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UNIVERSITY OF SOUTHAMPTON 

ABSTRACT 

FACULTY OF PHYSICAL SCIENCES AND ENGINEERING 

ELECTRONICS AND COMPUTER SCIENCE 

Doctor of Philosophy 

ENABLING PROACTIVE AGRICULTURAL DRAINAGE REUSE FOR IMPROVED 

WATER QUALITY THROUGH COLLABORATIVE NETWORKS AND LOW-

COMPLEXITY DATA-DRIVEN MODELLING  

by Huma Zia 

With increasing prevalence of Wireless Sensor Networks (WSNs) in agriculture and hydrology, 

there exists an opportunity for providing a technologically viable solution for the conservation of 

already scarce fresh water resources. In this thesis, a novel framework is proposed for enabling a 

proactive management of agricultural drainage and nutrient losses at farm scale where complex 

models are replaced by in-situ sensing, communication and low complexity predictive models 

suited to an autonomous operation. This is achieved through the development of the proposed 

Water Quality Management using Collaborative Monitoring (WQMCM) framework that 

combines local farm-scale WSNs through an information sharing mechanism.  

Under the proposed WQMCM framework, various functional modules are developed to 

demonstrate the overall mechanism: (1) neighbour learning and linking, (2) low-complexity 

predictive models for drainage dynamics, (3) low-complexity predictive model for nitrate losses, 

and (4) decision support model for drainage and nitrate reusability. The predictive models for 

drainage dynamics and nitrate losses are developed by abstracting model complexity from the 

traditional models (National Resource Conservation Method (NRCS) and De-Nitrification-

DeComposition (DNDC) model respectively). Machine learning algorithms such as M5 decision 

tree, multiple linear regression, artificial neural networks, C4.5, and Naïve Bayes are used in this 

thesis. For the predictive models, validation is performed using 12-month long event dataset from 

a sub-catchment in Ireland. 

Overall, the following contributions are achieved: (1) framework architecture and implementation 

for WQMCM for a networked catchment, (2) model development for low-complexity drainage 

discharge dynamics and nitrate losses by reducing number of model parameters to less than 50%, 

(3) validation of the predictive models for drainage and nitrate losses using M5 tree algorithm and 

measured catchment data. Additionally modelling results are compared with existing models and 

further tested with using other learning algorithms, and (4) development of a decision support 

model, based on Naïve Bayes algorithm, for suggesting reusability of drainage and nitrate losses. 
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Chapter 1:  Introduction 

 

“Water and air, the two essential fluids on which all life depends, have become 

global garbage cans” 

Jacques-Yves Cousteau 

 

Less than 1% of the earth’s total fresh water resources are available to humans and that which is 

available is distributed inequitably. Because of this, billions of people around the globe live in 

water-stressed basins [1]. This is exacerbated by poor water management and out-dated 

agricultural activities, which result in further depletion [2] and degradation of already scarce water 

resources. Furthermore, due to the increasing food demand to cater to the growing population, 

water withdrawals for human consumption and food production have increased [3]. As a result, it 

is feared that, by 2025, half of Earth’s population will be facing water-based vulnerability [4]. 

Figure 1-1 illustrates the role of various activities in a catchment contributing towards water 

quality degradation. Surface and ground water contamination in a catchment is mainly attributed 

to outdated farm management practices [5, 6].  

In traditional agricultural practices, excessive or poorly timed application of irrigation and 

fertilizers result in nutrient fluxes into the water mainly containing phosphorous (P) and nitrogen 

(N). Poor water use efficiency from surface irrigation, still the most commonly used irrigation 

method, results in 40 to 60% of water losses in the form of runoff [7, 8]. In England, 70% of the 

landscape drains to waterways identified as “N-polluted” under the EC Nitrates Directive; 60% 

of this N comes from agriculture [9, 10]. This is majorly because agronomic nutrient 

recommendations are often far in excess of environmentally-appropriate levels [11]. N becomes 

a concern to water quality when soil N is converted into nitrate (NO3
-). This form of N is not held 

tightly by soil particles, therefore residual nitrates in the soil after the growing season will be lost 

to leaching and runoff into ground and surface water [12, 13]. In some cases, 30%-50% of applied 

N is lost due to the coupled impact of over fertilization and irrigation runoff [14]. These 

substantial nutrient losses can have serious agronomic, economic and environmental implications 

[15], e.g. nutrient-enrichment of waterways  (eutrophication), can give rise to toxic and nuisance 

algal blooms which contaminate drinking water and harm aquatic life [16, 17].  
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To control the increasing environmental impact of the agriculture sector, various legislative 

approaches have been formulated; of particular note are the ‘Clean Water Act’ [18, 19], the ‘Water 

Framework Directive’ [20] and the ‘Nitrates Directive’ [21]. These approaches include adherence 

to the implementation of best management practices (BMPs) related to soils, nutrients, manure, 

and water management. Furthermore, prior soil testing for N and P is done to develop fertilizer 

application budgets accordingly. However, their effectiveness needs to be assessed from farm 

scale to catchment scale using continuous long term data. While BMPs have been successful, it 

is important to note that the inherent inefficiency of nutrient uptake by crops and of commonly 

used surface irrigation method renders excess nutrient inputs (and their likely loss) inevitable.  

 

Figure 1-1: Role of catchment-scale activities in water quality degradation 

Water quality control through drainage management has been widely advocated in the literature 

[22]. Basic options for this include drainage water reuse, disposal and treatment. It has been 

advocated in the literature that drainage reuse is the most suitable option to address the current 

water scarcity and quality problems [3]. Drainage reuse can have many environmental as well as 

economic benefits [23] (see appendix A for a case study on economic value analysis of drainage 

losses). Unlike phosphorous, which is less soluble than nitrogen, N (in the form of nitrates and 

nitrites), is more prone to be lost through leaching and drainage water [24]. The sum of nitrates 

and nitrites is also referred to as total oxidized nitrogen (TON), while the levels of nitrites are 

usually minimal. TON does not volatilize and is therefore, likely to remain in water until used by 
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the plants. For example, in some intensive farming areas, farmers have begun to test their 

groundwater for nitrate concentrations and therefore change their nutrient budgets accordingly 

[25]. In another case, reapplication to land of N-rich runoff waters provided more than the annual 

nutrient requirements for that land [26]. Some other research efforts have been aimed at local 

drainage reuse for hydroponic systems maintained in greenhouses to increase water and nutrient 

use efficiency and to reduce the environmental impact [27]. The results indicated 33% reduction 

in fresh water usage for irrigation. Furthermore, it was determined that drainage water collected 

from the greenhouse contained 59% of applied N. These studies, though small scale and based on 

local drainage reuse, are very encouraging. Despite tremendous technological advancements and 

the great promise of the benefits of drainage water reuse, implementation of an intelligent and 

autonomous management mechanism has not kept pace with the deteriorating water situation [28]. 

Various resource constraints and farmer’s concerns regarding real time availability of information 

on volumes, timings, and quality of discharges that can be delivered to the farms [29, 30], restricts 

wide adoption of this mechanism in agriculture.  

The demand for better and effective integration of technology and decision making is ubiquitous 

in environmental management [31]. Over recent years, WSNs, with their attractions of low cost 

and continuous real time data availability, have received considerable attention in environmental 

monitoring. WSNs provided a much needed alternative to the previously used methods which 

either lacked fine-grained spatio-temporal data, such as grab sampling and data loggers [32, 33], 

or were very expensive, like satellite remote sensing [34]. Furthermore, these  methods 

monitoring at weekly and monthly time step have the potential to misclassify water quality status 

by missing pollution events [35]. WSNs are networks of small embedded computers referred to 

as sensor nodes that monitor environment and transmit data wirelessly amongst themselves. 

