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ABSTRACT 

A significant increase in irrigated agricultural productivity over the last 

few decades has protected the world from episodes of hunger and food 

shortages. Presently however, water resources are under high stress due 

to rapid population growth, climate change, recent droughts and 

increased competition among agricultural, industrial, commercial, 

environmental and domestic sectors. This situation demands for an 

efficient water management. Due to the above mentioned factors and 

environmental concerns, there is much pressure on existing water users 

in Australia to improve their water productivity. In order to do so, there 

is a need to have access to reliable data on water availability, quantity 

and quality to provide the necessary foundation for an efficient 

management of water resources. Advances in remote sensing (RS), 

information technology (IT), geographical information systems (GIS) 

and hydrological modelling offer water resource managers a novel way 

to accurately obtain spatial data on actual water use, water demand, and 

allocation and distribution of water in a near real time environment.  

In this context, decision support tools can play an important role, 

therefore the key focus of this research was on the development of a 

Decision Support System (DSS), which can hold data, functions and 

models, to make decision-making transparent and interactive through use 

of a smart water management system. This study developed a DSS called 

Coleambally Integrated River Information System (IRIS) for the 

Coleambally Irrigation Area (CIA) which is a web-based information 

management system with a focus on time series, geospatial, hydrological, 

climatic and RS data.  

The hydrological models developed and validated in this study are:  

i) irrigation water demand forecasting (IWDF) based on 

data mining techniques using spatio-temporal data; and  

ii) automation of RS-based processes for estimation of actual 

evapotranspiration (ETa).  
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These models were tested for the 2007-08, 2008-09, 2009-10 and 2010-

11 summer seasons. These two models can both be used across different 

spatial scales i.e., from farm level (one farm) to irrigation system level 

(the whole CIA).  

 

The DSS for the CIA was developed using the scripting language PHP 

(Hypertext Preprocessor). The DSS uses several open source software 

components, including a standard Linux environment with an Apache 

web server, PostgreSQL, PostGIS and MapServer. The Apache web 

server is used to connect clients with the HTTP (Hypertext Transfer 

Protocol) web server. Through the Apache web server, the DSS stores 

various uploaded data in PostgreSQL databases and the file system, and 

displays the required data to a user with visually attractive graphical 

plots. It uses the PostgreSQL database as an object relational database 

management system (RDBMS). It allows admin users (administrators of 

the database) to modify information about data types, functions and 

access methods that are stored in system catalogue tables without 

changing any hardcoded procedures in the source code. Minnesota Map 

Server is used in this DSS for visualisation of the maps. 

The IWDF for a seven day period has been achieved using data mining 

techniques based on spatio-temporal data. This forecasting model can be 

applied on different scales ranging from subsystem to system level i.e. 

farm, node (collection of farms) and irrigation area level to gain accurate 

knowledge of future irrigation demands. The different data mining 

techniques used in this study were decision tree (DT), artificial neural 

network (ANN), decision forest (using SysFor), support vector machine 

(SVM) and logistic regression. In this process firstly data was collected 

from three different sources, namely water delivery statements, 

meteorological data and RS satellite data. The collected data was pre-

processed using a novel technique based on knowledge of irrigation 

engineering and data mining. Models were built on the pre-processed 

dataset based on the above mentioned five different techniques. The 
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experimental results indicated that as a result of data pre-processing, the 

quality of our dataset increased significantly. The prediction accuracies 

obtained by the models on the unprocessed dataset were 51% by SysFor, 

44% by DT, 38% by ANN, 35.5% by SVM and 34.5% by logistic 

regression. However, a higher accuracy percentage was obtained by the 

models on our proposed pre-processed dataset i.e. 78% by SysFor, 74% 

by DT, 61% by ANN, 64% by SVM and 56% by logistic regression. 

Moreover, among the five different techniques/models, the prediction 

performance of SysFor was found to be the best followed by DT and 

ANN. Applying these models on the dataset from the year 2009/10, the 

water demand predicted by SysFor closely matched the actual water 

consumed. The accuracy of closeness produced by SysFor was found to 

be 97.5% which was followed by DT and ANN whose closenesses were 

found to be 96% and 95% respectively.  

The RS process for estimation of actual evapotranspiration (ETa) was 

carried out by mapping the study area using Landsat 5 TM satellite 

images and applying a simplified hybrid classification approach mainly 

based on a supervised classification algorithm. The Surface Energy 

Balance System (SEBS) model was used to map spatial daily ETa from 

19 Landsat 5 TM satellite images covering various parts of the cropping 

season in 2009-10 and 2010-11. For summer 2009-10, the daily ETa 

values ranged from 0.2mm to 10.6mm and for winter 2010, the daily ETa 

were a minimum of 0.21mm to a maximum of 5.4mm. From this model 

it was found that the RS-based energy balance algorithm, coupled with 

ground data, can be an efficient and reliable method for estimation of 

evapotranspiration (ET) at different spatial scales. 

The holistic methodology adopted in this study for developing a DSS  is 

very simple and cost effective and is specifically designed and developed 

for a particular hydrological response unit (the CIA). The DSS consists 

of the hydrological database, hydrological models and a user friendly 

interface. The demand forecasting model using data mining techniques is 
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useful for improved irrigation water management in the CIA as well as in 

other irrigation systems located in arid and semi-arid regions around the 

globe. The developed tool will help irrigation managers and farmers in a 

very practical sense to overcome the risks associated with over and under 

application of irrigation water by matching the demand and supply in a 

near real time environment. This DSS will ultimately lead to solutions 

which will allow more production with less use of water. It will provide 

opportunities for reducing non-beneficial use of water in the irrigation 

system. This will be of immense value to the irrigation companies and 

the farming community as it will act as a complete management 

information system. 
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1 INTRODUCTION 

1.1 Overview 

Water scarcity is a major issue for many developed and developing 

countries of the world resulting in a serious threat that could lead to the 

emergence of food crises (IWMI, 2009). With the increasing global 

population, climate change, recent droughts and increasing demand for 

domestic and industrial water requirements, the gap between the supply 

and demand for fresh water is widening and is reaching such an extent 

that in some parts of the world it is posing a serious threat to human 

existence (Hussain et al., 2002; Naiman et al., 2002; Bos et al., 2005).  

 

Recent drought, population growth and greater competition between 

regions or countries to access available water are placing unprecedented 

demands on the use of limited water resources, resulting in huge pressure 

building up among the users to meet the growing water demands (Pulido-

Calvo et al., 2007). Among all users, water use is dominated by 

irrigation, which accounts for almost 70% of global water withdrawals 

and for more than 90% of global consumptive water use, i.e., the water 

volume that is not available for reuse downstream and this water is 

responsible for nearly 40% of world food production. Domestic and 

industrial usages are 20% and 10% respectively (ONU, 1997; UN-Water, 

2006; Gourbesville, 2008). Maintaining enough water of reasonable 

quality for agriculture will become increasingly difficult due to climate 

change and competition for water with industry, urban areas and the 

environment (IWMI, 2009). Therefore, irrigated agriculture presently 

faces the dilemma of meeting the increases in food demand related to a 

growing world population, while ensuring the sustainable use of an 

already scarce water resource (Santos et al., 2008). In order to fulfil the 

growing demand for food, it is estimated that in the next 30 years, 14% 

more fresh water will be required for agricultural purposes. This has 

increased pressure for enhanced awareness of the instrumental value of 
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water for agricultural use, as well as for maintaining environmental 

services and ecosystem resilience (UN-Water, 2006). 

 

Limited fresh water is a major obstacle in the production of agriculture in 

many parts of the world, especially in arid and semi-arid regions where 

the problems of water scarcity are very severe (Rijsberman, 2006; 

Muthuwatta et al., 2010). In this water scarce situation, meeting the 

increasing demand for food can be achieved by either increasing the area 

of agriculture (more agriculture on more land) or increasing the 

agricultural productivity by using novel methods/techniques to use the 

available limited water. Due to the increased competition among the 

agriculture, domestic and industrial water users, the option of expansion 

of agricultural lands (the more the agricultural land, the more water is 

required) has become quite hard and sometimes near impossible (Ahmad 

et al., 2009a). Therefore it is most likely that irrigated agriculture has to 

produce more food with less available water in future, which entails 

making the best use of available water (Molden & Sakthivadivel, 1999).  

 

In Australia, water is viewed as part of its natural capital, serving a 

number of important productive, environmental and social objectives. 

The water resources within the country are highly variable due to the 

wide range of climatic conditions. In addition, in terms of development, 

water resources range from highly regulated rivers and groundwater 

resources through to rivers and aquifers in almost immaculate conditions 

(NWC, 2011). Today, the biggest challenge facing Australia is balancing 

water extraction for irrigation and other uses with provision of 

appropriate environmental flow to healthy rivers which can serve the 

needs of all users of rivers and groundwater.  

 

In a report published by the American Association for Advancement of 

Science, Postel et al., (1996) reported that, unlike other important 

commodities such as oil, copper or wheat, fresh water has no 

replacement for most of its uses. Since all the existing water resources 
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are fully committed and it is not possible to withdraw more water, the 

best alternative is to increase the water productivity. To accomplish the 

task of producing more food with a limited amount of water, the 

development of techniques for monitoring irrigation water use and 

productivity has become crucial. A Decision Support System (DSS) can 

serve the purpose of achieving better water productivity by helping 

farmers to overcome the basic problems in irrigation decision making - 

when to irrigate and how much to irrigate. A typical DSS contains a 

well-designed database for storing relevant hydrological data, a 

collection of hydrological models and a user friendly web interface.  

 

Researchers in many countries are working on novel ways to use water 

efficiently and increase water productivity (Molden, 1997; Molden and 

Skathivadivel, 1999; Hafeez, 2003; Khan and Hafeez, 2007; Hafeez et 

al., 2007; Ahmed et al., 2009a; Ahmed 2009; Ullah et al., 2009; Khan et 

al., 2011). To improve water management practices and maximise water 

productivity, the application of various hydrological and data-driven 

models using data mining methods have become essential as suggested 

by Khan et al., (2012). In the current situation, models to predict future 

water requirements based on data mining techniques can be useful. Ullah 

and Hafeez (2011) suggested that to develop a model for irrigation 

demand forecasts it is essential to understand the past behaviour of the 

irrigation system, the current land use trends and the behaviour of future 

hydrological attributes such as rainfall, ET, seepage, etc. Having an 

accurate and reliable Irrigation Water Demand Forecasting (IWDF) 

model based on hydrological, meteorological and RS data can provide 

important information to water users and managers (Pulido-Calvo et al.,  

2009; Zhou 2002; Alvisi , 2007).  

 

Evapotranspiration (ET) has a key role in estimating water productivity. 

ET is one of the most important components of water balancing/water 

accounting but is the most difficult to measure accurately. Estimation of 

actual ET (ETa) based on the Remote Sensing (RS) approach and its 
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integration with the water accounting framework provides new 

dimensions in agricultural water management, especially in areas 

experiencing water scarcity (Hafeez et al., 2007).  The above mentioned 

hydrological models can then be incorporated into the information 

system and interconnected with each other to produce the desired results. 

This will ultimately create a useful DSS which can guide irrigation 

farmers and managers to make wise water management decisions. 

1.2  Problem Statement 

The agriculture industry is the major water consumer in the Australian 

economy, accounting for 65% of water consumption. On an average 

irrigated agriculture in Australia uses around 7,600GL of water every 

year (ABS, 2011). Most of the water delivered for irrigation is not 

efficiently used for crop production. On average only 45% of the water is 

used by the crop, 15% is lost during conveyance, 15% is lost in supply 

channels within the farms and the remaining 25% is lost due to 

inefficient water management practices (FAO, 1994; Smith, 2000). In 

particular in the MDB, 25% of water is lost during conveyance in rivers, 

15% is lost from canals and 24% is lost on the farms, resulting in only 

36% of the water being available to crops (Chartres and Williams, 2006).  

 

Irrigation companies such as the Coleambally Irrigation Co-operative 

Limited (CICL) are put under pressure by water scarcity, which has 

resulted in investments in modern infrastructure. CICL has installed total 

channel control automation technologies to improve the channel delivery 

system efficiency as a result of the low water availability. The 

Coleambally Irrigation Area (CIA) is a demand-driven irrigation system, 

where the water takes seven days to reach the CIA system after being 

released from the dam (Burrinjuck dam - Snowy Mountain Scheme). 

During the months of high evaporative demand in summer season, CICL 

faces the problem of providing on-time delivery of irrigation water to 

farmers (Ullah, 2011).  
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Although the agricultural water management in irrigation areas has 

developed with state of the art total channel control technology, CICL 

uses the experience and knowledge of an administrator for ordering 

irrigation water from the State Water Corporation, which often results in 

a shortage of water on the day of delivery due to inaccurate assessments 

of water demand. To overcome these difficulties and minimise on-farm 

water losses, there is a need to develop a system which can assist the 

farmers and managers to make better decisions and predict future water 

requirements. Such a model can be provided by a DSS consisting of a 

hydrological database, a collection of hydrological models such as IWDF 

and automation of RS-based ET and a user friendly interface. This DSS 

based on geo-informatics techniques could guide managers in decision 

making for matching irrigation demand and supply in a real time 

environment.  

1.3 Research Hypothesis 

The present study is based on the hypothesis that a DSS will help farmers 

to overcome basic problems in decision making (i.e. when to irrigate and 

how much to irrigate) for productive use of irrigation water in a real time 

environment and to reduce the environmental footprint of irrigation 

activities. 

In addition, it will serve the following industry objectives: 

 

• Irrigation system managers will gain accurate spatial knowledge 

about the water quantification at different scales (farm to 

irrigation system) in a user friendly way which can be used in 

better water planning, allocation and management; and 

• A web-based DSS using geo-informatics techniques would guide 

managers in decision making for matching irrigation demand and 

supply in a near real time environment. 

1.4   Research Objectives 

The main objectives of the study are: 
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• To design and develop a user friendly database for storing and 

analysing time series, hydrological and geo-informatics data; 

• To automate RS-based modelling processes for the estimate of 

ETa using satellite data at different spatial scales;  

• To develop an IWDF model based on data mining techniques 

using spatio-temporal data; 

• To couple RS-derived hydrological variables and on-ground 

hydrological data for irrigation water management; and 

• To develop a user friendly web-based DSS to match irrigation 

supply and demand for farmers and managers in a near real time 

environment. 

1.5  Dissertation Structure 

The structure of this dissertation is as follows: Chapter 1 introduces the 

rising water scarcity issue globally and within Australia and its causes. 

Based on the issues identified in the Australian context for irrigated 

agriculture, the research questions and objectives are outlined. The 

salient features of the selected study area are described in Chapter 2. 

Chapter 3 outlines the lessons learned from the review of the literature 

which relates to: (i) issues in global and local (Australian) water scarcity; 

(ii) advances in developing DSS tools over the years; (iii) development 

of IWDF models using data mining techniques; and (iv) advances in 

estimation of ET based on RS technology. Chapter 4 describes the 

methodology adopted for this study. Chapter 5 presents the model 

developed for IWDF using various data mining techniques and also 

presents the results achieved by these various data mining techniques. 

Chapter 6 presents the description of Surface Energy balance System 

(SEBS) model which is adopted for the automation of the estimation of 

ET using RS techniques. Chapter 7 presents the web based DSS called 

Coleambally IRIS developed for CIA and the final chapter presents the 

summary, conclusions and possible directions for further research. 

  



7 

 

2 STUDY AREA 

2.1 Coleambally Irrigation Area 

The Coleambally Irrigation Area (CIA) is one of the most modernised 

irrigation areas in the Murray and Murrumbidgee River Basins of 

Australia (Khan et al., 2012). The CIA is situated approximately 650km 

south-west of Sydney in the Riverina District of New South Wales 

(NSW) which falls under the lower part of the Murrumbidgee River 

catchment in South-East Australia as shown in Figure 2.1. The irrigation 

area was developed in 1970 when the Water Conservation and Irrigation 

Commission acquired a large number of pastoral holdings to make use of 

water diverted from the Snowy Mountains Hydro-Electric Scheme. In 

2000, the CIA was privatised and a new corporation was formed under 

the name of Coleambally Irrigation Cooperative Limited (CICL). CICL 

operates and maintains the irrigation supply and drainage system and 

delivers corporate services within CIA.  Most of the water in the CIA is 

used to irrigate crops on 495 irrigation farms with an average size of 250 

ha. 

The CIA is a part of the AU$1.5 billion per year irrigation industry of 

South-Eastern Australia. The gross value of production from irrigated 

crops in the study area is estimated to be over AU$120 million per year, 

which has a significant influence on the economic and social impacts on 

the region including the town of Coleambally and the surrounding 

Murrumbidgee and Jerilderie Shire Councils. The CIA is also a major 

contributor to the 1.5 million tonnes of rice yield generated annually in 

the region (Ullah, 2011; CRC IF, 2009). 

The CIA contains approximately 79,000ha of intensive irrigation area 

and 325,000ha of the Outfall District area, supplying water to 495 

irrigation farms (CICL, 2011). Irrigation water is diverted to the area 

from the Murrumbidgee River at Gogeldrie Weir near Darlington Point 

through a 41km long main canal, and is then distributed through 477km 

of supply channels and a further 734km of drainage channels, as shown 

in Error! Reference source not found.. CICL is a leading model of an open 
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channel irrigation management system and in the last 10 years it has 

invested over AU$40 million in system automation. In addition CICL’s 

members have spent AU$95 million of their own funding since 2000 to 

improve their land and water management practices and enhance local 

biodiversity (CICL, 2012).  

 

Water entitlements in the CIA are approximately 800,000ML of surface 

water (CICL - 640,000ML, Yanco Creek System - 160,000ML) and 

approximately 70,000ML of groundwater (CRC IF, 2011). Water is used 

to irrigate crops on the all irrigation farms in the CIA and approximately 

120 farms in the Yanco/Billabong Creek system.  

  

 

Figure 2.1: Location of the Coleambally Irrigation Area and Other Major 

Irrigation Areas in the Murrumbidgee Catchment (Rabbani, 2008) 

The CIA is a demand-driven irrigation system where each farm has a 

fixed entitlement in regards to irrigation water and each receives an equal 

proportion of the allocated water according to water availability. Water 

delivery in the CIA is carried out by using an automated delivery system 

which enables CICL to provide water to the farmers very quickly, within 

few hours of their making an order. This quick delivery happens due to 

real time operation of gates using a Supervisory Control and Data 
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Acquisition (SCADA) system. However, especially during the months of 

high evaporative demand in the summer season, CICL faces problems in 

providing on-time delivery of irrigation water to farmers. Typically, 

farmers at the beginning of the season place water orders with tentative 

information about the type of crop and area under that crop to be 

irrigated. However, water requirements estimated at the beginning of the 

irrigation season may not be the same as the actual water usage for many 

reasons including difference in expected and actual weather conditions, 

availability of water, changes in farming practices, etc.  

The irrigation managers of the CIA use their domain knowledge, 

experience and the water order information placed by farmers to order 

water from the State Water Corporation (SWC) responsible for supplying 

irrigation water. This approach of water ordering by managers can result 

in inaccurate estimations of required water. There is also a propagation 

delay for water to reach a farm from the original source (the dam) 

upstream. Often this delay can be as long as seven days, as is the case for 

many farms in our study area.  

Therefore, to get water on time, a farmer often needs to order water 

seven days in advance. Since currently there is no reliable scientific tool 

for the farmers in our study area for estimating exact water requirements, 

a farmer relies on his/her experience for guessing the possible water 

requirements for the next seven days. Hence, a farmer generally either 

overestimates or underestimates the water requirement. If the 

requirement is overestimated, there will be on-farm water loss, whereas 

if it is underestimated, there can be adverse effects on crop productivity. 

Therefore, having a reliable water demand forecast model can assist 

farmers to estimate water requirements more accurately. The demand 

forecasting tool can also be useful for the irrigation managers in 

estimating water requirements for the whole irrigation area.
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Figure 2.2: Current Area of Operation of CICL (CICL, 2012) 
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2.2 Climate  

The CIA is located within Australia's winter rainfall climate zone (hot, 

dry summer and a winter rainfall). The climate of the area ranges around 

warm temperatures with hot summers to mild winters. The climate 

averages obtained over the last 10 years from the Bureau of Meteorology 

(BoM) weather station located at Coleambally showed an average 

maximum temperature in January of 33.2°C and an average minimum 

temperature in July of 3.6°C. Usually rainfall is most consistent in winter 

months (Jackson, 2009; Ullah, 2011). The long term average annual 

rainfall of the CIA is 396mm. ET is always more than the monthly 

average rainfall throughout the year as shown in Figure 2.3. The long 

term monthly average evaporation ranges from 41mm in July to 282mm 

in January, with an average annual evaporation of 1,723mm. The recent 

drought saw a significant reduction in water allocations. Besides, recent 

drought the concerns about climate change had highlighted the need to 

manage water demand and supply more sustainably, especially in the 

CIA which utilises bulk water for food production. Therefore, efficient 

water management has become critical in order to meet crop water 

requirements. 
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Figure 2.3: Long Term Average Rainfall, Evaporation and 

Evapotranspiration at the CICL Depot (CICL, 2007) 

2.3 Soils of the CIA 

The different soil types found in the CIA are Self-Mulching Clay (SMC), 

Red Brown Earth (RBE), Transitional Red Brown Earth (TRBE) and 

Sandy Soil. These soil types are very much suited for irrigated cropping, 

for example CICL carried out an evaluation to determine the suitability 

of the soils for rice production and they found that the clay soils are 

excellent for rice production (Ullah, 2011). SMC is found in the northern 

areas of the CIA, while RBE and TRBE are generally found in the south. 

The spatial distribution of the different soil types of the area is as shown 

in Figure 2.4.  

Self-mulching clay: This type of soil has a consistent heavy clay 

composition from the surface to deep into the soil profile. The surface 

soil, when dry, is self-mulching, being composed of easily disturbed 

small aggregates resulting from extensive swelling and shrinking from 

wetting and drying. These soils have the ability to re-generate and the re-

generation is part of the drying cycle where massive cracking occurs and 

easily disturbed surface aggregates are deposited into the cracks. These 

soils are excellent for rice production. 
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Red brown earth: This soil is a mixture of sandy loams and light clay. 

The lighter textured topsoil is between 10 and 40cm thick and varies 

from red to grey-brown. Crop production in these soils requires the 

application of fertiliser. These are ideal for growing crops due to their 

high water holding capacity. 

Transitional red brown earth: This soil is associated with prior stream 

formations and is generally sandy loams to loams. Crop production in 

these soils requires the application of fertiliser. These are ideal for 

growing crops due to their high water holding capacity. 

Sandy soil: Sandy soils are soils in which a crude texture dominates the 

problems related to agricultural land use. Sandy soils are characterised 

by less than 18% clay and more than 65% sand.  

 

 

Figure 2.4: Different Soil Types in the CIA 

2.4 Water Resources in the CIA 

There are two water sources in the CIA: i) Surface water; and ii) 

Groundwater. 
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2.4.1 Surface water 

The irrigation supply system of the CIA is gravity fed, and includes 

state-of-the-art metering and flow regulation technologies for automated 

water ordering and accounting. The surface water distribution for the 

CIA is from the Murrumbidgee River through the main canal and supply 

channels for a length of 477km. CICL is currently entitled to 640GL of 

surface water. The water allocation for the area’s farmers is announced 

yearly, based on the availability of surface water. The annual historical 

allocation of water to CICL farmers is as shown in Figure 2.5. Due to the 

drought in the last decade, there has been a significant reduction in water 

allocations to the farmers, highlighting the need to manage water demand 

and supply more sustainably in the CIA. It is evident from Figure 2.5 that 

the average water allocation between the years 1995-2001 was 91% and 

it significantly declined to only 15% between 2006/07 and then increased 

to 100% of entitlement in 2011. 

 

 

Figure 2.5: Annual General Security
1
 Allocations since 1982/83 (CICL, 

2012) 

Note: Murray Darling Basin Authority (MDBA) Cap is the policy to restrict the water 

diversions and maintain the balance between the available water and the water 

                                                      
1
 General security allocation means water which is diverted from Murrumbidgee River 

to CICL within its access licence and is made available to water entitlement holders 

(farmers). 
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allocation to the farmers in the MDB (Murray-Darling Basin Cap on diversions 

1997/98).  

Some volume of water is lost during propagation from the main channel 

off-take to the farm gate by means of channel seepage, evaporation and 

operational requirements (CICL, 2007). The long term annual volume of 

water diverted, delivered to farmers and the transmission losses (the 

quantity of water required to deliver water orders to customers) is shown 

in Figure 2.6. 

From Figure 2.6, it is clear that water losses are directly proportional to 

the amount of water delivered. However, it is also evident from this 

figure that since 2005/06 the water transmission losses recorded were 

significantly lower than those in previous years. This is because of the 

introduction of the total channel control system. 

 

 

Figure 2.6: Long Term Annual Water Diversion, Deliveries and 

Transmission Usage (CICL, 2010) 

Due to the declining water allocation and changing weather patterns, 

CICL requires new management measures for water use efficiency 

ranging from the farm level (subsystem) to the whole irrigation area 

(system) level. These measures can be enhanced by developing an IWDF 
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model which will help CICL farmers and managers to use the available 

water efficiently by irrigating the right amount of water at the right time.  

2.4.2 Ground Water Resources 

2.4.2.1 Groundwater usage within CICL’s operational area 

Besides CICL’s works license, the NSW Office of Water (NOW) has 

issued 88 groundwater licenses to landholders within CICL’s operational 

area (CICL, 2009). The locations of groundwater bores in the area are 

shown in Figure 2.7. NOW manages the groundwater usage from these 

bores under a set of groundwater license conditions that differ from those 

in CICL’s works license in terms of monitoring and reporting. CICL has 

no control over the use of groundwater within their boundary (CICL, 

2007; Jackson, 2009). 

 

 

Figure 2.7: Location of Irrigation Bores in CICL's Operational Area 

(CICL, 2009) 

The groundwater usage mainly depends on availability and cost of 

surface water and diesel prices. In 2006/07, the total groundwater usage 

for CICL’s operational area was 103,015ML. This was the highest 

recorded groundwater usage in CICL’s area in the last decade. Even 
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though the diesel price in the year 2006/07 was high (making 

groundwater extraction cost more), groundwater usage was greater 

because of the much higher price of surface water in the temporary trade 

market, especially in the drought years. This situation made extracting 

groundwater a better economic option compared to surface water. Table 

2.1 demonstrates groundwater usage in the CICL area in the last decade 

(Ullah, 2011; CICL, 2010). 

In addition to farmer’s groundwater bores, CICL also operates two 

supplementary bores to increase their water supply. They are Colbore1 

and Colbore2. CICL has operated these bores - one since 1994 and the 

other since 2008/09 - and they have been effective in lowering the water 

table.  

Table 2.1: Groundwater Usage in the CICL Area (Ullah, 2011; CICL, 

2010) 

S. No Year 

Groundwater Usage (ML) 

CIA 
Kerarbury 

Channel 

Outfall 

Districts 
Total 

1 2000-01 22,641 22,775 12,341 57,757 

2 2001-02 35,416 30,253 15,433 81,102 

3 2002-03 45,561 36,492 19,033 101,086 

4 2003-04 33,122 32,415 15,055 80,592 

5 2004-05 39,174 27,159 15,638 81,971 

6 2005-06 26,748 25,237 15,758 67,743 

7 2006-07 48,102 34,599 20,314 103,015 

8 2007-08 25,731 31,382 17,224 74,337 

9 2008-09 28,803 37,816 19,104 85,723 

10 2009-10 53,992 33,013 9,728 96,733 

 

2.4.2.2 Groundwater measurement and management in the CICL 

area 

Groundwater conditions within the CICL area are monitored by a 

network of piezometers throughout its area of operations. Most of these 

piezometers are screened in the Shepparton aquifer. These piezometers 

are read yearly in August, and are read to an accuracy of +/- 5cm, with 
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the data obtained presented as per the license monitoring requirements. 

Data analysis and mapping is performed on a set of data which is 

collected in two steps: 

i) Water levels from the upper Shepparton aquifer represented by 

all piezometers between the range 5m to 12m deep; and 

ii) Water levels from the lower Shepparton aquifer represented by 

all piezometers between the range 12m to 35m deep. 

In general the declining trend in groundwater levels for both the upper 

and lower Shepparton aquifers can be clearly noted (CICL, 2009). 

Decreased groundwater recharge due to existing drought conditions and 

lower irrigation water allocation may be the cause for the declining trend 

observed in groundwater levels (Ullah, 2011). 

For monitoring groundwater levels, the CICL has a large network of 

piezometers installed in the CIA and surrounding area. Most of these 

piezometers are screened in the Shepparton aquifer. There are two levels 

of measurement (i) for water levels from the Upper Shepparton aquifer 

which ranges from 5 to 12 meters and (ii) for water levels from the 

Lower Shepparton aquifer which ranges from 12 to 35 meters. These 

piezometers were read twice a year in February/March and 

August/September in the past, but from 2009-10 they have been read 

only once a year in August/September in compliance with CICL‟s 

licence conditions. It has been observed that there is an overall declining 

trend in groundwater levels for both the Upper and Lower Shepparton  

Aquifer Formations since 2002  (CICL, 2009). This trend is likely to be 

related to decreased groundwater recharge resulting from prevailing 

drought conditions and lower irrigation allocations, as well as a reduction 

of water entering CICL‟s drainage system and water management 

improvement at both farm and system level. The below figures 1 shows 

the contour maps of  piezometric levels below natural surface for August 

2011. The same data is represented in tabular format in Table 1. 
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Figure 2.8 1Comparison in Groundwater depth below natural surface - 0-

12 m piezometers for August 2010, 2011 and base line year 1996/97/98 

(CICL, 2011) 
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Table 2.2 Comparison in groundwater depth below natural surface 0-12 

mts (CICL, 2011) 

Groundwater 

Depth below 

natural Surface 

(m) 

Area (Ha) 

2011 

Area (Ha) 

2010 

Area (Ha) 

baseline year 

96/97/98 

0-1 4 2 1,939 

1-2 491 256 34,102 

2-4 25495 7153 41,559 

4-6 42691 47990 13,442 

6-8 11781 22082 4,256 

8+ 15340 18319 504 

Total 95,802 95,802 95,802 

 

A study conducted by (Jakson, 2009) states that using ground water in 

CIA there was a general trend of increasing energy 

consumption with increasing water use; this trend was more pronounced 

in groundwater dependent regions. Where conversions are made from 

gravity to pressurised irrigation methods, water consumption is reduced 

but there is an increase in energy consumption and greenhouse gas 

emissions, especially in surface water irrigation regions. In groundwater 

dependent irrigated areas, the opposite is true; the use of pressurised 

irrigation methods can reduce water and energy consumption and 

greenhouse gas emissions. In addition to this, the source of energy used 

for pumping and pressurising irrigation water influences the level of 

emissions; in Australia, the use of electricity is associated with much 

higher emissions than with the use of diesel. 

2.5 Irrigated Crop Area and Crop Water Use in CIA 

The main summer crops grown in the CIA from October to March 

include rice, soybeans, maize (corn), grapes, prunes, sunflowers and 

lucerne, while the winter crops, grown from April to September, include 

wheat, oats, barley, canola and lucerne. Pasture for grazing is generally 

grown all year round. The most water consuming crop in the area is rice 

which consumes 50-70% of the total water supplied (Ullah, 2011). 
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In 2009/10, rice and corn were the major summer crops covering 11.2% 

of the total irrigated area, and wheat, barley, canola and pasture were the 

main winter crops covering 65.8% of the total irrigated area. These crops 

have remained dominant since the establishment of the CICL (CICL, 

2010). The areas of crop grown and their proportion of total water 

deliveries for the year 2009/10 are shown in Table 2.3 and in Figure 2.8 

and 2.9. Table 2.4 shows the historical comparison of main crop areas 

and proportion of deliveries. It is evident from Table 2.4 and Figure 2.11 

that over time irrigation water supplied by CICL was primarily used to 

grow rice prior to the commencement of drought in 2001/02, 2002/03. In 

contrast, since 2002/03, the proportion of water supplied to rice crops 

reduced to less than half of the total deliveries in most seasons. The 

season 2007/08 was extraordinary when only 1.4% of the total water 

supplied by CICL was used for growing rice. 2010/11 marked the end of 

drought, with 65% of water being used on rice, reflecting a return to pre-

2002/03 levels. The areas committed to the production of soybeans, corn, 

wheat, pasture and canola has varied greatly over the last decade in 

response to the availability of water and changes in commodity prices. 

