significant progress in

the field of forecasting has recently been made possible

through advances in a branch of nonlinear system theory

modelling called artificial or computational neural networks

(ANNs or CNNs). The neural approaches are increasingly

being applied in many fields of science and engineering and

usually providing highly satisfactory results.

Some of the applications of CNNs for the management of

water resources include modelling the rainfall-runoff process

(Hsu et al., 1995; Lorrai & Sechi, 1995; Mason et al., 1996;

Abrahart et al., 1999; Tokar & Johnson, 1999; Thirumalaiah &

Deo, 2000; Tokar & Markus, 2000; Chiang et al., 2004;

Moradkhani et al., 2004; Anctil & Rat, 2005; Agarwal et al.,

2006), short-term river stage forecasting (Thirumalaiah & Deo,

1998, 2000; Abrahart & See, 2000, 2002; See & Openshaw, 2000;

Cameron et al., 2002; Nayebi et al., 2006; Pulido-Calvo &

Portela, 2007), rainfall forecasting (French et al., 1992; Zhang

et al., 1997; Kuligowski & Barros, 1998), groundwater model-

ling (Roger & Dowla, 1994; Yang et al., 1997), predicting the soil

water contents (Givi et al., 2004) and nitrate-nitrogen in

drainage water (Sharma et al., 2003), and drought analysis

(Shin & Salas, 2000), among others. Previous works on water

demand forecasting both in urban supply systems and

irrigation districts (Griñó, 1992; Pulido-Calvo et al., 2002,

2003) show that the use of CNNs provide very satisfactory

results.
The objective of this paper was to forecast consumer

demands of an irrigation area using on-farm water-use

information from supervisory control system and approaches

based on linear regression, traditional forecasting methods,

and on computational neural networks; heuristic models

included in the knowledge field known as soft-computing.

The purpose of forecasting is the real-time control of the daily

water uses at the farm-scale for the various crops, as proposal

of improvement water supply management in on-demand

irrigation districts.
2. Material and methods

2.1. Study area

The methods developed in this paper were applied to the

Genil-Cabra irrigation district for purposes of comparison.

The district currently comprises about 15,000 irrigated

hectares belonging to the Guadalquivir River basin in the

provinces of Córdoba and Seville (southern Spain) (Fig. 1). The

water used to irrigate the district is supplied from the Iznájar

reservoir, which has a maximum storage capacity of

0.978 km3. The water is then transported by the Genil River

to the Cordobilla dam, with a capacity of 0.034 km3. This is

where the main pumping station that lifts the water to the

principal canal is located. This canal conveys water to several

pumping stations. The main pipe networks (pressurised or

gravity-fed according to hydrant elevations) distribute water

from these pumping stations to the different sectors where it

is delivered to the farms by secondary pipe networks. This

water distribution system permits farmers to use irrigation

water throughout the year 24 h a day, as long as they do not

exceed the preset maximum instantaneous flow value.

The predominant crops in the district include olive, cotton

and winter cereals. Although crops such as sunflower

predominated in the past, accounting for 45% of the surface

area during the 1992/1993 irrigation season, during the 2002/

2003 season sunflower crops accounted for less than 5% of the

total surface area due to market fluctuations and European

Agricultural Policy. Maize growing is rising accounting for

almost 10% of the cropping area during the 2002/2003 season

as compared to less than 0.5% in the 1992/1993 season. During

this same season, olive crops accounted for almost 16% of the

cropping area and currently occupy the largest percentage—

some 34%.

One of the main problems when managing water resources

in irrigated districts is the lack of reliable and comparable

information on consumption. For this reason, an observation

network was established in this study as an indispensable

condition for the global and integrated management of water

resources in irrigated areas. The network selected is a

commercial telemetry system known as SIGA (Sistema

Integral de Gestión del Agua—Integral Water Management

System in English). This network consists of a telemetric

system with the corresponding software for its control and

the management and treatment of the data obtained, thus

permitting irrigation water distribution systems to be mon-

itored. Specifically, this system was installed on 28 farms

located in sectors II–VII of the irrigation network to record



ARTICLE IN PRESS

SPAIN

La Carlota

Province of
Córdoba

La Rambla

Montalbán

Main canal

Province border
Cordobilla
reservoir

Province 
of Sevilla

Écija

XXV
XXVII

XXVI

XXIV

XXIII

XXII

XXI
XX XIX

XXIX
XVIII

XVII

X

XI

IX

VII

VIII

VI

V

III
II

I

0

XVI
XIV

XV

XII XIII

Fig. 1 – Sectors of the Genil–Cabra irrigation district.
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water volumes and pressures in real time and transmit data