Information collected from all the nodes is aggregated at the data sink and transmitted to and 

analysed at an off-field control node where a decisions might be taken. Since their emergence, 

WSNs have been successfully used for monitoring and managing farming activities [36, 37] and 

eco-hydrologic processes [38, 39]. Sensor networks have monitored microclimate of farms to 

prevent moulds in crops [40, 41], provided precision irrigation in farms to better manage water 

[42, 43], and monitored animal health in barns [44, 45]. Similarly in hydrology, sensor networks 

have been employed to monitor water quality in rivers  [38, 46], lakes [47], dams [48] and ground 

water [49, 50] for applications seeking to investigate suitability of drinking water, health threats, 

degradation of aquatic life and water. Water quality parameters, such as pH, dissolved oxygen, 
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turbidity and salinity, have been monitored in these applications. These applications are discussed 

in detail in the literature review in chapter 2. 

Despite wide adoption of WSNs in agriculture, none of the applications focus on monitoring and 

controlling the impact of individual farms and fields for their contributions to degraded water 

quality. Only a couple of small-scale applications [51, 52] have focused on monitoring local 

drainage water for nutrients outflow. Furthermore, most of the water quality monitoring 

applications are motivated by only reporting the quality status of water system bodies. Some 

applications have also been intended to monitor large-scale impact of weather on nutrient 

outflows in large catchments [53-55] encompassing water systems, mountains and agricultural 

lands. In these projects, data observations were made using a single network and were transmitted 

to a central depository using GSM or internet. Using a central processing unit for high resolution 

heterogeneous data from multiple networks leads to processing and filtering overhead, and delays 

decisions. In addition it requires availability of internet or GSM which renders this solution 

unsuitable in a remote area of crop lands. Moreover, these are still prototype deployments based 

on limited monitoring points across the catchment aimed at developing the technology and 

algorithms for large-scale remote monitoring and data processing. To conclude, all the above 

discussed applications in water quality domain renders WSNs operation reactive rather than 

proactive. To the author’s best knowledge, none of the applications focused on drainage 

monitoring at farm scale with the aim of enabling reuse or any other control management. 

Furthermore, there is no framework to investigate a distributed mechanism, comprising 

autonomous networks, for dynamic monitoring and control without using a central control unit.  

To preserve water resources and quality, a proactive, intelligent and integrated monitoring and 

management mechanism is required. For enabling such a mechanism, it is believed that there is 

huge potential for leveraging individual networked farms and streams into an integrated 

mechanism. This is more natural to this specific catchment-scale problem as it is not feasible to 

have a single monitoring system covering the entire catchment as individual stakeholder’s 

monitoring requirements vary as they undertake different activities. Allowing event information 

to be transmitted across multiple networks as they are detected will allow prediction of when the 

repercussions of that event might be seen downstream. This facilitates other stakeholder networks 

in the vicinity to adjust their monitoring and management strategy. A de-centralized approach 

comprising autonomous networks presents a flexible methodology where independent networks, 

in addition to local monitoring objectives, seek to opportunistically utilize neighbouring events. 

This approach fundamentally differentiates the undertaken research from the existing work. 
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Figure 1-2: (a) Plot of a typical discharge hydrograph and pollutograph for a rainfall event, (b) 

plot of drainage outflow (reproduced from  [56]) for an irrigation inflow 

As it is already established that drainage reuse is very suitable for addressing the existing water 

crisis by reducing the overall drainage and nutrient losses, however availability of prior 

information on volumes and timings of drainage is crucial to implementing  proactive drainage 

management. The predictive information about availability of drainage is important for several 

reasons. Firstly, because these drainage events can be intense and short-lived, most of the nutrient 

fluxes flush away at the beginning and so normally are missed (completely or partially) at usual 

sampling rates [35]. Figure 1-2 illustrates a typical plot of a discharge hydrograph and 

pollutograph with respect to time, in response to a rainfall and irrigation event. Secondly, the 

networks receiving the drainage (farms, drainage bay, streams) would need to adjust the sampling 

rate of their sensors to capture the actual drainage, nutrients, or pollutant (if any) contributions by 

farms. It can be argued to have the network sensors sample continuously however, this strategy 

substantially reduces network lifetime (see appendix B for a related case study). Thirdly, to 

manage the drainage outflows, predictive information is required to plan ahead about reuse, or 

disposal of the drainage. 

To date, numerous physically-based and mathematical models have been developed for the 

prediction of hydrological discharges and nutrient losses. Although these models are quite popular 

in academic research and are very useful in evaluating different scenarios, their dependence on 

acquiring numerous parameters, the need for calibrating models to individual areas, and the 

tremendous computational burden involved in running the models makes wide-spread application 

complicated and difficult [57, 58]. Furthermore, constraints on network nodes with respect to 

battery life, computing power, and availability of sensors, necessitates development of low-

dimensional and simplified models for deployment within the networks. In comparison to 
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traditional modelling approaches, data-driven models have good prediction capability and require 

fewer parameters, which is consistent with the requirement for a reduction in the computational 

burden of decision making [59]. Such models, once implemented in the network, can adaptively 

learn and further improve their accuracy over the course of time. Thus data-driven modelling, 

using machine learning algorithms, has been widely used in hydrological modelling [60-62] with 

artificial neural networks (ANN) being a popular choice [60, 63, 64]. Recently, decision tree 

modelling has been investigated [58, 65-68] and an interesting example of this class is the M5 

tree algorithm [69]. M5 tree algorithm has been used in hydrology for modelling drainage 

discharge [68], rainfall-runoff [70-72], streamflow [58], flood forecasting [73] and sediment 

transport in discharge [74]. It is important to mention that none of these applications except for 

the work by Kuzmanovski [68] were based on farm scale drainage discharges. Kuzmanovski [68] 

uses 10 parameters related to crop stage, day of the season, slope of the field, rainfall, temperature, 

runoff, drainage etc., and used 22 years of daily data to train the model. Although, machine 

learning has been widely used in hydrological modelling; it has only recently been adopted in the 

modelling of N losses [66, 67]. In this regard, a modelling framework was developed to calculate 

annual nitrous oxide flux and nitrate leaching by abstracting the complexity of a complex bio-

geo-chemical model [65]. Various algorithms, such as multi-layer perceptron, random forests and 

support vector machine were used for comparison. Similarly, other work further simplified the 

input parameters and training size requirement and used neural networks to simulate total N 

emissions from the de-nitrification process (N2O) [75]. 

There are two major limitations in the existing work for both of nitrate and drainage modelling; 

either the existing models use simpler parameters but years of historical data with thousands of 

training samples to learn the heterogeneity of large areas (above 1000 hectare (ha)), or they use 

more complex models with a significant number of parameters that may require manual sampling 

and expensive sensing equipment (e.g. bio-geo-chemical parameters). Additionally none of these 

approaches have been specifically targeted at sensor network applications, and the data used was 

obtained through traditional sampling methods in gauged catchments. This highlights one of the 

main issues in that the historical data sets needed to develop these predictive models do not exist 

for every farm, and even for most catchments. In addition, the strengths of a WSN deployment 

(fine spatial and temporal measurements of dynamic parameters) requires a simplified underlying 

physical model, and a simple machine learning model. Therefore, there is a need for developing 

low-complexity predictive models for drainage and nitrate losses based on fewer and, ideally, 

real-time field parameters acquired autonomously and shareable across neighbouring farms.  
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1.1 Research Aims 

In this thesis, the research mainly investigates a mechanism for enabling proactive reuse of 

agricultural drainage, intended for water quality control, through an intelligent mechanism of 

collaborative networks. Such a mechanism fundamentally requires a technological framework to 

enable communication among farms, low complexity models to allow drainage forecasts based 

on the communicated information, and a management tool for advising on drainage reuse.  

 The themes of this research, and hence this thesis, are:  

 A Technological Framework: This research investigates the design of a framework for 

facilitating real time utilization or disposal of agricultural drainage among farms using 

collaboration among prevalent farm networks. The basic system architecture comprises 

modules for environmental learning, prediction of the impact of neighbouring events in 

terms of drainage and nutrients losses, and a local decision support mechanism. The 

overall functionality of the framework is explored in terms of stages of learning, training 

and testing. A network learning model is required to identify flow links of a network with 

neighbouring networks.  