Table 2.3: Crop Area and Percentage of Crop Water Use for the Year 

2009/10 (CICL, 2010) 

 

 

Crop 

 

 

Area(ha) 

 

Percentage of water 

delivered by CICL 

(%) 

Rice 3,669 46 

Corn/Maize 1,516 4 

Wheat 10,635 10 

Barley 10,499 7 

Canola 2,523 2 

Pasture 6,903 12 

Others
*
 10,995 19 

Total 46,431 100 

*
 Lucerne, triticale, soybean, sunflower, clover, prunes, grapes, vegetables, etc. 
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Table 2.4: Historical Comparison of Main Crop Areas and Proportion of Deliveries (CICL, 2012) 

Season 

Rice Corn/Maize Soybeans Wheat Pasture Canola 

Total Area 

(ha) 

Proportion of 

delivery (%) 

Area 

(ha) 

Proportion of 

delivery (%) 

Area 

(ha) 

Proportion of 

delivery (%) 

Area 

(ha) 

Proportion of 

delivery (%) 

Area 

(ha) 

Proportion of 

delivery (%) 

Area 

(ha) 

Proportion of 

delivery (%) 

2011/12 16,745 62.1 4,746 8.2 2,238 2.7 15,989 8.7 7,472 4.0 5,244 1.6 87.3 

2010/11 14,512 65.1 4,367 7.2 1,240 1.5 11,334 4.8 8,119 4.2 3,381 1.4 84.2 

2009/10 3,668 46.0 311 4.0 495 1.0 10,635 10.0 6,903 12.0 2,523 2.0 75.0 

2008/09 2,135 33.1 2,472 3.4 308 1.4 4,215 9.5 4,481 16.3 1,471 4.9 68.6 

2007/08 90 1.4 941 1.2 152 0.7 6,575 0.2 5,004 0.2 1,584 0.1 3.8 

2006/07 8,515 54.3 1,863 7.6 478 0.8 12,509 15.9 9,958 7.8 1,602 1.0 87.4 

2005/06 18,025 62.8 3,306 7.0 2,106 2.9 13,610 8.4 15,440 8.7 1,748 0.9 90.7 

2004/05 8,142 44.0 3,671 7.2 1,495 2.2 20,287 18.8 12,865 10.8 2,681 1.3 84.3 

2003/04 12,597 55.8 3,545 5.7 1,938 3.5 21,192 15.0 12,131 7.5 1,763 0.7 88.2 

2002/03 11,395 46.0 4,788 9.3 1,788 1.0 21,346 20.4 10,183 7.4 2,095 1.7 85.8 

2001/02 27,493 67.5 3,808 4.2 3,297 3.4 21,103 9.2 11,581 6.1 2,191 0.6 91.0 

2000/01 30,440 73.9 4074 5.7 4,551 5.9 14,276 4.6 11,998 4.7 2,153 0.4 95.2 

1999/00 24,138 77.7 1178 3.1 2,185 3.9 12,649 6.1 7,485 4.4 2,152 0.7 95.9 

1998/99 24,491 73.8 1059 1.3 4,339 5.7 13,963 1.7 13,879 8.1 2,184 1.7 92.3 
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1997/98 24,624 70.4 1678 2.4 4,998 7.5 14,943 7.4 9,964 6.1 2,053 0.4 94.2 
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Figure 2.9: Proportion of Total Irrigated Crop Area within the CICL Area 

in 2009/10 (CICL, 2010) 

 

 

 

Figure 2.10: Proportion of Total Water Deliveries for the Grown Crops 

within the CICL Area in 2009/10 (CICL, 2010) 
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Figure 2.11: Historic Rice Growing Area to Total Other Major Crops Area 

(CICL, 2011) 

From the above Figure 2.11, it is evident that over the last 10 years there 

has been a shift away from rice growing to other major crops such as 

wheat, canola and particularly pasture. An average of 52% of water 

deliveries were used for rice growing in between the years 2002/03 to 

2006/07, with rice water deliveries falling to an unprecedented 1.4% in 

2007/08. However, an increase of water deliveries was recorded in later 

years as shown in Figure 2.12. Corn and other major crops followed a 

similar trend over the same period. The other major water users were 

comprised of stock/dams, barley and oats (CICL, 2009). This situation 

reflects the insufficient availability of surface water and the emerging 

trend for growers to maximise the use of available surface water by 

growing crops and pastures in the winter months of these years. 
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Figure 2.12: Historical Water Delivery Proportion for the Major Crops 

Grown in the CICL Area (CICL, 2011) 

2.6 Existing Water Management Practices in the CIA 

CICL is owned and operated by local farmers. It runs on a cooperative 

basis. Its main purpose is to manage surface water distributions to the 

farms in the CIA (Jackson, 2009). CICL supplies water to all farms 

through supply channels using a demand-driven irrigation system. The 

water supply is managed every year based on the following rules. 

i) Every farm has a predefined water entitlement which remains the 

same over the years. The allocation of the water for the farm is 

based on the water availability in a particular year and the 

entitlement of a farm;  

ii) Water is delivered by CICL to the farmers upon their request; and 

iii) Water ordering is calculated by the farmers based on their 

knowledge and experience.  

The CICL officers use their domain knowledge, experience and water 

order information placed by farmers to order water from the State Water 

Corporation which supplies irrigation water to the CIA. It is a common 
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practice among the CIA farmers to place the orders with their initial 

plans on the crop type and the irrigation area at the beginning of a 

season. Often the farmers revise their earlier decisions (change their 

minds) after placing the orders, depending on water availability, market 

prices and many other socio-economic factors. Currently in the CIA, 

there is no particular method or model to estimate the future irrigation 

water requirement, except the traditional method using 

Evapotranspiration (ET). This method is generally used by the irrigation 

managers to estimate water demand. The water ordered by the farmers 

does not provide CICL with adequate information about the actual 

cropping area, which may result in inaccurate water ordering by the 

managers from State Water. It is also not mandatory for the farmers to 

provide information regarding the area under different crops. Due to 

inaccurate estimates of water demand, shortages of water on the day of 

delivery can occur. An Irrigation Water Demand Forecast (IWDF) model 

can help overcome these difficulties by using RS and meteorological data 

to ensure the optimum quantity and timely delivery of water for crops. 
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3 LITERATURE REVIEW 

Water scarcity is rapidly becoming a major issue for many developed 

and developing countries of the world, which is a serious threat and leads 

to the emergence of food crises (IWMI, 2009). For example, the recent 

drought in Australia has highlighted the need to manage agriculture 

water more wisely when more than 70% of available water in Australia is 

currently being used by irrigated agriculture (Khan et al., 2009; Khan et 

al., 2011; IWMI, 2009). The productivity of agricultural systems mainly 

depends on temporal and spatial distribution of precipitation and 

evaporation, especially for crops, based on the availability of fresh water 

resources for irrigation (Bates et al., 2008). Since all the existing water 

resources are fully exploited and it is not possible to extract more water, 

the best alternative is to increase the water productivity (Khan et al., 

2011). Therefore, an efficient irrigation water management model is 

crucial.  

Reliable hydrological data and appropriate decision-making tools are 

essential for efficient irrigation water management in irrigated 

agriculture. In recent years, geo-informatics techniques (RS and GIS) 

with the combination of data mining techniques are increasingly being 

applied in hydrology for developing hydrological models to predict 

various hydrological attributes, such as rainfall, Actual 

Evapotranspiration  (ETa), flood and drought forecasting, etc. to improve 

irrigation water management practices and maximise water productivity 

(Hartkamp et al., 1999; Kite and Droogers, 2000; Lorite et al., 2004; 

Miranda et al., 2005; Pulido-Calvo et al., 2003; Pulido-Calvo et al., 

2007).  

Decision Support Systems (DSS) can guide the farmers on the irrigation 

scheduling decision i.e. when to irrigate and how much to irrigate. The 

DSS can assist farmers and irrigation managers in making better 

decisions by integrating and analysing different kinds of data 
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(hydrological, spatial, meteorological, etc.). It helps in resolving conflicts 

among the users (farmers and managers) by gaining a holistic 

understanding of water management problems (Labadie et al., 2007). It 

also helps the users to increase market share, reduce costs of production, 

increase profitability and enhance the production quality. 

What are DSS 

DSS are computer-based information systems that help the users (for 

example farmers and irrigation managers) solve difficult problems and 

make appropriate decisions to maximise water productivity on the farms. 

They are integrated systems (consisting of database, appropriate models, 

procedures, software and user interface) with an approach to help the 

decision-makers in solving unstructured problems to make better 

decisions using the latest technology. A well-structured DSS is an 

interactive software-based system designed to help decision makers by 

enabling them to utilise/retrieve useful information from the combination 

of raw data, documents, personal knowledge and models, this type of 

DSS is helpful in solving problems and decision making (Decision 

Support System, 2013).  

Newman et al. (2000) suggest that another type of toolset called Expert 

Systems (ES) can also be used for decision-making. The performance of 

ES is generally recognised as equivalent to that of a human expert or 

specialist in a particular field. However, within the agricultural sector, 

DSS tools are more widely recognised and used than ES.  

A DSS typically stores various input data in its database management 

system, uses the hydrological models to analyse the data to come up with 

effective decisions, and presents the results in a user friendly format. 

Such decisions can be useful in many ways such as in conflict resolution, 

disaster management and gaining a better understanding of the demand. 

Hydrological models incorporated in the DSS can help in enhancing 

management skills and reducing costs of production at the farm level. 
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Despite the vast variety of benefits a DSS can provide, their adoption in 

the farming society has been very low (Lynch et al., 2000; Newman et 

al., 2000). This is mainly due to a lack of end user’s involvement in the 

development phase of the DSS. Moreover, the outputs of the DSS may 

not fulfil the requirements of the users and the users may be discouraged 

by the many complexities involved in running a DSS. 

Decision making in agriculture production is becoming increasingly 

complex because of increase in cost of inputs (seed, fertiliser and 

pesticides) and water scarcity, which forces farmers to adopt sustainable 

farming practices. This is resulting in the need to manage the way 

hydrological and agricultural data is combined so it can be used smartly 

while decision making. Typically web-based DSS are becoming 

important tools in decision-making processes which are helpful for 

agriculture growers and irrigation area managers (Ritchie, 1995; 

Newman et.al, 2000). The DSS can assist farmers and irrigation 

managers in making better decisions by integrating different information 

gathered from various sources, incorporating already built models, 

introducing sensitivity analysis, enhancing management skills and 

reducing costs of production to use the limited amount of water in an 

efficient way.  

3.1 Components of the Decision Support System 

Traditionally, academics and practitioners have discussed building a DSS 

in terms of three major components: i) the user interface; ii) the database 

and iii) the models and analytical tools (Power, 2002) as shown in Figure 

3.1. Each component of the DSS is a distinguishable part of the larger 

entity. Components may be implemented with different technologies and 

each component should have a different function or purpose otherwise 

redundancy exists in the system. 
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Figure 3.1: Components of a DSS 

Sprague (1998) argued a DSS is comprised of three sets of capabilities: 

database management software (DBMS), model base management 

software (MBMS) and the software for managing the interface between 

the user and the system, which might be called the dialogue generation 

and management software (DGMS). These three major subsystems 

provide a convenient scheme for identifying the technical capability 

which a DSS must have. 

3.2 Types of Decision Support Systems 

Based on the networking abilities, all the existing DSSs have been 

divided into five categories (Car et al., 2007). Category 1 DSSs are 

isolated desktop applications that do not have any networking ability. 

Category 2 DSSs have direct access to local equipment, for example, a 

personal computer with direct access to a sensor in a paddock. Local area 

networks are used by Category 3 DSSs. Category 4 DSSs use large and 

purpose-built networks such as a SCADA system. Category 5 DSSs use 

the internet to access multiple instances of available resources in 

Category 4 DSSs.  

Power (2007) also categorised DSS into five major types: 

communication-driven, data-driven, document-driven, knowledge-driven 

and model-driven. 
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3.2.1 Communication-driven DSS 

A communication-driven DSS uses network and communication 

technologies and is intended for internal use (within an organisation). 

The main objectives of this type of DSS are to help conduct meetings or 

for users to collaborate. A communication-driven DSS can support more 

than one person involved in the same task(s) (Power, 2002). Examples 

include chats and instant messaging, online collaboration and net 

meetings. 

3.2.2 Data-driven DSS  

Data-driven DSSs are designed to help managers, staff and also service 

providers. In this type of DSS, users can query a database or data 

warehouse to request particular results for a particular purpose. This can 

be deployed through a mainframe system, client-server architecture or 

through the web. Examples include computer-based databases that have 

query systems to compile and request data (including the incorporation 

of data to add value to existing databases). Data-driven DSSs focus on 

access to, and manipulation of, time-series data and other kinds of data.  

3.2.3 Document-driven DSS  

Document-driven DSSs are the most common and use computer storage 

and processing techniques. The purpose of this type of DSS is to search 

web pages, and find and analyse documents. The documents may include 

reports, images, sounds and videos, hypertext documents, etc. (Power, 

2007). The technology used commonly to build such a DSS is the web or 

a client/server system.  

3.2.4 Knowledge-driven DSS 

Knowledge-driven DSS, also known as a 'knowledge base' DSS, can be 

helpful to the managers of any business in getting suggestions and 

recommendations. Power (2002 and 2007) reported that these types of 

DSS have the ability of specialised problem solving. The expertise of 
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this type of DSS consists of knowledge about a particular field, 

understanding problems within that field and having special skills in 

solving some of these problems. It is basically used to provide 

management advice. The common technology used to design and 

develop these DSS can be client/server systems, the web or software 

running on a personal computer. 

3.2.5 Model-driven DSS  

Model-driven DSS are complex systems that help analyse scenarios and 

choose between different options. These are mainly used by managers 

and staff members of businesses. These DSS focus on manipulation, 

optimisation and simulation using models. Model-driven DSS require a 

limited quantity of data to be input into the model by the decision 

makers. Alter (1980) says early versions of this type of DSS were also 

called model-oriented DSS. 

3.3 DSS in Water Resource Management 

Across the globe, there is huge pressure on irrigation managers to reduce 

water losses from the irrigation diversions in growing agriculture crops. 

Managers will therefore need to improve water management practices 

and delivery structures. Typically, improving management practices is 

cheaper than changing system structures. Mateos et al. (2002) presented 

a DSS called the Scheme Irrigation Management Irrigation System 

(SIMIS) for improving water management practices, and it has been 

applied in several irrigation schemes around the world. When SIMIS was 

first developed in 1993, it was a DOS-based application which was 

designed to help irrigation managers in their day-to-day tasks. Later, it 

was also tested in Argentina, Egypt, Cuba and Thailand. It was converted 

into an MS Windows-based DSS in 1998. It was further developed for 

integrated management of any irrigation project in the sense that, unlike 

many DSSs, it aimed to be useful for common planning, maintenance, 

administrative and performance assessment activities performed in any 

project. 
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The water management module handles various issues such as crop water 

requirements, irrigation plans, water delivery scheduling and water 

consumption. The module calculates the daily crop water demands based 

on climatic data and crop water usage characteristics. The net irrigation 

water demand throughout a season is also calculated for different 

cropping patterns. Based on one of the three main water delivery modes 

(fixed rotation, arranged rotation and proportional supply) the module 

prepares a water delivery schedule. It can also keep track of the actual 

volume of water delivered by each distribution component on a daily 

basis, either through user input by managers or by default from the 

scheduled volume and dates.  

The second module handles financial issues such as accounting, water 

fees, control of maintenance activities and performance indicators. The 

financial module is meant to help users check the expenses incurred and 

to record payments and incomes in a database.  

However, it is assumed in SIMIS that the hydraulic simulations produced 

are not accurate unless intensive field calibrations are made. Therefore, 

the water delivery schedules produced by SIMIS are considered as 

approximations that require adjustment according to real field conditions. 

SIMIS has been used in many irrigation schemes throughout the world. 

However, it was not thoroughly evaluated to explore its limitations and 

strengths. Therefore, Lozano and Mateos (2008), in a case study 

conducted on Lebrija, a province of southern Spain, evaluated its 

performance using an agro-climatic station that freely provides daily data 

for relevant meteorological variables including daily rainfall and ET 

values. SIMIS was found to be very helpful for managers to organise 

management data, calculate irrigation water demands and plan the 

irrigation scheme. In particular, it was found to be very useful in making 

decisions on when to move into a fixed rotation schedule from an 

arranged schedule and vice versa. 
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While evaluating the performance of SIMIS as a generic DSS, Lozano 

and Mateos (2008) realised that instead of adopting it as the management 

tool, irrigation scheme managers preferred to develop a tailor-made 

application to better suit the specific features of their particular irrigation 

scheme. Lozano and Mateos (2008) found that various factors including 

billing, accounting, updating maps and databases characteristic of 

distribution systems were better handled by customised tools. Based on 

their review of the literature, they suggested that previously developed 

DSS tools were found to be helpful for the specific aspects for which 

they were developed, but their general validity was still very unclear. 

They also identified that the benefits of customised tools compensate the 

efforts required to develop them. However, a generic DSS such as SIMIS 

can be useful as a comprehensive framework for building such 

customised tools. 

The irrigation scheduling problem was also addressed by Nixon et al. 

(2001) through the introduction of a genetic algorithm for optimising 

water delivery schedules for an open channel irrigation system in 

Australia. Typically, a farmer places an order for a specific quantity of 

water with a requested start date and flow rate. Based on the orders of all 

farmers, an irrigation company needs to schedule the delivery 

considering the availability of water and the maximum channel capacity. 

In their study, Nixon et al. (2001) developed a genetic algorithm-based 

DSS that aimed to maximise the number of orders scheduled for delivery 

at a given time and minimise the differences in channel flow rates during 

that time. The developed system was tested on a simple scenario of five 

farmers on a channel spur, and was found to be useful for extracting an 

optimal schedule. 

Rotational irrigation scheduling is used in north-west India and Pakistan 

to provide equitable distribution of water from tertiary canals (Khepar et 

al. 2000). In this system the duration of water for each farmer is 

proportionate to his land holding size. The major limitation of this 
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scheduling is that it lacks accounting for seepage losses which results in 

less water per unit area for the farmers at the downstream end of the 

canal than farmers at the upstream end. Khepar et al. (2000) argued that 

farmers must be compensated for this seepage loss. In 2000, they 

developed a decision support model for the equitable distribution of 

water by adjusting the water delivery time per unit area of a farm taking 

seepage loss into consideration. From the findings of the model, Khepar 

et al. (2000) recommended revising the water allocation time from a flat 

period of 0.75 hours per unit area for all farms to a variable period of 

0.546 to 1.219 hours from head to tail. 

Typically, a DSS is developed for a specific hydrological unit such as a 

particular river basin, irrigation area or wetland. The main reason for the 

development of such unit-specific DSSs is that each hydrological unit 

has its unique characteristics, issues and requirements which are 

expected to be addressed. 

For example, Labadie et al. (2007) developed a DSS called KModSim 

(Korean Version of MODSIM) to handle the adverse effects of extreme 

hydrological conditions on ecosystems in South Korea. They argued that 

the various existing DSSs did not meet the specific issues of South 

Korea, such as the rapid expansion of the economy and its water 

allocation policy. Therefore, it was crucial to develop a DSS with the 

ability to address their complex water planning and management issues. 

KModSim was adapted from MODSIM 8.0 (MODular SIMulation) by 

making necessary modifications including an adjustment in water 

allocation policy. MODSIM is a river basin Decision Support System 

and network flow model which is designed and developed by Colorado 

State University, specifically to meet the growing demands and pressures 

on river basin management 

(http://modsim.engr.colostate.edu/index.shtml). MODSIM uses a prior 

appropriation water rights policy, which is a type of first come, first 

served approach. However, KModSim implements equitable sharing of 
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water deficits in order to prioritise water allocation among various 

sectors based on a range of features like hydrologic conditions and 

economic valuation. Additionally, for time series data, KModSim 

employs 5-day and 10-day time steps (instead of MODSIM’s daily, 

weekly and monthly time steps) in order to fulfil the requirements of the 

Korean Water Resources Corporation. KModSim was found to be very 

useful when it was tested in the Geum River Basin in South Korea.  

Flugel (2007) presented a DSS called Adaptive Integrated Data 

Information System (AIDIS), which takes a comprehensive and holistic 

systems analysis approach, resulting in a powerful data management and 

information sharing system for integrated water resource management. A 

holistic approach is taken to understand internal and external transport 

dynamics by integrating components of the internal systems dynamics 

and their exchange across the system boundaries. However, the success 

of any integrated water resource management tool depends on the 

accessibility and availability of information. Therefore, AIDIS 

implements a methodical concept to transfer the holistic approach into an 

information system - its DSS. The DSS uses an appropriate data model 

which reflects the information demand for water resource management. 

This data model is built using information related to three core 

components; abiotic, biotic and socio-economic. These three components 

are mutually linked through several techniques such as RS, GIS and 

database management systems. Examples of abiotic components are 

atmosphere, geosphere and hydrosphere. Examples of biotic components 

are wetlands and resources. The socio-economic components include 

agriculture, industry and policies. It introduces holistic components, 

allows different data input formats, offers services for data handling, 

manipulation and presentation, and supports calculation of various 

indicators required for integrated water resource management. A detailed 

technical description of AIDIS is provided in Chapter 4, because AIDIS 

is used as the basis for developing Coleambally IRIS. 
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A web-based DSS called irriGATEWAY: Calendar (IGC) was 

developed by Car et al. (2008), which used its web services to collect 

data from various sources. The information used by the IGC mainly 

comes from data sources including automatic weather stations, the 

Murrumbidgee Horticulture Council web service and farmer inputs to 

the user interface. Data collection from these various data sources may 

help IGC to take a holistic approach towards providing an integrated 

DSS. 

Introduction of internet technology has created the opportunity of 

implementing web-based DSS tools. Typically, a web-based DSS is a 

three tier architecture involving a web browser, web server and a 

database (Power, 2000). A web browser sends a HTML request to a web 

server which then processes the request, analyses relevant information 

from the database and returns a reply to the browser. A web-based DSS 

can make relevant information easily accessible to various users such as 

farmers and managers. It can also help to quickly disseminate the latest 

climatic information in a real time and interactive environment. 

Moreover, the DSS can be available 24 hours a day, 7 days a week. 

Power (2000) suggested that many of the various categories of DSS tools 

(such as model-driven, data-driven and knowledge-driven DSS) can be 

implemented using web technologies.  

3.4 Remote Sensing in Irrigation Water Management 

Ideally, efficient irrigation occurs when crop water supplies match the 

crop water requirements. Major factors that determine crop water 

requirements are crop type, soils, vegetation cover (canopy) and weather 

conditions (NWC, 2010a). These factors can be easily monitored using 

Remote Sensing (RS) based satellites. RS has a great capability for 

routine monitoring of irrigation due to the synoptic nature of the data and 

readily available archives of imagery (Ozdogan et al., 2010). In recent 

years, RS has been an effectively used tool to monitor irrigated lands in 
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many parts of the world including Australia (Bastiaanssen et al., 2000a; 

Hafeez et al, 2007; Ozdogan et al., 2010). RS can provide reliable and 

accurate information ranging from micro (farms) to macro (river basin) 

scales. By making use of space-borne RS imagery, irrigation managers 

can get regular information on many hydrological parameters which are 

key role players in managing crop production. The key parameters 

include but are not limited to; land use, crop type, crop yield, ETa, 

rainfall and land cover classes. Bastiaanssen et al. (2000b) stated that the 

capability of RS to identify and monitor crop growth and other related 

biophysical parameters have undergone major improvements during the 

last few decades.  

3.4.1 Evapotranspiration (ET) 

Irrigated agriculture consumes 65% of all water consumed across 

Australia and it plays an important role in a nation’s economy. Many 

irrigation systems experience losses from storage, conveyance and on-

farm. For example in the MDB, up to 64% of the discharged water can 

be lost prior to consumption by the crop. According to the Bureau of 

Meteorology, almost 90% of the precipitation that falls on the Australian 

continent is returned to the atmosphere through ET (Hafeez, 2009).  

In many irrigated areas of the MDB, there has been a significant 

reduction in water allocation over the last few years, which indicates that 

irrigated agriculture has to produce more with less water (Ullah, 2011). 

In order to do so, there is a need to assess the irrigation performance and 

improve water management in irrigated areas. These activities are needed 

not only to improve water productivity, but also to increase the 

sustainability of irrigated agriculture and to improve irrigation efficiency 

in Australia (Ullah, 2011).  

ETa is one of the key parameters that can be derived from RS. ET 

describes the loss of water to the atmosphere from soil and vegetation 

(Al-Kaisi and Broner, 1992). RS can provide an accurate estimation of 
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ET at a large range of spatial scales ranging from individual pixels to 

entire river basins (Hafeez, 2003). In the agricultural context, ETa is the 

amount of water used by the crop for growing purposes and can be 

broadly called crop water usage (Al-Kaisi and Broner, 2009). In order to 

irrigate the right amount of water to ensure that the crop is not stressed, 

particularly during critical stages of growth, it is crucial to know the 

accurate ET. 

The term ET is grouped to represent all of the processes that occur 

during the transfer of water from liquid state to a gaseous state into the 

atmosphere (Ullah, 2011). ET is composed of two separate processes, 

Evaporation (E) and Transpiration (T) as shown in Figure 3.2. 

Evaporation is the process of water loss by which water in a liquid state 

is converted to a gaseous state and evaporates from the soil and plant 

surface and transpiration is the process of water loss to the atmosphere 

from plant tissues, the small openings on the leaf surfaces called stomata. 

A large amount of water loss (ET) takes place only when the soil’s 

surface and the plant canopy are wet. Moreover, as the growing season 

progresses and the canopy cover of the crop increases, evaporation from 

the soil surface gradually decreases. When the crop is fully developed, 

approximately 95% of the ET is due to transpiration from the crop 

canopy where most of the solar radiation is intercepted. Therefore it is 

evident from the literature that in the earlier stages of the crop, ET occurs 

through evaporation and in the later stages, ET occurs through 

transpiration (Allen et al., 1998). According to Allan et al. (1998), crop 

ET is composed of three categories: reference crop ET (ETo), potential 

crop ET (ETp) and actual crop ET (ETa). 

3.4.1.1 Reference crop evapotranspiration (ETo) 

Reference evapotranspiration is the ET from a reference surface which is 

not short of water, and it is denoted as ETo. The reference surface is a 

hypothetical grass reference crop having particular properties (Allen et 

al., 1998). The concept of ETo was introduced to study the evaporative 
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demand of the atmosphere irrespective of crop type and cropping stage. 

Since climatic parameters are the only factors affecting ETo, it can be 

computed using meteorological data.  

Estimation of ETo is widely used in irrigation engineering to define crop 

water requirements. Several methods have been developed to compute 

ETo (Jensen et al., 1990). Among the several existing methods/equations, 

the FAO-56 application of the Penman-Monteith equation is currently 

widely used (Walter et al., 2000). The main advantages of the Penman-

Monteith equation are that it is a physical-based approach which means it 

can be used globally without any requirement of additional parameters, it 

is a well-documented method, has been incorporated in many software 

packages and has been tested worldwide. 

The Penman-Monteith equation is as follows: 

𝐸𝑇𝑜 =
0.408∆(Rn-G)+γ

900

𝑇+273
𝑢2(𝑒𝑠−𝑒𝑎)

∆+𝛾(1+0.34𝑢2)
                             (3.1) 

 

Where:   ETo = Reference Evapotranspiration (mm/day); 

Rn = net radiation at crop surface (MJ/m
2
); 

G = soil heat flux (MJ/m
2
);  

T = mean daily air temperature at 2m height (
o
C);  

u2 = wind speed at 2m height (m/s);  

𝑒𝑠 = saturation vapour pressure (kPa);  

𝑒𝑎 = actual vapour pressure (kPa);  

𝑒𝑠 − 𝑒𝑎 = saturation vapour pressure deficit (kPa);  

Δ = slope of the vapour pressure curve (kPa/
o
C); and  

𝛾 = psychrometric constant (kPa/
o
C). 
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Figure 3.2: Evapotranspiration Process (Source: Salinity Management 

Guide, 2007) 

3.4.1.2 Potential crop evapotranspiration (ETp) 

Allen et al. (1998) refers potential crop evapotranspiration (ETp) as water 

flux from disease-free, well-fertilised crops grown in large fields under 

the best possible soil, water and agronomic conditions. The difference 

between ETp and ETo is due to the difference of ground cover, canopy 

properties and the aerodynamic resistance of the crop and grass 

respectively. The effect of these characteristics is integrated into the crop 

coefficients (Kc).  

 

The ETp can be either calculated directly by using the mass transfer of 

energy balance method or by using the crop coefficient approach. The 

mathematical relationship for calculating ETp using the crop coefficient 

is given below.  

 

  𝐸𝑇𝑝 =  𝐾𝑐 x 𝐸𝑇𝑜                                     (3.2)  
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Where:  ETp is potential ET of the crop;  

ETo is the reference ET; and  

Kc is the crop coefficient which depends on the climate to 

a limited extent and fluctuates with each specific crop.  

The crop coefficient approach is globally acceptable and useful because 

standard values for Kc can be transferred between different locations and 

climates. 

3.4.1.3 Actual crop evapotranspiration (ETa) 

Actual crop evapotranspiration (ETa) is the quantity of water that is 

actually evaporated from the crop’s surface. The ETa differs from ETo. 

According to Allen et al. (1998) estimation of ETa is not easy. To 

determine ET many devices and accurate measurement of various 

physical parameters or the soil water balance in lysimeters are required. 

In the past decades, different approaches have been adopted for 

estimations of ETa such as energy balance, microclimatological and 

hydrological methods. In literature, there are many ways of deriving ET 

such as water balance, micro-meteorological and RS methods. Every 

method has its own advantages and disadvantages. 

There is a great need for understanding and evaluating the errors and 

uncertainties in estimation of ET, especially if these models are being 

used for operational applications. According to Ershadi (2014), the main 

reasons behind getting the uncertainty in estimating ET are known to 

some extent and can be generally linked to the errors in various modules 

of the estimation process, such as, input data, model architecture, and 

model attributes/variables. However, though the means of error are 

knows, the intensity and variation of such errors is not well known 

mainly due to the complexity and data requirements of the models 

(Richardson et al. 2012). 
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Energy Balance and Microclimatological Methods 

Evaporation of water requires relatively large amounts of energy, either 

in the form of sensible heat or radiant energy. Therefore the ET process 

is governed by energy exchanges at the vegetation’s surface and is 

limited by the amount of energy available. The energy arriving at the 

surface must equal the energy leaving the surface for the same time 

period. The energy balance equation can be written as follows: 

 

  𝑅𝑛 = 𝐺 + 𝐻 + 𝜆𝐸                                                                (3.3) 

Where:  Rn is the net radiation;  

H the sensible heat;  

G the soil heat flux; and  

λE the latent heat flux (λ is the latent heat of vaporisation 

and E is the actual evapotranspiration).  

Other methods of estimating ET use the mass transfer method. These 

methods consider the vertical movements of air above a large 

homogeneous surface. Most commonly used methods are Bowen ratio 

energy balance, eddy covariance and large aperture scintillometer. 