via cable and radio in order to monitor the hydrants. The

system was installed in two stages: on 16 farms during the

2001/2002 irrigation season and on 12 additional farms during

the 2002/2003 irrigation season. These particular farms were

chosen as they represented a wide range of crops (14 olive

crops and 14 dedicated to herbaceous crops), soil types

(vertisol and a local type known as villar) and irrigation

methods (sprinkler and drip).

Equations recommended by the FAO (Allen et al., 1998;

Pirmoradian & Sepaskhah, 2006) were used to determine

irrigation water requirements. Daily reference evapotran-

spiration ETo has been estimated using the Penman–Monteith

equation. Crop and climatic data from 2001/2002 and 2002/

2003 irrigation seasons were used. The crop data (crop

coefficients and duration of the development stages) were

obtained from other study in the area that adjusted these

values to local conditions (Lorite, 2003). The climatic data

were collected at the Santaella (Córdoba) weather station

located in the irrigation district. Mean annual rainfall in the

area was 606 mm, with a standard deviation of 216 mm.

Because of the area’s Mediterranean climate, there is a wet

season in winter and a very dry season in summer. Conse-

quently, monthly rainfall distribution is very irregular. The

mean air temperature ranges from 10 1C in winter to over

27 1C in summer. Fig. 2 shows accumulated rainfall and ETo at

the 2002/2003 irrigation season. There is rainfall deficit versus

evaporative demand from May month.

The mean irrigation water requirements of the selected

farms were higher than measured values of consumer water

demands. So, the average value for the index Annual Relative

Water Supply ARWS (Malano & Burton, 2001; Lorite et al., 2004;

Malano et al., 2004; Rodrı́guez-Dı́az et al., 2004), which relates

the total volume of water applied (irrigation plus rainfall) to

the volume of water required by the crop (computed as gross

irrigation requirements plus rainfall), was 0.8170.12. This

indicates a deficit-irrigation situation. The relatively high

water productivity found in the Genil–Cabra irrigation district
(1.42 hm�3) is due to a combination of deficit irrigation and

the widespread use of herbaceous winter crops and olive

which efficiently use a substantial proportion of the annual

rainfall in Mediterranean climates, thus lowering their

irrigation requirements (Lorite et al., 2004).

2.2. Telemetry system

To determine the water consumption in the irrigation district,

the SIGA remote control system was installed in the 28

hydrants selected. There is an automatic system in SIGA that

allows the data captured by the sensors installed on the farm

hydrants to be recorded, stored, sent, processed and dis-

played in a sequential manner. The information recorded for

our study included time, water volumes and instantaneous

pressures. Due to the tree-shaped structure of the data

capturing system, points of measurement distributed irregu-

larly throughout the area of over 8000 ha were monitored. The

information was sent to a central control site where it was

received, stored and displayed by means of SCADA (Super-

visory Control and Data Acquisition) commercial software

(Fig. 3).

The main components of the telemetry system included: (a)

the irrigation node or remote station which captured the

signals from the volumetric water meters and the pressure

gauges installed in the irrigation hydrants; (b) the concentra-

tion station which received and stored the field signals sent

from the irrigation nodes; and (c) the central control site

which displayed and stored the data recorded in the

concentrating stations and their associated nodes (Fig. 3).