 

 Low-Complexity Predictive Models: In order to enable on-node prediction for drainage, 

simplified models, describing the underlying physical phenomena, based on fewer and 

real time field parameters are required. A key theme of this research is developing low-

complexity models for drainage depth/volume, drainage response time (duration and start 

time), and N losses, by abstracting detail from traditional hydrological and nutrient loss 

models. The developed models should be validated through measured field data. Further 

exploration is undertaken for performance evaluation of models developed using varying 

training set sizes, different machine learning algorithms, and comparison with other 

relevant studies.  

 

 Decision Support Mechanism: This research considers the functional blocks required 

for implementing the management decision mechanism for reusing drainage and nutrients 

in a farm. The key aspects are an economic evaluation of the drainage, a decision support 

model for classifying reusability of drainage and nutrients, and adaptive sampling of 

sensors in the farm.   
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1.2 Research Contributions 

Overall, this thesis contributes to the goal of an intelligent, proactive and autonomous water 

quality control sensor network. The major contributions of this thesis are: 

1. Water Quality Management using Collaborative Monitoring (WQMCM) 

Framework: Design and development of a novel proactive framework for integrated and 

autonomous water quality control and management by using collaboration among sensor 

networks. This framework couples real-time water quality monitoring and collaborative 

networks in a catchment through information sharing, thereby facilitating opportunistic 

management and policy making. The basic system architecture comprises modules for 

neighbour linking model, predictive models for Q (drainage depth/volume), t1 (drainage 

start time), td (drainage depth), TON (Total Oxidized Nitrogen), and decision support 

model for drainage reuse. 

 

2. Low-Complexity Q, t1, and td Predictive Models: Development and simulation of a low 

complexity models by seeking simplification in model parameters of the traditional 

mathematical National Resource Conservation Method (NRCS) curve number model. 

The number of parameters for modelling Q, t1, and td are reduced to less than 50% of the 

parameters used by the NRCS model. Evaluation of the predictive models, developed 

using simulated data and M5 decision tree algorithm, demonstrates accuracy of 84-94% 

for training samples under 300, compared with the traditional NRCS model. 

 

3. Low-Complexity TON-loss Predictive Model: Development of a low complexity TON-

loss predictive model by abstracting details from an existing complex bio-geo-chemical 

model (by Villa-Vialaneix et.al. [65]) to select an optimized input parameter combination 

with optimal performance. This reduces the number of model parameters used to 5 – a 

reduction of at least 50%.  

 

4. Validation of Q and TON Predictive Models: Using M5 tree algorithm and a yearlong 

event dataset from a real catchment in Ireland, the models have been validated with 

promising results. For the Q-predictive model, the training dataset consisting of daily 

values for precipitation, field conditions and discharges, is used for training and testing 

the model. Results for the Q-predictive model provide R2 of 0.82 and RRMSE of 35.9%. 

With 10-fold cross-validation, R2 is 0.63 and RRMSE is 55%. 80% of the residuals for 

the predicted test values fall within +2 mm discharge depth/day error range. These results 
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are comparable with the state-of-the-art in this domain which utilizes thousands of 

training samples. Furthermore, for the TON-loss predictive model, training data consists 

of daily values for N input, climatic conditions and N losses. The results provide R2 as 

0.92 and RRMSE as 26%. 80% of the residuals for test data fall within +0.05 Kgha-1day-

1 error range, 10-fold cross-validation results indicate R2 as 0.72 and RRMSE as 47.7%. 

These results are better than the existing research efforts. 

 

5. Decision Support Model: While not a primary contribution of this research, a simple 

illustration of a decision support model for drainage and nitrate reuse has been presented. 

Using Naïve Bayes algorithm, the developed decision model for drainage reuse classifies 

the learned ruleset with 90.47% accuracy, whereas for TON reuse the model correctly 

classifies 94.44% of the samples. These results are important because they demonstrate 

that simple ruleset based on the proposed model parameters has the potential to generate 

a useful model which can support decision making. 

1.3 Published Papers 

The research undertaken in this thesis has contributed in part or full to the following publications: 

 

1. H. Zia, N. R. Harris, G. V. Merrett, M. Rivers, and N Coles, “The impact of agricultural 

activities on water quality: a case for collaborative catchment-scale management using 

integrated wireless sensor networks” in Journal of Computers and Electronics in 

Agriculture, (96), 126-138, 2013. 

2. H. Zia, N. R. Harris, G. V. Merrett, “Collaborative catchment-scale water quality 

management using integrated wireless sensor networks (poster)”, presented at European 

Geosciences Union General Assembly 2013, Austria, Republic of, AT, 07 - 12 Apr. 2013.  

3. P. Hall, N. Coles, J. Camkin, A. Cranny, N. R. Harris, and H. Zia, “Water quality 

management: the case for real time monitoring and reporting”, presented at 16th 

International River symposium, Brisbane, Australia, 23 - 26 Sep 2013. 

4. N. Coles, J. Camkin, N. R. Harris, A. Cranny, P. Hall and H. Zia, “ Water, boundaries 

and borders, the great intangibles in water quality management: can new technologies 

enable more effective compliance?”, presented at Transboundary water management 
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across borders and interfaces: present and future challenges (TWAM2013), Aveiro, PT, 

16 - 20 Mar 2013. 

5. H. Zia, N. R. Harris, G. V. Merrett, “Water quality monitoring, control and management 

(WQMCM) framework using collaborative wireless sensor networks”, presented at 11th 

International Conference on Hydroinformatics (HIC) 2014, New York City, US, 17 - 21 

Aug 2014.  

6. H. Zia, N. R. Harris, G. V. Merrett, “A Low Complexity Data Driven Model of 

Environmental Discharge Dynamics for Sensor Network Applications”, presented at 

Eurosensors XXVIII, 8-10 Sep 2014. 

7. H. Zia, N. R. Harris, G. V. Merrett, “Empirical modelling and simulation for discharge 

dynamics enabling catchment-scale water quality management”, presented at 26th 

European Modelling & Simulation Symposium, 10 - 12 Sep 2014.  

8. H. Zia, N. R. Harris, G. V. Merrett, and M. Rivers, “Data-driven Low-Complexity Nitrate 

Loss Model utilizing Sensor Information – Towards Collaborative Farm Management 

with Wireless Sensor Networks”, in 2015 IEEE Sensors Applications Symposium (SAS 

2015), Zadar, Croatia, 13-15 Apr 2015. 

9. M. Rivers, N. Coles, H. Zia, N. R. Harris, R. Yates, “How could sensor networks help 

with agricultural water management issues? Optimizing irrigation scheduling through 

networked soil-moisture sensors”, in 2015 IEEE Sensors Applications Symposium (SAS 

2015), Zadar, Croatia, 13-15 Apr 2015. 

10. H Zia, N. R. Harris, G. V. Merrett , “Validation of a Low Complexity Machine Learning 

Discharge Predictive Model – Enabling Proactive Water Management in a Catchment 

with Wireless Sensor Networks”, in Journal of Computers and Electronics, 2014, (under 

review). 

11. H Zia,  N. R. Harris, G. V. Merrett , “A Low-Complexity Machine Learning Nitrate loss 

Predictive Model – Towards Proactive Farm Management with Collaborative Wireless 

Sensor Networks”, in Journal of Hydroinformatics, 2015, (under review). 
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1.4 Thesis Structure 

The structure of the remainder of the thesis is as follows: 

Chapter 2 reviews the applications of WSNs in agriculture and hydrology to establish and critique 

the state-of-the-art. It further elaborates on the existing data driven modelling approaches. Chapter 

3 discusses WQMCM architecture, a novel framework proposed in this thesis, along with 

development of the neighbour linking model. Chapter 4 presents the modelling and simulation of 

low-complexity Q-predictive, t1-predictive and td-predictive models. Chapter 5 investigates the 

validation of the Q-predictive model. Chapter 6 explores the modelling and validation of the TON-

loss predictive model. Chapter 7 presents the decision support modelling which interprets 

predicted Q and TON values so that a water reuse decision can be taken. Chapter 8 concludes the 

thesis, and presents an outline for future work.   