Hydrological methods 

The most commonly used hydrological methods for estimating ET are 

soil water balance and lysimeters. 

Soil water balance methods consist of assessing the incoming and 

outgoing water flux into the crop root zone over a certain period of time. 

Allan et al. (1998) states that a large fraction of the inflows of irrigation 

(I) and rainfall (R) are used by the root zone and a smaller amount is lost 

through surface runoff (RO) and deep percolation (DP). There is a 

chance that water might also be transported upward by capillary rise 

(CR) from the shallow water table towards the root zone or horizontally 

by surface inflow(SFin) and outflow ( SFout). In many cases SFin and SFout 

are very small and can be negligible. ET can be deduced from the change 
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in soil water content (ΔSW) over a period of time by using the below 

equation. 

𝐸𝑇 = 𝐼 + 𝑅 − 𝑅𝑂 − 𝐷𝑃 + 𝐶𝑅 ± ∆𝑆𝐹 ± ∆𝑆𝑊                      (3.4) 

∆SF is change in surface inflow (SFin) and outflow ( SFout). 

Lysimeters are tanks filled with either disturbed or undisturbed soil in 

which crops are grown under natural conditions to assess evaporation 

and transpiration. Lysimeters are useful in determining the different 

terms of the soil water balance equation that are difficult to measure. In 

precision weighing lysimeters, the water loss is directly measured by the 

change of mass. In non-weighing lysimeters, the ET for a given time 

period is determined by deducting the drainage water, collected at the 

bottom of the lysimeter, from the total water input. Since lysimeters are 

difficult and expensive to construct and as their operation and 

maintenance require special care, their use is limited to specific research 

purposes. 

3.4.2 Monitoring and estimating ET through optical (satellite) data 

Monitoring ETa in irrigation systems plays an important role in 

optimising irrigation water use and sustainable management of limited 

available water (Chemin, 2006; Hafeez et al., 2007). ETa is the largest 

and most complex component of any hydrological water balance model. 

When using traditional point-based methods, it is difficult to measure 

ETa at large scales. Point-based methods use meteorological data to 

calculate reference evapotranspiration (ETo) and multiplying it by a crop 

coefficient (Kc) that is determined according to the crop type and the 

crop growth stage (Allen et al., 1998). Satellite RS can be used as a tool 

for estimation of ETa for a wide range of spatial and temporal scales, 

from farms to the entire system level (catchment level)(Chemin and 

Hafeez,  2010). Hafeez et al. (2007) state that having spatial knowledge 

of ET and root zone soil moisture will help to a great extent in 

environmental applications, such as effective use of irrigation water, 
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enhanced performance of irrigation systems, crop water deficits, drought 

mitigation strategies and accurate initialisation of climate prediction 

models, especially in arid and semi-arid catchments where water 

shortage is a critical problem. In recent years, due to advancements in RS 

and an increase in the development of models for estimation of ET using 

RS, a new cost-effective approach to monitor ET parameters has been 

provided.  

From the literature it is evident that over the past decades ET was 

calculated by multiplying crop reference evapotranspiration (ETo) with 

crop coefficients (Kc), ET = ETo x Kc , where crop coefficient Kc was 

determined based on the crop type and the crop growth stage (Allen et al. 

1998, Hafeez et al., 2007a). However, Hafeez et al. (2007b) argued that 

surface resistance can vary within a day and also it is influenced by the 

weather conditions, especially available radiation and vapour pressure 

deficit. The foundation for the above statement was the result from the 

study made by Ortega et al.(2004). Secondly, the determination of crop 

coefficients also depends on many factors such as environmental factors 

and how crop develops its canopy during the growth (Neale et al., 2005). 

Conversely, by using satellite RS, estimation of ETa using high spatial 

resolution satellite imagery can be made more accurately over various 

temporal and spatial scales ranging from an individual pixel (~1m) to an 

entire irrigation area or river basin.  

For estimation of ETa, RS techniques use surface reflectance and 

radiometric surface temperatures from satellite spectral data along with 

the on-ground climate variables and vegetation characteristics to solve 

the energy balance equation. Optical data can provide spatial distribution 

and temporal evaluation of the normalised differential vegetation index 

(NDVI
2
), leaf area index (LAI

3
), surface albedo

4
from visible and near 

                                                      
2
 NDVI is an index of plants “greenness” or photosynthetic activity, and is one of the 

most commonly used vegetation indices 
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infrared bands, and radiometric surface temperature and surface 

emissivity from mid and thermal infrared bands. Most of these 

parameters are vital in many of the methods and models which divide the 

energy into sensible and latent heat flux components (Mauser and 

Stephan, 1998). The satellite radiances are related to ET in two ways; 

firstly, the surface parameters such as surface albedo, surface emissivity, 

surface temperature and NDVI are derived, and then the surface 

parameters in combination with measured field data are used to solve the 

energy balance, where ETa is taken as a residual term.  

Since the satellite data is obtained from the top of the atmosphere, it must 

be corrected for atmospheric interference. These corrections are based on 

information on the atmospheric properties (e.g. temperature, relative 

humidity and wind speed) at the satellite overpass time. The methods for 

the estimation of ETa ranges from simplified empirical regressions to 

physical based surface energy balance models, vegetation index surface 

temperature methods, numerical methods, and data integration methods. 

The data integration techniques are usually combined with some 

numerical models that include all sources of information to simulate the 

flow of heat and water transfer through the soil vegetation atmosphere 

continuum (Li et al., 2009). In the past different RS methods and 

algorithms have been developed worldwide to estimate ET based on RS 

optical data. A few selected methods are explained below. 

Surface Energy Balance Algorithm for Land (SEBAL) 

SEBAL is an image-processing model comprised of twenty-five 

computational steps which calculate the actual evapotranspiration and 

other energy exchanges at the earth’s surface using optical/thermal 

satellite imagery.  

                                                                                                                                 
3
 LAI is defined as one half the total green leaf area per unit horizontal ground surface 

area 

 
4
 Albedo is the fraction of solar energy reflected from the Earth back into space. It is the 

measure of reflectivity of Earth’s surface. 
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SEBAL was developed by Bastiaanssen (1994) it is a single source 

energy balance algorithm and uses an intermediate approach using both 

empirical relationships and physical parameterizations (Hafees. 2007; 

Bastiaanssen et al., 1998a; Bastiaanssen et al., 1998b). This was 

originally developed for rain-fed and irrigated crops in the semi-arid 

region of Spain. This model was subsequently  improved over a period of 

time. It is a single source energy balance algorithm. SEBAL takes an 

intermediate approach which uses both empirical relationships and 

physical parameterisations (Bastiaanssen et al., 1998a; Bastiaanssen et 

al., 1998b). SEBAL is a thermodynamically-based model which equates 

to the energy balance by partitioning sensible heat flux and latent heat of 

vaporisation flux. SEBAL uses semi-empirical relationships to estimate 

emissivity and the roughness length of NDVI. Surface temperature and 

reflectance derived values of albedo, vegetation indices, LAI and surface 

emissivity are used for the calculation of net radiation (Rn) and soil heat 

flux (G). Hafeez (2003) has developed a detailed methodology for 

estimation of energy balance parameters over irrigated regions in tropical 

regions.  Later Chemin and Hafeez (2010) also developed a 

methodological algorithm for estimation of energy balance using remote 

sensing in irrigation areas of Australia and validated the results with 

ground bases Flux Towers and large aperture scintillometer. The core of 

SEBAL is based on the assumption that at hot/dry pixels, all energy flux 

into the atmosphere is sensible heat and at cold/wet pixels, all is latent 

heat.  

After the estimation of surface air temperature and the difference of 

surface air temperature for cold and hot pixels, a linear relationship can 

be established for analysing any image to estimate sensible heat flux. The 

calculation of sensible heat flux follows the Monin-Obukhov similarity 

hypothesis. The latent heat flux can be computed by using the surface 

energy balance equation.  

The main advantages of SEBAL are: 
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 It requires minimal ground-based data; 

 It is a physical concept, therefore is applicable for different 

climatic conditions; 

 It does not require any land use classification data and does not 

involve any data-demanding hydrology and planetary boundary 

layer models; 

 It is suitable for all visible, near-infrared and thermal-infrared 

radiometers; and 

 Results can be verified with in-situ fluxes and soil moisture 

measurements for high resolution images. 

However, some of the disadvantages of SEBAL are: it requires a good 

knowledge and expertise in selection of wet and dry pixels; and it is 

mainly suitable for flat land. According to Hafeez et al., (2007) SEBAL 

has a lot of uncertainties in estimation of actual ET over irrigation 

systems of Australia where the climatic conditions are totally different 

from the Spanish climatic conditions where it was initially developed and 

calibrated. Therefore, there is an apparent need to customize and modify 

SEBAL’s empirical relationships before it can be applied more widely 

over Australian ecosystems. 

Surface Energy Balance System (SEBS) 

SEBS was developed by Su (2002) for the estimation of atmospheric 

turbulent fluxes and evaporative fraction using satellite earth observation 

data. SEBS is a physically based model which uses combination of RS 

and in-situ observations for deriving the land surface variables. SEBS 

was first used for a RS dataset which was collected from the irrigated 

crops of the Barrax region of Spain. This model has been widely applied 

across many different countries but not intensively used in operational 

purposes (Gibson et al. 2013) 

 

According to Gibson et al., 2013; Su, 2002; Jia et al., 2003; Su et al., 

Timmermans et al., 2005; Hailegioris, 2006; Lin, 2006, SEBS model is 
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extensively applied in agricultural researches, with varying results for 

sparsely vegetated and barren land, forests, wetlands and grasslands. 

 Researchers have found that assessing the accuracy of SEBS models is 

difficult as there is no standard method of presenting and validating the 

results since the accuracies associated model outputs vary from study to 

study. However few researchers have validated the SEBS model outputs 

with a variety of field instruments such as Lysimeters, Eddy Covariance 

or Bowen ratio methods. (Lin, 2006; Su, 2002; Su et al., 2005; 

Timmermans et al., 2005; Van der Kwast et al., 2009; Rana and Katerji 

1998) 

 

The SEBS model is incorporated with the following features: 

 

 A set of tools for the calculation of land surface physical 

parameters, such as albedo, emissivity, temperature and 

vegetation coverage from spectral reflectance and radiance;  

 An extended model based on Su and Jacobs’ research (2001) for 

determining the roughness length for heat transfer; and 

 A formula for determining the evaporative fraction based on 

energy balance in limiting cases. 

 

SEBS requires three sets of information as an input.  

 

 The first set consists of land surface albedo, emissivity, 

temperature, fractional vegetation coverage, LAI and the height 

of the vegetation (or roughness height). NDVI can be used when 

vegetation information is not explicitly available. The above 

mentioned inputs can be derived from RS data.  

 The second set consists of air pressure, temperature, humidity and 

wind speed at a reference height
5
. These are variables estimated 

by a large-scale meteorological model.  
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 The third dataset consists of downward solar radiation and 

downward long-wave radiation that can be direct measurements, 

model output or parameterised. 

 

For estimation of regional scale ET and atmospheric surface layer 

estimation of local scale ET, SEBS uses models based on the theories of 

thermal roughness, bulk atmospheric boundary layer similarity and the 

Monin–Obukhov similarity (MOS) (Brutsaert, 1999). By replacing the 

MOS stability functions with the bulk atmospheric boundary layer 

similarity functions proposed by Brutsaert (1999), the system equations 

can be used to relate surface fluxes to surface variables and the mixed 

layer atmospheric variables provided either by radio sound data or 

obtained from atmospheric model fields. The determination of the 

evaporative fraction (the ratio of latent heat flux to the available energy) 

on the basis of energy balance at limiting cases is carried out, and, 

finally, the turbulent heat fluxes are determined by utilising the surface 

energy balance. Further, by utilising the conservative characteristics of 

the evaporative fraction, the daily evaporation can be determined given 

the total daily available energy. 

SEBS uses a correcting method to scale the MOS derived sensible heat 

flux between hypothetical dry and wet limits based on the relative 

evapotranspiration concept. Finally, this scaled sensible heat flux can be 

used to calculate the latent heat flux () as a residual term in the general 

energy balance equation shown in equation 3.3. Chapter 6 provides 

details on the SEBS model developed by Su (2002) and Su et al. (2005).  

The advantage of the SEBS method is that it can be used to estimate 

turbulent heat fluxes with acceptable accuracy at different scales, and a 

prior knowledge of actual turbulent heat fluxes is not required, indicating 

that it is an independent and credible approach (Su, 2002). However, it 

requires aerodynamic roughness height and many other parameters, and 

                                                                                                                                 
5 The reference height is the measurement height for point application and the height of 

the planetary boundary layer for regional application. 
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is a relatively complex solution of turbulent heat fluxes which can be a 

source of inconvenience when data is not available readily (Gowda et al., 

2007; Li et al., 2009; Timmermans et al., 2013). 

According to Gibson et al.(2013) SEBS model is available to all as open 

source software and can be used by researchers/users with remote 

sensing knowledge for developing their own models bases on their 

requirements for estimation of ET 

Spatial Algorithm for Mapping ET (SAM-ET) 

SAM-ET is a two source energy balance algorithm which has been 

developed and validated constantly on water-related projects within 

Australian irrigation systems (Hafeez et al., 2009; Hafeez and Chemin, 

2010). The algorithm consists of 32 computational steps that calculate 

ETa and other energy exchanges at the earth’s surface using 

optical/thermal satellite imagery. The imagery source is standardised by 

using a common and identical pre-processing procedure. SAM-ET 

requires a few pre-processed parameters. These parameters include 

NDVI, surface emissivity, albedo, surface temperature (LST) and LAI. 

These parameters are fully standardised for operational optical-thermal 

satellites such as Landsat 5 TM/ 7 ETM+, TERRA/MODIS and 

TERRA/ASTER. The pre-processed parameters have been cross-checked 

with ground truthing knowledge acquired through surveys and data 

collections (Hafeez and Chemin, 2010).  

Initialisation of the sensible heat flux estimation was through an 

analytical solution of the diabatically uncorrected energy balance. This 

permits initialisation of the energy balance and structures in the two-

source separation conditions at a pixel level to enable diabatic correction. 

This also removes the need to externally assess the initial fraction of 

vegetation cover, being an unknown of high importance in two-source 

energy balance models. SAM-ET was enhanced by Fourier versions of 

maximum (Tmax) and minimum (Tmin) temperature at 2m height in 
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given areas. Relative humidity was found to be between 0.15 and 0.3 at 

midday when the satellite imagery was taken; this depends on the 

latitude within the MDB, but is regardless of the month. These empirical 

equations from ground information were embedded into the algorithm 

and additionally provided a way to have less cumbersome input datasets.  

Diurnal net radiation and soil heat fluxes follow the relationships 

observed in the automatic weather stations at different locations within 

the study area. These on ground observed relationships to RS derived 

relationships are critical to balance out the diurnal energy available to 

partition between sensible and latent heat fluxes. Indeed, the net radiation 

and the soil heat flux join together to provide the radiation-conduction 

energy which is equal to the convection-vaporisation energy term. SAM-

ET looks into some empirical relationships of those grouped terms for 

various crops and their development stages.  

Later, it is separated into two sources, bare soil and canopy energy 

balances. Once the sensible heat (H) flux is computed, an instantaneous 

evaporative fraction, Λ is calculated from the instantaneous net radiation 

and soil heat flux. The SAM-ET algorithm estimates daily ETa by 

multiplying the instantaneous evaporative fraction at each pixel of the 

images with average net radiation over a 24-hour period (Rn24). 

Discussion 

Compared to the other RS algorithms discussed above for estimation of 

heat fluxes, SEBS developed by Su (2002) has the most important 

advantage because it includes a physical model for the estimation of the 

roughness height for heat transfer which is the most critical parameter in 

the parameterisation of the heat fluxes of a land surface. Based on the 

SEBS algorithm, validations of ET have been completed successfully in 

different geographical locations with differing scales (Su and Jacobs, 

2001; Su et al., 2003). 
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3.5 Synopsis of Estimation of Actual Evapotranspiration (ETa) in 

Irrigated Areas of Australia 

The National Water Commission (NWC) of Australia initiated the 

Raising National Water Standards Program for improving Australia's 

national capacity to measure, monitor and manage water resources by 

allocating a budget of $250 million in the year 2006. Under this program, 

the NWC has funded many projects. Out of many, three projects within 

the Irrigation and Other Rural Water theme have aimed to improve the 

application of RS technology for measurement, monitoring and 

management of agricultural water use. These projects focus on the 

measurement and application of ET data using established RS 

technology (e.g. the SEBAL model), as well as supporting the 

development of new algorithms (SAM-ET) particularly developed to suit 

the Australian environment. The aim of these projects is to deliver an 

accurate assessment of water use at various scales using novel 

technology.  

 

The first project titled “Measuring water use at the catchment scale: 

solving the great unknown in water accounting” was focused on 

quantifying the water use by different land use types (e.g., plantation 

forestry, cropping, dryland pasture, irrigated agriculture, wetlands, 

floodplains and native forest) at the catchment scale. Obtaining better 

estimates of these water uses is vital to improve knowledge and 

modelling of water availability. The SEBAL model was used in this 

project to derive actual water use. The satellite-derived estimates were 

calibrated using traditional ground measurement information. The project 

demonstrated the ability to measure actual water use at a very large scale 

across multiple land use types. It was a key contribution towards better 

accounting and improved integrated water management (NWC, 2011).  

The second project titled “Measuring, monitoring and reporting systems 

for improved management of regional water resources at farm to 
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national scales” was a complementary project that measured regional 

irrigation ET to benchmark crop water use and improve water use 

efficiency. The development of benchmarks for efficient water use by 

different crops will be a major benefit for farmers trying to improve their 

water use. The results of this project assisted in designing improved 

water management strategies at different scales (farm level, regionally 

and nationally). The technology also enables the identification of 

unauthorised water use and can assist in monitoring environmental 

watering of major flood plains and wetlands (NWC, 2011).  

The third project within this theme was undertaken by researchers at 

Charles Sturt University who developed a spatial algorithm that 

improved the application of RS technologies for measuring ET across 

Australia. This project was titled “Spatial Algorithm for Mapping 

Evapotranspiration (SAM-ET) for water productivity and vegetation 

health in Australian agro-ecosystems”. This project examined different 

international algorithms previously developed and then developed a 

suitable algorithm and a calibrated satellite RS algorithm to determine 

evaporation and plant water use for Australian conditions. This project 

helped improve water use efficiencies across Australia by providing an 

algorithm for calculating ET that is specifically suited to various 

Australian climates and conditions. This will also assist in designing 

improved water management strategies at different scales (farm level, 

regionally and nationally) (NWC, 2011).  

Hafeez et al. (2007b) compared mapping of ETa estimated by SEBAL 

with RS satellite data in the lower Murrumbidgee catchment area. They 

found that the examples from the National Airborne Field Experiment 

(NAFE) campaign (an intensive airborne campaign which lasted over 

three weeks in 2006 in the Murrumbidgee catchment) showed that ETa 

estimated using National Oceanic and Atmospheric Administration 

(NOAA) - Advanced Very High Resolution Radiometer (AVHRR) 

satellite data was always overestimated (ranging from 11.5% to 59.3%) 
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in comparison to the eddy covariance (EC) system (on average 37%) 

during the image acquisition dates. However, for the same image period, 

TERRA/MODIS ET ranges were from 9.8% to 14.3% more than the EC 

system. The results of ET from Landsat 5 TM were almost the same as 

the EC system, with negligible errors of 4.78%, -6.87% and -1.21% for 

the three image dates. From this study it is evident that the ET results 

obtained by the Landsat images are equivalent with the EC system. 

Furthermore they suggest that the combination of MODIS and Landsat is 

a better choice for future ET estimations at regional or catchment scales.  

In another study, Hafeez et al. (2008) had calculated the daily ETa and 

soil moisture in the Yanco area (including the CIA) and Kyeamba Creek. 

In this study, the SEBAL model was applied to images from various 

sensors during different satellite overpass days as a part of the NAFE 

campaign. In this study it was found that SEBAL can be used for 

different sensors for the estimation of ETa. The estimation of ETa and 

soil moisture from TERRA MODIS in combination with Landsat images 

had relatively good accuracy, and has the potential for use in water 

balance and water productivity analysis at the catchment level.  

Rabbani (2008) applied the SEBAL model to estimate ETa using MODIS 

recommended by (Shu et al., 2011) and Landsat images for the year 

2004-05 over the CIA. He applied the methodology of regression 

analysis to develop two different models that tested the significance of 

groundwater depth, groundwater salinity and soil salinity on the ratio of 

ETa to ETo. He found that with the available sparse datasets the impact of 

soil salinity and groundwater salinity on the ratio of ETa to ETo was not 

significant. However, a consistent relationship was found between 

groundwater depth and the ratio of ET’s. The results of the study 

indicated that the groundwater depth-ETa/ETo relationship can be better 

represented by using Landsat data, since the Landsat data has the 

potential to capture more spatial variability due to its higher resolution 

compared to the MODIS data. This study revealed that RS has 
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significant potential for the spatial assessment of crop stresses if suitable 

data for groundwater parameters with high accuracy and frequency are 

available.  

Recently, Ullah et al. (2009, 2010) used RS-derived ET for water 

accounting in the CIA. The study found that the improvement of water 

use efficiency required the complete understanding of various 

components of water accounting such as rainfall, surface water, 

groundwater and ET. This study followed an approach of nodal network 

modelling for spatial water accounting to evaluate agricultural water 

management at the demand node level in the CIA. The study estimated 

all parameters of hydrological data (inflow and outflow) for individual 

nodes (collection of farms) of the CIA. The study used Landsat 5 TM 

satellite images to estimate seasonal ETa and the results were compared 

with the data obtained from EC flux towers installed in the CIA. The 

initial results from the nodal network spatial water accounting were 

reliable and accurate.  

From the above presented literature, it is evident that energy balance 

algorithms have been applied for the estimation of ETa in different agro-

ecological systems. However, even using these surface balance energy 

algorithms, the application of RS technology for the estimation of ETa in 

irrigated agricultural systems has been very limited in Australia, and yet 

it is crucial to estimate ETa with appropriate algorithms for efficient 

water management in irrigated areas of Australia. 

3.6 Irrigation Water Demand Forecasting - Using Data Mining 

Techniques 

One of the main problems in the management of large water supply and 

distribution systems is the forecasting of daily crop water demand in 

order to schedule pumping effort and minimise costs. Accurate 

estimation of water demand for agriculture is a key need for water 

management. According to the Food and Agriculture Organization 
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(FAO), there will be a huge challenge in future decades to increase food 

production and ensure food security for the rapidly growing world 

population (Leenhardt et al., 2004a). Most of the food production will 

have to come from intensified agriculture, supported by irrigation. Where 

irrigated agriculture is developed, water used for irrigation can represent 

more than 90% of water consumption.  

Many studies reported that the water delivered for irrigation is not 

always efficiently used for crop production, on average only 45% of the 

water is used by the crop, 15% is lost during conveyance, 15% is lost in 

supply channels within the farms and the remaining 25% is lost due to 

inefficient water management practices (FAO 1994, Smith 2000). 

Therefore, it is evident that most of the water losses occur at farm level 

because of inefficient water management practices. In order to improve 

water management and maximise water productivity, the application of 

various hydrological and data driven models (IWDF) using data mining 

methods have become essential. In the current situation, the models to 

predict future irrigation water demand based on data mining techniques 

can be useful. Ullah and Hafeez (2011) suggested that it is essential to 

understand the behaviour of the irrigation system in the past, the current 

land use trends and the behaviour of future hydrological attributes such 

as rainfall, ET, seepage, etc. in developing a model for water demand 

forecasting. Having an accurate and reliable IWDF model based on 

hydrological, meteorological and RS data can provide important 

information to agriculture water users and managers (Pulido-Calvo et al., 

2009; Zhou et al., 2002; Alvisi et al., 2007).  

Based on the literature, there are two major approaches for estimating 

water demand: i) conceptual; and ii) system theoretical (Pulido-Calvo 

and Gutierrez-Estrada, 2009; Zhou et al., 2002; Alvisi at el., 2007). A 

conceptual model predicts the irrigation water requirement based on 

several factors including soil moisture, seepage and ET. Subsequently 

irrigation managers use these factors to estimate irrigation water demand 
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for the whole season. However, water requirements estimated at the 

beginning of the irrigation season may not be the same as the actual 

water usage due to many reasons including differences in expected and 

actual weather conditions and changes in farming practices (Pulido-

Calvo et al., 2003). 

The second approach for estimating water demand is known as the 

system theoretical approach. In this approach a model is first trained on 

available data and then used for estimating future water requirements. 

The system theoretical approach was considered to be more efficient and 

accurate than the conceptual approach (Pulido-Calvo et al., 2003; 

Moreno et al., 2007; Pulido-Calvo and Gutierrez-Estrada, 2009). 

Moreover, it can be based on easily available data only and it is cost 

effective in terms of data gathering. 

Significant development in the area of forecasting has been made 

possible through data mining by using nonlinear system theory 

modelling (Pulido-Calvo et al., 2003). Knowledge discovery from any 

dataset can be obtained through data mining. It discovers new and 

practical meaningful information from large datasets. Unlike typical 

statistical methods, data mining techniques explore interesting and useful 

information without having any pre-set hypotheses. These techniques are 

more powerful and flexible and are capable of performing investigative 

analysis (Olaiya and Adeymo, 2012). Zurada and Lonial (2005) reported 

that data mining uses a number of analytical tools such as decision trees, 

neural networks, fuzzy logic, rough sets and genetic algorithms to 

perform classification, prediction, clustering, summarisation and 

optimisation. The most common tasks among these are classification and 

prediction, which are being carried out in this study. 
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3.7 Synopsis of Demand Forecasting Using Data Mining Techniques 

in the Past 

ANN Models 

Cancelliere et al.  (2002) had adopted a neural network (NN) approach in 

combination with a soil water balance model and dynamic programming 

for determining the operating rules of the irrigation supply of Pozzilli 

Reservoir on the Salso River, Italy. The study reported that the water 

demands were computed by averaging out the monthly irrigation 

requirements, which were obtained through a soil water balance model, 

and then optimal releases were computed by the application of dynamic 

programming (DP) by adopting the sum of squared deficits objective 

function. Finally the operating rules of an irrigation supply reservoir 

were derived using NN techniques by using the results of DP on a large 

dataset of multiple years which also contained a severe drought period. 

The obtained operating rules were then validated by simulating the 

behaviour of the reservoir on a different short period. The behaviour of 

the different trained networks (operating rules) was assessed by 

simulation in terms of squared deficits with respect to water demands, of 

reservoir performance indices (including reliability and vulnerability) 

and of a crop yield index. 

ARIMA Models 

Pulido-Calvo et al. (2003) evaluated the methodologies for consumer 

demand modelling and prediction in a real time environment for an on-

demand irrigation water distribution system in Fuente Palmera, located in 

the province of Cordoba (southern Spain). Pulido-Calvo et al. (2003) 

developed and compared the approaches based on linear multiple 

regression, univariate time series models (exponential smoothing and 

autoregressive integrated moving average (ARIMA)), and computational 

neural networks (CNNs) to predict the total daily volume demand. They 

also applied the templates to the predicted daily volume demand in order 
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to produce the diurnal demand. The input variables used in the various 

CNN and multiple regression models were water demand from previous 

days, climatic data (maximum temperature, minimum temperature, 

average temperature, precipitation, relative humidity, wind speed and 

sunshine duration) and crop data (surfaces and crop coefficients). It was 

observed that the CNN models provided better prediction results than the 

multiple regression and univariate time series models for daily water 

demand. The best results from CNN models were obtained when water 

demand and maximum temperature for the two previous days were 

considered as inputs. When the state of the system is monitored 

continuously, the CNN model is well suited for real time operation. It 

allows the operator the liberty of quickly adopting solutions to 

compensate for changing circumstances by producing new demand 

forecasts with updated information when deviations from the planned 

state are detected.  

Leenhardt et al. (2004a) developed ADEAUMIS - a simulation platform 

based on bio-decisional modelling and spatial information for estimating 

irrigation demand for water management in the Baise sector of the Neste 

system in south west France. The intention in developing ADEAUMIS 

was to improve decision making in strategic water management. The aim 

of this was to estimate irrigation demand over a large area, so it needed a 

spatial database and bio-decisional model. The main variables used in the 

database were irrigated area, weather data and agricultural practices 

(such as crops, sowing dates, varieties and irrigation decision rules).  

In a further development to this study, Leenhardt et al. (2004b) validated 

ADEAUMIS in the Baise sector of the Neste system. The validation of 

this simulation platform was conducted in two ways. Firstly, by studying 

the operational validity of ADEAUMIS and comparing the simulated and 

measured data for irrigation demand. Secondly, by studying the 

credibility of ADEAUMIS and comparing its performance to that of the 

current DSS - whether the new platform would have allowed better 
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decisions to be taken in a specific, and difficult, year. The operational 

validation procedure of ADEAUMIS showed that the average irrigation 

practices allowed a good simulation of irrigation demand over the whole 

region. 

It was also found that the irrigation water demand estimated by using the 

total water flow subscribed by the farmer had a good correlation with 

actual water delivered during the summer seasons of 1998 and 2000. 

However, the difference between the actual and forecasted water demand 

was reduced by starting and delaying rules for irrigation after rainfall 

occurrences. Since ADEAUMIS uses a deterministic approach, it 

improved knowledge and had the ability to predict withdrawals after the 

date of simulation by using past weather data. 

Chau et al. (2005) compared two hybrid models based on artificial 

intelligence for flood forecasting of the Yangtze River in China. The two 

hybrid models used were: i) genetic algorithm-based artificial neural 

networks (ANN-GA); and ii) adaptive network-based fuzzy inference 

systems (ANFIS). An empirical linear regression model was used as the 

standard for comparing the performances of both models. Here the water 

levels downstream of the river were forecasted by using known water 

levels upstream. It was found that both the hybrid models performed 

better than the assumed standard linear regression models. Between the 

two hybrid models, the ANFIS model was found to be optimal but it 

required a large number of parameters. The performance of ANN-GA 

was also found to be comparatively good, but it required a longer 

computational time. 

Support Vector Machine 

Lin et al. (2006) employed a Support Vector Machine (SVM) to predict 

the long term flow discharge of the Manwan hydropower scheme in the 

Lancang River. The study reported that in earlier days, autoregressive 

moving average (ARMA) models were used for modelling water 
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resource management, and in recent years ANNs have also been proven 

to be very efficient in hydrological modelling. However, the study 

deployed SVM to predict long term flow discharge and proved that the 

SVM produced better results compared to the ANN and ARMA models. 

In this study they used data from January 1994 to December 1998 for 

training the model and data from January 1999 to December 2003 to 

validate the model.  

Pulido-Calvo et al. (2007) evaluated the performance of linear multiple 

regressions and feed forward CNNs for the purpose of demand modelling 

in a pressurised model. The models were established using real time data 

from a commercial telemetry system installed at 28 farms of an irrigation 

water distributor system located in Andalusia, southern Spain. This 

telemetry system, along with corresponding software for its control, and 

the management and treatment of the obtained data, permitted the 

monitoring of the irrigation water distribution system. The input or 

independent variables used in the CNN models and multiple regression 

models were water demand from previous days and climatic data 

(rainfall, maximum, minimum and average temperatures, relative 

humidity and wind speed) from previous days. The best predictions of 

water demand were attained when the original data of water demand was 

modified by a smoothing process for reducing noise in the data 

acquisition in the calibration period. The multiple regression linear 

model and neural approaches provided similar results when water 

demand of the two days prior to forecasting was used as an input or 

independent variable. However, when water demand and climatic 

variables were considered as input data, the CNNs performed better than 

the regressions.  