Data was read hourly in order to obtain 24 daily records

from each of the hydrants. This reading frequency, which

could be adapted accordingly to user needs, allowed initia-

tion time, duration of irrigation, volume consumed and

used by the farmer to be determined. In this way, hourly

water demand data (which was then transformed into

daily demand) was available for each of the farms under

study.
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2.3. Daily water demand forecasting by computational
neural networks

A computational neural network (CNN) is a heuristic model

that simulates the structure and functioning of a biological

neural system. The basic processor or neuron is a simple
calculation device which uses an external input vector or

intermediate results from neurons to provide a single

response or output. In general, a neural network consists of

a set of nodes or neurons which are grouped together in

several layers and interconnected (input layer, intermediate

or hidden layers and output layer). The most widely studied
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and used structures are multilayer feed forward networks

(Rumelhart et al., 1986). The feed forward connections

transfer information only from earlier layer to the next

consecutive layers. A typical four-layer feed forward CNN

has g, n, m and r nodes or neurons in the input, first hidden,

second hidden and output layers, respectively. The notation

of this neural network is (g:n:m:r).

The connections that join the neurons are assigned a

numeric weight W. To determine this set of weights a

corrective-repetitive process called learning or training or

calibration of the CNN is performed. This training helps to

define the interconnections among neurons (weights W), and

it is accomplished by using both inputs and outputs (training

sets or training patterns), and presenting these to the CNN in

some ordered manner, adjusting the interconnection weights

until the desired outputs are reached. The strength of these

interconnections is adjusted using an error convergence

technique so that a desired output will be produced for a

given input.

To calibrate and validate CNN models, STATISTICA 6 � 0

(Statsoft, Inc., 1984–2002) software module was used. The

linear function l was used as an information transfer function

between neurons of the output layer, while the logistic

transfer function, also known as sigmoid s was used for each

of the neurons in the intermediate layers. The learning

algorithm chosen for calibration and later validation of the

models was the Levenberg–Marquardt (LM) second-order

supervised algorithm (Shepherd, 1997).

The standard backpropagation learning algorithm

(Rumelhart et al., 1986) is the most widely used supervised

algorithm in neural systems. This algorithm is based on

modifying the values of the weights proportionally to the

gradient of the error function in order to obtain a local

minimum (gradient-descent algorithm). Given that the con-

vergence velocity of this algorithm is slow, additional steps

were used to accelerate convergence making use of second-

order information of the error function, that is, from its

second derivatives, or in matrix form, of its Hessian derivative

(second-order algorithms). In the particular case of minimis-

ing a squared error function, the Hessian derivative can be

approximated by using only the first derivatives of the neural

system outputs, in the same manner as the Gauss–Newton

algorithm. Given that this algorithm can be unstable when

the approximation is not positive definite, the LM algorithm

resolves this problem by introducing an adaptive term. For

this reason, it is recommended as a first option by many

authors (Tan & van Cauwenberghe, 1999; Martı́n-del-Brı́o &

Sanz-Molina, 2001; Anctil & Rat, 2005; Nayebi et al., 2006).

The key feature of the LM algorithm is that the determina-

tion of the new search direction of the minimum of the error

function is obtained by a compromise between the step l and

the error variation with respect to the weights W. Hence, the

change in the weight coefficients W is expressed as:

DW ¼ �ðZTZ þ lIÞ�1 ZTe, (1)

where e is the vector of errors; Z is the matrix of partial

derivatives of these errors with respect to the weights W; I is

the identity matrix; and T is the transpose operator. The first

term of the second member of the LM formula represents the

linear assumption and the second, the gradient-descent step.
The control parameter l governs the relative influence of

these two approaches.

Epoch refers to the period of time that encompasses all the

iterations performed when all the patterns are presented

once. A fundamental feature of neural networks is their

ability to generalise by examples. Generalisation is under-

stood as the ability of the network to respond correctly to

behaviour patterns that have not been used during training or

calibration. Thus, a given network architecture is trained until

it reaches an optimal point at which the generalisation error

is minimal. In this paper, controlled learning was performed

by means of an internal validation method (20% of the

calibration data to test the error at the end of each epoch)

(Tsoukalas & Uhrig, 1997; Gutiérrez-Estrada et al., 2004;

Pulido-Calvo & Portela, 2007). Weights W are updated at the

end of each epoch. The weights that are selected are those

which correspond to the number of epochs that present the

least error in the internal validation.