Appendix A presents a case study on economic valuation and resulting benefit of reusing the 

average drainage losses in Australia for grass land and rice crop. 

Appendix B presents a case study illustrating the impact of sampling rate on network life and 

information quality. 

Appendix C incudes a table representing the NRCS curve numbers for an agricultural land. 
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Chapter 2:  Literature Review 

This chapter provides an overview of the state-of-the-art for all aspects of this thesis. Section 2.1 

presents a discussion about water quality control through drainage management, specifically 

drainage reuse. Section 2.2 explores the work related to the applications of WSNs in hydrology 

and agriculture with the aim of highlighting strengths and limitations in existing work for 

monitoring and managing water quality. Sections 2.3 and 2.4 discusses related work for discharge 

and TON loss prediction with respect to traditional and data-driven modelling respectively. In the 

end, section 2.5 presents the machine learning algorithms that have been commonly used for 

hydrological and TON loss modelling, and hence will be adopted in this thesis for model 

development.  

2.1 Water Quality Control through Drainage Management 

As already discussed in the introduction chapter, there is an increasing strain on existing fresh 

water resources globally to cater to rising food demands by producing higher crop yields. Higher 

levels of nutrients in soil which cannot be utilized productively are either stored in the soil or are 

lost through leaching and runoff into ground and surface water. As the soil becomes saturated 

with nutrients, any excess input in the form of fertilizers or manure is lost completely [13, 76]. 

Owing to the coupled impact of traditional farming practices and inherent inefficiency of nutrient 

uptake by crops (up to 60%), there is an inevitable release of drainage water (35-60% of surface 

irrigation water) rich in nutrients [7]. For example, in a watershed (190,000 ha) in Western 

Australia, facing high nutrient fluxes, phosphorous losses are measured to be 140 tonnes per 

annum (tpa) which is twice its target. It is expected to rise to 1300 tpa in the next 100 years if 

current practices continue [78]. In another study on the North China Plain, the recovery of 

fertilizer N by the crop at the conventional N fertilizer rate (300 KgNha-1) was approximately 

25%, while 30%-50% of the applied N was lost [14]. 

In order to avoid exacerbating the water crisis and to prevent food shortages, an advantageous 

strategy is the conservation and reuse of agricultural drainage (and the dissolved nutrients) before 

it ends up in fresh water system [3]. Reusing drainage water and nutrients emanating from one 

farm in another farm, before they enter the water system, can have huge environmental as well as 

economic benefits. In particular, reuse reduces the amount of fresh water extracted from the 

environment, thus lowering its diversion from sensitive ecosystems. In regions where irrigation 

water supplies are limited, drainage water can be used to supplement them [22]. In addition, 

agricultural drainage reuse can benefit the farmers (or any stakeholders) by saving cost on not 

using fresh irrigation water and fertilizer inputs.  
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The only concern about drainage water reuse is whether or not the water is safe for reuse, i.e., 

does not contain high concentration of salts and pesticides. Highly saline water cannot be used 

for salt-sensitive crops. However it can successfully be used for salt-tolerant crops, trees, fodder, 

natural wetland and even for salt-sensitive crops at later growth stages [3, 79]. Conjunctive use 

of saline water with fresh water increases the suitability of drainage water. With regards to 

pesticides, in areas where strong environmental safeguards exist for pesticide usage, there is little 

risk associated with the reuse of surface runoff or tail water drainage [79]. Hence, drainage water 

can safely be used if appropriate considerations are taken into account.  

Drainage water and dissolved nutrients have been globally utilized for crops and greenhouses. In 

some intensive farming areas, farmers have begun to test their groundwater for nitrate 

concentrations and therefore change their nutrient budgets accordingly [25]. In another case, 

reapplication of N-rich runoff waters provided more than the annual nutrient requirements for that 

land [26]. In one study, reuse of saline water for salt tolerant forages, has been investigated under 

varying salinity level treatments (between 15 and 25 dS/m). For this experiment, sand tanks were 

used in a greenhouse. Almost all forages showed promise with regards to biomass production, 

whereas wheatgrass, Bermuda-grass, and paspalum performed particularly well [80].  

Some work in local drainage reuse is reported for hydroponic systems maintained in a greenhouse 

(in which plants are grown in water instead of soil). In one application, high quality tomato was 

grown with drainage reuse [81]. During seedling stage, fresh nutrients were supplied with 

irrigation of which 20-30% overflowed as drainage. At the final stage of ripening, the preserved 

drainage was reused with no wastage being drained out from the greenhouse. In a similar work 

based on greenhouses in Australia, drainage reuse was used for growing cucumber and tomato 

[27]. The study was aimed at investigating the use of drainage water of the greenhouse to increase 

water and nutrient use efficiency and reduce the environmental impact. Flow meters were 

installed to gauge the volumes of water applied to the crops. Water samples were taken five times 

a day for inflows and outflows, and were analysed for pH, salinity and concentrations of nutrients. 

The results indicated 33% reduction in fresh water usage for irrigation. Furthermore, it was 

determined that drainage water collected from the greenhouse contained 59% of applied N and 

25% of applied P. These studies, though small scale and based on local drainage reuse, are very 

encouraging.  

Existing work though promising, is based on spatially and temporally-limited manual sampling 

of soils and waters and on hypothetical guesses as to the processes involved in the N cycling. 

Furthermore, various resource constraints and farmer’s concerns regarding real time availability 
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of information on volumes, timings, and quality of discharges that will be delivered to the farms 

[29, 30], restricts wide adoption of this mechanism in agriculture. Despite tremendous promise of 

the benefits of drainage water reuse and technological advancements, implementation of an 

intelligent and autonomous management mechanism has not kept pace with the deteriorating 

water situation. Some of the reasons as outlined in a detailed study [28] are; (i) insufficient 

awareness of available technology, (ii) unavailability of soil, weather and crop data, (iii) 

inappropriate model selection which inadequately capture the system details, and (iv) gap between 

decision makers and scientists. The integration of useful and relevant scientific information is 

necessary and critical to enabling informed decision-making for drainage reuse or disposal [31]. 

Recent adoption of WSNs in agriculture and hydrology presents huge promise for improving 

water management, and the next section discusses the applications of WSNs for water quality 

monitoring and agriculture and identifies huge opportunities available with real time, dense and 

remote data availability.  

2.2 Introduction to WSNs in Hydrology and Agriculture 

Advancements in micro-electro-mechanical systems (MEMS), low-power and low-cost 

microcontrollers, and radio modules have enabled WSNs for environmental monitoring [82]. The 

use of WSNs overcomes the limitations of previous expensive, and bulky monitoring equipment 

with low spatio-temporal resolution to a certain extent. WSNs are networks of small embedded 

computers referred to as sensor nodes or ‘motes’, spatially distributed to cooperatively monitor 

an environment and transmit data wirelessly. The relatively low cost of a WSN allows in principle, 

the deployment of a dense population of nodes that can adequately represent the variability 

present in the environment.   

 

Figure 2-1: Sensor node architecture 
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WSNs have been used for monitoring and managing farming activities [36, 37] and eco-

hydrologic processes [38, 39]. Water quality parameters such as pH, dissolved oxygen (DO), 

turbidity, salinity and nitrates have been measured in the reviewed applications using WSNs.  

A basic sensor node, as shown in Figure 2-1, contains units for sensing and actuating, data 

processing, RF communication and power supply management [83]. A node can have many 

different types of sensors, for example measuring humidity, temperature, turbidity and nitrate but 

it should be noted that the quality of the measured data is dependent on the quality of the sensor. 