Moreno et al. (2007) developed a new stochastic methodology called 

random daily demand curve (RDDC) and compared it with clement 

methodology in order to achieve a more accurate design flow in a 

pressurised irrigation system in Tarazona de la Mancha (Albacete, 
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Spain). The RDDC provided a better fit with the measured data 

compared to clement methodology, which underestimated the design 

flow by 35-40%. The reason for the underestimation using the clement 

formula is due to its consideration of an average opening hydrant 

probability concept, which means if in a network with n number of 

hydrants each having a discharge of d; it is not possible that all hydrants 

would open at the same time. Then the total discharge would never be 

nXd The RDDC methodology is based on the assumption of a random 

starting time for the opening of a hydrant for irrigation with a set time for 

the irrigation of each plot. These assumptions resulted in higher flow in 

the pipes due to a higher accumulation of open hydrants. In this on-

demand irrigation network, the measured main line flow does not fit any 

statistical distribution, but has a better approximation to a Weibull or 

gamma distribution. However, a reasonable estimation of the discharge 

demanded by the system was obtained due to consideration of normal 

fittings of discharges.  

Adamowski (2008) evaluated the performance of several forecasting 

techniques including multiple linear regression, time series analysis and 

Artificial Neural Networks (ANNs) for a peak daily summer water 

demand forecast for the city of Ottawa, Canada. The study used a 

historical dataset of ten years comprising of peak daily water demand 

data and meteorological variables such as maximum daily temperature 

and daily rainfall for the summer months of May to August of each year. 

The study generated as many as 39 multiple regressions and ANNs each 

and nine time series models and indicated that the ANN model provided 

better predictions than the other two models. The study stated that the 

best results from the ANN were produced when peak water demand from 

the previous day, maximum temperature from the current and previous 

day, and the occurrence/non-occurrence of rainfall for five days before 

were used as input data. This study found the fact that peak daily water 

demand is better correlated with rainfall occurrence rather than the 

rainfall amount itself.  
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Pulido-Calvo and Gutierrez-Estrada (2009) evaluated the performance of 

a hybrid methodology by pairing feed forward ANNs with fuzzy logic 

and genetic algorithms for forecasting short term irrigation water demand 

in the Fuente Palmera irrigation district located in southern Spain. With 

this approach they forecasted daily water demands a day prior to actual 

use. This model estimated the correction of forecasts obtained from a 

univariate autoregressive neural network by using a fuzzy inference 

system. The optimum values of the parameters of the fuzzy system were 

found by using a genetic algorithm. This hybrid methodology was 

applied with univariate autoregressive ANN models for comparison 

purposes. They concluded that the performance of the hybrid model was 

significantly better than univariate and multivariate autoregressive ANNs 

based on the evaluations made with several statistical analyses. 

3.8 Summary 

Due to the rapid increase in global population, a large amount of food 

and water will be required for human consumption. Currently, in many 

countries, the water use efficiencies in irrigated agriculture are very low. 

Therefore by adopting and developing new tools for efficient water 

management practices, there is a possibility to increase food production 

while consuming less water. The tools such as a DSS incorporated with 

various hydrological models and RS techniques to forecast irrigation 

water demand and estimation of ETa will be useful to a great extent. 

 

Based on the literature review regarding the influencing factors - the 

recent drought, climate change and the increasing demand for water 

requirements - the need for developing tools for efficient water 

management has become prominent. The critical messages drawn from 

the above said issues are listed as follows:  

 

 Appropriate decision making tools and accurate 

hydrometerological data are essential for efficient irrigation water 
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management in irrigated agriculture. Due to increasing water 

scarcity, there is a growing importance on the efficient use of 

water in agriculture, and thus techniques for monitoring irrigation 

water use and productivity are becoming increasingly vital. 

Typically web-based DSSs are becoming important tools in the 

decision-making process to help agriculture growers and 

irrigation area managers. A DSS can assist farmers and irrigation 

managers in making better decisions by integrating different 

kinds of information such as hydrological, spatial, weather, etc. It 

also helps in running models, enhancing management skills and 

reducing the cost of agriculture production at the farm. It is 

evident from the literature that despite the vast variety of benefits 

a DSS can provide, adoption of DSSs in the farming society has 

been very low (Lynch et al., 2000; Newman et al., 2000). This is 

mainly because of a lack of end user involvement in the 

development phase. Moreover, the outputs of the DSS may not 

fulfil the requirements of the users due to the complexities 

involved in running a DSS. Typically, a DSS is developed for a 

specific hydrological unit such as a particular river basin, 

irrigation area or wetland. Every hydrological unit has its own 

complexities. A DSS can be beneficial to the users only if it is 

developed by considering the hydrological unit’s unique 

characteristics, issues and requirements. DSSs have been divided 

into different categories based on their networking capabilities. 

Based on our requirements we can select a suitable DSS. 

 

 Having appropriate knowledge and understanding of spatial and 

temporal deviations of different hydrological parameters within 

an irrigation system will be advantageous in designing and 

developing tools for efficient management of available water 

resources. One such tool could be RS which has the ability to 

derive and estimate accurately some hydrological parameters, for 
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example ET which is one of the important parameters in the 

hydrological process is the crop water use or ET. Since most of 

the water returns back into the atmosphere in the form of 

evaporation and through the ET process, ET can be computed as 

reference, potential and actual depending on the purpose of its 

use. However the accurate prediction/estimation of ETa is very 

important for irrigation managers in describing the actual water 

consumption from vegetation. ET can be derived in many ways 

such as water balance methods, micro-meteorological and RS 

methods. RS techniques have been widely used worldwide for 

estimation of ETa at different scales (such as farm to irrigation 

area and also on larger scales). The RS technique uses the surface 

energy balance algorithm to estimate the ETa (such as SEBS, 

SEBAL and SAM-ET). 

 

 Irrigation water demand forecasting has a major influence in 

improving water management practices at micro (farm) and 

macro (irrigation system) levels. A large amount of water in 

irrigated agriculture is wasted due to poor water management 

practices. To improve water management in irrigated areas, 

models for estimation of future water requirements are needed. 

Developing a model for forecasting irrigation water demand can 

improve water management practices and maximise water 

productivity. In the past, methods for water demand forecasting 

have been developed based on statistical analysis. Some of the 

methods developed in the past are only good/helpful at the 

planning stage because water requirements estimated at the 

beginning of the irrigation season may not be the same as the 

actual water requirement for many reasons such as differences in 

expected and actual weather conditions and changes in farming 

practices. Therefore there is a need for a demand forecasting 
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model which is reliable and can be useful in a real time 

environment. 

 

 It is evident from the literature that data mining techniques are 

increasingly being applied in the field of hydrology for 

developing models to predict various hydrological attributes such 

as rainfall, pan evapotranspiration, flood forecasting and weather 

forecasting. However, data mining techniques have not been used 

for IWDF. Data mining discovers new and practically meaningful 

information from large datasets. Unlike any typical statistical 

methods, data mining techniques explore interesting and useful 

information without having any pre-set hypotheses. These 

techniques are more powerful and flexible and are capable of 

performing investigative analysis.  

 

The following points can be derived based on the available literature:  

 

 Studies based on water demand forecasting at different scales 

have not been carried out in irrigated areas of Australia. 

  

 There is a need for selection of appropriate hydrological and 

meteorological parameters for accurate estimation of future water 

demand. 

 

 No study has been found doing IWDF for the next seven days by 

considering the actual physical processes of irrigation systems.  
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4 METHODOLOGY 

This chapter describes the methodology adopted to achieve the 

objectives of the present study. This study aims to develop:  

i) a web-based information system for an efficient water 

management in a near real time environment. This is 

comprised of a user friendly interface, a database and a 

collection of hydrological models;  

ii) automation of RS-based modelling processes for estimation 

of ETa using SEBS;  

iii) establishing the best model for irrigation demand forecasting 

by comparing several data mining techniques based on spatio-

temporal data at different scales; and  

iv) integration of the above models into the developed 

information system which can ultimately be used as a DSS 

for efficient irrigation water management.  

In order to carry out this study, an approach to create a DSS containing 

all necessary information for the CIA farmers and managers has been 

adopted. Initially, a web mapping information system called Coleambally 

Integrated River Information System (IRIS) was designed and 

developed. This web-based information system consists of a database, a 

collection of hydrological models and a user friendly interface. The 

database consists of information on various hydrological parameters. 

Several hydrological models were developed such as a model for 

automation of RS-based processes for estimation of ET using the SEBS 

methodology.  

Finally an IWDF model using data mining techniques has also been 

developed and integrated into the information system. This user friendly 

web-based information system will ultimately be helpful as a DSS for 
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managing water more efficiently in the irrigation area. This DSS will 

provide water managers with a deeper and more useful understanding 

about the irrigation demand and supply within the CIA. 

The study was carried out for the summer seasons of 2007-08, 2008-09, 

2009-10 and 2010-11. The major justification for selecting these years 

was the availability of climate and field data which was required to 

develop models including IWDF and automation of RS modelling for 

estimation of ET for all farms of the CIA as well as the whole irrigation 

area (CIA). 

4.1 Tools, Techniques and Data Sources 

The Decision Support System (DSS) developed in this study is a three 

tier architecture comprising of Web Interface, Server/s, and a Database 

besides hydrological models.  

The tools which are used to develop this DSS as follows: 

i. A hypertext transfer protocol (http) is used by the web interface 

to send a hypertext markup language (HTML) request to the web 

server. 

ii.  The web server then processes these requests and sends them to 

the appropriate sections into the MapServer or PostgreSQL. 

MapServer or PostgreSQL is a database server where all the data 

related to time series, Geographical (GIS), documents related to 

time series data and instruments are stored.  

iii. PHP server side scripting language, Java object oriented 

programming language, HTML web page markup language, and 
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XML extensible markup language are used to build the web 

interface.  

iv. These are built in a standard Linux environment with an Apache 

as a web server. The Apache web server is used to connect the 

clients with the HTTP web server. Through the Apache web 

server it stores various uploaded data in PostgreSQL databases 

and the file system, and displays the data graphically.  

v. By using Global System for Mobile Communication (GSM) 

technology, data are collected from various instruments to a 

computer (Raw Data Collection Station, RDCS). Instruments 

such as Flux Towers, Automatic Weather Stations and 

Scintillometers are used for weather data collection.  

Techniques used in developing Hydrological models: 

For developing irrigation demand forecasting model various data 

mining techniques were used. The techniques are listed as follows 

i. Decision Tree 

ii. Artificial Neural Networks 

iii. Decision Forests 

iv. Support Vector machines 

v. Logistic Regression 

vi. Evapotranspiration based prediction 

vii. For developing automation of Evapotranspiration model 

SEBS method/ technique is used. 

All the above listed techniques are explained in detail in section 

4.5 of this chapter and SEBS model is described in chapter 6. 
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Datasets used in this study are as follows: 

For developing Irrigation Demand Forecasting Model, this study 

collected data from three different sources. The first source was the  

i. Water delivery statements collected from CICL.  

ii. The second source was climatic data/meteorological data and t 

iii. The third source was spatial data/RS data. 

To develop irrigation demand forecasting model historical data of 5 

Years from 2005-06 to 2009-10 has been used. 

For automation of ET model using SEBS the data from Landsat 5 TM 

images was selected s for summer season 2009-10, winter 2010 and 

summer 2010-11. 

 

4.2 Web-based Decision Support System for Irrigation Water 

Management  

The main aim in designing the web-based DSS called Coleambally IRIS 

is to help farmers and managers of CIA to access relevant crop water 

usage information. The farmers can access the information about their 

farms while the managers can access information at the system level 

covering the entire CIA. The Coleambally IRIS is modular structured 

application, which is a web-based system with a focus on time series and 

geospatial data. It provides user friendly services for data input and 

output, and an adaptable set of functions for data analysis, management 

and enrichment. 

Adaptable tools and methods are needed to integrate information, and to 

develop understanding and strategies for the sustainable use and 

management of environmental systems. Such tools should assist the 

farmers of the CIA in decision making by providing them with 

information about relevant parameters from measured data, and tools and 

methods for integrated analyses of such data with user friendly access, 

i.e. environmental information systems (EIS). 
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Many existing data management systems are web-based systems where 

users are able to search, locate and access the datasets provided. A 

catalogue service is usually implemented to handle search requests and 

provide information about available datasets. 

This modular-structured application consists of: (i) a comprehensive and 

spatially-enabled relational database; and (ii) an application server 

providing a web-based user interface for easy data access. The layout of 

IRIS follows a standard 3-tier architecture design as shown in Figure 4.1 

by using PostgreSQL as a storage engine. This user friendly web-based 

DSS will ultimately be a helpful tool for irrigation farmers and managers 

in managing water more efficiently in the irrigation system. 

4.2.1 Advantages of a DSS in agriculture  

Typically, a DSS can be developed for a specific hydrological unit such 

as a river basin, irrigation area or wetland. The main reason behind 

developing such a specific DSS is that each hydrological unit has its 

unique characteristics, issues and requirements which are expected to be 

solved by the DSS. The use of DSSs in agriculture and crop production 

can help producers and agricultural advisers to combine different kinds 

of information, such as hydrological, meteorological and spatial data, 

into more usable forms and so enhance management skills through 

improved decision making. They can be useful tools to learn and 

implement new farming practices. The DSS can help to compare the cost 

effectiveness of various crop production alternatives. It can reduce costs 

of production and improve productivity and sustainability by matching 

crop water requirements (Newman et al., 2000). Furthermore, the DSS 

can also be used as an educating tool for the farming society. By using an 

advanced DSS, farmers can test the consequences of growing different 

crops in different conditions to analyse the productivity of the crop. 

 

Several DSSs used in agricultural productivity are based on model 

simulation techniques because the model has the capability of learning 
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quickly and can identify the driving parameters which can affect the 

system. Many DSSs have been developed in the past in the agricultural 

sector. For example Mateos et al. (2002) presented a DSS called SIMIS 

for improving water management practices, Nixon et al. (2001) 

developed a DSS for irrigation scheduling, Labadie et al. (2007) 

designed and developed a DSS called KModSim to handle the adverse 

effects of extreme hydrological conditions and Morrison (2009) also 

presented a DSS called Irrigator Pro using modern technology to help 

farmers make better irrigation pest management decisions. 

4.3 Description of Adaptive Integrated Data Information System 

(AIDIS) 

The Adaptive Integrated Data Information System (AIDIS) is a web-

based information management system developed by the Department of 

Geoinformatics, Hydrology and Modelling (DGHM) at the Friedrich-

Schiller University, Germany (Flugel, 2007). It allows a user to upload 

various types of data, displays the uploaded data and graphically plots 

some data for better understanding and decision making. In order to be 

successfully applied in present international research programs, it 

supports data import, export and visualisation of ArcView shape files 

and other formats. Database management system (DBMS) software 

components are used.  
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Figure 4.1: Technical Layout of AIDIS (Karlish et al., 2009) 

The construction of AIDIS follows a standard 3 tier architecture design 

as shown in Figure 4.1. It uses several open source software components, 

including a standard Linux environment with an Apache web server, 

PostgreSQL, PostGIS and MapServer. The Apache 

(http://httpd.apache.org/) web server is used to connect clients with the 

HTTP web server. Through the Apache web server, AIDIS stores various 

uploaded data in PostgreSQL databases and the file system, and displays 

the data to users with visually attractive graphical plots. It uses the 

PostgreSQL database as an object relational database management 

system (RDBMS). PostgreSQL is highly extensible in the sense that it 

allows the admin user (administrator of the database) to modify 

information about data types, functions and access methods that are 

stored in the system catalog tables without changing any hardcoded 

procedures in the source code (PostgreSQL, 2010). PostGIS is used in 

order to extend the capability of the PostgreSQL database server so that 

it can also serve as a backend spatial database server to support 

geographic information systems (GIS). AIDIS uses Minnesota Map 

Server (http://mapserver.org/) for visualisation of the maps. MapServer is 

a geographic data rendering engine written in C programming language. 

In addition to displaying GIS data, it also allows the user to create 

http://httpd.apache.org/
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geographic image maps that direct users to the map contents (MapServer, 

2009). AIDIS uses several languages such as PHP (server side scripting 

language), Java (object-oriented programming language), JavaScript, 

HTML (web page markup language), and XML (extensible markup 

language) (Flugel, 2007). 

A user can access the application sever over the internet. AIDIS allows a 

user to store various data types such as geo data, time series data and 

documents. Several types of geo data including shape files, image files, 

raster data and vector data can be stored in the geo database of AIDIS. 

The geo data is linked with the MapServer and PostGIS software 

packages for storage and visualisation. A web-based map editor has been 

added with MapServer in order to increase its usability. Moreover, 

through the AIDIS web interfaces, a user can upload time series data that 

is collected from different weather stations. The user can also choose one 

or more parameters to be graphically displayed.  

AIDIS has a class-oriented hierarchical structure that has been created 

using Unified Modelling Language (UML). Moreover, for ease of 

installation DGHM has developed the following complementary 

components; a database networking system (DBNS) that automatically 

installs all required software components including the Linux operating 

system, and a river basin information system (RBIS) that handles all 

map-related data imports and exports via the web. It uses MapServer and 

GIS functionalities provided by PostGIS. The RBIS allows a user to 

generate new maps for dissemination.  

A prototype of AIDIS was initially used in the “Water for Food” 

program of the International Water Management Institute (IWMI) in 

2003. The lessons learned from the usage were then used to further 

develop AIDIS. It has been used in many different projects such as the 

Tisza River project within the EU Framework program (Flugel, 2007). 

Some examples where the AIDIS model has been applied successfully 

are the Thuringia Basin (16,172 km
2
), the Weida Basin (102 km

2
) and 
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the Mulde Basin (5940 km
2
) of Germany, the Mooi River Basin (307 

km
2
) of South Africa and the Duck Catchment (370 km

2
) in Tasmania 

(Flugel, 2007). In addition, AIDIS is especially suitable to manage time 

series data and provides various functions for analysing and filling data 

gaps which is usually an important pre-processing step for environmental 

model applications. 

4.3.1 Software Architecture 

The Coleambally IRIS web interface uses hypertext transfer protocol 

(http) to send a HTML request to the web server. A conceptual diagram 

of Coleambally IRIS can be seen in Figure 4.2. The web server then 

processes these requests and sends them to the appropriate sections such 

as MapServer or PostgreSQL. The processed data is then sent back to the 

web interface by the web server. The web interface uses several 

languages such as PHP, Java, HTML, and XML. It uses a standard Linux 

environment with an Apache web server, PostgreSQL, PostGIS and 

MapServer. The Apache web server is used to connect the clients with 

the HTTP web server. The Apache web server stores various uploaded 

data in PostgreSQL databases and the file system, and displays the data 

to the user with graphical plots. It uses the PostgreSQL database as an 

object relational database management system (RDBMS). A detailed 

explanation about the architecture and working of Coleambally IRIS is 

explained in Chapter 7.  Figure 4.5is the architecture of the IWDF model 

and Figure 4.6 is the architecture automation of the ET model. These 

models are incorporated into Coleambally IRIS and will interact with 

different components of the DSS. These models function on user’s 

demand.  

The DSS allows a user to upload various types of data, such as geo data, 

time series data and documents. The DSS can display the uploaded 

relevant data and graphically plots climate and crop water usage data for 

better understanding and decision making. Several types of geo data 
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including shape files, image files, raster data and vector data can be 

stored in the geo database of Coleambally IRIS. The geo data is linked 

with the MapServer and PostGIS software packages for storage and 

visualisation. A web-based map editor has been added with MapServer 

in order to increase the DSS usability. Moreover, through the 

Coleambally IRIS web interfaces, a user with appropriate privileges can 

upload time series data that was collected from different weather 

stations. The user can also choose one or more hydrological parameters 

to be graphically displayed either at farm or system level. RS-processed 

images such as ET, NDVI, LAI, soil moisture, surface temperature and 

land use/land cover can also be viewed by the users to gather information 

about crop health and irrigation water consumption at different spatial 

scales. 
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Figure 4.2: Conceptual Diagram - Coleambally IRIS 
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4.3.2 Coleambally IRIS information exchange 

As a platform for geo data storage and visualisation, the MapServer and 

PostGIS software packages have been used. In order to increase ease of 

use, some modifications were made to MapServer with a web-based map 

editor. As a web stack, a standard Linux environment with an Apache 

web server, PHP and PostgreSQL/PostGIS (LAPP) was used. Data was 

stored within database tables and in the file system (raw data). In view of 

the fact that different kinds of data have been stored in the database, its 

application components are therefore different. Three different databases 

were used for storing geo data, time series data and metadata 

information. Since IRIS is accessible via the web and designed for 

distributed access by users with different levels of access authorisations, 

a flexible and powerful permission management system was an 

important precondition for its acceptance and trusted use. This was 

achieved by granting access rights to single users and user groups based 

on:  

 Data types, e.g. access to geo data only; 

 Dataset ownership, e.g. write access to a dataset only for its 

creator; and 

 Dataset location, e.g. access for farmers whose farm location 

is within some defined spatial area, i.e. a polygon.  

In addition to the privacy preservation by introducing the permission 

management system, transparency is accomplished by means of a 

comprehensive access logging mechanism which is responsible for 

recording write access to all data. Due to its flexible and modular 

database and application design, IRIS can easily be modified to meet 

emerging demands or requirements (at both the farm and node levels) for 

new data types and the relationships between them. This is achieved by a 

description layer in the IRIS software that takes care of read/write access 

to database contents. This layer takes an XML document as input which 
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describes database relations and attributes that define a certain data type, 

for example measuring stations. The XML document is then evaluated 

by IRIS in order to create the SQL statements and user interfaces needed 

to perform different actions on this data, such as search, browse, edit, add 

or delete measuring station datasets. Figure 4.3 displays a flowchart 

representing Coleambally IRIS information access. 

 

Figure 4.3: Coleambally IRIS Information Exchange 

4.4 RS-based Modelling Process for Estimation of ET 

As discussed earlier in the literature review, there are number of methods 

for estimating ETa through RS using optical-thermal satellites. A suitable 

method can be chosen depending upon the purpose of the application. 

The selection of a suitable method is very complex due to the availability 

of a wide range of approaches for the estimation of ET. In this current 

study, SEBS has been chosen and considered as a reasonable method 

which requires a minimum of ground-based measurements for the 

estimation of ET (Su, 2002) such as temperature, air pressure, relative 

humidity and wind speed. The advantage of the SEBS method is that it 
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can be used to estimate turbulent heat fluxes with acceptable accuracy at 

different scales and a prior knowledge of actual turbulent heat fluxes is 

not required, indicating that it is an independent and credible approach 

(Su, 2002). 

It has been successfully applied in Australia and different parts of the 

world at different scales for the estimation of ET in several different 

studies (NWC, 2010a). 

The theory of surface energy balance and its modelling are discussed in 

the below sections. 

4.4.1 The surface energy balance 

In the past many researchers had worked on the estimation of 

atmospheric turbulent fluxes at the land surface and they discovered that 

it is the most important process in the determination of the exchanges of 

energy and mass among the hydrosphere, atmosphere and biosphere 

(Bowen, 1926; Penman, 1948; Monteith, 1965; Priestly and Taylor, 

1972; Brutsaert, 1982; Morton, 1983; Famiglietti and Wood, 1994; 

Sellers et al., 1996; Su and Menenti, 1999; Su and Jacobs, 2001). 

Conventional techniques that employ point measurements to estimate the 

components of energy balance are representative only of local scales and 

cannot be extended to large areas because of the heterogeneity of land 

surfaces and the dynamic nature of heat transfer processes. RS is 

probably the only technique which can provide representative 

measurements of several relevant physical parameters at scales ranging 

from a point to a continent. Techniques using RS information to estimate 

atmospheric turbulent fluxes are therefore essential when dealing with 

processes that cannot be represented by point measurements only (Su, 

2002). Figure 4.4 represents the schematic form of the energy balance at 

the land surface. The surface energy balance executes the exchange of 

water and the partition of the surface turbulent fluxes into soil heat flux 



 

83 

 

(G), sensible heat flux (H) and latent heat flux (LE). Equation 3.3 

represents the surface energy balance equation.  

 

The surface albedo, controlling the fraction of the incident short wave 

radiation absorbed by the surface, depends on the soil and vegetation 

type and state and on the amount of snow present. The net long wave 

radiation depends also on the properties of the land surface, namely the 

surface emissivity and the surface skin temperature. Since the net 

radiation flux (the sum of solar and long wave radiation) is downward, 

and because the land surface has a small thermal inertia, the sum of latent 

and sensible heat fluxes must be an upwards flux. In the surface energy 

balance equation (see equation 4.1), the surface latent heat flux LE is the 

product of latent heat L and the evaporation flux E. This indicates that 

the water is available at the surface in a condensed phase and is passed to 

the atmosphere in the vapour phase. The surface undergoes evaporative 

cooling during the above process (Viterbo, 2002). All the three 

parameters/components, Rn, G and H can be estimated by combining RS 

and ground-based meteorological parameters. Below is the explanation 

of the calculations of these three energy balance components.  

 

i) Net Radiation (Rn) 

 

Net radiation (Rn) is a key variable in hydrological studies. It is the total 

heat energy which is the summation of G, H and LE, and can be defined 

as the electromagnetic balance of all the incoming and outgoing energy 

fluxes. 

 

It can be estimated by the summation of the difference between the 

incoming short wave radiation (Rns) and reflected outgoing short wave 

solar radiations and difference of the downwelling atmospheric, surface 

emitted and reflected long wave radiation (Jackson, 1985; Kustas and 

Norman, 1996; Li et al., 2009, Irmak et al., 2003). Rn is normally 
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positive during the daytime and negative during the night. The total daily 

value for Rn mostly stays positive except in extreme conditions at high 

latitudes (Allen et al., 1998). 

 

 

Figure 4.4: Surface Energy Balance Representation (Source: Earth 

Observatory) 

 

 

Rn is expressed in equation form as follows: 

 

 n ns nlR R R                                                        (4.1) 

Where:  Rn is Net radiation (MJm
-2

d
-1

); 

Rns is incoming net short wave radiation (MJm
-2

d
-1

) (see 

Equation 4.3); 

Rnl is outgoing net long wave radiation (MJm
-2

d
-1

) (see 

Equation 4.4). 

 

  1ns sR R                                                       (4.2) 

Where:  α is surface short wave albedo; and  

Rs is incoming short wave solar radiation. 
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  4 4

nl s a a s sR T T                                               (4.3) 

Where:   σ is the Stefan-Boltzman constant;  

εs is surface emissivity;  

εa is atmospheric emissivity;  

Ta is atmospheric temperature; and  

Ts is surface temperature.  

 

In field conditions, pyrgeometers and pyranometers or net radiometers 

above the vegetated surface are used for measuring Rn. Kustas and 

Norman (1996) found that a number of RS methods for the estimation of 

surface net radiation had 5-10% uncertainty as compared to ground-

based observations on meteorological time scales. 

 

ii) Soil Heat Flux (G)  

 

The soil heat flux (G) is the energy which is utilised in warming and 

cooling of the soil. G is positive when the soil is warming and negative 

when the soil is cooling. The heat energy used to warm up the soil during 

daylight hours develops a temperature gradient between land surface and 

sub-surface (ΔTg). As a result of the temperature gradient, a heat flux 

develops in the soil (Teixeira, 2008). This can be expressed as: 

 g

Tg
G

Zg






                                                        (4.4) 

Where:  λg is soil thermal conductivity;  

Tg is the soil temperature; and  

Zg is soil depth.  

 

G largely depends on soil thermal properties, which are a function of soil 

composition and soil moisture content by giving a certain amount of 

energy at the soil surface (Ten Berge, 1990; Teixeira, 2008). 
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A common practice in measuring soil heat flux is to place the sensors 

beneath the soil surface, however then the extrapolation of ground-based 

measurements to the regional scale is inappropriate as it varies 

considerably from dry bare soil to well-watered vegetated surfaces. 

Accurate estimation of G from RS platforms is still impossible. 

Moreover it has been found that G is relatively small as compared to Rn 

and it has only a small effect (2%)on the calculated latent heat flux (Li et 

al., 2009). 

 

iii) Sensible Heat Flux (H)  

 

Sensible heat flux is the course of action where heat energy is transferred 

from the Earth’s surface to the atmosphere by conduction and 

convection. It is the main driving force to warm/cool the air above the 

surface. In other words sensible heat flux can be said to be the amount of 

heat transmitted per unit of area per unit of time. H can be expressed as 

the combination of the difference of aerodynamic and air temperatures 

with aerodynamic resistance (ra) using the following equation (Li et al., 

2009): 

 

 
 aero a

a

C T T
H

r

 
                                             (4.5) 

 

Where:  ρ is air density (kg/m
3
);  

Cρ is air specific heat at constant pressure (J/Kg/K);  

Taero is aerodynamic temperature which represents the 

average temperature of all elements of the canopy and 

considers the relative contribution of each canopy element 

to the overall aerodynamic conductance (Moran et al., 

1989);  

Ta is air temperature; and  
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ra is aerodynamic resistance (s/m) to heat transport in the 

boundary above the land surface.  

 

It is evident from the literature (Su et al., 2005; Van der Kwast, 2009) 

that at night time the net radiation is low and is directed towards the sky. 

The soil heat flux is in general towards the surface since the surface 

cools quicker and the sensible heat flux is also towards the surface to 

compensate for the surface cooling. 

4.4.2 Selection of RS imagery for estimating ET 

A number of optical-thermal satellites are available for the purposes of 

environmental monitoring over agricultural areas and each satellite has 

advantages and disadvantages due to their different spatio-temporal 

resolutions. A suitable selection of satellite imagery which met the 

requirements of this study was a matter of prime importance. In general 

the following points need to be considered while selecting satellite 

imagery (NWC, 2010a; Ullah, 2011): 

 Temporal frequency of satellite imagery data availability;  

 Spatial resolution of imagery; i.e. high resolution imagery is 

suitable for water use assessment at the sub-hectare scale, while 

low resolution imagery is suitable for catchment scale or regional 

scale. However, for the coverage of a large area, multiple images 

of high resolution are required to be merged because of its 

reduced geographic coverage;  

 Spectral resolution; and  

 Costs of imagery and processing effort.  

Among the many available satellites, images most commonly used from 

satellites for the estimation of ET are optical-thermal satellites such as 

MODIS (Moderate Resolution Imaging Spectroradiometer), ASTER 

(Advanced Spaceborne Thermal Emission and Reflection Radiometer) 

and Landsat 5 TM (Thematic Mapper). The Aqua MODIS/TERRA 
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MODIS has high temporal but low spatial resolution, ranging from 250m 

to 1000m in 36 spectral bands and data is available from the year 2000. 

These kinds of images are most suitable for catchment and basin scale 

applications. ASTER has lower temporal but high spectral resolution, 

ranging from 15m to 90m in 14 spectral bands but the images from 

ASTER are only available on request. Although it provides high quality 

spectral data, the on-demand nature makes historical records 

discontinuous. However, Landsat 5 TM has the highest spatial resolution 

compared to the other above mentioned satellites. Images from Landsat 5 

are more frequent, being available fortnightly. Landsat 5 TM is 

appropriate for local scale application and has been widely used in RS 

studies of crop ET monitoring using complex surface energy balance 

algorithms (Bastiaanssen, 2000a; Allen et al., 2003; Allen et al., 2005; 

Tasumi et al., 2003 and 2005; Trezza, 2006; Teixeira, 2008; Folhes et al., 

2009; Ullah, 2011) as well as for crop classification in irrigated areas. 

4.5 Irrigation Water Demand Forecasting 

It is evident from the literature that in the past many researchers have 

undertaken studies for short term estimations of irrigation water at 

different scales and in different irrigation systems such as pressurised 

irrigation (Moreno et al., 2007; Pulido-Calvo et al., 2007; Santos et al., 

2008; Pulido-Calvo and Gutierrez-Estrada, 2009). However, in the case 

of the selected study area (CIA) which uses a gravity flow irrigation 

system, there is a propagation delay in the delivery of water from the 

main source (dam) to the paddock. The delay can be as long as seven 

days. Even though there have been many advances made in agricultural 

water management in irrigation areas, CICL uses the experience and 

knowledge of an administrator for ordering irrigation water from State 

Water. This type of water ordering often results in the shortage of water 

on the day of delivery due to inaccurate assessments of water demand. 