Although a neural network with an intermediate or hidden

layer can represent any continuous function (Cybenco, 1989),

networks with two intermediate layers were used (universal

approximator of any function: Cybenco, 1989) since the

relationship among variables was not known a priori.

Furthermore, when there is only one intermediate layer, the

number of hidden neurons needed to achieve a certain level

of error can be so high that the application was not feasible in

practice. After testing from 2 to 18 nodes in each of the hidden

layers, the one that obtained the best results in the validation

period was selected.
2.4. Comparison with multiple regression analysis

The aim of multiple regression analysis is to obtain a linear

equation that allows the dependent variable or criterion e, to

be estimated when the values of the q independent or

predictive variables x1,y, xq are known:

e ¼ b0 þ b1 xl þ . . .þ bqxq, (2)

where the parameters b0, b1,y, bq represent the contributions

of each independent variable to the estimation of the

dependent variable.
2.5. Data and identification of models

Two types of multiple regression and neural network models

were developed according to the selection of variables used as

input variables to the neural network or as independent

variables of the multiple regression: (a) water demands from

several previous days; (b) water demands and climatic data

(rainfall, maximum, minimum and average temperatures,

relative humidity and wind speed) from several previous

days. Daily climatic data were recorded during the 2001/2002

and 2002/2003 irrigation seasons at the Santaella (Córdoba)

weather station located in the irrigation district. The same

cases were developed to estimate daily water demand with

multiple regression analysis and the CNNs. The inputs to the

neural network were the same as the independent variables

of the multiple regression. In all of the cases, the output or

dependent variable was the estimated water demand for the
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day following those which were used to forecast demand,

expressed as m3 ha�1 day�1.

With multiple regression and neural network analyses, data

were processed as follows: (a) the model was calibrated with

data from the 2001/2002 irrigation season; and (b) the

dependent variable (daily water demand) was forecast using

data from the 2002/2003 season (model validation) to ensure

that the results of the model could be generalised to the

population and were not specific to the sample used in the

calibration.

The number of previous days was selected as input data by

means of the partial autocorrelation function analysis of the

daily water demand series. The partial autocorrelation

showed two significant peaks related with the two previous

days. This denotes a two-order autoregressive process,

according to which the water demand in each day may be

considered a function of its own past values in the two

previous days (Wilson & Keating, 1996).

The reliability of the forecast largely depends on the quality

and quantity of the available data. In the case under study,

inaccuracies and noise were detected in the daily water

consumption data series from the 2001/2002 irrigation season

as a result of errors in the data acquisition during the start-up

of the research project. To correct this problem, the water

demand information contained in the training data set (the

2001/2002 irrigation season) was pre-treated by means of

filtering, triangular smoothing or weighted moving average

(Coulbeck, 1988; De Vries & Principe, 1991; Gutiérrez-Estrada

et al., 2004):

Sj ¼
xj�2 þ 2xj�1 þ 3xj þ 2xjþ1 þ xjþ2

9
8j ¼ 3 to n� 2, (3)

where Sj is the jth observation of the series of smoothed data,

xj is the jth observation in the training data set and n is the

total number of observations in the training data set. The

smoothing process of the water demand was only carried out

during the calibration or training period of models (the 2001/

2002 irrigation season). With the trained neural network or

the calibrated multiple regression, a weight W configuration

or regression parameters b0, b1,y, bq, respectively, used for

the validation period (the 2002/2003 irrigation season) con-

sidering as variables the original data without smoothing.

The models were also calibrated using a 2002/2003 irriga-

tion season data set (60% of the original data of 2002/2003

irrigation season) while the remaining data of 2002/2003

irrigation season were used for model validation. In this case

the results were not as good.
2.6. Measures to evaluate the models (validation phase)

To assess the performance of the neural networks and the

multiple regressions during the validation phase and there-

fore to identify the best model, several measures of accuracy

were applied. This was because there is not a unique

performance evaluation test (Legates & McCabe Jr., 1999;

Abrahart & See, 2000). The determination coefficient R2

describes the proportion of total variance in the observed

data that can be explained by the model. Others measures of

variances included the percent of standard error of prediction
ES, % (Ventura et al., 1995) and the efficiency coefficient E

(Nash & Sutcliffe, 1970; Kitanidis & Bras, 1980).