The acquired analogue samples are converted into digital signals using an on-board analogue-to-

digital converter. The microprocessor may collect samples over time and aggregate them before 

transmitting them through the local radio transceiver to another node or a data sink (also called a 

gateway). Information collected from all the nodes is aggregated at the data sink and is generally 

transmitted to and analysed at an off-field control node where decisions might be taken. In some 

cases on-field control nodes are also employed. This could involve sending some actuation signal 

back to the network, for instance turning on sprinklers to irrigate the field. Furthermore, 

alternative networking approaches exist where information is processed and used entirely within 

the network, without the need for a central control node.  

 

Figure 2-2: Data flow through WSNs deployed in a catchment 

Figure 2-2 illustrates an example of autonomous networks deployed in individual farms and water 

inlet with off-field control nodes. In the existing applications, coverage areas varies from small 

individual fields to a few hectares of land. 
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2.2.1 Application of WSNs for Monitoring Water Fluxes and Quality in Different 

Environmental Compartments 

WSNs have been employed for water quality monitoring of surface water (rivers, lakes, and 

dams), ground water, soil-water and catchments. These water bodies receive contaminants as a 

result of agricultural activities in the catchment (as discussed in chapter 1 and shown in Figure 

1-1). Preliminary results have been fundamental in advancing the knowledge of contaminant 

trends, through spatially constrained observations. These applications are discussed below with 

respect to the area they monitor in a catchment.  

2.2.1.1 Surface Water Monitoring 

A test deployment project, ‘Lakenet’, was undertaken for water quality monitoring in a eutrophic 

lake by University of Notre Dame [47]. The sensor pod system, consisting of MICA2 and 

MDA300 sensor board measuring temperature, DO, and pH was deployed for a short term (10 

days). The primary objective of this deployment was to test the design of both the pods and the 

network under field conditions and to examine its ability to collect data continuously and reliably. 

This project was defined as successful on the basis of collected data which showed diurnal 

fluctuations. 

To demonstrate the need for availability of high temporal rate data, as a requirement of the Water 

Framework Directive [20], a WSN project (DEPLOY) was deployed at five selected  sites along 

the length of the river Lee in Ireland. These sites extended from the Inniscarra reservoir to the 

Trivoli Dorks in Cork city. It achieved continuous sampling of parameters including conductivity, 

pH, chlorophyll, DO and temperature. The system consisted of the Tyndall programmable system-

on-chip sensor interface and data telemetry system using IDS data pod, and an optimized RF 

section to provide up to 4km transmission.  Results showed fluctuations in measurements due to 

activities such as runoff, rainfall or release of water from dams in the river. This demonstrated the 

potential for catchment behavioural analysis using statistical processing and interpretation. 

However, sensor fouling and maintenance issues were raised [38, 46].  

Similarly, another deployment involved performance evaluation of a prototype network of 

wireless nodes (Sunspot) on a dam in Malawi, Africa to counter severe health threats caused by 

degrading water quality. Water parameters such as acidity (pH), DO and turbidity were measured 

by integrating a sensor board with a sensor node. These measurements were then compared with 

numeric standards to decide on the suitability of water for drinking [48].  
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Figure 2-3: Scanning of flow and water quality using NIMS RD system within the San Joaquin 

(reproduced from [84]) 

To enable contaminant transport assessment, and urban stream quality and algal dynamics’ 

characterization, considerable research has been undertaken by CENS (Centre for Embedded 

Networked Sensing), UC Los Angeles on developing the required technology [84, 85]. This 

started in 2007, by developing a test-bed, using automatic irrigation control, for salinity, nitrate 

and soil moisture control in a 12 ha land area [86]. Later progress on developing nitrate sensors 

for groundwater, soils and aquatic systems was made in 2009 [87]. In 2010-2011, the project 

continued to focus on high resolution river observations using rapidly deployable networked 

infomechanical system (NIMS RD) (as shown in Figure 2-3). Sensing is focused on temperature, 

DO and nitrate changes in the river [84]. For monitoring impact of poor water quality on aquatic 

life, parameters such as pH, DO, turbidity, salinity and electrical conductivity have been measured 

in various applications [88, 89].  

2.2.1.2 Soil-Water Monitoring 

Monitoring drainage water of farms enables assessment of its quality. In this application [51], 

wireless lysimeter sensing stations were used 90 cm below the soil surface to monitor water flux 

leached below root zone under an irrigated cropping system. Continually monitored soil-water 

and weather data, sensed by a distributed network of sensors, was wirelessly transmitted to a base 

station using Bluetooth, which was connected to a web server for broadcasting the data via the 

internet. This provided remote online access to drainage water flux and field conditions for the 

whole growing season. This was targeted at measuring volume of drainage water based on 

irrigation frequency and rainfall events for different crops. However, this work could be easily 

extended to also monitor nutrient or salt parameters leached out from the soil. Another important 
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project demonstrated the potential of WSNs for measuring soil water content, which was shown 

to be helpful in controlling hydrologic fluxes [52]. 

2.2.1.3 Groundwater Monitoring 

Groundwater contamination from human impacts is less obvious than surface water and cleaning 

it is more costly and technically demanding [90]. Once polluted it may transport nutrients and 

chemicals to coastal waters [91, 92]. WSNs have been used to measure rate, quantity and direction 

of water contamination flow in two different scenarios, one being to understand prevalence of 

arsenic in Bangladeshi ground water, and the other to monitor nitrate propagation through soils 

and groundwater in parts of the USA.  

In order to monitor saltwater intrusion into coastal aquifers, WSN has been deployed for 

monitoring water quality in a coastal area in Australia. Preliminary data showed potential for 

supporting decisions related to the placement of extraction bores for irrigation to avoid 

groundwater degradation. However, it was not possible to set up a well-connected radio link in 

this particular humid environment [50].  

2.2.1.4 Catchment Monitoring 

Some work has been reported for water quality monitoring at catchment scale. Such catchments 

include mountains, forests, lakes, rivers, and agricultural lands. These are prototype deployments 

aimed at developing the technology and algorithms for large-scale remote monitoring and data 

processing for large volumes of heterogonous data for water quality. These are fundamental 

research efforts in this domain but improvements can be made.  

To find causes and interactions of physical/chemical variability on rivers and estuaries, work was 

started by US geological survey on creating a wireless catchment in Santa Margarita ecological 

reserve in Southern California. It was intended for high density monitoring of the catchment 

encompassing mountains, canyons and river channels. The system was primarily focused on 

developing and testing a network of radios and routers for wireless data transmission and its 

availability on the internet. Various issues were faced due to the rugged topography and the 

difficulty of obtaining line-of sight communication. Despite these challenges, this provided an 

effective way of remote monitoring and was used further for monitoring meteorological properties 

related to pollutant loadings [55]. Similarly, for evaluating variations of regional weather, at 

mountain-to-sea scale, on water quality/quantity, and flooding in a catchment in Hawaii, a 
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prototype system to provide 3D geospatial data visualization utilizing WSN was proposed. The 

system consisted of an array of nodes consisting of water quality sensors (temperature, pH, 

conductivity, DO, and turbidity), weather stations, sensor data loggers (InteleCell), and video 

monitors. Preliminary results showed improvement over traditional sampling methods [53].  

The 'SoilWeather' network was used in Finland for providing high temporal resolution data on 

weather conditions, soil moisture and water quality [54]. The work was reported to have been 

used in developing a leaching model at sub catchment scale, including an improved hydrological 

model of the river, for monitoring water quality and nutrient retention in rivers and wetland. The 

network was deployed on a catchment covered by forests, river, lakes, and agricultural lands 

owned by private owners, who were the main users of the data. This is an important work 

highlighting data quality and processing issues with high volumes of heterogeneous data, received 

from catchment-scale observation using a single network, varying in content, accuracy, and 

spatial-temporal resolution.  Additionally, maintenance of sensors due to such issues as bio-

fouling, freezing, and rain gauge problems, which resulted in erroneous and missing data were 

viewed as major challenges in obtaining high data quality.  