Thus, creating the need to develop a model for water demand 

forecasting. 
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The IWDF model has been developed based on data mining techniques 

using spatio-temporal data. Firstly, the required data must be identified 

which has high influence on crop water usage. The identified variables 

were: historic climatic data; RS-based land use and land cover data; data 

on different soil types associated in each farm; and historic water 

delivery data to each farm. Since this methodology of IWDF has been 

developed using data mining techniques, a huge amount of historic data 

from the study area was essential. Data mining methods explore the 

hidden relationships between the attributes of a dataset. The 

methodology adopted is new in IWDF and simple to use. Here, a dataset 

was built then that dataset was divided into two parts: i) a training 

dataset; and ii) a testing dataset. Once the datasets were ready, the model 

was trained using the training dataset. The trained model was applied to 

the testing dataset to predict the value of future records. Figure 4.5 shows 

the conceptual framework of the IWDF methodology adopted. Using this 

model the users can have a better understanding in the near real time 

about the required amount of water - for the farm in the case of the 

farmer and for the node (collection of farms) and the whole CIA in the 

case of the irrigation managers - for the next seven days in advance. 

The different data mining techniques used in this study were decision 

tree (DT), artificial neural network (ANN), decision forest - 

systematically developed forest of multiple decision trees (SysFor), and 

support vector machine (SVM). Apart from the data mining techniques 

used, logistic regression and the traditional way of estimating water 

requirements (i.e. ETo based) were also used in this study to compare the 

water demand forecast results achieved by all the methods. Finally, this 

study adopted one data mining technique which produced results with 

high accuracy and was therefore incorporated into the DSS developed in 

this study. A detailed mathematical description of all the above 

mentioned methods can be found in the later section of this chapter.  
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This model (IWDF), first forecasts the water demand for each farm of 

the CIA. The irrigation water demand for each node of the CIA is 

calculated by summing the irrigation water demand of all the farms 

which fall under that node. Similarly the water demand for the whole 

CIA is calculated by adding the water demand from all the nodes of the 
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Figure 4.5: Conceptual Diagram Irrigation Water Demand Forecasting  
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CIA. Figure 4.6 illustrates the conceptual framework of water demand 

forecasting made on different levels of the CIA. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The nodes used in this study were developed earlier by Ullah (2011) for 

CIA. This nodal network model was developed for estimating water 

accounting and productivity. Figure 4.7 shows the nodal network of the 

CIA and Figure 4.8 displays the farms associated with each node of the 

CIA.  
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Figure 4.6: Conceptual Framework of Water Demand Forecast at System and 

Subsystem Level 
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Figure 4.7: Nodal Network of the CIA (Ullah, 2011) 
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Figure 4.8: Farms Associated with Each Node of the CIA (Ullah, 2011) 

 

4.6 Description of Data Mining Methods 

All the methods/techniques used to predict water demand forecast in this 

study are well known and well established in the area of data mining. 

The methods are explained in detail in the following sections. 

4.6.1 Decision tree (DT) 

Decision trees are a powerful tool for data classification. DT learns from 

the training dataset and applies the learned knowledge to the testing 
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dataset to find the hidden relationships between the classifying (class) 

and classifier (non-class) attributes. A class attribute is an attribute of the 

dataset which contains the values that are possible outcomes of the 

record. A decision tree analyses a set of records whose class values are 

known (Quinlan, 1996). In other words, a decision tree explores patterns 

(also known as logic rules) from any dataset (Islam, 2010). By using the 

rules generated by a decision tree, the relationship between the attributes 

of a dataset can be extracted. Each rule represents a unique path from the 

root node to each leaf of the tree. 

 

DTs are made of nodes
6
 and leaves, as shown in Figure 4.9, where each 

node in the tree represents an attribute and each leaf represents the value 

for the records belonging to the leaf (Khan et al., 2011; Han and Kamber, 

2001). The concept of information gain is used in deciding the best 

suitable attribute for a node. 

In this study, the DT has been generated based on the C4.5 algorithm 

which was developed by Quinlan (Quinlan, 1993). Decision trees based 

on the C4.5 algorithm have been implemented in various studies. 

However, it is being implemented in the field of IWDF for the first time 

in this study. 

 

The C4.5 algorithm is briefly introduced in the following section in a 

step by step process (Quinlan, 1993; Islam, 2010). 

  

The C4.5 algorithm 

The C4.5 algorithm takes divide and conquer approach to build a 

decision tree from a training dataset using the concept of information 

gain (Quinlan, 1993). To generate a decision tree from the dataset, crop 

water usage was considered as the class attribute and all others as non-

                                                      
6
 A Node in the Decision tree represents an attribute of the dataset, where as an 

Irrigation Node represents a collection of farms of the irrigation area.  
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class attributes. In this study, attribute crop water usage was considered 

as a categorical attribute. While generating the decision tree, when an 

attribute was tested for a node and if that attribute was numerical then 

two branches are generated for the node (i.e. the dataset is divided into 

two mutually exclusive horizontal parts). One branch contained all the 

records “>k” and the other contained all the records “<=k” of the dataset, 

where k is a constant and it is one of the values of the attribute. However, 

if the attribute tested is categorical then there are n branches generated 

for that node, where n is the number of distinct values of that attribute. 

This is demonstrated in Figure 4.9. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4.9: Subset of the Decision Tree Generated by the C4.5 

Algorithm on the Training Dataset 
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Entropy Calculation 

Step1:  

The algorithm first calculates the entropy (I) (a measure of the 

uncertainty associated with the class values of a set of records) of the 

whole dataset D using the following equation: 

 

     2

1

( ,  ) log ,     
c

j

I D p D j p D j


                                    (4.6) 

D is the whole dataset. A two dimensional table is created where 

columns are attributes and rows are records. Each record contains related 

information about the attributes 

c is the number of classes i.e. domain size of the class attributes C  

p(D, j) is the proportion of records in D belonging to the j
th

 class 

 

Gain Ratio Calculation for a Categorical Attribute T: 

 

Step 2A: The algorithm then calculates entropy for a subset of the dataset 

where all records have Ti for T as follows: 

 

                             
c

2

1

  p( ,  j)log p ,  j                                       
j

I Di Di Di


   (4.7) 

T is an attribute with n number of mutually exclusive outcomes 

T1, T2 ……. Tn 

Di D is the partition of the dataset where all the records have Ti for 

the attribute T 

Step 3A: Weighted entropy of the whole dataset when attribute T is 

tested:  

 

  
  1

| |
,    X   ( )         

| |

n

j

Di
I D T I Di

D

                                    (4.8) 

|D| is the size of the dataset D 

|Di| is the size of the partition Di. 



 

97 

 

 

Step 4A: Gain of an attribute T can be calculated by subtracting the 

weighted entropy from the total entropy of the dataset: 

 

      ,   ,              Gain D T I D I D T                             (4.9) 

 

Step 5A: Split info of each attribute is calculated as follows: 
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                              (4.10) 

 

Step 6: Gain ratio:  

 

  
( ,  )

,
( ,  )

Gain D T
GainRatio D T

SplitInfo D T
                                      (4.11) 

 

Gain Ratio Calculation for a Numerical Attribute T: 

 

When T is a numerical non-class attribute, the records are first 

rearranged so that all values of T are placed in ascending or descending 

order. Now the dataset is horizontally divided into two parts, D1 and D2, 

based on a splitting point value k so that the domain of T in D1 is [l, k], 

where l is the lowest value of the domain, and D2 is [k+1, u], where k+1 

is the next higher value to k and u is the upper value of the domain. 

 

Step 2B: I(D,T) is calculated as follows: 
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                           (4.12) 
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The splitting point for which we achieve the minimum I(D,T) is 

considered as the best splitting point for T. 

 

Step 3B: Gain can be calculated by subtracting the weighted entropy 

from the total entropy of the dataset: 

 

     ,   ,Gain D T I D I D T                                           (4.14) 

 

Step 4B: Split Info:  
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                 (4.15) 

                   

Step 5B: Gain ratio is calculated as follows: 

 

  
  2,   (log ( 1)/ | |)

,
( ,  )

Gain D T N D
GainRatio D T

SplitInfo D T

 
                    (4.16) 

     where N is the number of distinct values of attribute T.  

4.6.2 Artificial Neural Networks (ANN) 

Artificial Neural Network (ANN) is a data processing and classification 

model that was inspired by the biological neural network. ANN learns 

the non-linear relationships, trends and patterns from the training dataset 

and uses the knowledge for predicting the class values of unseen datasets 

(Cancelliere et al., 2002; Yang et al., 2006). ANN is a highly parallel 

distributed process which has the ability to perform swiftly in decision 

making. It has the capability of storing experimental or learned 

knowledge gained from training the dataset and this knowledge can be 

used later for predicting the future datasets (Cancelliere et al., 2002). The 

interconnection strengths (known as weights) are used to store the gained 

knowledge (Han and Kamber, 2001). Based upon the nature of the 

datasets, an appropriate network can be selected where a user or data 
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miner can choose the number of layers and number of nodes in each 

layer of the network. In hydrological modelling, most ANNs are trained 

with a single hidden layer (Dawson and Wilby, 2001; de Vos and 

Rientjes, 2005) as reported by Wu et al., (2010). The ANN model is 

based on the error minimisation principle. Training of the model can be 

carried out in two ways - supervised and unsupervised learning (Han and 

Kamber, 2001).  

One of the most popular and commonly used ANN architectures is 

multilayer feed forward. This is also called multilayer perceptron (Muttil 

and Chau, 2006). In a multilayer perceptron network there is an input 

layer, an output layer and one or more hidden layers. These layers extract 

patterns from a dataset and use the learned patterns to predict class 

values of new records. The nodes in the input layer pass the processed 

information to the computational nodes in a forward direction (Wang et 

al., 2009). The hidden layer is also responsible for resolving the 

nonlinearity between the input and output attributes of the dataset 

(Ambrozic and Turk, 2003; Cancelliere et al., 2002; Safer, 2003). A 

typical ANN is generated from the training dataset as shown in Figure 

4.10. The main advantage of the feed forward network is that it requires 

relatively low amounts of computing time during the training process. 

Therefore, this network is valuable for evaluating the network 

performance when numerous simulations are necessary (Aqil et al., 

2007; Martin et al., 2005). 
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Figure 4.10: A Typical Neural Network Generated by the IRIS Training 

Dataset 

To generate the neural network from the dataset, this study considered 

crop water usage as the output parameter and all the other parameters as 

inputs as shown in Figure 4.10. This study performed the supervised 

learning of the neural network with one hidden layer consisting of eight 

neurons/nodes, using EasyNN plus V14.0 software (available from 

http://www.easynn.com/).  This hidden layer was also responsible for 

resolving the nonlinearity between the input and output attributes of the 

dataset (Cancelliere et al., 2002). The input data to any neuron is 

constituted by a linear combination of the outputs of the neurons 

belonging to the upper layer. Each neuron in the hidden and output layer 

takes its net input from all neurons of the previous layer. The net input of 

a neuron is calculated from the weighted sum of its input and bias from 

the neurons of the previous layer (Han and Kamber, 2001; Chau et al., 

http://www.easynn.com/


 

101 

 

2005). Bias is the weight associated with vectors that lead from a single node 

whose location is outside of the main network and whose activation is always 1. 

Bias in the neural network is the complexity restriction that the neural network 

architecture imposes on the degree of fitting accurately the target function. The 

statistical bias accounts only for the degree of fitting the given training data. 

 

The output (y) of the hidden or output layer is calculated based on the net 

inputs (x) that the neuron has received from all neurons of the previous 

layer using the following equation 4.18 (Han and Kamber, 2001; 

Sulaiman et al., 2011). 
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                                               (4.17) 

 

The input to the sigmoid function x is calculated as the summation of the 

weighted inputs of the neurons with a weight of a bias neuron from the 

upper layer.  
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                                                   (4.18) 

Where:   xi is the i
th

 element of the input layer (upper layer);  

wi is the weight associated with xi; and  

bi is the weight of the bias neuron. 

 

The model measurement error for all the patterns is expressed as mean 

square error (MSE).  
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                                       (4.19) 

Where:  di is desired output of i
th

 pattern and yi is the networks i
th

 

output received from the neuron system. 

   

The error is propagated backwards by updating the weights and bias. 

Based on the MSE, the weights of all connections and bias of all neurons 

are readjusted in a back propagation fashion from the output layer to the 
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input layer through the hidden layer(s). The above process continues in a 

series of iterations during the training process until a termination 

condition is satisfied. The back propagation learning algorithm is simple 

to implement and computationally efficient because of its ability to 

adjust the weights in order to minimise the error between the desired and 

actual outputs of a network (Shourian et al., 2008). 

 

4.6.3 Decision Forest: Systematically Developed Forest of Multiple 

Trees (SysFor) 

SysFor is a multiple decision tree building technique based on the 

concept of gain ratio. This technique was developed by Islam and 

Giggins (2011), and it builds a number of decision trees called a forest, 

instead of a single tree. It does so in order to extract more patterns and 

logic rules. It basically uses the same approach as a single tree building 

algorithm such as C4.5 with some modifications. It takes input from a 

user on the desired number of trees. Based on a traditional gain ratio 

approach (same as C4.5), it then identifies the attributes that are good at 

classifying the class values. It uses a “goodness” threshold (user defined) 

in order to determine which attributes are good enough to be chosen as 

“good attributes”. Each good attribute (in turn) is chosen as the root 

attribute of a tree, and so SysFor builds as many trees as the number of 

good attributes. If the number of good attributes is less than six user 

defined trees then SysFor finds more good attributes at the second level 

(one level down from the root level) of the already built trees. These 

good attributes are then used to build further trees. In this way SysFor 

can build a huge number of trees from a dataset. Two example trees 

generated by SysFor are shown in Figure 4.11 and Figure 4.12.  

 

When a number of trees are built, they all are used to predict the class 

value of a future (unlabelled) record following a voting approach. In this 

voting approach, all the leaves from all the trees that the future record 
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falls in are found. The leaf with the highest accuracy is chosen to predict 

the class value of the future record. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

4.6.4 Support Vector Machine (SVM) 

Support Vector Machine (SVM) is a state-of-the-art neural network 

methodology based on statistical learning (Vapnik, 1995; Wang et al., 

2009). An SVM is an algorithm for maximising a particular 

mathematical function with respect to a given dataset. The basic concepts 

behind the SVM algorithm are:  

i) the separating hyperplane; 

ii) the maximum-margin hyperplane;  

TMax 

Humidity 0.01-0.05 

>18.7 <=18.7 

>26.0 <=26.0 

0.11-0.15 0.16-0.20 

Figure 4.11: Tree Generated in SysFor on First Good 

Attribute 

TMin 

Solar Radiation 0.10-0.15 

>8.7 <=8.7 

>34.0 <=34.0 

0.16-0.20 0.11-0.15 

Figure 4.12: Tree Generated in SysFor Based on Second Good 

Attribute 
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iii) the soft margin (A soft margin is a  method that choose a 

hyperplane which splits the data points cleanly as 

possible, while still maximizing the distance to the nearest 

cleanly split data points); and  

iv) the kernel function.  

Hyperplane can be defined as the data points that lie closest to the decision 

surface. An SVM constructs a hyperplane or set of hyperplanes in a high- 

or infinite-dimensional space which can be used for classification. In 

general, a good separation is achieved by the hyperplane that has the 

largest distance to the nearest training data point of any class, as shown 

in Figure 4.13 which exhibits the basic concept of support vector 

machine. From Figure 4.13 it can be seen that the optimal hyperplane 

separates the positive and negative points from the dataset with a 

maximum margin, indicating the maximum distance to the hyperplane 

from the closest positive and negative data points. Support vectors are the 

critical  elements of the training data set that would change the position of the 

dividing hyperplane if removed. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Support vectors 

Optimal Hyperplane (with 

maximum margin) 

Hyperplane with smaller 

margin 

Margin 

Figure 4.13: Basic Concepts of Support Vector Machine 
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4.6.5 Logistic Regression 

The main goal of the logistic regression model is to predict the label t of 

a new given data point x based on the learning from the training dataset. 

Logistic regression can be of two types: i) simple logistic regression; and 

ii) multiple logistic regression. Simple logistic regression is used to 

predict the class value where it is categorical and has only two possible 

outcomes, such as male/female, whereas multiple logistic regressions can 

be used to predict class values consisting of three or more possible 

outcomes. Logistic regression is a capable probabilistic binary classifier 

(Christensen, 1997). A logistic regression model can help assess the 

probability from which the outcomes will be chosen.  

 

It is evident from the literature that logistic regression is used extensively 

in numerous disciplines such as the fields of medical and social sciences, 

marketing applications, etc. (Pearce and Ferrier, 2000). Zurada and 

Lonial (2005) state that logistic regression models are designed to predict 

one class value at a time and they are assumed as the simplest feed 

forward neural networks, containing only two layers - input and output. 

 

Apart from the data mining methods to determine the irrigation water 

demand forecasting, this study also tests the performance of predictions 

based on Reference Evapotranspiration (ETo). 

4.6.6 Evapotranspiration (ETc) based prediction 

ETc can be broadly defined as crop water usage. Crop evapotranspiration 

(ETc) is calculated using crop coefficient Kc (for a crop type and 

cropping stage) and reference evapotranspiration (ETo). The empirical 

formula to calculate ETc is ETc = Kc * ETo (Allen et, al., 1998) and this is 

commonly used globally to estimate water demand. The crop coefficient 

method was developed for agriculture users to calculate ETc which helps 

them in making irrigation management decisions.  
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4.6.7 Data collection and data pre-processing 

To build the training dataset, this study collected data from three 

different sources. The first source was the water delivery statements 

collected from CICL. The second source was climatic 

data/meteorological data and the third source was spatial data/RS data. 

 

Water Delivery Statements: These provided the information about 

the total water delivered by CICL to each farm for a cropping 

season. This study obtained these statements from CICL to use in 

estimating the amount of water consumed by each crop for any 

particular farm. 

 

Climatic Data/Meteorological Data: The climatic data was 

obtained from the automatic weather stations installed in the 

study area on a daily basis. The climatic parameters which are of 

interest were: maximum temperature, minimum temperature, 

wind speed, humidity, rainfall and solar radiation.  

 

Spatial Data: Two kinds of spatial data/RS data were used: 

i) Land use and land cover classification maps, which 

provided information about the crops grown and the 

cropping area, as shown in Figure 5.1; and 

ii) A soil type image that gave information about the 

different soil types associated with the farms in the study 

area, as shown previously in Figure 2.4.  

To run a data mining algorithm on any dataset, there is a strong need for 

data pre-processing to prepare good quality data. It has been proved in 

the past that data pre-processing takes approximately 80% of the total 

data mining effort (Zhang et al., 2003). It is also known that good results 

can be achieved by using data mining techniques/algorithms only if a 

good quality dataset is available (Miksovsky et al., 2002). Data pre-

processing is generally found to be crucial since the necessary 
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information in agriculture is often inaccurate, hard to measure, uncertain 

and incomplete (Xuemei et al., 2010). In this study, data pre-processing 

has been carried out by using a fundamental knowledge of irrigation 

engineering and data mining. A new data pre-processing method based 

on the requirements of the study and suitability has been adopted. A 

detailed explanation of the adopted data pre-processing method is 

explained in chapter 5. 

4.6.8 Validating the demand forecast model developed by data 

mining methods 

In order to validate the model, this study adopted a 10-fold cross 

validation method. 10-fold cross validation is a method used to test how 

well a model adapts to fresh/previously unseen data. This is a method of 

testing the accuracy of a model by dividing the dataset into 10 equal 

parts that are called folds. Nine parts of the dataset are used to train the 

model and one part is used to test the model (Han and Kamber, 2001). 

This process is continued ten times so that each part of the dataset is used 

once for testing. At the end of the process, the ten results from the folds 

can be averaged to produce a single estimation of the model’s predictive 

potential. The main advantage of the 10-fold cross validation method is 

that all observations are used for both training and validation, and each 

observation is used for validation exactly once. This  is a more accurate 

way to measure how efficiently the model has “learned” a concept, based 

on the training data. 

4.6.9 Accuracy check  

The accuracy check of the results produced by the demand forecast 

model was conducted by comparing the actual water usage recorded by 

CICL in the previous years by each farm, each node and the CIA. The 

accuracy of results produced by the models were calculated by using the 

below equation:

 
 

| -     |
  (1-    ) 100%

   

Actual PredictedWaterUsage
Accuracy

ActualWaterUsage
           (4.20) 
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In addition to the accuracy test, a Pearson’s correlation test was carried 

out in SPSS version 17.0 (Statistical Package for Social Sciences) 

software to determine the strength of the relationship between the actual 

water usage and the model predicted water usage.  

4.7  Summary 

The methodology adopted to achieve the objectives of the present study 

has been outlined in this chapter which mainly focuses the processes to 

develop a DSS for irrigation farmers and managers which can improve 

irrigation water management practices. In this chapter the design and 

development of the information management system based on AIDIS, 

automation of the RS process for estimation of ET using SEBS and the 

different data mining techniques tested for use in the IWDF model were 

discussed.  
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5 IRRIGATION WATER DEMAND FORECAST 

One of the main problems in the management of large water supply and 

distribution systems in irrigation areas is the forecasting of daily crop 

water demand in order to minimise rainfall rejection by the farmers, 

especially when it takes seven days for the water delivery from the dam 

to the irrigation area. The key requirement for efficient irrigation water 

management is to have an accurate estimation of crop water demand 

seven days in advance. Typically, irrigated agriculture uses more than 

90% of the water consumption to grow crops in semi-arid environments 

(Khan et al., 2009). 

In the past, crop water models for water supply and demand have been 

localised and mainly dependent on historic data (Jensen et al., 1977). It 

has been reported by Jensen et al. (1977) that these crop water models 

mainly used historic land use and land cover data, water meter records 

and other available information of the irrigation area. These days, 

computer-based models developed for estimation of future crop water 

requirements also use data such as seepage and ET. However, these 

models are not suitable for predicting actual irrigation water demand 

because of changes in the field environment which can influence the 

actual amount of water needed (Pulido-Calvo et al., 2007). In this study, 

the potentials of several data mining techniques have been explored to 

forecast irrigation water demand for seven day periods by using spatio-

temporal data. 

5.1 Introduction 

Reliable IWDF models are very important tools for efficient water 

management practices at micro (farm) and macro (irrigation system) 

levels. Accurate prediction of irrigation demand forecasting for various 

crops will allow farmers and irrigation managers to manage water more 

efficiently and develop strategies for rainfall rejection in near real time. 

The water demand forecast modelling has become critical due to 
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complexity and variability of potential demand between different users 

(irrigation, industrial and household) (Zaman et al., 2007).  

 

In this chapter, the performances of several data mining techniques are 

evaluated for the prediction of irrigation water demand in the CIA. The 

different data mining techniques are DT, ANN, decision forest (SysFor), 

SVM and logistic regression. The performance of each model is 

evaluated and compared with the others in order to reach conclusions 

regarding the accuracy of predictions of actual crop water demands for 

the study area. Moreover, the crop water demand predicted by all the 

above mentioned data mining methods is compared with the actual crop 

water demand of previous years for the study area. This study also 

performs data pre-processing approaches/methods using a combination 

of scientific knowledge on irrigation engineering and data mining in 

order to improve the quality of the training dataset which enhances the 

prediction accuracy of the models. 

5.2 Data Collection and Data Pre-Processing 

To run any model at least two types of datasets are needed:  

i) Training dataset (to train the model on this dataset); and  

ii) Testing dataset (to test the trained model for prediction 

purposes).  

To build the training dataset, data from three different sources was 

collected for this study. The first source was the irrigation water delivery 

statements/records obtained from CICL which provided information 

about the total water usage for a crop during the growing season for each 

individual farm. The second source was the meteorological data obtained 

from the automatic weather stations installed in the study area. The third 

source was spatial data of two types: i) land use and land cover maps, 

which provided information about the crops grown and the cropping area 

as shown in Figure 5.1; and ii) a soil type map that provided information 

about the different soil types associated with the farms in the study area. 



 

111 

 

 

 

Figure 5.1: Land Use and Land Cover Map of the CIA for Summer 

2009/10 

To build the models using the above mentioned data mining methods, 

there was a strong need for data pre-processing to prepare a good quality 

dataset. Data pre-processing takes approximately 80% of the total data 

mining effort (Zhang et al., 2003). Many researchers have already 

reported that good results can be achieved by using data mining 

techniques/algorithms only if a good quality dataset is available 

(Miksovsky et al., 2002). Often the real time data (meteorological, 

hydrological) is very inconsistent as it contains many attributes which are 

not useful and has some missing values. The purpose of data pre-

processing was to remove noise from the data, extract and combine the 

required/relevant attributes from the different data sources, make the data 
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reliable and transform the data into the required format (Hu, 2003). By 

pre-processing the raw data, it was possible to prepare a good quality 

dataset which enabled efficient and quality knowledge discovery (Zhang 

et al., 2003). Using the raw data obtained from three different sources, 

the training dataset was prepared as discussed in section 5.4. 

5.3 Attribute Selection 

Based on basic scientific knowledge of irrigation, the attributes having a 

major influence on crop water usage were selected. Moreover, this study 

only selected influential attributes of the data that were easily available 

throughout the crop growing season. The selected attributes were various 

weather parameters (such as maximum and minimum temperature, wind 

speed, humidity, rainfall and solar radiation), soil and crop type, and crop 

water usage.  

5.4 Construction of the Dataset  

The dataset was prepared from historical data of 5 Years from 2005-06 to 

2009-10 and this was obtained from the three different sources. This 

study considered the dataset as a two dimensional table where columns 

were attributes (categorical and numerical) and rows were records. Each 

record held the daily average values of the corresponding attributes. 

Categorical attributes include soil type and crop type, and all the other 

non-class attributes were numerical. An example of the dataset is shown 

in Table 5.1. 

  



 

113 

 

Table 5.1: Example of the Training Dataset, Crop Water Usage is the Class 

Attribute 

Tmax 

(oC) 

Tmin 

(oC) 

Humid-

ity (%) 

Wind 

Speed 

km/day 

Rainfall 

(mm) 

Solar 

Radiation 
(MJ/m^2) 

Soil 

Type 
Crop 

Type 

Crop Water 

Usage 

(ML/Ha/day) 

18.1 3.8 80 122 0.2 9.5 SMC Barley 0.01-0.05 

16.4 6.7 48 481 0.0 16.6 RBE Wheat 0.06-0.10 

30.1 14.0 65 275 0.0 24.7 SMC Rice 0.11-0.15 

30.7 15.9 58 257 0.0 29.3 SMC Corn 0.06-0.10 

 
SMC: Self Mulching Clay, RBE: Red brown earth: a detailed explanation of these 

different soil types can be found in chapter 2. 

 

The water delivery statements/records only provided information on the 

date and quantity of water supplied to a particular farm. Note that a farm 

typically did not take water supply every day. Instead each took a 

specific volume of water on a day and used the water for a period of 

time. The farmers then placed additional water orders as required on 

seven days’ notice. Therefore, from the water delivery statement it was 

not possible to estimate the exact amount of water used by the crop on a 

particular day. However, the training dataset contained records having 

daily average values of the non-class attributes. Each record represented 

information on a farm and a farm had many records in the training 

dataset. Hence, in order to obtain an accurate relationship between the 

non-class attributes and the class attribute (i.e. water usage), it was 

important to store daily crop water usage for each record of the training 

dataset.  

 

This study explored three possible approaches to estimate the daily water 

usage of a crop on a particular farm. The techniques were: equal water 

distribution (EWD), averaging out of parameters and using an ETo based 

estimate. These techniques are explained below. 



 

114 

 

5.4.1 Equal water distribution 

In the EWD technique, the volume of water delivered to a farm was 

divided by the number of days between the two consecutive irrigation 

deliveries. In this way an average water usage per day was obtained. 

However, the division of the water usage evenly among the days meant 

that the water usage remained the same for each day regardless of the 

weather conditions. Since crop water demand depends on the climatic 

conditions and cropping cycle, this approach did not appear to be a 

suitable one for this study. 

5.4.2 Averaging out of parameters 

The second approach took an average of both weather parameters and 

water usage for the days between the deliveries. This study converted the 

records representing the days between the deliveries into a single record 

having average values as shown in Figure 5.2. For example, if 100ML of 

water was delivered to a farm on the 1
st
 of October and 70ML of water 

was delivered on the 15
th

 of October, this approach took the average 

weather parameters of the 15 records and converted them into one record 

as shown in Figure 5.2. In this case the water usage of the record was 

100 divided by 15 (6.6ML).  

 

This approach appeared to be a little better than the first approach since 

the average of the weather parameters was considered along with the 

water usage for the crops. Therefore, water usage is not the same across 

all days and this represented water use for different weather conditions. 

However, by averaging out the values, noise was introduced 

unintentionally into the dataset, resulting in the loss of some important 

information. This is similar to the problem often faced by generalisation 

of data. For example, consider two weather records R1 and R2. For R1 

T-max was 18
0
 C and humidity was 80%. For R2 T-max was 38

0
 C and 

humidity was 30%. Assume that the total water supply for the two days 

was 0.16ML/ha. According to the first approach, total water usage is 
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equally divided among the records. Therefore both R1 and R2 had 0.08 

ML/ha water usage even though they had significantly different weather 

conditions. The second approach merged the records into a new record, 

R3, having average values. Now R3 will have T-max as 23
0
 C, humidity 

as 55% and water usage as 0.08 ML/ha. However, the original water 

usage for R1 could have been 0.01ML/ha and R2 could have been 

0.15ML/ha so then both approaches would appear to be unsuitable for 

extracting relationships between weather parameters and water usage.  

 

 

Figure 5.2: Averaging Out of the Parameters Approach 

Moreover, in the above example it was assumed that the water that was 

delivered previously has been used to irrigate the crops before the next 

delivery of water. However, in reality a farmer can actually order water 

while still having some water stored in the soil from the previous 

delivery. Similarly a farmer can also delay the water ordering. Therefore, 

dividing the whole amount of water that was delivered last time by the 

number of days between the two deliveries may not get the correct 

amount of water usage per day.  

5.4.3 Reference evapotranspiration based estimate 

The third approach used to resolve the issues with the first two 

approaches was based on ETo. In this approach ETo was factored into the 

equation. Crop potential water usage can be calculated through ETc 

which is the product of crop coefficient Kc and ETo (Al-Kaisi and 

1st Oct 100 ML

Number 

Of Days

  

15th Oct 70 ML

Water usage = 100/15

Average  of  weather 

parameters
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Broner, 2009). Each crop has a crop coefficient which is a constant value 

for a specific growth stage of that particular crop. 

 

In this approach, n is the number of days between the two water 

deliveries for a farm, WT is the amount of water delivered for the n days, 

and Wi is the water usage for the ith day. Note that WT is the amount of 

water delivered at the beginning of the n days, and not the summation of 

two deliveries for n days. The daily ETo values were obtained for all n 

days from the weather stations in the study area. The coefficient xi for the 

ith day was calculated as shown below:  

where  
0

0

1

i

i n
j

j

ET
x

ET





 , 𝐸𝑇𝑜

𝑖 is the ETo of the ith day.                     (5.1) 

Wi was calculated by multiplying xi and WT, i.e. 

*i i TW x W                                                                   (5.2) 

  

There are several advantages of this third approach. Unlike the first 

approach, here the same average water usage for days having different 

weather conditions is not used. Moreover, unlike the second approach, it 

did not average out the weather parameters and water usage for the days 

in order to generalise the records into one. It estimated crop water usage 

as accurately as possible for each day and thereby used each record of 

the training dataset.  