Likewise, it is appropriate to quantify the error in the same

units of the variables. These absolute error measures,

included the square root of the mean square error (ERMS)

given by

ERMS ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1ðQt � Q̂tÞ

2

N

s
, (4)

where Qt is the observed flow in time t; Q̂t is the estimated

flow in the same time t; and N is the total number of

observations of the validation set.

The percent of standard error of prediction ES is defined as

ES ¼
100

Q
ERMS, (5)

where Q is the average of the flows observed in the validation

set. The principal advantage of ES is its non-dimensionality

since it allows forecasts given by different models to be

compared on the same basis.

The efficiency coefficient E is calculated as

E ¼ 1:0�

PN
i¼lðQt � Q̂tÞ

2PN
i¼lðQt � QtÞ

2
. (6)

To obtain an acceptable goodness of fit, the values of R2 and

E must be close to one, while the values of ES must be close to

zero. A value of zero for E indicates that the average observed

value Q is as good predictor as the model, while negative

values indicate that the observed average is a better predictor

than the model (Legates & McCabe Jr., 1999).
3. Results

When the calibration data series for recorded water usage was

not pre-filtered, the measures of prediction accuracy were not

good (Table 1). For both the neural models and multiple

regressions the best values for the evaluation magnitudes were

obtained for the farms dedicated to olive monoculture when

water demand for the 2 days prior to forecasting was used as

the input or for the independent variables. In all of the models

considered, the neural networks provide better forecasts than

the multiple regressions. Fig. 4 shows the results of water

demand forecasting on olive farms during the validation

period of the best neural network (2:9s:9s:1 l) (two neurons in

the input layer, nine neurons in each of the intermediate layers

and one neuron in the output layer) and of the best regression

with the water demand of the two previous days as indepen-

dent variables. The predictive equation of this regression

analysis obtained in calibration period is

Q̂t ¼ 4:01þ 0:91 Qt�1 � 0:18 Qt�2, (7)

where Q̂ t is the estimated water demand in day t on olive

farms; Qt�1 is the observed water demand in day t�1 on olive

farms; and Qt�2 is the observed water demand in day t�2 on

olive farms. The determination coefficient was R2
¼ 0.61, the

Snedecor statistic was F ¼ 295.09, the statistical level of

significance is po0.001, and degrees of freedom were 120.

When the calibration data series was subject to a triangular

smoothing, the results were greatly improved. In almost all
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Table 1 – Goodness of fit of the multiple regression and neural network models using original calibration data recorded by
the control system (SIGA)

Crop Independent variables Model R2 ERMS, m3 ha�1 day�1 ES, % E

Olive Demand of the two previous days CNN(2:9s:9s:1 l) 0.40 22.76 51.69 0.38

Regression 0.28 35.33 88.32 0.18

Demand and climatic data of the two previous days CNN(14:11s:11s:1 l) 0.36 28.38 60.09 0.30

Regression 0.25 37.22 89.24 0.16

Cotton Demand of the two previous days CNN(2:7s:7s:1 l) 0.38 24.96 54.09 0.28

Regression 0.25 36.22 90.02 0.15

Demand and climatic data of the two previous days CNN(14:12s:12s:1 l) 0.33 30.09 63.19 0.29

Regression 0.22 40.61 91.14 0.13

Maize Demand of the two previous days CNN(2:7s:7s:1 l) 0.36 25.23 55.34 0.22

Regression 0.27 36.10 89.44 0.16

Demand and climatic data of the two previous days CNN(14:13s:13s:1 l) 0.31 32.39 65.90 0.32

Regression 0.23 42.11 91.89 0.14

R2, determination coefficient; ERMS, square root of mean square error; ES, standard error of prediction; E, efficiency coefficient; CNN(2:9s:9s:1 l),

neural network with 2 neurons in the input layer, 9 neurons in each of the intermediate layers with sigmoid information transfer function s

and 1 neuron in the output layer with linear transfer function l.
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Fig. 4 – One-step-ahead prediction of water demands on the olive farms considered the demand of the two previous days as

independent variables and scatterplots comparing observed (—) and estimated (- - -) daily water demands (validation data):