2.2.2 Application of WSNs in Monitoring Agricultural Processes  

Some of the key research areas in precision agriculture which have received considerable attention 

include microclimate monitoring for pest control and precision irrigation [36, 37]. Precision 

agriculture is defined as a farm management system which utilizes farm observation and 

monitoring in order to respond to the field requirements [93]. Instead of taking decisions based 

on hypothetical average conditions, the real time information from these systems provides a solid 

basis for farmers to adjust strategies at any time [37]. There is a potential of leveraging existing 

networked agricultural activities for their extension into an integrated water quality management 

mechanism. In this regard, these agricultural practices, monitored and controlled using WSN, are 

discussed below. 

2.2.2.1 Microclimate Monitoring for Pest Control  

Microclimate monitoring enables the measurement and understanding of many parameters such 

as soil condition, local temperature and humidity, nutrient level in the soil and in water used for 

irrigation. Such information enables decisions, such as when to irrigate or fertilize, or risk 

analysis, such as the likelihood of pest infestation. To determine and prevent the onset of a fungal 

disease, phytophtora, in a potato field, a network of sensor nodes was deployed to sense humidity 
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and temperature. Sensed data was sent periodically to a gateway at the edge of the field from 

where it was forwarded to a server using Wi-Fi. The accumulated field data for a day was then 

fed into a decision support system server where it was combined with weather forecast to 

determine the treatment policy each morning, rather than spraying pesticides based on 

hypothetical assumptions.  

This experiment, though based on specialized hardware, still presented many challenges for radio 

coverage owing to crop canopy effect, routing protocol, software bugs and in-field deployment 

[94]. It has had tremendous impact on improving deployment and practicality issues in WSN 

applications [50, 95]. Furthermore, to prevent frost, pest and mould damage in vineyards, which 

are prone to quick damage if overstressed, WSNs have been used to monitor ambient temperature, 

soil moisture and soil temperature [40, 41]. This information enables vineyard owners to monitor 

the plants remotely and manage priorities accordingly [96]. These pest control applications could 

be extended, to include chemical sensing, in order to assess chemical levels in the crops and soil 

after pesticides and herbicides applications. Information obtained through such a mechanism 

could then be used to inform on and thus potentially control chemical fluxes into water bodies.   

2.2.2.2 Animal Farming 

In order to maintain and improve animal health within animal feeding operations (AFO) and to 

prevent its negative impact on the ecosystem, information related to the local environment is very 

important. Moreover, by having a mechanism to monitor and control animal herds in pasture 

lands, pathogen and organic additions to the environment may be controlled and assessed.  The 

deployment of WSNs in many AFOs has enabled monitoring of parameters such as temperature, 

humidity, noise and ammonia content in the air which has allowed the management and 

maintenance of healthy environments in these facilities [44, 45]. 

For managing cattle herds in pasture land, an algorithm called ‘moving virtual fence’ was 

developed. Each animal in the herd was given a smart collar consisting of a GPS (for determining 

animal’s location), a PDA, a WLAN card and a sound amplifier. As the animal approached a 

perimeter, it is presented with an acoustic stimulus to drive it away from crossing over a 

designated virtual boundary. By dynamically shifting fence lines, the usage of feedlots is 

improved. In addition, it reduced the overhead of installing and moving physical fences [97]. 

Other work has investigated online monitoring of cattle presence and pasture time using WSNs 

to register the time animals spend in specific areas of the field [98]. This information can be used 
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to indicate grass quality and quantity and can also determine the right time to provide access to a 

new grass strip.  

These applications can be clearly extended to monitor pathogen levels of animal waste in a barn 

and their fluxes to water bodies and therefore manage it by raising alerts. Also, by managing 

animal herds with a virtual fence, the possible situation of them contaminating water bodies or 

other fields can be avoided or reduced. 

2.2.2.3 Precision Irrigation 

In a US geological survey done in 2005, it was found that irrigation withdrawals were 62% of the 

total fresh water withdrawals for the nation [99]. Therefore an efficient way of utilizing water 

resources by people in general and agriculture sector in particular is crucial to avoiding a global 

water crisis [100]. 

 By monitoring soil and environmental parameters (such as soil moisture, soil temperature, 

ambient temperature and humidity), an informed decision can be made by farmers to control the 

timing and quantity of irrigation. Unlike expensive, sophisticated, high maintenance and high 

energy sensor-based technologies like Adcon Telemetry and Automata, and labour intensive data 

collection from logging stations, WSNs provide real-time and less expensive  sensing mechanisms 

for improving irrigation automation [43].  

Another example made a comparison between traditional and sensor scheduling systems in a 

cotton field (2.3 ha) for the whole growing season [43]. The East of the field, divided into four 

different irrigation zones based on soil type and historic yield map, was equipped with 9 sensor 

nodes and centre pivot variable rate irrigation (VRI) system. On the western side, 3 sensor nodes 

were deployed to monitor soil water tension, and here irrigation was triggered based on traditional 

assessment of crops. Each sensor node was equipped with three moisture and temperature sensors 

(tensiometers) buried at 0.2, 0.4 and 0.6 m depth under the soil. Results showed water tension at 

more than double the trigger points in western zone despite irrigation, whereas the eastern side 

never surpassed the trigger points. However, it is stated that further work needs to be done on the 

VRI controller for varying quantity of irrigation relative to the needs of individual areas, or for 

different crops in a single field. To address such a need, site specific VRI was employed in a 3.6 

ha plot by using six in-field sensor stations. The irrigation machine was controlled by a 

programmable logic controller that would update the geo-referenced location of sprinklers from 

a differential GPS, and wirelessly communicate with a computer at the base station. This enabled 

variable rate irrigation according to the needs of individual crops in a large field. [101].  
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As discussed above, a significant amount of successful work has been published using automatic 

and variable rate irrigation with some limitations regarding reliability. However, what is lacking 

is the inclusion of real time information about events elsewhere in the farm to alter irrigation 

decisions. For example, information about possible weather changes, like rain, from other 

networks in a catchment could be used to change time and quantity of irrigation by allowing 

forward planning and prediction. Also, information regarding irrigation in one farm can be used 

elsewhere in the catchment to enable reutilization of discharges in another farm. 

2.2.3 Discussion on research gaps in the existing applications of WSNs 

The literature review for the application of WSN for water quality monitoring and agricultural 

activities presents many possibilities and potential, yet identifies numerous limitations.  

Following are the major gaps commonly observed in the reviewed literature.  

2.2.3.1 Absence of catchment scale integrated monitoring and management 

WSNs have been successful in facilitating the understanding of the trends of nutrients and 

contaminants fluxes owing to non-point source activities in a catchment.  However, this 

understanding is limited as it can currently only use small-scale, localized and specific 

measurements at rivers, lakes, dams and groundwater reservoirs [38, 46-50, 102, 103]. These 

water resources receive contaminants as a result of activities in the catchment, thus providing 

insufficient information for quantifying explicit responsible activities. Most of the applications 

were small scale prototype deployments and were mainly aimed at developing and testing the 

technology for remote, continuous and real-time data availability. Fewer applications are intended 

for large-scale observations [53-55], but these are prototype deployments based on limited 

monitoring points across the catchment. Furthermore, these applications rely on GSM or internet 

to enable availability of data, originating from various networks, on a central repository [53, 54]. 

Such a reliance renders this solution unsuitable in a remote area of crop lands. In addition, using 

a central processing unit for high resolution heterogeneous data from multiple networks leads to 

processing and filtering overhead, and delays decisions. This establishes a need for a distributed 

large-scale and multi-level monitoring mechanism. 

WSNs have been used in agricultural activities but not specifically for water quality monitoring. 

For example a number of applications have been developed for precision irrigation for automatic 

and controlled irrigation, reducing the chances of water wastage (runoff which is a carrier of 
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nutrients and contaminants) [42]. However, runoff coming from elsewhere (e.g. another farm) 

cannot be avoided. This runoff can be carrying nutrients. In that case, the current precision 

irrigation system could be extended to use information about runoff to modify the irrigation and 

fertilizer application of its field to save water and fertilizer usage. 