 

The final part of the dataset was prepared by gathering information from 

the spatial maps for seasonal land use (cropping patterns) and by 

determining soil types associated with all the farms of the study area. By 

using spatial maps which were processed from high resolution satellite 

images, the crop type and cropping area was extracted for every farm for 

a particular season. Soil type information was extracted from digital soil 

maps of the CIA. 
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In order to reduce the inconsistency of the dataset, the data for those 

farms having more than one soil type was neglected and only those with 

homogeneous soil types were considered. Each record in the final dataset 

held daily average values of the weather parameters and crop water 

usage, except rainfall this was the daily total. However, values for crop 

type and soil type remain the same for each whole growing season. This 

data pre-processing technique used a combination of knowledge of data 

mining and irrigation engineering. 

5.5 Evaluation of Data Mining Methods 

In order to evaluate the performance of the data pre-processing 

techniques, two training datasets, D1 and D2, were built. The dataset D1 

was based on the EWD approach and D2 was based on the Reference 

Evapotranspiration based Pre-processing (REP) as explained in the above 

sections. 

5.5.1 Application of classification methods on dataset D1 

In this study, firstly dataset D1 was divided into two parts - training and 

testing. A DT classification method was applied to dataset D1 and the 

decision tree was built on the training dataset to extract the relationship 

between the non-class and class attributes and applied on the testing 

dataset to check the prediction accuracy of unseen records. The C4.5 

algorithm was used to generate a decision tree. In this study, the model to 

run the decision tree algorithm was developed and coded using Java. 

 

Similarly, an ANN was built on D1 using the three tier feed-forward 

architecture with back propagation. To build the ANN, the dataset was 

divided into three parts: 70%, 20% and 10% for training, validating and 

testing respectively. Training of the network was performed using two 

different network topologies, firstly by using one hidden layer having 

eight nodes, and secondly by using one hidden layer having six nodes. 

Both the networks were trained for 30,000, 50,000 and 70,000 learning 

iterations. The network produced by one hidden layer with eight nodes 
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for 30,000 learning iterations produced the better results. The ANN was 

built using EasyNN plus V14.0 software. 

 

This study also built SysFor on the dataset D1, by considering the user 

defined number of trees to be five and following SysFor voting two for 

predicting the unseen records. 

 

Finally, dataset D1 was trained and tested on SVM and logistic 

regression using WEKA 3.6.2 which is available at 

http://www.cs.waikato.ac.nz/~ml/weka/ and is a very popular tool for 

performing different data mining tasks.  

 

The performance evaluation of the models on dataset D1 was carried out 

by comparing the prediction accuracies. The prediction accuracy check 

was performed using a 3-fold cross validation method. This is a method 

of testing the accuracy by dividing the dataset in three equal parts, also 

called folds, where two parts of the dataset are used for training and the 

third part is used for testing. This process was continued three times so 

that each part of the dataset was used once for testing. Dataset D1 had 

6,070 records in total where 2,023 records were used for testing in each 

cross validation. Table 5.2 displays the prediction accuracies of each fold 

for all the above mentioned models used in our experiment on dataset D1. 

 

  

http://www.cs.waikato.ac.nz/~ml/weka/
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Table 5.2: Percentage of Prediction Accuracies of Different Models 

Based on 3-fold Cross Validation on Dataset D1 

Folds 

Classification Models 

DT ANN SysFor SVM 
Logistic 

Regression 

1 34.6 34.7 44.2 33.1 31.6 

2 46.6 41.0 53.6 39.7 33.8 

3 51.3 39.1 55.3 34.6 38.2 

Average 

(%) 
44.1 38.2 51.0 35.8 34.5 

 

Table 5.2 indicates that the multiple decision tree technique SysFor had 

performed the best among the techniques with an accuracy average of 

51%, followed by DT 44.1%, ANN 38.2%, SVM with an average of 

35.8% and the least performing was logistic regression with 34.5%.  

5.5.2 Application of classification methods on dataset D2 

The same classification methods with the same network topologies were 

applied to dataset D2 as were applied to D1. Dataset D2 had 1500 records 

where 500 records were used for testing in each cross validation. All the 

data mining methods applied on dataset D2 performed better than on D1. 

For instance, the ANN with one hidden layer having eight nodes with 

30,000 learning iterations performed better on dataset D2. Table 5.3 

displays the performance of DT and ANN with 10-fold cross validation. 

As a measure of training success, the average mean square error (MSE) 

of the trained ANN model on dataset D2 is shown in Table 5.4. The MSE 

values are well within the acceptable range. The results obtained from 

the model have a maximum training error of 0.41 and an average training 

error of 0.02 having an average validating error of 0.021. The relative 

importance of each input attribute exhibited by the neural network on 

dataset D2 is shown in Table 5.5. The relative importance is the sum of 

the absolute weights of the connections from the input node to all the 

nodes in the first hidden layer. From Table 5.5 it is clearly evident that 
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the attributes crop type and max temperature have a dominant role in 

deriving water usage followed by rain, humidity, min temperature and 

soil. However, wind speed and solar radiation were found to be less 

influential.  
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Table 5.3 : 10-fold Cross Validation on Datasets Based on Two Data Pre-processing Methods Using the Decision Tree and ANN 

Models 

 

 

Folds 

DT Technique ANN 

Total 6070 records using EWD 

pre-processing approach. 

Total 1500 records using REP pre-

processing approach 

Total 6070 records using EWD 

pre-processing approach. 

Total 1500 records using REP pre-

processing approach 

Correctly 

classified 

records 

Incorrectly 

classified 

records 

Accuracy 

Percentage 

Correctly 

classified 

records 

Incorrectly 

classified 

records 

Accuracy 

Percentage 

Correctly 

classified 

records 

Incorrectly 

classified 

records 

Accuracy 

Percentage 

Correctly 

classified 

records 

Incorrectly 

classified 

records 

Accuracy 

Percentage 

1 186 421 31 111 39 74 151 456 25 84 66 56 

2 212 395 35 108 42 72 254 353 42 88 62 59 

3 176 431 29 107 43 72 230 377 38 90 60 60 

4 254 353 42 110 40 73 206 401 34 87 63 58 

5 302 305 50 118 32 79 273 334 45 92 58 61 

6 236 371 39 110 40 73 218 389 36 96 54 64 

7 311 296 51 110 40 73 254 353 42 87 63 58 

8 289 318 48 109 41 73 235 372 38 97 53 65 

9 337 270 56 112 38 75 242 365 40 87 63 58 

10 303 304 50 108 42 72 236 371 39 95 55 63 

Average 

Percentage 
43 74 38 61 
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Table 5.4: Training Performance and Statistical Parameters of Trained 

ANN 

 
Training Validating 

Average MSE  0.02 1.0 

Maximum MSE 0.41 - 

Minimum MSE 0.0 0.9 

Number of records 1058 300 

Target error 0.01 0.01 

 

 

Table 5.5: Relative Importance of the Input Parameters on Crop Water 

Usage Generated by ANN 

Parameter Relative Importance or Contribution (%) 

Crop 19.7 

TMax 15.1 

Rain 13.2 

Humidity 12.9 

TMin 11.5 

Soil 10.7 

Wind Speed 
8.7 

Solar Radiation 8.2 

 

An interesting result can be noted from Figure 4.9 (DT Model) and Table 

5.5, (ANN approach) that DT model chose the most influential attribute 

as TMin (minimum temperature) to be the root node of the tree while the 

ANN chose Crop as the most influential attribute. 

 

In addition Table 5.6 displays the performance of the different 

classification methods on dataset D2. It is evident from Table 5.6 that the 
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performance of the multiple decision tree technique SysFor again was 

best among the techniques, followed by DT and SVM. SysFor recorded 

78% prediction accuracy while DT and SVM exhibited an accuracy of 

74% and 64% respectively. The accuracies of ANN and logistic 

regression were comparatively low. It can be noted that ANN on D2 still 

performed better than SVM on dataset D1 even though it fell below SVM 

with dataset D2. 

Table 5.6: Prediction Accuracies of Different Models Based on 3-fold Cross 

Validation on Dataset D2 

Folds 

Classification Model 

DT ANN SysFor SVM 
Logistic 

Regression 

1 72.6 59.3 75.5 63.2 57.1 

2 74.5 60.7 83.0 62.1 53.7 

3 73.8 62.0 77.9 67.1 56.7 

Average 

(%) 
74.0 61.0 78.0 64.0 56.0 

 

The results displayed in Table 5.2 and 5.6 clearly indicate the 

effectiveness of the data pre-processing technique REP, which was 

carried out based on applied scientific knowledge of irrigation 

engineering and data mining. Moreover, the result also indicated the 

appropriateness of the attributes selected using the three different sources 

namely the water delivery statements, meteorological data and RS-

processed images obtained from satellite data. This study also compared 

the accuracies of the examined models with the accuracy of the 

traditional approach of estimating water requirements which is based on 

actual crop evapotranspiration (ETc). 

In addition to the accuracy test this study also compared the closeness of 

actual water consumed by the crop to the water predicted by the above 

mentioned models for summer season of the years 2008-09 and 2009-10. 

To predict the crop water usage for the year 2008-09, this study used the 
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data from the years 2007-08 and 2009-10 as the training dataset and the 

data from the summer season 2008-09 as the testing dataset. Similarly, to 

predict the crop water usage for 2009-10, the data from 2007-08 and 

2008-09 was used as the training dataset and the data from 2009-10 was 

used as testing dataset. 

All six models were applied on every farm of the CIA to obtain the water 

demand for the whole cropping season of both years. The water demand 

for each node was calculated by adding the water demand predicted for 

the farms belonging to the node. The accuracy of closeness for actual and 

predicted water was calculated using equation 4.21.  

5.6 Summer 2008/09 

Table 5.7 shows a comparison between the actual water usage, water 

usage predicted by DT, ANN, SysFor, SVM and logistic regression and 

the traditional ETc based approach for all 22 nodes of the CIA for 

summer 2008-09. 

The IWDF results produced by the different models presented in Table 

5.7 clearly show that the prediction by SysFor most closely matches the 

actual water consumed by the crop. The accuracy of closeness was found 

to be 97.5% which suggests a high degree of accuracy in predictions 

made by this model. The accuracy of SysFor was followed by DT and 

ANN whose closenesses were found to be 96% and 95% which was also 

very high. However, in a few specific nodes, such as Yamma1 and 

Boona2, the prediction of SysFor was worse than both DT and ANN. 

However in the majority of the nodes, the performance of SVM, logistic 

regression and ETc was behind the performance of SysFor, DT and ANN.  

Moreover, in few nodes such as Coly 7, Bundure Main and Bundure 7_8, 

the actual water usage was significantly lower than the crop water usage 

predicted by all the models. This is because only a few farms in these 

nodes were irrigating during the season. The node Coly 10 did not have 

any irrigation for the cropping season. Results of these nodes were 
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excluded while calculating the accuracy of the models. In Table 5.7 the 

rows representing the above said nodes are shaded to highlight the 

exclusion of these nodes. 

Table 5.7: Comparison of Water Usage Predicted by Different Models to 

Actual Water Usage for All Nodes of the CIA for Summer 2008-09 

Figure 5.3 and Figure 5.4 displays the basic comparison between actual 

and predicted water usage. Figure 5.3 show the positive (predicted more) 

 

Node 

Actual 

Water 

Usage 

(ML) 

Predicted Water Usage 

DT 

(ML) 

ANN 

(ML) 

SysFor 

(ML) 

SVM 

(ML) 

Regression 

(ML) 

ETc 

(ML) 

Coly 1_2 407 344 316 379 417 428 284 

Coly 3 1,292 1,203 1,210 1,155 1,278 1,417 777 

Coly 4 800 746 1,262 759 841 931 570 

Coly 5 879 945 1,383 1,001 1,110 1,228 666 

Coly 6 4,359 4,158 3,807 4,464 4,891 5,266 3,235 

Coly 7 82 221 245 231 256 283 157 

Coly 8 785 802 830 850 1,084 1,139 875 

Coly 9 4,501 4,297 4,394 4,317 4,801 5,211 3,232 

Coly 10 0 0 0 0 0 0 0 

Coly 11 2,262 2,878 3,104 2,581 2,996 3,139 2,264 

Tubbo 696 630 814 646 716 792 444 

Boona 1 1,201 1,069 1,692 1,189 1,323 1,424 791 

Boona 2 418 429 531 550 720 797 259 

Boona 3 2,438 2,101 2,268 2,341 2,585 2,713 1,652 

Yamma 

Main 
4,299 3,732 4,542 4,375 4,921 4,966 3,098 

Yamma 1 3,333 3,364 3,100 3,940 5,558 5,558 3,085 

Yamma 

2_3_4 
2,926 3,045 3,207 3,180 4,479 4,370 2,772 

Bundure 

Main 
87 493 650 646 726 745 419 

Bundure 3 763 768 636 798 897 901 653 

Bundure 4 1,597 1,384 1,421 1,387 1,560 1,532 897 

Bundure 5_6 961 798 660 836 935 941 677 

Bundure 7_8 133 378 504 396 440 486 269 

Coleambally 

Irrigation 

Area 

33,917 32,693 35,177 34,748 41,112 42,753 26,231 
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and negative (predicted less) predictions to actual water usage for all 22 

nodes of the CIA from all six models. It is evident from Figure 5.3 that 

the bars representing SysFor and DT are shorter for all nodes compared 

to the longer bars representing other models. Therefore, the predictions 

made by SysFor and DT are closer to actual water usage. Similarly, the 

scatter plots in Figure 5.4 show the actual and predicted water usage 

made by all the models experimented with in this study. The points 

shown in Figure 5.4 represent different Nodes of CIA. 

 

 

Figure 5.3: Positive and Negative Difference Between Actual and Predicted 

Water Usage Made by Different Models for Summer 2008-09 
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Figure 5.4: Actual vs Predicted Water Usage Made by the Six Different 

Models on the 22 Nodes of the CIA for Summer 2008-09 

 

In addition to the accuracy test, a correlation analysis was also carried 

out to determine the strength of the relationship between actual water 

usage and the predicted water usage as shown in Table 5.8. Pearson’s 

correlation test was used because of the continuous nature of the data. 

This test reveals a significant correlation between actual water usage and 
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water usage predicted by the SysFor and the DT methods. Strong 

correlation coefficients of 0.989 and 0.987 respectively were found 

between actual crop water usage and crop water usage predicted by 

SysFor and DT. Similarly the correlation coefficients of actual water 

usage and water usage predicted by ANN, SVM and logistic regression 

were found to be 0.974, 0.964 and 0.972 respectively which is low 

compared to SysFor and DT. Thus, from Table 5.8 it is clear that the 

SysFor and DT methods can predict irrigation water requirements most 

accurately.  

 

Table 5.8: Correlation Coefficients between Actual Water Usage and the 

Predicted Water Usage by different Models from Pearson’s Correlation 

Test for Summer 2008-09 

 
Actual 

Water 

Usage 
DT ANN SysFor SVM 

Logistic 
Regression 

Actual 

Water 

Usage 

1.000 0.987* 0.974* 0.989* 0.964* 0.972* 

DT 0.987* 1.000 0.981* 0.993* 0.976* 0.984* 

ANN 0.974* 0.981* 1.000 0.976* 0.953* 0.960* 

SysFor 0.989* 0.993* 0.976* 1.000 0.987* 0.993* 

SVM 0.964* 0.976* 0.953* 0.987* 1.000 0.998* 

Logistic 

Regression 
0.972* 0.984* 0.960* 0.993* 0.998* 1.000 

* Correlation is significant at the 0.01 level (2-tailed). 

 

5.7  Summer 2009-10 

Similarly to the previous year, the irrigation water demand forecasting 

for summer 2009-10 was modelled using the six different techniques. 

Table 5.9 shows the comparison between the actual water usage, water 

usage predicted by DT, ANN, SysFor, SVM, logistic regression and the 
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traditional ETc based approach for all 22 nodes of the CIA for summer 

2009-10.  

The results produced by the different models presented in Table 5.9 

clearly show that the prediction made by SysFor most closely matched 

the actual water consumed by the crop. The accuracy of closeness was 

found to be 93%. Again in this season the accuracy of DT and ANN was 

below the accuracy of SysFor with 89.1% and 82.2% respectively. The 

performance of SVM, logistic regression and ETc were all behind the 

performances of SysFor, DT and ANN. However, in summer 2009-10, 

the performance of logistic regression was better than SVM and ETc. 

Figure 5.5 and Figure 5.6 show the basic comparison between actual and 

predicted water usage for summer 2009-10. Figure 5.5 shows the 

positive (predicted more) and negative (predicted less) predictions to 

actual water usage for all 22 nodes of the CIA for all six models. It is 

evident from Figure 5.5 that the bars representing SysFor and DT are 

shorter for all nodes compared to the longer bars representing the other 

models. Therefore, the predictions made by SysFor and DT are closer to 

actual water usage. Similarly, the scatter plots in Figure 5.6 show the 

actual and predicted water usage made by all the models experimented 

with in this study. The predictions made by SysFor and DT fall on the 

same axis without much deviation from the trend line.  
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Table 5.9: Comparison of Water Usage Predicted by Different Models to 

Actual Water Usage for All Nodes of the CIA for 2009-10 

 

 

 

Node 

Actual 

Water 

Usage 

(ML) 

Predicted Water Usage 

DT 

(ML) 

ANN 

(ML) 

SysFor 

(ML) 

SVM 

(ML) 

Logistic 

Regression 

(ML) 

ETc 

(ML) 

Coly 1_2 259 189 162 212 226 296 196 

Coly 3 2,747 2,519 2,305 2,599 1,921 1,779 1,521 

Coly 4 808 705 641 759 580 931 509 

Coly 5 865 745 682 953 621 1,228 656 

Coly 6 5,638 5,017 4,506 5,136 4,692 4,139 3,352 

Coly 7 1,794 2019 1,854 1,903 1,621 1,266 1,536 

Coly 8 1,966 1,782 1,612 1,872 1,411 2,207 1,217 

Coly 9 9,060 7,086 8,351 8,654 8,126 8,432 7,865 

Coly 10 2,192 1,976 1,769 1,850 1,432 1,562 1,467 

Coly 11 3,128 3,329 2,905 2,681 2,218 3,139 2,246 

Tubbo 1,169 954 722 982 696 792 1,652 

Boona 1 2,881 2,562 2,266 2,673 1,918 1,724 2,264 

Boona 2 763 683 601 690 428 871 550 

Boona 3 5,356 5,209 4,871 4,867 3,876 4,351 4,471 

Yamma 

Main 
10,763 9,663 9,063 9,874 7,863 8,007 7,194 

Yamma 1 6,011 5,541 4,952 5,732 5,019 4,792 3,958 

Yamma 

2_3_4 
9,169 7,984 7,023 8,456 7,112 8,196 7,296 

Bundure 

Main 
3,667 3,068 2,463 3,329 3,085 2,248 2,184 

Bundure 3 4,644 4,091 3,328 4,272 3,971 3,156 3,635 

Bundure 4 5,156 4,772 4,198 4,892 4,278 3,827 3,472 

Bundure 5_6 2,713 2,319 1,974 2,866 1,925 2,014 1,776 

Bundure 7_8 3,040 2,446 2,681 2,794 2,532 2,135 2,297 

Coleambally 

Irrigation 

Area 

83,789 74,659 68,929 78,046 65,551 67,092 61,314 
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Figure 5.5: Positive and Negative Difference Between Actual and Predicted 

Water Usage Made by Different Models for Summer 2009-10 
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Figure 5.6: Actual vs Predicted Water Usage made by the Six Different 

Models on the 22 nodes of the CIA for Summer 2009-10 

Similar to the previous year, in addition to the accuracy test, a correlation 

analysis was also carried out to determine the strength of the relationship 

between actual water usage and the water usage predicted by the 

different models used. Table 5.10 shows the correlation coefficients. It is 
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revealed by the correlation test that there is a significant correlation 

between actual water usage and water usage predicted by the SysFor and 

DT methods. Strong correlation coefficients of 0.994 and 0.990 

respectively were found between actual crop water usage and crop water 

usage predicted by SysFor and DT. Similarly the correlation coefficients 

of actual water usage and water usage predicted by ANN, SVM and 

logistic regression were found to be 0.985, 0.976 and 0.965 respectively, 

which are low compared to SysFor and DT. Thus, from Table 5.10, it is 

clear that the SysFor and DT methods can predict irrigation water 

requirements most accurately.  

 

Table 5.10: Correlation Coefficients among Actual Water Usage and the 

Different Models from Pearson’s Correlation Test for Summer 2009-10 

 
Actual 

Water 

Usage 
DT ANN SysFor SVM 

Logistic 
Regression 

Actual 

Water 

Usage 

1.000 0.990* 0.985* 0.994* 0.976* 0.965* 

DT 0.990* 1.000 0.982* 0.991* 0.986* 0.979* 

ANN 0.985* 0.982* 1.000 0.976* 0.953* 0.960* 

SysFor 0.994* 0.991* 0.976* 1.000 0.984 0.978* 

SVM 0.976* 0.976* 0.953* 0.984* 1.000 0.976* 

Logistic 

Regression 
0.965* 0.984* 0.960* 0.978* 0.976* 1.000 

 

5.8 Summary 

The main contributions of this chapter are the preparation of the dataset, 

pre-processing of the dataset, and developing, validating and testing of 

the various data mining techniques, being DT, ANN, decision forest 

(SysFor), SVM and logistic regression. Moreover, this study also 

compared the prediction results produced by the data mining techniques 
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with the actual water usage in the past in order to evaluate the 

effectiveness and performance of the data mining techniques. The 

novelty of this study is the pre-processing of the dataset using the 

combination of knowledge in both irrigation engineering and data 

mining, and the comparison of SysFor with the other classification 

techniques. 

In this study the dataset was prepared by carefully selecting attributes 

from three different sources, namely water delivery statements, 

meteorological data obtained from the automatic weather stations 

installed in the study area and the RS pre-processed images obtained 

from satellite data. These attributes were selected taking irrigation 

engineering and data mining requirements into consideration and because 

they have a high influence on water usage/demand. Since the dataset was 

prepared from different sources, the required data was not in a desired 

format. For example, the average meteorological data for each day did 

not have any information on daily water usage on a farm. In fact farmers 

typically do not irrigate a farm on a daily basis. From the CICL water 

delivery statements we can only learn how much water was delivered to 

a farm during each delivery. There is no information on the actual daily 

water usage by a farm. However, in order to build a useful model based 

on data mining techniques, there is a need for daily data on weather 

parameters and water usage so that the models can extract meaningful 

relationships from the dataset.  

 

In this study, a few options were considered for pre-processing the 

dataset in order to estimate the actual daily water usage of a farm. Finally 

a technique was devised to determine daily water usage based on the 

ETo. The proportion of the ETo of a day to the total ETo of the days 

between two water deliveries was used in order to estimate the possible 

water usage for the day. To the best of the researcher’s knowledge, this is 

a novel approach to estimate water usage in order to pre-process a dataset 

for data mining purposes. 
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Once the dataset was prepared, the various data mining techniques for 

predicting water demand were applied to the dataset. The experimental 

results of this study indicated a minor difference in the prediction 

accuracies achieved by several of the data mining techniques, mainly 

SysFor, DT and ANN. The experimental results on this data 

demonstrated that based on the 3-fold cross validation method, SysFor 

produces the best prediction accuracy of 78%, followed by DT and SVM 

with 74% and 64% respectively. This study also compared the prediction 

accuracies of the models with the actual water consumed by the crop. 

This study experiment covered all 22 nodes (made up of all 473 farms) in 

our study area (the CIA) and discovered that the data mining techniques 

produced higher accuracies than the traditional approach.  

Experimental results from the summers of 2008-09 and 2009-10 revealed 

that the closeness of prediction accuracy made by SysFor was the best 

with 97.5% in 2008-09 and 93% in 2009-10, followed by DT with 96% 

and 89.1% accuracy respectively. ANN also performed better than SVM 

in both years by closely predicting the water demand to actual water used 

with 95% and 82.2% accuracy. However, for 2008-09 the accuracy 

predictions made by SVM, logistic regression and the traditional ETc 

method were found to be 78%, 75% and 77% respectively. Interestingly 

in 2009/10, the prediction made by logistic regression was higher than 

the SVM and ETc methods. The accuracy percentages of logistic 

regression, SVM and ETc for 2009-10 were 80%, 78.2% and 73.1% 

respectively. 

Therefore, from the above results, this study recommends that the 

SysFor, DT and ANN techniques are the most suitable for predicting 

irrigation water demand. By developing and implementing a demand 

forecasting model using these techniques, the farmers and irrigation 

managers of the CIA can predict their future water requirements in 

advance more accurately.  
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Farmers need to order water depending on their requirements. Often it 

takes around seven days to get water to the farm gate after the order is 

made, due to the propagation delay from upstream to the farm gate. 

Therefore, a farmer needs to estimate the requirements for the next seven 

days and request the water in advance in order to get it on time. 

Currently there is no reliable scientific tool available to the farmers of the 

study area to make an accurate estimate of future water requirements. 

Therefore, currently a farmer estimates the future water requirements 

purely based on his/her experience. In most of the cases they either 

heavily overestimate or underestimate the water requirement, having 

adverse effects on crop production. Hence, this tool is crucial for 

effectively improving the existing water management practices and 

maximising water productivity.  

 

Based on our results from this study, currently the DT model has been 

incorporated into the Coleambally IRIS DSS to make the water 

predictions more accurate and reliable. SysFor can be incorporated into 

DSS in future. 

 

 

 

 

 

 

 

 

 

 



 

137 

 

6 FRAMEWORK FOR AUTOMATED SURFACE FLUX 

MODELLING 

This chapter discusses the Surface Energy Balance System (SEBS) 

model, developed by Su (2002), and has been used for the estimation of 

ETa in this study. The SEBS model is explained in detail along with a 

description of the requirements and input data acquisition from the 

Landsat TM5 images. According to (Van der kwast, 2009), SEBS is a 

single-source energy balance model which derives atmospheric turbulent 

fluxes and surface evaporative fraction using Remote Sensing (RS) data. 

The development of SEBS model was not done as part of this study. 

However, SEBS developed by Su (2002) was used to determine ETa at 

different scales (irrigation area level, node level and farm level) and 

therefore the description of the mathematical formulation has been 

adapted from the developers published model description. This method 

has been chosen because Lin, 2006 claims that SEBS include a physical 

model for deriving the roughness height for heat transfer which is one of 

the most critical parameter in the parameterisation of the heat fluxes of 

the land surface. Like other energy balance models approach, SEBS 

model estimates daily ETa from RS and meteorological data by applying 

the equation 3.3 (Gibson et al., 2013).  Based on the SEBS algorithm, 

several validations have been done successfully in different places on 

different scales (Su and Jacobs, 2001; Su et al., 2003; Su et al., 2005). 

The SEBS algorithm has been implemented with the PCRaster Python 

Library (Karssenberg, 2006). The input-output relations have been 

checked with a SEBS version programmed in Interactive Data Language 

(IDL) by other researchers and revealed no differences. 

In this study, we used Landsat 5 TM Images for extracting land surface 

parameters. 
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6.1 The Surface Energy Balance System (SEBS) 

In this study the Surface Energy Balance System (SEBS) (Su, 2002)  was 

evaluated and used for estimation of ET. As stated earlier, SEBS is a 

single-source model which derives atmospheric turbulent fluxes and 

surface evaporative fraction using RS data (Van der kwast, 2009). In this 

process SEBS requires three sets of input data:  

i) Land surface parameters which include: albedo, 

emissivity, surface temperature and vegetation 

index/roughness height (if vegetation index is not 

available NDVI can be used). These inputs can be 

derived using remote sensing data in combination with 

other information; Meteorological data such as air 

pressure, temperature, relative humidity and wind 

speed at a reference height and;  

ii) Downward short wave and long wave radiation. These 

can be either direct measurement, model output or 

parameter-driven. 

The SEBS model consists of three modules:  

i) a model to derive surface energy balance terms;  

ii) a model to derive stability parameters; and  

iii) a model for derivation of roughness length for heat 

transfer.  

All three models are explained in section 6.1.2. Using the above 

mentioned three modules, the energy balance for limiting cases (i.e. 

completely wet or dry pixels) can be determined and this is explained in 

section 6.2. Therefore, the energy balance terms such as relative 

evaporation, evaporative fraction and evaporation flux can be derived for 

all pixels. A conceptual diagram of SEBS is shown in Figure 6.1. 
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Figure 6.1: A Conceptual Model/Diagram of SEBS (Van der kwast,  2009) 
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6.1.1 Meteorological parameters 

All the required meteorological data, such as air pressure, temperature, 

relative humidity and wind speed, which are used in SEBS modelling 

were obtained from installed automatic weather stations in the study 

area.  

6.1.2 SEBS algorithm 

The SEBS algorithm developed by (Su, 2002) is introduced in the 

following section in a step by step process. 

 

In SEBS algorithm, friction velocity, sensible heat flux, and Obukhov stability 

length are derived by solving the system of nonlinear equations. This nonlinear 

equations can further be solved by using Monin–Obukhov Similarity (MOS) 

functions given by Brutsaert (1999), since the on field data (surface fluxes are 

related to surface variables and variables in the atmospheric surface layer ) is 

measured at low height (few meters above ground) .  The MOS stability 

functions can be replaced by Boundary Layer Similarity (BAS) functions 

proposed by Brutsaert (1999) for relating surface fluxes to surface variables 

measured at on field and the mixed layer atmospheric variables obtained from 

atmospheric model. 

Estimation of evaporative fraction required both dry and wet limiting 

conditions.  

For atmospheric stability corrections in the atmospheric surface layer, the 

functions proposed by Beljaars and Holtslag (1991) and reported by Ershadi 

et al., (2013) are used when the conditions are stable conversely, the 

functions proposed by Brutsaert (2005) were used for unstable conditions.  

 

According to Ershadi (2014), SEBS uses a correcting method to scale the 

Monin-Obukhov Similarity Theory (MOS) derived sensible heat flux 

between hypothetical dry and wet limits based on the relative 

evapotranspiration concept. 
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The determination of the evaporative fraction (the ratio of latent heat flux 

to the available energy) on the basis of energy balance at limiting cases is 

carried out, and, finally, the turbulent heat fluxes are determined by 

utilizing the surface energy balance. Further, by utilizing the 

conservative characteristics of the evaporative fraction, the daily 

evaporation can be determined, given the total daily available energy.  

 

i) Surface energy balance terms 

 

The first module in the SEBS algorithm is deriving the surface energy 

balance terms. Equation 4.1 represented the surface energy balance 

terms. The surface energy balance terms include net radiation (Rn), soil 

heat flux (G), sensible heat flux (H) and λE latent heat flux (where λ is 

latent heat of vaporisation and E is actual evapotranspiration). These 

terms were explained earlier in Chapter 4.  

 

ii) Model to derive stability parameters 

 

The module for the derivation of the atmospheric stability parameters 

derives friction velocity u*, the Monin-Obukhov stability length, L (eqn. 

6.1) and the sensible heat flux H iteratively, using boundary layer 

similarity theory. 

L is the Obukhov length (m) which can be defined as: (Ershadi, 2014) 

 

 

3

*p vC u
L

kgH

 
                                                      (6.1) 

  Where:  g is acceleration due to gravity;  

ρ is the density of air; and  

θv is the potential virtual temperature near the 

surface. 

k is the Von Karman Constant 
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The atmospheric boundary layer (ABL) (or planetary boundary layer) 

consists of two layers : the inner atmospheric surface layer (ASL) and the 

outer mixed layer (Van der Kwast, 2009), therefore two stability 

correction functions are required to relate the surface fluxes to the 

surface variables and the mixed layer atmospheric variables. In the ASL, 

flow mainly depends on surface characteristics, whereas in the mixed 

layer, the effect of the surface is small and mean profiles of wind and 

potential temperature are assumed constant with height under free 

convective conditions. 