(a) neural network with two neurons in the input layer, nine neurons in the intermediate layers and one neuron in the output

layer CNN(2:9 s:9 s:1 l); and (b) multiple regression.
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the models, values for R2 were higher than 0.7 and for ES were

lower than 30% (Table 2). The best results were achieved when

the water demand for the two days prior to forecasting were

considered as input or independent variables. In this case, the

regression models provided somewhat better evaluation

magnitudes than the CNNs, although the differences were

negligible. However, the neural networks were better than the
multiple regressions when water demand and climatic data

from the two previous days were used as input variables.

Fig. 5 shows the results of demand forecasting on olive farms

during the validation period of the best neural network

(2:6s:6s:1 l) (two neurons in the input layer, six neurons in

each of the intermediate layers and one neuron in the output

layer) and of the best regression with the water demand of the
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Table 2 – Goodness of fit of the multiple regression and neural network models using filtered calibration data recorded by
the control system (SIGA)

Crop Independent variables Model R2 ERMS, m3 ha�1 day�1 ES, % E

Olive Demand of the two previous days CNN(2:6s:6s:1 l) 0.95 3.17 19.19 0.94

Regression 0.96 3.03 17.10 0.95

Demand and climatic data of the two previous days CNN(14:7s:7s:1 l) 0.78 7.29 24.11 0.67

Regression 0.75 8.33 47.10 0.45

Cotton Demand of the two previous days CNN(2:8s:8s:1 l) 0.93 4.36 19.40 0.92

Regression 0.95 3.71 15.49 0.95

Demand and climatic data of the two previous days CNN(14:7s:7s:1 l) 0.78 7.32 25.00 0.67

Regression 0.73 9.07 48.89 0.47

Maize Demand of the two previous days CNN(2:7s:7s:1 l) 0.92 4.89 19.87 0.91

Regression 0.93 4.78 19.02 0.92

Demand and climatic data of the two previous days CNN(14:11s:11s:1 l) 0.79 6.76 24.03 0.69

Regression 0.73 9.33 48.09 0.46

R2, determination coefficient; ERMS, square root of mean square error; ES, standard error of prediction;

E, efficiency coefficient; CNN(2:6s:6s:1 l), neural network with 2 neurons in the input layer, 6 neurons in each of the intermediate layers with

sigmoid information transfer function s and 1 neuron in the output layer with linear transfer function 1.
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Fig. 5 – One-step-ahead prediction of water demands on the olive farms considered the demand of the two previous days as

independent variables and scatterplots comparing observed (—) and estimated (- - -) daily water demands (validation data)

(filtered calibration data series): (a) neural network with two neurons in the input layer, six neurons in the intermediate layers

and one neuron in the output layer CNN(2:6 s:6 s:1 l); and (b) multiple regression.
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two previous days as independent variables and filtered

calibration data series. The predictive equation of this

regression analysis obtained in calibration period is

Q̂t ¼ 3:98þ 0:81 Qt�1 � 0:28 Qt�2, (8)

where the determination coefficient is R2
¼ 0.98, the Snedecor

statistic was F ¼ 307.8, the statistical level of significance was

po0.001, and degrees of freedom was 120.
4. Discussion

Irrigation water demand forecasting based on original data

recorded by the SIGA system in calibration period for both the

neural network and multiple regression models lead to

unacceptably high error levels. This lack of goodness of fit

was due inaccuracies, errors and noise in the data series
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which was recorded when the control system was being

installed.

Water demand forecasting based on the original filtered

series in calibration period provided correct estimations and

was acceptable in error terms. With the defined filtering

process, a change in the scale of the original water usage

series occurred, increasing amplitudes and decreasing fre-

quencies. In this way, sudden events decreased in the

parameter to be estimated, while the smoothing effect

eliminated the noise and inaccuracies of the original series

in the calibration period (Bloomfield, 1976). With this a

filtering process in the calibration period the multiple

regressions linear models and the neural networks provided

similar results. However, the CNNs performed better than the

regressions when water demand and climatic variables were

considered as input data. Therefore, the CNNs performed

better than the linear regressions with input variables that

have a high correlation.