Moreover, as already discussed in the introduction chapter, that reuse of reclaimed drainage water 

reduces environmental impact on the river network. However, no technical mechanism exists to 

facilitate management and reuse of reclaimed water in an autonomous and dynamic manner 

among farms. These applications have yet to explore the implementation and impact of this 

technology for management and control decisions, in order to minimize and prevent individual 

stakeholder’s contaminant contributions, in an autonomous and dynamic manner. When this 

happens, the loop would be closed and better management policies by farmers would come into 

place. If methods existed, then networks for small-scale, individually targeted stakeholders in a 

catchment could be included in an ‘integrated’ and ‘collaborative’ monitoring mechanism to share 

information about runoff, contaminants or nutrient fluxes. 

2.2.3.2 Absence of suitable sensors 

Table 2-1 lists various sensor modalities available for use in WSNs. It is evident through the 

surveyed literature that existing work does not monitor all of the contaminants required for water 

quality monitoring, for example phosphorous, nitrates, and ammonia. Although simple and low-

rate sensors, such as those typically used for monitoring temperature, humidity and wind, require 

little energy, this is not the case for other sensor modalities [39]. For example, the high cost of 

some sensors (e.g. ammonium) is a major barrier for dense deployment of WSNs [49]. 

Furthermore, suitable in-situ phosphate and nitrate sensors for terrestrial deployment are not 

available. The closest suitable sensors for nitrate monitoring are based on ultraviolet absorption 

and flow cell analysers which are very expensive for dense deployment [104]. Both 

electromechanical [105] and optical sensing modes [106] relevant to nitrogen and phosphorous 

species are still an active research area [39]. Furthermore, research on the development of 

miniature, reliable and inexpensive water quality solid-state sensors using metal oxide sensing 

electrodes is underway by CSIRO, CMSE and SSN TCP laboratories [107]. 
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Table 2-1: Major sensor modalities with specifications on cost, reliability and power 

requirements (reproduced from [39]) 

 

Moreover, in the absence of suitable inexpensive and miniature in-situ phosphate and nitrate 

sensors for terrestrial deployment, for which development is underway [107], sophisticated 

analytical instrumentation such as chemi-bio sensors present inherent limitations because of the 

number of samples that they can take [108]. In order to maximize the deployment lifetime, these 

power hungry sensors should adaptively sample at higher resolution only when discharges occur. 

These discharges may be intense but are short-lived with high nutrient flux flushing away in the 

beginning. This has the potential to result in the misclassification of water quality status [35] 

which requires continued reporting of water quality status.  In order to capture discharge and 

pollutant events in real time, prior information of such an event would be required to adjust 

sampling at higher rates. However, there is no mechanism for such event information to be 

available to monitoring networks. 

2.3 Modelling Hydrological Discharges 

In the development of the hydrological predictive models, a range of more traditionally used 

physical, and lumped conceptual models along with more recently adopted empirical based 

methods are used [109]. Below an overview of these models, with respect to their strengths and 

limitations, is presented.  



Chapter 2: Literature Review 

_____________________________________________________________________________

  

 26 

 

Figure 2-4: Physically based hydrology model - SAC-SMA (reproduced from [110]) 

2.3.1 Traditional Modelling  

Hydrological phenomena are extremely complex, highly nonlinear and exhibit a high degree of 

spatial and temporal variability [70]. There are various traditional hydrological models, based on 

physical and conceptual basis, to predict rainfall-runoff, irrigation-drainage, and pollutants 

discharge dynamics [110-114]. The general frameworks that supports some well-known models 

are discussed below. Traditional models infer the discharge dynamics of pollutants (surface and 

ground) into the river, and subsequent stream flow using mathematical implementations (through 

partial differential equations) of the processes governing transport through the soil and the river 

channels [115]. In other words, most hydrological models are represented by a sequence of 

‘stores’ and ‘fluxes’ between stores. An example is SAC-SMA (Sacramento Soil Moisture 

Accounting model), which models surface runoff by considering three different flow zones: a 

zone describing the direct runoff from rain falling on impervious soils, a zone describing water 

flowing into the river after exceeding the soil moisture capacity of pervious soils, and a zone 

describing runoff occurring after soil moisture capacity is exceeded above water impervious 

regions [116]. Figure 2-4 illustrates these zones. Furthermore, various hydrology models have 

been developed under EPA, which include watershed models like Storm Water Management 

Model (SWMM), and water quality models like Water quality Analysis Simulation Program 

(WASP) [114, 117].  

In order to predict runoff and drainage, a model requires knowledge about various permanent and 

transient parameters including meteorological conditions, rainfall/irrigation depth, river/channel 
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network parameters and the soil’s time dependent response to the event. This response is 

dependent on land cover, topography, soil composition; hydrological properties of the soil and 

antecedent moisture condition of the soil (see Figure 2-5 as an example for flood discharge).  

 

Figure 2-5: Parameters affecting discharge hydrograph in a river (reproduced from [118]) 

With regards to drainage modelling, a popular model is DRAINMOD which is a process-based 

and field-scale model to describe the hydrology of poorly drained soils based on water-balance 

calculations [119]. In comparison to other drainage models, such as WAVE and SWAP (Soil-

Water-Atmosphere-Plant), DRAINMOD has the advantage of giving more accurate estimate of 

discharges [120]. The DRAINMOD model has now been extended to watershed scale by 

including routing methods for surface runoff from fields to predict flow rates in drainage channels 

and streams. The model simulates output such as infiltration, subsurface drainage, surface runoff, 

evapotranspiration, vertical and lateral seepage, water table depth etc. [121]. DRAINMOD is a 

comprehensive, hence a complex model requiring a plethora of variables related to weather, soil 

properties, seepage details, and drainage system specifications.  

One of the most popular and simpler hydrological models is the Soil Conservation Service Curve 

Number (SCS-CN) method. It has been recently renamed as the Natural Resource Conservation 

Service (NRCS) Curve Number method [122]. This method is used to estimate the volume of 

direct surface runoff and, its response and travel times for a given rainfall event. This model, 

although designed to estimate direct surface runoff from a given rainfall event, provides huge 

potential and basis for simplistic hydrological modelling. Below the mathematical models for the 
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volume of direct surface runoff, its response and travel times, is presented along with a discussion 

on the strengths and limitations of these models.  

2.3.1.1 NRCS Curve Number Method  

SCS runoff curve number method is used for predicting direct runoff or infiltration from excess 

rainfall after initial abstraction (see Figure 2-6 for detailed parameters list). This method has been 

discussed at a great length in the recent hydrologic literature [123, 124]. The scale over which the 

SCS curve number method has been applied ranges widely from 20 acres to 150 acres of drainage 

area [125]. Runoff curve number is based on the area’s hydrologic soil group, land use, 

hydrological condition and antecedent moisture condition.  