 

Here, in this module, the Monin-Obukhov Similarity (MOS) hypothesis 

(Monin and Obukhov, 1954; Brutsaert, 1982) is used, which states that 

wind, temperature and humidity profiles in the surface layer above 

extensive horizontal homogeneous terrain are similar. This makes it 

possible to relate surface fluxes to surface variables and variables in the 

ASL. In order to relate surface fluxes to the mixed layer variables, the 

MOS functions are replaced with the Bulk Atmospheris Similirity (BAS) 

functions (Brutsaert, 1999). The similarity principle in the ASL for mean 

wind speed u and mean potential temperature (θ0 – θa) are usually written 

in integral form as shown below in equations 6.2 and  6.3 (Su, 2002; Van 

der Kwast, 2009). 
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     (6.3)       

  

Where:  z is the height above the surface;  

u* is (τ0 / ρ)
1/2

 is the friction velocity;  
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τ0 is the surface shear stress;  

ρ is the density of air; 

k is 0.4 is von Karman’s constant; 

d0 is the zero plane displacement height (see 

equation 6.14);  

zom is the roughness height for momentum transfer;  

θ0 is the potential temperature at the surface;  

θa is the potential air temperature at height z;  

z0h is the scalar roughness height for the heat 

transfer;  

ψm and ψh are the stability correction functions for 

momentum and sensible heat transfer respectively; 

and  

L is the Monin- Obukhov stability length.  

 

By solving the system of non-linear equations (6.1 – 6.3) using the 

Broyden method, the friction velocity (Su, 2002), sensible heat flux and 

the Obukhov stability length are obtained. In deriving sensible heat flux 

using the above equations (6.1 - 6.3) only wind speed and temperature at 

a reference height are required. 

 

iii) Model for determination of the roughness length for heat 

transfer 

 

In order to calculate the Monin-Obukhov similarity (MOS) and  Bulk 

Atmospheric Similarity (BAS) functions, the roughness length for 

momentum transfer zom, and the roughness length for the heat transfer zoh, 

need to be determined. SEBS uses a sub-model to determine zoh using a 

simplified localised near field Lagrangian theory (Massman, 1999). 

zoh can be derived using the following equation: 
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  1
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oh kB

z
z

e
                                                 (6.4) 

 Where:  B
-1

 is the inverse Stanton number; and 

    

The Stanton number is the ratio of heat transferred into a fluid to the 

thermal capacity of the fluid and is used to characterise heat transfer in 

forced convective conditions, i.e. heat transfer by the motion of the fluid. 

SEBS determines the kB
-1

 value using an extended model proposed by 

Su and Jacobs (2001). kB
-1

 is expressed as follows: 
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            (6.5) 

 

 Where:  fc is the fractional vegetation cover, which can be   

calculated using NDVI 

fs is the fractional of unvegetated soil (1-fc);  

Ct is the heat transfer coefficient of the leaf (0.01); 

(explained as the effectiveness of a particular body in 

absorbing momentum from the airflow .It is also called the 

momentum transfer coefficient.) 

Cd is the foliage drag coefficient (0.2); Drag 

Coefficient can be explained as the effectiveness of a particular 

body in absorbing momentum from the airflow .It is also called 

the momentum transfer coefficient. 

The value of 0.2 is considered because the Leaf Area 

Index is calculated for top of the canopy. This coefficient less 

important to the model. 

u(h) is the horizontal wind speed at the top of the 

canopy;  

nec is the within-canopy wind speed profile 

extinction coefficient (see equation 6.10); 
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kBs
-
 

1
 is kB

-1
for a bare soil surface (see equation 

6.9) 

zom is the roughness length for momentum (see 

equation 6.12) 

h is the height of the canopy (meters); and 

C
*

t is the heat transfer coefficient of the soil (see 

equation 6.6). 

 

The heat transfer coefficient of the soil is calculated by:  

 

 
2 1

* 3 2
*Pr RetC

 

                                             (6.6) 

 

Where: Pr is the Prandtl number which is set to 0.071 (Van der  

Kwast, 2009); and  

Re* is the roughness Reynolds number which is the ratio 

of internal force to viscous forces. This is usually used to 

separate between laminar and turbulent flow. Re* can be 

calculated as follows: 

 

 *
*Re sh u

v
                                                 (6.7) 

 

 Where:  hs is the roughness height of the soil (meters) ; and 

v is the kinematic viscosity of the air.  

 

v can be calculated as follows (Massman, 1999): 

 

 

1.81
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1.327.10
p Tv

p T
      
  

                            (6.8) 

 Where:  p and T are the ambient pressure and temperature;  

po = 101.3kPa; and  

T0 = 273.15 K.  
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kBs
-
 
1
 of equation 6.5 is kB

-1
for a bare soil surface and this can be 

calculated using the following equation (Brutsaert, 1982): 

 

    
1

41

*2.46 Re ln 7.4skB                                   (6.9) 

 

(Lu. J et al., 2012) suggested the within-canopy wind speed profile 

extinction coefficient nec which is used in equation 6.5 is formulated as 

the cumulative leaf drag area at the canopy. 
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Where: Cd is the drag coefficient of the foliage element 

and assumed to take the value of 0.2;  

h is the height of the canopy (see equation 6.13); 

and  

LAI is the Leaf Area Index and it is derived from 

NDVI (Su, 1996, 2000). 

 

1
.
1

NDVI
LAI NDVI

NDVI

 
  

 
                                      (6.11) 

 

The empirical relationship with NDVI is used to calculate the roughness 

length for momentum zom. 
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                             (6.12) 

 

The height of the canopy h used in equation 6.10 can be calculated as 

follows (Brutsaert, 1982): 
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0.136

omz
h                                                     (6.13) 

 

 

The displacement height d0 (meters) used in equation 6.3 can be derived 

as follows: 

 

 0

2

3
d h                                                           (6.14) 

 

iv) Determination of evaporative fraction on the basis of energy 

balance at limiting cases 

 

In SEBS model the Evaporative Fraction can be determined by 

considering the energy balance at limiting cases (Lu,J et al., 2012) 

The energy balance at limiting cases is used to calculate the evaporative 

fraction (Su, 2002), from which the ETa is derived.  

On a dry pixel, the soil moisture is limited and almost zero ET takes 

place. The latent heat flux λEdry [Wm
-2

] will be zero and the sensible heat 

flux Hdry [Wm
-2

] will be at its maximum value.  

From equation 4.1 we can say: 
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                                        (6.15) 

 

On a wet pixel, where the water is more, maximum evaporation takes 

place i.e. latent heat flux λEwet [Wm
-2

] is more and the sensible heat flux 

is at its minimum value Hwet [Wm
-2

]. (Elhag et al., 2010; Lu et al., 2012). 
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The relative evaporation (
r ), which is the ratio between the latent heat 

flux of ETa and the wet pixel’s latent heat flux λEwet, can be calculated as 

follows: 

 

    1 wet
r

wet wet

E EE

E E

 

 


                                                (6.17) 

 

By substituting equations 4.1, 6.15 and 6.16 are substituted into equation 

6.17, 
r can be expressed in terms of sensible heat flux, H. 
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                                                (6.18) 

 

The actual sensible heat flux H used in equation 6.3 is bounded between 

the wet pixel limit Hwet and the dry pixel limit Hdry. Hdry can be calculated 

using equation 6.15. Hwet can be calculated from a combining equation 

6.16 and a combination equation similar to the Penman-Monteith 

equation (Monteith, 1965). Menenti (1984) solved the equation for λE by 

grouping the resistance terms into the bulk internal (or surface or 

stomatal) resistances, ri [sm
-1

], and the external (aerodynamic) 

resistances, re [sm
-1

]. 
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                              (6.19) 

 Where:   Δ is the rate of change of es with temperature; 

re is external resistance (see equation 6.20): and  

γ = 0.67 is the psychrometric constant.  

 

The external resistance re also depends on the Monin-Obukhov length L, 

which is also a function of friction velocity and sensible heat flux H 

(equations 6.1 - 6.3). When L and u are derived, re can be derived from 

equation 6.3. 
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In  contrast to the Penman-Monteith equation, equation 6.19 is not only 

valid for vegetation, but also for bare soils when ri is properly defined 

(Su ,2002). Since 

SEBS does not include any data on soil moisture; ri cannot be used 

directly in SEBS to estimate λE. Since at the wet pixel limit ri ≡ 0, Hwet 

can be derived from equations 6.17, 6.18 and 6.19 (Su, 2002). 
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Where:  rew is the external resistance at the wet 

pixel limit and can be derived as:  
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The wet pixel limit stability length can be derived from equation 6.1 as 

follows:  
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The evaporative fraction can be derived from equation 6.18 as follows 
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The actual latent heat flux λE can be obtained from equation 6.24: 

 

  0. nE R G                                                      (6.25) 

 

The actual evapotranspiration E can be finally calculated for each pixel 

as follows: 
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                                                           (6.26) 

 

The algorithm for SEBS constitutes the equations from 6.1 to 6.26.  

6.2 Pre-processing Landsat 5 TM Images for Extracting Land 

Surface Parameters 

The land surface parameters which are used in the SEBS model were 

extracted from Landsat 5 TM images. Each pixel of the Landsat 5 TM 

images has a resolution of 30m except the far infrared band which has a 

pixel resolution of 120m. The Landsat 5 TM sensor has seven bands that 

simultaneously record reflected or emitted radiation from the Earth's 

surface. These bands are the blue-green (band 1), green (band 2), red 

(band 3), near-infrared (band 4), mid-infrared (bands 5 and 7), and the 

far-infrared (band 6) portions of the electromagnetic spectrum. Table 6.1 

shows the band description and their designations.  

Below, Figure 6.2 describes the pre-processing of land surface 

parameters using RS images (Landsat 5 TM).  
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Table 6.1: Description of Landsat 5 TM Bands and Their Uses (Source: 

Geosciences Australia) 

S.No Spectral band Use 

1 Blue-Green useful for bathymetric mapping 

along coastal areas, and for soil-

vegetation differentiation, as well 

as distinguishing forest types 

2 Green detects green reflectance from 

healthy vegetation 

3 Red designed for detecting 

chlorophyll absorption in 

vegetation 

4 Near-infrared ideal for near-infrared reflectance 

peaks in healthy green 

vegetation, and for detecting 

water-land interfaces 

5 Mid-infrared useful for vegetation and soil 

moisture studies 

6 Far-infrared designed to assist in thermal 

mapping and for soil moisture 

and vegetation studies 

7 Mid-infrared useful for vegetation and soil 

moisture studies 
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 Orthorectified Landsat 

TM images 

Surface reflectance bands 

B1, B2, B3, B4, B5, B7 
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Emissivity (ε) Global 
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Dn to radiance 
Dn to radiance 
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Figure 6.2: Conceptual Diagram of Pre-processing RS Images for Extraction of Land 

Surface Parameters (Van der Kwast, . 2009) 
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The step by step process involved in image pre-processing for extraction 

of land surface parameters is as follows: 

Step 1: The Landsat 5 TM images have been orthorectified using the 

Digital Elevation Model (DEM). 

Step 2: An atmospheric correction has been applied to the image.  

a) A mono-window algorithm (Qin et al., 2001) has been 

applied for atmospheric correction of thermal band 6; and 

b) The optical bands were atmospherically corrected using 

MODTRAN 4 (Anderson et al., 1999) in combination with 

atmospheric visibility and fixed water vapour amount, 

estimated from the meteorological observations. 

Step 3: Surface albedo, α, has been calculated from surface reflectance 

values of bands 1, 3, 4, 5 and 7. 

Step 4: Surface emissivity is calculated from vegetation cover. 

Step 5: Vegetation cover, fc, is calculated from NDVI. 

6.3 Application of SEBS for the CIA  

The SEBS model has been applied using the satellite and meteorological 

data for the study area. The data selected for this study was the summer 

season 2009-10, winter 2010 and summer 2010-11. From the Landsat 5 

TM images for the summer season 2009-10, nine cloud free images were 

selected, for winter 2010, four cloud free images were selected and 

similarly for summer 2010-11, six cloud free images were selected and 

analysed using the SEBS model for estimation of daily ETa. The output 

of the SEBS model was a pixel-based spatially distributed daily ETa of 

the CIA. 

The detail of the selected images and their statistics based on pixel value 

in the summer season of 2009-10 for the CIA is given in Table 6.2. Table 

6.2 indicates that the highest daily ETa of 10.6mm occurred on 17th 

December, 2009, while the lowest value of 5.2mm was recorded on 30th 

March, 2010. The spatial variations of daily ETa of the selected images 

for summer 2009-10 are shown in Figure 6.3 to Figure 6.11. 
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Table 6.2 Statistics of Landsat 5 TM Daily ETa Images for Summer 2009-

10 

Image No. Date Maximum ET 

(mm) 

Minimum ET 

(mm) 

1 30 Oct 2009 
  6.8 0.4 

2 6 Nov 2009   8.0 0.7 

3 01 Dec 2009   8.5 1.3 

4 17 Dec 2009 10.6 0.3 

5 18 Jan 2010   8.0 0.7 

6 25 Jan 2010   9.7 0.8 

7 10 Feb 2010   8.1 0.1 

8 19 Feb 2010   7.6 0.6 

9 30 Mar 2010   5.2 0.3 

 

 

 

Figure 6.3: Spatial Distribution of ETa on October 30, 2009 
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Figure 6.4: Spatial Distribution of ETa on November 6, 2009 

 

 

Figure 6.5: Spatial Distribution of ETa on December 1, 2009 
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Figure 6.6: Spatial Distribution of ETa on December 17, 2009 

 

 

 

Figure 6.7: Spatial Distribution of ETa on January 18, 2010 
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Figure 6.8: Spatial Distribution of ETa on January 25, 2010 

 

 

Figure 6.9: Spatial Distribution of ETa on February 10, 2010 
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Figure 6.10: Spatial Distribution of ETa on February 19, 2010 

 

 

Figure 6.11: Spatial Distribution of ETa on March 30, 2010 

 

Similarly, the detail of images and their statistics for winter 2010 in the 

CIA are given in Table 6.3, which indicates that the highest daily ETa of 
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5.4mm occurred on 22nd September, 2010, while the lowest value of 

3.0mm was recorded on 1st
 
and 24th March, 2009. The spatial variations 

of daily ETa of selected images for winter 2010 in the CIA are shown in 

Figure 6.12 to Figure 6.15. 

 

Table 6.3: Statistics of Landsat 5 TM daily ETa Images for Winter 2010 

 

 

 

 

 

 

 

 

 

 

 
  

 Figure 6.12: Spatial Distribution of ETa on May 1, 2010 

 

   

 

Image 

No 

Date Maximum 

ET (mm) 

Minimum ET 

(mm) 

1 1 May 2010 3.0 0.21 

2 24 May 2010 3.0 0.10 

3 21 August 2010 3.4 0.20 

4 22 September 

2010 

5.4 0.30 
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Figure 6.13: Spatial Distribution of ETa on May 24, 2010 

 

 

Figure 6.14: Spatial Distribution of ETa on August 21, 2010 
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Figure 6.15: Spatial Distribution of ETa on September 22, 2010 

 

The spatial variations of ETa for summer 2010-11 in the CIA and the 

spatial variation of ETa for summer 2009-10 on December 17, 2009 for 

all of the 22 nodes of the CIA are presented in Appendix I. 

 

6.4 Validation of ETa 

In this study, the daily ETa values computed from the applied SEBS 

algorithm were compared with the measured ET from an eddy 

covariance system to provide confidence in the accuracy of the RS-based 

ETa modelling. The eddy covariance measurements not only provide the 

ET estimates over the canopy at a higher temporal resolution for an 

understanding of energy portioning processes, but also provide results at 

spatial scales which are equivalent to an image pixel. Due to its 

simultaneous measurement of different heat fluxes, this technique 

provides a vital link between hydrological and other biological processes. 

Eddy covariance systems are used for accuracy assessments of RS-

derived ET data from local to regional scales.  
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In the present study, two eddy covariance systems were installed in 

irrigated fields in the CIA for both the winter and summer seasons to 

measure all the heat fluxes using energy balance methods. The ET data 

obtained from the eddy covariance systems and the ET data derived from 

the RS-based SEBS algorithm for the years 2008-09 and 2009-10 were 

plotted for many crops in the CIA as shown in Figure 6.16 and Figure 

6.17. It is evident from the results that the coefficient of determination 

(R
2
) is 0.80 for 2008-09 and 0.78 for 2009-10 which suggests the results 

produced by SEBS closely match the estimates made by the eddy 

covariance system. It is evident from the literature that direct 

measurements and estimation methods incur a considerable amount of 

measuring uncertainty (Scott, 2010). In particular, the uncertainty in the 

measurement of the terms sensible heat flux and latent heat flux range 

from 5-30%, and this is due to energy balance problems. Overall, the 

comparison of ETa between the SEBS-based estimates and the eddy 

covariance measurements are in close agreement.  

 

 

Figure 6.16: Comparison of SEBS Estimated and Eddy Covariance 

Measured ETa for Summer 2008-09 
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Figure 6.17: Comparison of SEBS Estimate and Eddy Covariance 

Measured ETa for Summer 2009-10 

6.5 Summary 

In this chapter, the algorithm of the SEBS model developed by Su (2002) 

was explained in detail. SEBS model is used for estimation of ETa which 

is one of the most important hydrological variables from agricultural 

areas using optical satellite imagery. In this study, the SEBS algorithm 

has been chosen because it has the most important advantage of its 

inclusion of a physical model for the estimation of the roughness height 

for heat transfer which is the most critical parameter in the 

parameterization of the heat fluxes of the land surface.  The SEBS model 

is being continually developed and has been evaluated on water-related 

projects world word for several years. The SEBS model provides 

accurate daily, monthly and seasonally spatio-temporal information 

about actual crop water consumption from various land use and land 

cover classes of the study area. All essential meteorological data required 

for SEBS were collected continuously on various satellite overpass days 

during the growing season.   Finally, in order to validate the SEBS model 

the results produced by SEBS were compared with the measured 

evapotranspiration from an eddy covariance system (flux towers). The 

results indicate that the results produces by SEBS model are fairly well 

correlated with the measured ETa.   
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7 WEB-BASED DECISION SUPPORT SYSTEM FOR AN 

EFFICIENT IRRIGATION WATER MANAGEMENT  

Appropriate decision making tools and accurate hydrological data are 

essential for efficient irrigation water management in irrigated 

agriculture. Due to increasing water scarcity, there is a growing emphasis 

on the efficient use of water in agriculture, and thus techniques for 

monitoring irrigation water use and productivity are becoming 

increasingly vital. A DSS can assist farmers and irrigation managers in 

making better decisions by integrating the many different kinds of 

information such as hydrological data, spatial data, weather data, etc. It 

also helps in running models, enhancing management skills and reducing 

costs of production. Despite the vast variety of benefits a DSS can 

provide, adoption of DSSs in the farming society has been very low 

(Lynch et al., 2000; Newman et al., 2000). This is mainly because of the 

lack of end user involvement in the development phase. Moreover, the 

outputs of the DSS may not fulfil the requirements of the users and there 

are major complexities involved in running a DSS. It is evident from the 

literature that each hydrological unit has unique characteristics and 

requirements. Therefore, a dedicated DSS is often required for a 

hydrological unit. A typical DSS contains a well-designed database for 

storing relevant hydrological data, a collection of hydrological models 

and a user friendly interface.  

 

In this chapter, a novel DSS called the Coleambally Integrated River 

Information System (IRIS) has been developed/presented, which is user 

friendly and moreover has been developed to suit the specific 

requirements of the Coleambally Irrigation Area (CIA), located in the 

Murray Darling Basin of Australia. The main components of 

Coleambally IRIS are a database management system, a library of 

models and a user interface to display the analysed results for decision 

making. Introduction of various user categories with different access 
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rights, user specific information displays for privacy preservation, IWDF 

and automation of RS-derived hydrological parameters to display farm 

specific images in a real time environment are the key features of this 

DSS. The developed DSS is being used and tested in real life by 

managers, farmers and researchers in the CIA. The users’ feedback will 

be used for further improvement and development of the DSS. 

7.1 Background  

Decision making in agriculture production is becoming increasingly 

complex, because of increased competition caused by globalisation of 

agriculture and the trend to adopt more sustainable farming practices. 

This has resulted in the need to manage the way hydrological and 

agricultural data is combined and used smartly while decision making. 

Computer-based (especially web-based) DSSs are becoming important 

tools in the decision-making process which are helpful for agriculture 

growers and irrigation area managers (Ritchie, 1995; Newman et al., 

2000). A DSS can assist farmers and irrigation managers in making 

better decisions by integrating different information gathered from 

various sources, incorporating useful models, providing sensitivity 

analysis, enhancing management skills and reducing costs of production 

while encouraging the best possible use of the limited amount of water in 

an efficient way. In spite of the many advantages and benefits of the 

DSS, the adoption of DSSs in the farming society is very low (Lynch et 

al., 2000; Newman et al., 2000).  

 

7.2 Coleambally Integrated River Information System (IRIS): A 

Web-Based Decision Support System 

 

A DSS called Coleambally IRIS was developed which is a web-based 

DSS with a focus on time series and geospatial data. It provides user 

friendly services for data manipulation consisting of an adaptable set of 

models for data analysis and management. It helps the farmers to 

increase the economic return per unit of water and reduces the 
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environmental impact of irrigation in the Coleambally area. This can be 

achieved through the installation of a demand-driven irrigation system 

that will allow irrigators to more precisely match water application to 

crop water consumption in a real time environment. The DSS helps 

farmers, managers and researchers to access real time hydrological data, 

and also helps to analyse the data for better water management.  

Many existing data management systems (such as Australian Water 

Resources Information Ssystem AWRIS) are web-based systems where 

users are able to search, locate and access the datasets provided in the 

database. A catalogue service is usually implemented to handle search 

requests and provide information about available datasets. 

Every hydrological unit has its own characteristics and requirements, so 

it was essential to develop a dedicated DSS for this hydrological unit. 

Coleambally IRIS has been developed for the CIA in order to address the 

specific requirements of the irrigation area. 

 Adaptable tools and methods are needed to integrate information, and to 

develop understanding and strategies for the sustainable use and 

management of environmental systems. Such tools should assist the 

farmers of the CIA and CICL managers in decision making by providing 

them with (i) information about relevant parameters from measured data; 

and (ii) tools and methods for integrated analyses of such data with user 

friendly access to an environmental information systems (EIS). 

The conceptual diagram of Coleambally IRIS was displayed in Figure 

4.2 and detailed in section 4.2.1. By using the global system for mobile 

communication (GSM) technology, the data is collected to a computer 

(the Raw Data Collection Station, RDCS) from the various instruments 

such as flux towers, automatic weather stations and scintillometers. 

Various satellite data is directly downloaded from the internet and pre-

processed images are stored in the RDCS. Only researchers can access 

data from the RDCS.  
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The collected data can be sent to the actual database (PostgreSQL) in two 

ways. Irrigation managers and researchers can manually upload the data 

either using the web interface or directly connecting to the database. 

Farmers can access some of the data through the web interface, but 

cannot upload any data to the database. The second way is through an 

automatic data upload. Various time series data are automatically 

uploaded directly from the RDCS to the database. This allows users to 

utilise the latest data in a near real time environment, since all uploaded 

data can be viewed and accessed through the web interface.  

Several new functionalities have been added into the AIDIS Coleambally 

IRIS based on the requirements of the study area which are as follows:  

i) introduction of user categories for privacy preservation;  

ii) clipping and masking (from within PHP) of RS images for 

a particular farm area;  

iii) user specific information displays for preserving 

individual privacy;  

iv) automatic invocation and use of MapServer from within 

PHP;  

v) automatic and regular integration of climatic data into the 

DSS through RDCS;  

vi) water demand forecasting based on data mining 

techniques; and  

vii) automation of the RS process for estimation of ET.  

These functions are described in detail below.  

7.2.1 Introduction of user categories for privacy preservation  

 

In Coleambally IRIS there are three user categories - farmer, manager 

and researcher. Every user belongs to one of these categories. All user 

information including the user category is stored in the PostgreSQL 
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database tables. Based on the user login information (i.e. username and 

password), the DSS identifies the category of the user from the database 

and displays the appropriate information. When a farmer accesses the 

web interface with his/her username and password as shown in Figure 

7.1, the user can only access information specific to their farm and other 

general information. Any information specific to another farm is not 

displayed due to the strict privacy issues of each individual farmer. 

However, a manager or a researcher can access information for any farm, 

node or the whole irrigation area.  

 

For example, after a farmer accesses the web-based DSS, it first shows 

the welcome page where the farmer can only see information related to 

his farm, such as area, perimeter and soil type of the farm. The DSS also 

shows a map of the whole irrigation area with his farm map highlighted 

as seen in Figure 7.2. Similarly when an irrigation manager accesses the 

DSS, his/her page will display all the information about the whole 

irrigation area. The map displayed on the manager’s page (as shown in 

Figure 7.3) is spatially divided by the nodes of the CIA. When clicking 

on any node, the DSS will direct the manager to the node’s page where 

all the detailed information about that particular node is available, as 

shown in Figure 7.4 . 
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Figure 7.1: User Login Screen in Coleambally IRIS 

 

 

Figure 7.2: Home Page for a Farmer in Coleambally IRIS 
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Figure 7.3: Home Page for a Manager in Coleambally IRIS 

 

 

 

Figure 7.4: Home Page of a Node in Coleambally IRIS 
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The DSS allows all users, including farmers, to access any general 

information. Examples of general information include average, mean and 

median ET values of the whole irrigation area (as opposed to the ET 

values of a specific farm) at a specific point in time. There is also other 

general information available including information on the river system, 

and the people involved in maintenance and research. Weather station 

data has also been considered as non-sensitive and general. A user has 

the flexibility to access weather station data and graphically plot various 

attributes (such as wind speed, air temperature, net radiation and latent 

heat) of the dataset as shown in Figure 7.5 and Figure 7.6. The data can 

also be selected as total, average, max and min of various time steps like 

hourly, monthly and yearly. Due to higher access rights, managers and 

researchers can access information for any specific farm as well as the 

whole irrigation area. A farmer can only access relevant data, but he/she 

is unable to upload any data into the database. 

 

 

Figure 7.5: Information on Interval Statistics of the Dataset in Coleambally 

IRIS 
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Figure 7.6: Graphical Representation of Selected Intervals of the Dataset 

in Coleambally IRIS 

7.2.2 Clipping and masking (from within PHP) of RS images for a 

particular farm area 

When a farmer wants to access geospatial data such as RS images, he/she 

is restricted to the images relevant to his/her farm only, through the use 

of clipping and masking of RS images of the whole irrigation area to his 

farm boundary. Grass scripts with the geospatial data abstraction library 

(GDAL) are used from within the PHP files of the DSS in order to 

perform the clipping and masking. Various GDAL utilities such as 

orginfo, gdal_translate, and gdalwarp are used to obtain the masked 

images for a farm from the whole irrigation area images.  

Commands such as v.in.ogr, v.out.ogr, orginfo, gdalwarp, 

gdal_translate, projwwin, cutline and r.in.gdal are used within the grass 

scripts to extract the extents of a farm from a shape file and then clip and 

mask the RS image of that particular farm from the whole irrigation area. 

The grass scripts to clip and mask the nodes, farms and the whole CIA 

for different RS parameters such as surface temperature, LAI, NDVI, soil 
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moisture and ET are given in APPENDIX – II. All the necessary files 

and images required for clipping and masking are taken automatically 

from the file database of the Coleambally IRIS DSS.  

7.2.3 User specific information display for preserving individual 

privacy 

The DSS only displays user specific information to a farmer for privacy 

preservation. For example, when a farmer logs in, he/she can only access 

information specific to his/her farm as shown in Figure 7.2. Any 

information specific to another farm is not accessible to the farmer. After 

login, each farmer is shown a welcome page where the farmer can see 

information based on his/her farm only. 

 

Moreover, when a farmer wants to view the masked images of his/her 

farm, the DSS interface initially asks for a period. The DSS contains 

images of various parameters including vegetation health (LAI), NDVI, 

surface temperature, land use and land cover, actual crop water 

consumption (ETa) and soil moisture. The farmer can choose a date such 

as 30 October, 2009 from a drop down menu. The DSS then performs 

automatic clipping and masking on the 30 October, 2009 image of the 

whole irrigation area and shows only the masked image of the above 

mentioned parameters, which is only relevant to his/her farm as shown in 

Figure 7.7. Additionally, the DSS allows the farmer to traverse through 

the images of different periods by using “prev” and “next” buttons and 

access all masked images of the previous or next available dates. This 

will be helpful for a farmer to compare the changes happening on his/her 

farm over times or over crop stages. In the same way, managers can view 

the information about all the farms, nodes and the irrigation area as 

shown in Figure 7.8 and Figure 7.9.  
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Figure 7.7: Automatic Clipping and Masking of the RS Images for a Farm 

within the CIA 

 

Figure 7.8: Automatic Clipping and Masking of the RS Images for a Node 

within the CIA 
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Figure 7.9: Automatic Clipping and Masking of the RS Images for the CIA 

7.2.4 Automatic invocation and use of MapServer from within PHP 

files 

The DSS allows a farmer to open an RS image in MapServer just by a 

mouse click on a masked image. All necessary layer related metadata 

such as coordinates, projections, map ids and layer names are 

automatically generated and stored in the PostgreSQL database tables. 

Automatically generated map fields and actual masked images are stored 

in a file system. The PHP script also invokes MapServer with the desired 

masked image. MapServer is used as a platform for displaying, zooming 

in and zooming out on the spatial images and thus provides a user 

friendly web interface as shown in Figure 7.10 and Figure 7.11. The DSS 

uses MapServer as it is open source, capable of displaying spatial images 

over the web and usable along with PHP.  
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Figure 7.10: GIS Map of CIA Paddocks 

 

 

 

Figure 7.11: GIS Map of Coly Node 3 Seen in MapServer 
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7.2.5 Automatic and regular integration of climatic data into the 

DSS 

The Coleambally IRIS DSS performs automatic and regular collection of 

climatic data directly from data collection instruments like flux towers. 

We use LoggerNet 3.4.1 data logger support software (LoggerNet 3x, 

2010), Baler 3.4 (Baler software for creating data files, 2010) and various 

programs such as Java and PHP in order to download data automatically 

from the weather stations and put the data in a specific file system folder 

of the DSS server. This data is first read, reformatted and then 

automatically uploaded into the PostgreSQL database tables of the DSS 

without requiring any human intervention. A user can view the latest data 

through the DSS interfaces. Figure 7.12 shows the list of all the latest 

datasets that are available in the PostgreSQL database. By clicking the 

appropriate link, a user can view the raw data or graphically plotted data 

as shown in Figure 7.13 and Figure 7.14.  

 

 

Figure 7.12: Automatically Uploaded Weather Station Data Viewable by 

Any User in Coleambally IRIS 
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Figure 7.13: Selection of Time Series Data in Coleambally IRIS 

 

 

 

Figure 7.14: Graphed Results for Time Series Data 
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7.2.6 Geo data 

All geo data is uploaded into this section of the database irrespective of 

the file format, including shape files, image files, documents, raster data, 

vector data and more. Figure 7.15 and Figure 7.16 show a list of geo data 

currently stored on IRIS. In this section, all the shape files are linked 

with GIS software to enable the users to use all the features of a shape 

file. A shape file commonly refers to a collection of files with .shp, .shx, 

.dbf and other extensions with a common prefix name. They store non-

topological geometry and attribute information for the spatial features in 

a dataset.  

 

 

Figure 7.15: Geo Data Overview in Coleambally IRIS 
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Figure 7.16: Vector Data for the CIA Stored in the Geo Database of 

Coleambally IRIS 

7.2.7 Models integrated within the Coleambally IRIS DSS 

Two models developed in this study have been integrated into the 

Coleambally IRIS DSS. These models are: i) a model for IWDF; and ii) 

a model for estimation of ET. 