The best results were obtained with the models that used

water demand from the 2 days prior to forecasting as

input or independent variables, when a priori it would seem

highly probable that rainfall would condition irrigation

water use. This could be due to the low rainfall during

the irrigation seasons studied. These seasons were very

dry in the Mediterranean area climate. Thus, it will be of

interest in future studies to analyse irrigation seasons or

other irrigation districts with periods of more abundant

rainfall in order to evaluate the sensitivity of the rainfall

variable. On the other hand, the results obtained could

indicate that rainfall factor, and other climatic variables, are

implicitly taken into account in water demand observations

(Saporta & Muñoz, 1994).

With the most accurate models proposed (using the

demand of the two previous days as independent variables)

the estimated curves were displaced with respect to the

observed curves. This displacement was because the water

demand variable of the previous days had the highest

significance in the analysis of variance. In consequence, very

good results were obtained in the validation period with the

filtered series in the calibration period according to the

evaluation magnitudes R2 and E, as indicators of goodness

of fit. However, the ES magnitude was greater as it performed

a point to point evaluation between the observed and

estimated values. This characteristic has also been described

in papers on the forecasting of other parameters using

multiple regressions; for example ARIMA (autoregressive

integrated moving average) models and/or neural networks

(Park, 1998; Abrahart & See, 2000; Gutiérrez-Estrada et al.,

2005; Pulido-Calvo & Portela, 2007). These papers indicate that

a time delay could be due to factors not included in the

models. In the case of water demand forecasting, this last

hypothesis could be valid given that in our study the above-

mentioned displacement was not observed in the models that

used climatic data from previous days.

The training method proposed with internal validation has

been shown to be very efficient during generalisation or

validation, given that the neural networks responded cor-

rectly to patterns that were not employed in the training

process, that is, there is no overadjustment of the examples

during the calibration phase.
The main problem associated with the CNNs developed in

this paper was to identify the architecture that involved the

least error of validation. This resulted in a longer data

processing time compared to the multiple regressions. Given

that the neural networks are heuristic models, specific rules

cannot be given regarding the controlling of convergence,

network design or the initialisation and change of weights to

resolve a concrete problem. In the specialist literature, only

some general guidelines taken from the experience of

numerous authors were found. For this reason it was

necessary to determine the nature of the problem before-

hand; a condition which is not necessary in many other

statistical forecasting methods. Thus, in this paper the

analyses were begun by calculating the maximum delay of

the input variables using the Box–Jenkins methodology

following Griñó (1992). In other papers, principal components

analyses were used to preprocess the data (Ventura et al.,

1997) or multiple regressions to identify the independent

variables that have a significant influence on the dependent

variable (Pulido-Calvo et al., 2002, 2003).
5. Conclusions

In this paper, consumer water demand forecasting systems

that can support decision making of the irrigation district

administrators are proposed using multiple regressions and

computational neural networks (CNNs). Determination coef-

ficients higher to 92%, error magnitudes of ES lower to 20%

and efficiency coefficient E higher to 0.91 have been obtained

in the validation period, when water demand of the 2 days

prior to forecasting is used as input or independent variables

to the neural network or multiple regression, respectively. In

this situation, the multiple regressions linear models and the

neural approaches provide similar results. However, the CNNs

performed better than the regressions when water demand

and climatic variables were considered as input data.

Short-term demand modelling can be used as input in

methods and/or programs for the management of water-

delivery systems in real time. Furthermore, this approach

achieves a better fit of the pumped volumes and the real

demand of the distribution network, thereby leading to a

more rational use of water and energy resources.

It would be of interest to broaden the methodology

developed in this paper and implement it in other areas in

order to establish a general model for the efficient manage-

ment of water in irrigated areas. This model constitutes a first

step in the analysis and forecasting of water demands and

should be of aid in decision-making processes to develop

efficient water management policy.
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Cabra (Santaella, Córdoba): Índices de Calidad del Riego.
[Irrigation Evaluation of Genil-Cabra District (Santaella, Cór-
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