7.2.7.1 Integration of IWDF Model in the web-based DSS 

Out of the data mining models developed for IWDF, the DT model has 

been incorporated into the Coleambally IRIS DSS because of its high 

degree of accuracy in predicting the future water requirements and being 

simple to incorporate. The DT algorithm for IWDF was developed in 

Java. Within the DSS, PHP and Java interact with each other to run the 

model automatically and generate a decision tree and predict future water 

usage values from the decision tree upon a user’s request. PHP calls the 

relevant Java files which automatically generate a decision tree in order 

to perform a future prediction. The decision tree and the water demand 

prediction is displayed on the web page. A description of the interaction 
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between PHP and Java is demonstrated by the conceptual diagram shown 

in Figure 7.17. 

When the Java code is invoked by PHP, it connects to the file system in 

the DSS. To generate a decision tree, Java requires two input files from 

the file system: i) NameFile.txt; and ii) TrainingData.dat. 

NameFile.txt contains all the information about the non-class and class 

attributes such as the number of attributes, names of the attributes, types 

of attributes (numerical or categorical), possible values an attribute can 

have, and the number of records in the training dataset. TrainingData.dat 

contains the actual data of past records. 

  

File System 

 

 

 

NameFile.txt 

TrainingData.dat 

ForecastData.txt 

DecisionTree.txt 

PredictionFile1.txt 

PredictionFile2.txt 

PredictionFileN.txt 

Web Pages 

Java/Java Files 
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Cronjob2 

Index 

          2 way data flow 

BoM: Bureau of 
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after 
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Figure 7.17: Conceptual Diagram of Java-PHP Interaction 
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Every morning at 1am, the PHP code within the DSS automatically 

connects to the Bureau of Meteorology ftp server through a scheduled 

cronjob1 (a cronjob is a command or a shell script which lets the user 

schedule jobs to run automatically at a certain time) as shown in Figure 

7.17 and gets the weather forecast data for the next seven days. It then 

replaces/overwrites only the weather data on the ForecastData.txt file in 

the file system. The other attributes in the ForecastData.txt file such as 

soil type and crop type remain the same. When the contents of the 

ForecastData.txt file is updated, cronjob2 then executes the Java code to 

generate the ith Predictionfile.txt for the ith farm where 1 ≤ i ≤ N. The 

prediction file contains the predicted values for the attribute ‘crop water 

usage’ along with all the other attributes. The prediction file will be 

generated for all the farms of the CIA. 

 

To generate the prediction files, Java requires two input files from the 

file system. They are: i) DecisionTree.txt; and ii) ForecastData.txt. Java 

code first reads the DecisionTree.txt file to learn the pattern generated by 

the decision tree. In the second step it reads a record of the 

ForecastData.txt file and tests the record according to the decision tree to 

figure out the leaf that the record falls into. The class value of the leaf is 

considered as the predicted class value of the record. Thus Java predicts 

the class value (water usage) of each record in the ForecastData.txt file.  

To predict the water demand for a node of CICL, the water demand 

forecasted for the farms belonging to that node is accumulated. When a 

user wants to know the water demand forecast for the next seven days for 

his/her farm, the prediction file related to the farm is displayed on the 

web page. Similarly an irrigation company manager can view the 

predictions for any individual farm, node or the whole CIA. Figure 7.18 

shows a prediction file for a farm. Each row of the file contains all the 

non-class attribute values (Tmax, Tmin, Humidity, WindSpeed, Rainfall, 

SolarRadiation, SoilType, CropType) and the water demand prediction 

for the next seven days. 
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Figure 7.18: Irrigation Water Demand Forecast for Seven Days 

The water demand forecast technique in the Coleambally IRIS DSS will 

be useful for the farmers and irrigation managers of the CIA. Farmers 

need to order the water from CICL. Once the order is made, it often takes 

seven days to get the water to the farm from upstream. By using the web-

based demand forecast technique, the farmers can generate a more 

accurate water demand for his/her farm for the next seven days in 

advance. Hence, the farmers can order more accurate amounts of water 

resulting in better water savings. 

 

7.3 Summary 

In this chapter, a novel DSS called Coleambally IRIS has been presented 

that has been developed for farmers, managers and researchers of the 

Coleambally Irrigation Area (CIA) in NSW, Australia. The DSS has 

been developed by making necessary modifications to an existing 

information system called AIDIS. This DSS will be presented to the 

farmers and managers of the CIA through a training program as it will be 

used by the farmers and managers of the CIA to refine the water 
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management decisions in the region. The DSS will help the CIA farmers 

and managers in decision making by providing relevant information on 

the actual water use in a real time environment. Through the real life use 

of this DSS, it is expected to obtain useful feedback which will be 

helpful for its further development.  

 

For the future development of the DSS, the plan is to develop a model 

for a geo-processing service with real time data from sensor networks, to 

read each pixel value from the masked images of farms, nodes and the 

whole irrigation area, and obtain the average value from all the pixels for 

a particular parameter such as actual crop water consumption, NDVI, 

LAI, soil moisture and surface temperature. These values will then be 

added to our dataset as additional attributes to achieve better irrigation 

water demand forecasting and to increase the economic return per unit of 

water. The DT IWDF model has been incorporated in the DSS even 

though it had produced the second best results. Due to the non-

availability of some resources required to incorporate a decision forest, 

the DT model has been adopted by this study. 
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8 SUMMARY AND WAY FORWARD 

8.1 Summary 

Water availability plays an important role in agriculture crop production. 

Water scarcity is a major issue for many developed and developing 

countries of the world, resulting in a serious threat that often leads to the 

emergence of food crises (IWMI, 2009). With the increasing global 

population, climate change, recent droughts and increasing demand for 

domestic and industrial water requirements, the gap between the supply 

and demand for water is widening and is reaching such an extent that in 

some parts of the world it is posing a serious threat to human existence 

(Hussain, et al., 2002; Naiman et al., 2002; Bos et al., 2005). It has been 

learned from the past that water scarcity is the point at which the 

aggregate impact of all users impinges on the supply or quality of water 

under the prevailing institutional arrangements to the extent that the 

demand by all sectors, including the environment, cannot be satisfied 

fully (UN-Water, 2006). The demand to meet these growing water 

requirements has resulted in greater competition between the water users, 

such as the agricultural, industrial and domestic sectors for available 

water resources. Among all users, water use is dominated by irrigation 

which accounts for almost 70% of global water withdrawals and for 

more than 90% of global consumptive water use, i.e. the water volume 

that is not available for reuse downstream, and this water is responsible 

for nearly 40% of world food production, while domestic and industrial 

usage is 20% and 10% respectively (ONU, 1997; UN-Water, 2006; 

Gourbesville, 2008). Due to the above mentioned factors and 

environmental concerns, there is much pressure on existing water users 

in Australia to improve their water productivity by producing more with 

less water in the future.  

 

Improving water management in irrigated areas and the assessment of 

irrigation performance are critical activities which require a complete 

understanding of all terms of hydrological response units at various 
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spatial scales i.e. farm to irrigation area level (Khan and Hafeez, 2007). 

In order to perform these activities, there is a need to have access to 

reliable data on water availability, quantity and quality to provide the 

necessary foundation for efficient management of water resources. 

Advances in RS, IT, GIS and modelling offer water resource managers a 

novel way to accurately obtain spatial data on actual water use, water 

demand, allocation and distribution of water in a real time environment. 

From the literature it is evident that water management of any irrigation 

area can be improved by improving estimating irrigation water 

requirements in advance (Pulido-Calvo et al., 2007). Having a reliable 

and proper IWDF tool based on a complete knowledge and 

understanding of the hydrological behaviours of a hydrological response 

unit can improve water management in an irrigation area.  

 

This study took a holistic approach and aimed to develop a DSS to make 

decision-making transparent and interactive in a smart water 

management system. The DSS consists of a hydrological database, a 

collection of hydrological models (the IWDF model and the estimation 

of ET using RS model) and a user friendly interface. Moreover, this 

study also developed and validated models for: i) IWDF using data 

mining techniques based on spatio-temporal data; and ii) estimation of 

ET based on RS technology. These models were integrated into the 

developed DSS to make it a complete tool which can help irrigation 

farmers and managers improve water productivity, economic returns per 

unit of water and enable them to match irrigation demand and supply in a 

near real time environment. These models were tested for the irrigation 

seasons of the year 2007-08, 2008-09, 2009-10 and 2010-11. The two 

models can be used on different scales i.e., from farm level (one farm) to 

the irrigation system level (whole irrigation area). This irrigation demand 

forecasting tool will be useful for timely delivery of water to crops while 

improving irrigation water management. The study area selected for this 

study was the Coleambally Irrigation Area (CIA) which is situated in the 
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Riverina District of New South Wales which falls under lower part of 

Murrumbidgee River catchment in south-east Australia. The 

achievements of this study are explained in the below sections. 

8.1.1 The Decision Support System 

The DSS was developed based on AIDIS, using the scripting language 

PHP. It uses several open source software components, including a 

standard Linux environment with an Apache web server, PostgreSQL, 

PostGIS and MapServer. The Apache web server is used to connect 

clients with the HTTP web server. Through the Apache web server, the 

DSS stores various uploaded data in the PostgreSQL databases and the 

file system, and displays the data to a user with visually attractive 

graphical plots. It uses the PostgreSQL database as an object relational 

database management system (RDBMS). It allows the admin user 

(administrator of the database) to modify information about data types, 

functions and access methods that are stored in system catalogue tables 

without changing any hardcoded procedures in the source code. 

Minnesota Map Server is used in the DSS for visualisation of the maps. 

8.1.2 Irrigation Water Demand Forecasting 

An IWDF for a seven day period has been achieved using data mining 

techniques based on spatio-temporal data. This forecasting model can be 

applied on different scales ranging from subsystem to system level i.e. 

farm, node and total irrigation area level to gain accurate knowledge of 

future water requirements. The different data mining techniques used in 

this study were decision tree (DT), artificial neural network (ANN), 

decision forest (using SysFor), support vector machine (SVM) and 

logistic regression. 

To run any model at least two types of datasets were needed: i) Training 

dataset (to train the model on this dataset); and ii) Testing dataset (this 

dataset was used to test the trained model for prediction purposes). To 
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build the training dataset, data from three different sources was collected 

for this study. The first source was the water delivery statements/records 

obtained from Coleambally Irrigation Cooperative Limited (CICL) 

which provided information about the type of crop and total water usage 

for that crop during the growing season for each individual farm. The 

second source was the meteorological data obtained from the automatic 

weather stations installed in the study area. The third source was spatial 

data that is of two types: i) land use and land cover maps which provide 

information about the crops grown and the cropping area; and ii) soil 

type maps that provide information about the different soil types 

associated with the farms in the study area. This created a dataset which 

contains information on attributes that have a high influence on water 

usage. 

For the purpose of making the prepared dataset useful to develop a model 

for demand forecasting and pattern extraction, this study further pre-

processed the dataset for estimating the daily water usage of a farm. The 

dataset is a historical dataset having a collection of data from the last five 

years. Each record in the dataset holds the daily average values of all the 

attributes, such as temperature and humidity, for all the farms of the 

study area. Since there is no accurate information on daily water usage of 

a farm (because farmers order water in bulk and use it for a period of 

time), this study used a novel approach called reference 

evapotranspiration-based pre-processing (REP) to pre-process the dataset 

using a combination of knowledge of irrigation engineering and data 

mining. Moreover, this study also evaluated the proposed pre-processing 

technique (REP) by comparing it with two other possible approaches - 

equal water distribution and averaging out of parameters. 

 

The experimental results of this study indicated a minor difference in the 

prediction accuracies achieved by different data mining techniques, 

mainly SysFor, DT and ANN. Results demonstrated that, based on a 3-

fold cross validation method, SysFor produced the best prediction 
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accuracy of 78% followed by DT and the SVM with 74% and 64% 

respectively. This study also compared the prediction accuracies of the 

models with the actual water consumed by the crop. This study 

experimented on all 22 nodes (made up of all 473 farms) of the study 

area (CIA) and discovered that while the traditional approach had 77% 

accuracy, the data mining techniques produced higher accuracies.  

 

The closeness of prediction accuracy of SysFor was the best with 97.5% 

followed by DT with 96% accuracy. Interestingly, ANN performed 

better than the SVM by closely predicting the water demand to actual 

water used with 95% accuracy. The accuracy predictions made by SVM, 

logistic regression and the traditional ETc method were found to be 78%, 

75% and 77% respectively. 

 

Therefore, from the above results, this study recommends that the SysFor 

and DT techniques as the most suitable for predicting irrigation water 

demand. By developing and implementing a demand forecasting model 

using these techniques and integrating it within the developed DSS, the 

farmers and irrigation managers of the CIA can estimate the future water 

requirements in advance accurately, which can result in better water 

management.  

Although the results obtained from this study are satisfactory in 

predicting water demand, a limitation would be the use of a low number 

of influential attributes in the dataset. This may be further improved by 

adding more attributes which have a high influence on crop water usage 

such as seepage and soil moisture. In addition, it would be interesting to 

explore the influence of cropping stage on crop water use.  

8.1.3 Evapotranspiration 

ETa is the most important hydrological variable which is measured in this 

study using state-of-the-art RS technology. This study used optical 

satellite imagery and the SEBS model, a single-source energy balance 

algorithm which estimates atmospheric turbulent fluxes and surface 
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evaporative fraction from RS data. The RS-based SEBS algorithm was 

used to estimate daily and monthly ETa from 19 Landsat 5 TM images 

covering both cropping seasons. SEBS is a thermodynamically-based RS 

model which estimates ETa from satellite imagery by using complex 

radiation and energy balance algorithms.  

SEBS requires three sets of input data: i) land surface parameters which 

include: albedo; emissivity; surface temperature; and vegetation index/ 

roughness height (if vegetation index is not available NDVI can be 

used); ii) meteorological data such as air pressure, temperature, relative 

humidity and wind speed; and iii) downward short wave and long wave 

radiation (these can be either direct measurements, model outputs or 

parameterised). The meteorological parameters that are used in this 

model were collected from automatic weather stations installed in the 

study area. 

The spatial variation of daily ETa for both seasons indicated that winter 

crops were present in the October and November images, and similarly, 

planting of winter crops at the end of March was also evident from the 

images acquired in the second half of March. Relatively higher spatial 

values of daily ETa were observed in the images acquired after heavy 

rainfall in the area. Extreme conditions were found in January for both 

years which shows significant ET only from cropped fields and 

negligible or even no ET from native grass or fallow lands. 

From the images it is clearly seen that in summer 2009-10, the maximum 

and minimum values of daily ETa were 10.6mm and 1.3mm respectively 

which was in the month of December. In winter 2010, the maximum and 

minimum ETa values were 5.4mm and 0.10mm respectively. The ETa 

produced by the SEBS model shows quite good agreement within the 

expected range when compared with the eddy covariance systems 

installed in the study area. Daily, monthly and seasonal ETa maps were 

generated for each farm, node and the whole CIA region. These 

generated maps were integrated into the developed DSS for ease of 

access for the farmers and managers of the CIA. Overall, it was found 
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that the RS-based energy balance algorithm SEBS, coupled with ground 

data, can be an efficient and reliable method for estimation of ET at 

different spatio-temporal scales. 

 

The methodology adopted in this study for developing a DSS as a 

holistic approach is very simple and cost effective and is specifically 

designed and developed for this particular hydrological response unit. 

The demand forecasting model using data mining techniques is useful for 

improved irrigation water management in the CIA as well as in other 

irrigation systems located in arid and semi-arid regions around the globe. 

The developed tool will provide practical help to irrigation managers and 

farmers to overcome the risks associated with over and under application 

of irrigation water by matching the demand and supply in a near real 

time environment. This DSS will ultimately lead to solutions which will 

allow more production with less use of water. It will provide 

opportunities for reducing non-beneficial use of water in the irrigation 

system. This will be of immense value to the irrigation companies and 

the farming community as it will act as a complete management 

information system (MIS). 

8.2 Possible Way Forward 

The main focus of the Australian irrigation industry is to improve 

irrigated agricultural water management at farm to system (irrigation 

area) levels, with a growing demand for water to be returned to the 

environment. The effort made in this study to improve agriculture water 

management through developing a DSS and models for irrigation 

demand forecasting and estimation of ETa acknowledges the possibility 

of further work, which includes: 

 

 This DSS should be capable of providing both sophisticated and 

easily understandable information to irrigation managers for near 
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real time irrigation demand forecasting integrated with the CICL 

SCADA system.  

 In order to estimate the IWDF even more accurately, the 

following points need to be considered for future work: 

o Irrigated area mapping needs investigation by using high 

spatial resolution satellite images. This will improve the 

capturing of crops in detail. 

o Adding additional data of attributes having high influence 

on crop water usage such as spatial soil moisture and 

channel seepage into the dataset may improve the 

accuracy of irrigation demand forecasting. In addition it 

would be interesting to explore the influence of cropping 

stage on crop water use. 

o Other different data mining techniques such as clustering 

and statistical techniques can be applied to further 

investigate if these models are better than the models used 

in this study for predicting the irrigation water demand. 

 Estimation of ETa was carried out on the day of overpass and the 

gap was filled with temporal integration techniques. ETa 

estimates can be improved by using high temporal MODIS data 

which is available on a daily basis. The high temporal data will 

help in capturing the ETa resulting from rainfall events which 

were partially or completely missed by low temporal resolution 

satellites due to non-availability of images after the rainfall 

events.  

The error caused by RS analysis of ETa needs to be investigated 

by using a soil water balance model with a daily time step under 

different crop types for deeper understanding of water use 

dynamics.     
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APPENDIX – I   Spatial variations of ETa for summer 2010-11 

in the CIA 

 

Figure AI . 1: Spatial Distribution of ETa on October 8, 2010 

 

 

 

Figure AI. 2: Spatial Distribution of ETa on December 27, 2010 
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Figure AI. 3: Spatial Distribution of ETa on January 5, 2011 

 

 

 

Figure AI. 4: Spatial Distribution of ETa on January 28, 2011 
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Figure AI. 5: Spatial Distribution of ETa on March 3, 2011 

 

 

 

Figure AI. 6: Spatial Distribution of ETa on March 26, 2011 
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Spatial Variations of ET - December 17, 2009 for all 22 nodes of the 

CIA. 

 

Figure AI. 7: Spatial Distribution of ETa on Boona_1 

 

 

Figure AI. 8: Spatial Distribution of ETa on Boona_2 
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Figure AI. 9: Spatial Distribution of ETa on Boona_3 

 

 

 

Figure AI. 10: Spatial Distribution of ETa on Bundure_3 
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Figure AI. 11: Spatial Distribution of ETa on Bundure_4 

 

 

 

Figure AI. 12: Spatial Distribution of ETa on Bundure_5_6 
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Figure AI. 13: Spatial Distribution of ETa on Bundure_7_8 

 

 

 

Figure AI. 14: Spatial Distribution of ETa on Bundure_main 
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Figure AI. 15: Spatial Distribution of ETa on Coly_1_2 

 

 

 

Figure AI. 16: Spatial Distribution of ETa on Coly_3 
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Figure AI. 17: Spatial Distribution of ETa on Coly_4 

 

 

 

Figure AI. 18: Spatial Distribution of ETa on Coly_5 
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Figure AI. 19: Spatial Distribution of ETa on Coly_6 

 

 

 

Figure AI. 20: Spatial Distribution of ETa on Coly_7 
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Figure AI. 21: Spatial Distribution of ETa on Coly_8 

 

 

 

Figure AI. 22: Spatial Distribution of ETa on Coly_9 
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Figure AI. 23: Spatial Distribution of ETa on Coly_10 

 

 

 

Figure AI. 24: Spatial Distribution of ETa on Coly_11 
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Figure AI. 25: Spatial Distribution of ETa on Tubbo 

 

 

 

Figure AI. 26: Spatial Distribution of ETa on Yamma_1 
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Figure AI. 27: Spatial Distribution of ETa on Yamma_2_3_4 

 

 

 

Figure AI. 28: Spatial Distribution of ETa on Yamma_Main_Argoon
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APPENDIX – II  Grass Script for clipping and masking 

of the ETa of the nodes of the Cia 

 

#!/bin/bash 

# Run from inside GRASS GIS please ! 

# Enter work directory 

workspace=/home/makhan/grassdata/Grass_Scripts/Nodes 

 

shape=( 'Boona_1' 'Boona_2' 'Boona_3' 'Coly_1_2' 'Coly_3' 

'Coly_4' 'Coly_5' 'Coly_6' 'Coly_7' 'Coly_8' 'Coly_9' 

'Coly_10' 'Coly_11' 'Bundure_main' 'Bundure_3' 'Bundure_4' 

'Bundure_5_6' 'Bundure_7_8' 'Tubbo' 'Yamma_1' 'Yamma_234' 

'Yamma_main_Argoon') 

 

ULX=( '145.8485' '145.8235' '145.7283' '146.0792' 

'146.0482' '145.9999' '146.005' '145.9577' '145.996' 

'145.9987' '145.8544' '145.9450' '145.91' '145.986' 

'145.9674' '145.8246' '145.9318' '145.852' '145.83' 

'145.858' '145.755' '145.6649') 

 

ULY=( '-34.6789' '-34.7977' '-34.7912' '-34.687' '-34.695' 

'-34.7136' '-34.7384' '-34.7489' '-34.774' '-34.7848' '-

34.777' '-34.8263' '-34.85' '-34.9042' '-34.959' '-

34.9437' '-34.965' '-34.9799' '-34.679' '-34.8787' '-

34.8718' '-34.8257') 

 

LRX=( '146.0862' '145.9087' '145.8496' '146.1387' 

'146.1204' '146.109' '146.106' '146.1037' '146.0906' 

'146.1023' '146.1045' '146.0833' '146.07' '146.0809' 

'146.063' '146.0026' '146.0263' '145.9657' '146.12' 

'146.0067' '145.9049' '146.0738') 

 

LRY=( '-34.8205' '-34.8714' '-34.8626' '-34.708' '-

34.7338' '-34.756' '-34.7733' '-34.8018' '-34.8066' '-

34.8323' '-34.866' '-34.8792' '-34.90' '-34.79' '-35.0595' 

'-35.025' '-35.0562' '-35.0538' '-34.81' '-34.9723' '-

35.0334' '-34.9374') 



 

235 

 

 

mkdir $workspace/node_eta_tifs/ 

mkdir $workspace/node_eta_png/ 

rm $workspace/node_eta_tifs/*.tif -f 

rm $workspace/node_eta_png/*.PNG -f 

 

for ((i=0;i<=21;i++))  

  do 

     

     for file in cia_eta*.tif 

      do  

   gdal_translate -projwin ${ULX[${i}]} ${ULY[${i}]} 

${LRX[${i}]} ${LRY[${i}]} -a_nodata 0 $workspace/$file 

$workspace/${shape[${i}]}_$file 

   gdalwarp -srcnodata 0 -dstnodata 0 -cutline 

$workspace/nodes_wgs84/${shape[${i}]}.shp  

$workspace/${shape[${i}]}_$file 

$workspace/node_eta_tifs/${shape[${i}]}_$file 

   cd $workspace/node_eta_tifs/ 

   #g.mremove type=rast pattern=* 

   r.in.gdal input=${shape[${i}]}_$file 

output=${shape[${i}]}_$file --overwrite 

   cd .. 

   rm $workspace/${shape[${i}]}_cia_eta* 

      done 

 

      v.in.ogr dsn=$workspace/nodes_wgs84/ 

layer=${shape[${i}]} output=boundary --overwrite 

       cd $workspace/node_eta_tifs/ 

       for file in $(g.mlist type=rast 

pattern=${shape[${i}]}_cia_eta_* separator=newline ) 

  do 

    d.mon stop=PNG 

    r.colors -n map=$file color=bcyr  

   #Display animation on X-Windows 

    outfile=$(echo $(echo $file | sed 

's/'${shape[${i}]}'_cia_eta_/'${shape[${i}]}'_eta_/g') | 

sed 's/.tif/.PNG/g') 

    d.mon stop=PNG 
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    export 

GRASS_PNGFILE=$workspace/node_eta_png/$outfile 

    export GRASS_TRUECOLOR=TRUE 

    export GRASS_TRANSPARENT=TRUE 

    d.mon start=PNG 

    d.mon select=PNG 

    d.resize width=640 height=480 

    d.frame -c frame=frame_map at=0,100,0,85  

    d.frame -c frame=frame_right at=0,100,85,100 

   #d.frame -c frame=frame_bottom at=0,10,0,100  

    g.region rast=$file --overwrite 

    d.frame -s frame=frame_map  

    d.erase color=255:255:255 

    d.rast map=$file bg=white 

    d.vect map=boundary width=1 color=grey 

type=boundary 

   #d.frame -s frame=frame_bottom 

   #d.text text="Actual ET: Date = $(echo $(echo 

$file | sed 's/mask_clip_cia_eta_//g') | sed 's/.tif//g')" 

size=35 color=black at=50,50 align=cc rotation=0 

linespacing=1.25 

    d.frame -s frame=frame_right 

    d.legend -s map=$file color=black thin=5 

labelnum=2 at=25,75,20,30 

    d.text text="(mm/day)" size=3 color=black at=14,78 

align=ll rotation=0 linespacing=1.25 

    d.mon stop=PNG 

       done 

      cd .. 

done 
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Grass Script for clipping and masking of the ETa of each farm of the 

CIA  

 

#!/bin/bash 

# Run from inside GRASS GIS please ! 

# Enter work directory 

g.mremove vect=* -f 

g.mremove rast=* -f 

 

workspace=/home/umair/icwater/Nodes 

shape=CIA_farms_Mar09_WGS84 

 

 

mkdir $workspace/tifs/ 

rm $workspace/tifs/*eta*tif -f 

mkdir $workspace/eta/ 

rm $workspace/eta/*.png -f 

 

for num in 164 2023 2017 2019 2020 4003 4004 2018

 4005 4006 4002 18 5 2 1009 1 7

 2 120 120 1001 1009 1010 1040 1011 1008

 639 1002 1016 1004 1003 1038 1008 1013 1008

 2 11 1015 1016 5 1012 1027 1006 57

 4 4 3 1027 8 3 7 1001 1039

 1035 8 8 6 14 8 7 9 10

 1036 14 221 10 12 13 11 2026 16

 15 11 20 19 17 18 222 19 141

 21 108 23 31 25 24 22 26 141

 25 34 661 26 23 663 661 24 673

 6 663 33 32 35 31 538 641 36

 540 507 30 29 643 37 28 27 642

 142 665 41 38 2010 538 143 536 29

 30 40 43 2010 39 28 657 2016 654

 42 145 44 70 45 46 71 45 69

 72 68 50 51 154 153 47 48 49

 75 64 146 67 76 52 73 155 74

 55 54 56 66 150 152 65 63 53

 151 77 156 1017 1031 59 1018 1034 1030
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 80 158 1032 63 79 157 1033 1019 78

 62 159 89 57 90 81 58 90 60

 91 1020 83 84 1021 2015 163 658 1022

 648 61 107 95 162 160 88 83 82

 161 165 662 166 94 92 85 169 2002

 86 87 162 108 93 167 103 169 96

 178 106 2002 100 105 97 178 194 102

 175 174 2000 179 174 179 104 175 97

 96 168 103 174 108 98 173 109 99

 173 1026 180 110 102 101 193 109 1005

 193 180 177 172 2001 172 176 219 116

 113 111 197 115 196 112 171 184 171

 195 210 183 114 182 181 170 182 218

 198 218 170 505 118 117 507 185 187

 118 119 199 186 217 119 506 211 217

 200 508 188 504 502 507 542 510 201

 216 503 522 501 1025 509 190 546 212

 215 189 206 502 542 188 511 546 510

 645 659 202 213 544 205 512 209 671

 513 523 524 515 207 214 191 666 547

 526 545 515 544 516 219 637 204 525

 192 535 514 517 208 660 525 516 548

 192 550 542 527 2006 514 517 527 667

 518 528 537 529 2006 44 209 540 518

 537 537 519 532 552 519 551 672 541

 2006 530 615 606 533 560 2006 559 531

 539 2009 534 539 615 606 561 556 548

 521 533 520 534 564 554 615 557 551

 566 2006 558 607 562 566 2009 569 664

 607 563 573 565 555 567 608 568 607

 570 571 574 59 597 572 31 646 545

 652 609 575 581 609 577 574 579 571

 598 619 600 621 608 600 599 578 2008

 590 580 610 610 601 670 508 582 578

 583 669 599 575 624 623 611 589 594

 588 611 2008 596 610 591 541 596 606

 574 584 584 634 595 591 650 612 631

 614 612 593 612 590 592 585 644 577

 636 674 587 613 613 585 623 633 647
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 640 668 651 586 556 638 614 1037 1014

 1018 1023 1028 1039 655 656 653 2013 2014

 2007 2000 2005 2001 219 220 2003 2002 2002

 2000 7 14 48 49 505 1028 506 653

 1007 1024 1029 2007 549 2025 2024 2027 2027

 0 2012 2012 2012 

 

do 

v.in.ogr -w dsn=$workspace/nodes_wgs84/ layer=$shape 

output=farm$num where=FARM_NUM=$num min_area=0.0001 

type=boundary snap=-1 --overwrite 

v.out.ogr input=farm$num type=area 

dsn=$workspace/nodes_wgs84/ layer=1 format=ESRI_Shapefile 

--overwrite 

EXTENT=`ogrinfo -so $workspace/nodes_wgs84/farm$num.shp 

farm$num | grep Extent | sed 's/Extent: //g' | sed 

's/(//g' | sed 's/)//g' | sed 's/ - /, /g'` 

EXTENT=`echo $EXTENT | awk -F ',' '{print $1 " " $4 " " $3 

" " $2}'` 

echo $EXTENT 

 

 

for file in cia_eta*.tif 

      do  

   gdal_translate -projwin $EXTENT -a_nodata 0 

$workspace/$file $workspace/$num\_$file 

   gdalwarp -srcnodata 0 -dstnodata 0 -cutline 

$workspace/nodes_wgs84/farm$num.shp $workspace/$num\_$file 

$workspace/tifs/farm$num\_$file 

   rm $workspace/$num\_$file 

   r.in.gdal input=$workspace/tifs/farm$num\_$file 

output=farm$num\_$file --overwrite 

      done  

 

v.in.ogr dsn=$workspace/nodes_wgs84/farm$num.shp 

output=boundary min_area=0.0001 snap=-1 --overwrite  

cd $workspace/tifs/ 

for file in $(g.mlist type=rast 

pattern=farm$num\_cia_eta_* separator=newline ) 
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  do 

    d.mon stop=PNG 

    r.colors -n map=$file color=bcyr -e 

    outfile=$(echo $(echo $file | sed 's/.tif/.PNG/g')) 

    export GRASS_PNGFILE=$workspace/eta/$outfile 

    export GRASS_TRUECOLOR=TRUE 

    export GRASS_TRANSPARENT=TRUE 

    d.mon start=PNG 

    d.mon select=PNG 

    d.resize width=640 height=480 

    d.frame -c frame=frame_map at=0,100,0,85  

    d.frame -c frame=frame_right at=0,100,85,100 

    g.region rast=$file --overwrite 

    d.frame -s frame=frame_map  

    d.erase color=255:255:255 

    d.rast map=$file bg=white 

    d.vect map=boundary width=1 color=grey type=boundary 

    d.frame -s frame=frame_right 

    d.legend -s map=$file color=black thin=5 labelnum=2 

at=25,75,20,30 

    d.text text="(mm/day)" size=3 color=black at=14,78 

align=ll rotation=0 linespacing=1.25 

    d.mon stop=PNG 

  done 

cd .. 

rm $workspace/nodes_wgs84/farm$num* 

done 

 