Using this method, direct surface runoff (in) is calculated as follows ([126, 127]); 

 𝑄 = 𝑃 − (𝐼𝑎 + 𝐹) (1) 

Where, P (in.) is the rainfall depth, Ia (in.) is initial abstraction and F (in.) is the retention after 

runoff begins. Q (in.) is direct runoff which consists of channel runoff, surface runoff and 

subsurface runoff. Ia is the sum of all rainfall losses incurred by either retention in surface 

depression, or through evaporation or infiltration. For the development of the SCS runoff 

equation, Q and P are measured from the field, whereas a generalized relationship is developed 

for Ia and F based on observed data. Ia and F are a function of S, which represents hypothetical 

limit of storage. S is defined as potential maximum retention after runoff begins.  
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Figure 2-6: A discharge hydrograph 

To develop the SCS runoff equation from the water balance equation (Eq. (1)), two assumptions 

are considered. Firstly, the ratio of the amount of water retained (F) to the maximum potential 
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retention (S) is equivalent to the ratio of the amount of runoff (Q) to the maximum rainfall 

available for runoff (P - Ia). This is expressed as; 

 𝐹

𝑆
=

𝑄

𝑃 − 𝐼𝑎
 (2) 

Substituting the value of F from Eq. (2) in Eq. (1), Eq. (1) becomes; 

 
𝑄 =

(𝑃 − 𝐼𝑎)2

(𝑃 −  𝐼𝑎 + 𝑆)
 (3) 

The second assumption is that Ia is 20% of the maximum potential retention of soil. This is based 

on the mean observed data for various sites. It is expressed as; 

 𝐼𝑎 = 0.2 𝑆 (4) 

Substituting Ia in Eq. (4) results in; 

 
𝑄 =

(𝑃 − 0.2 𝑆)2

(𝑃 − 0.8 𝑆)
 (5) 

Later, S was converted into another variable CN. As compared to S which had a range of values 

from 0 to infinity, range for CN is limited by 0 and 100. The practical range of CN is from 40 to 

98. The higher the CN coefficient, the higher is the runoff potential. It is computed considering 

the type of land use, land treatment, hydrological condition, hydrological soil group, and 

antecedent soil moisture condition (AMC) [128]. Land use type include row crops, pastures, 

legumes, meadow and woodlands etc. Different land treatments comprise straight row, contoured 

and terraced practices. Soils are divided into hydrological groups A, B, C and D according to their 

profile and infiltration capacity. Soil group A has high infiltration meaning low runoff, whereas 

soil group B has moderate infiltration and moderate runoff. Soil group C has moderate to high 

runoff due to low infiltration, whereas soil group D has very high runoff due to very low 

infiltration. A table listing NRCS curve number assignment, with respect to the dependent field 

variables, is attached at appendix C. The soil moisture condition in the drainage basin, before a 

runoff occurs, is another important factor influencing the final value for CN. In the Curve Number 

Method, AMC is classified into three groups: 

 AMC I: The soils in the drainage basin are practically dry (i.e. the soil moisture content 

is at wilting point). 
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 AMC 11: Average condition. 

 AMC 111: The soils in the drainage basins are practically saturated from antecedent 

rainfalls (i.e. the soil moisture content is at field capacity).  

These groupings are determined on the basis of 5-day antecedent rainfall depth value (i.e. the 

accumulated total rainfall preceding the runoff under consideration). Table 2-2 illustrates the 

range of 5-day rainfall values for the three AMC groups. 

Table 2-2: Seasonal rainfall limits for AMC classes (reproduced from [119]) 

Antecedent Moisture 

Condition Class 

5-Day Antecedent Rainfall (in) 

 Dormant Season Growing Season Average 

I < 0.5 < 1.4 < 0.9 

II 0.5 – 1.1 1.4 – 2.1 0.9 – 1.5 

III > 1.1 > 2.1 > 1.5 

 

The relationship between CN and S is given as; 

 
𝑆 =

1000

𝐶𝑁
− 10 (6) 

Substituting the value of S in Eq. (5); 

 

𝑄 =

[(𝑃 − 0.2 (
1000
𝐶𝑁 − 10)

2

)]

𝑃 + 0.8 (
1000
𝐶𝑁 − 10)

 (7) 

For runoff volume, following relationship is used; 

 𝑅𝑢𝑛𝑜𝑓𝑓 𝑉𝑜𝑙𝑢𝑚𝑒 = 𝑄(𝑓𝑡) ∗ 𝐴𝑟𝑒𝑎 𝑜𝑓 𝑑𝑟𝑎𝑖𝑛𝑎𝑔𝑒(𝑎𝑐𝑟𝑒𝑠) (8) 

For computing td, it is evident from Figure 2-6 that td can be expressed as; 

 𝑡𝑑 = 𝑇𝑐 +  𝑡𝑝 (9) 

Where, Tc is time for runoff to travel from the furthest distance in the watershed to the location 

where Q is to be determined, and tp is the time to peak discharge. Typically there are three distinct 
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runoff patterns in a watershed such as sheet flow, shallow concentrated flow, and channel flow. 

Numerical equations based on the underlying physical model are described below. 

 

𝑇𝑐 =
0.007 (𝑛𝐿)0.8

(𝑃2)0.5 (𝑆)0.4
 +  

𝐿

3600𝑉
 + 

𝐿

3600
 (

𝑛

1.49 (𝑅)
2
3 (𝑠)0.5

) (10) 

Where, L is length (ft.) of flow pattern, n represents surface roughness, P2 is 2-year return period 

24 hour precipitation (in.) for a region, R is hydraulic radius (ft.), s is average ground slope (ft.-

vertical/ft.-horizontal), Tt  is travel time (hr.),  and V is average velocity (ft./sec) of water.  

Hence, Eq. (9) becomes; 

 

𝑡𝑑 = 𝑡𝑝 + 
0.007 (𝑛𝐿)0.8

(𝑃2)0.5 (𝑆)0.4
 +  

𝐿

3600𝑉
 +  

𝐿

3600
 (

𝑛

1.49 (𝑅)
2
3 (𝑠)0.5

) (11) 

As per the author’s best understanding, there is no direct mathematical equation to express tp in 

the NRCS method. The other parameter required is t1, and once again there is no mathematical 

expression for this. However, both are extracted from hydrograph plots drawn using the 

convolution of incremental runoff depth and unit hydrograph flow rate for a specific region. The 

unit hydrograph is a hypothetical unit response of a watershed (in terms of runoff volume and 

timing) to a unit input of rainfall. It is specific to a particular watershed, rainfall distribution (RD), 

and  rainfall duration (Pd) such as 1-hour, 6-hour, or 24-hour (Shaw et al. [129]). 

2.3.1.2 Limitations of the NRCS Curve Number Method  

The NRCS method, although simpler than the other models, still presents a challenge of acquiring 

a variety of permanent and transient parameters for every field under observation to determine 

discharge dynamics (Eq. (3) and Eq. (11)). Moreover, at the time the NRCS method was 

developed, due to the absence of remote and inexpensive sensing measures, proxy parameters, 

average values or manual observations were used to represent land conditions. An example is 

AMC, which is used to determine CN. This is represented by using the amount of rainfall received 

in the five days preceding the storm event, which is a subjective judgment, instead of a physical 

reality [130]. In addition, the type and extent of land cover, slope and land treatment etc. is 

determined by manual observation of the field, which limits autonomous monitoring and renders 

result prone to error. Furthermore, determining t1 and td is computationally intensive. 

Additionally, for Ia a mean value of 20% was considered which may work for many regions, 
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however in many studies Ia was observed as less as 5% to 15% [131-133]. Therefore, a constant 

value for Ia is not applicable for every region. 

2.3.2 Data-Driven Modelling  

During the last decade, the area of empirical modelling received an important boost due to 

developments in the area of WSNs and machine learning. With contemporary WSNs, it is now 

possible to extract real time field data, which presents a huge opportunity for the development of 

simpler models. These models can complement or replace knowledge-driven models describing 

behaviour of physical systems, and therefore can yield models of low computational complexity, 

making them well-suited for implementation on a network. Using machine learning algorithms, 

the models are trained on the historical data describing the phenomenon in question. 

Data-driven modelling, using machine learning algorithms, has been widely used in hydrological 

modelling [60-62]. Examples of the most popular supervised learning methods used for 

hydrological predictive systems are: statistical methods, artificial neural networks (ANN), and 

decision model trees. An example of a statistical method is multiple linear regression (MLR). The 

algorithmic detail of these methods will be discussed in section 2.5 of this chapter.  

MLR is a linear model and has been used for flood forecasting, in which a model is learnt based 

on data for parameters such as precipitation, air temperature and river flow [57]. However, the 

training dataset is collected from historical data of 7 years. Due to the linear modality of MLR, it 

is reported that there are other algorithms that perform better and are more robust when compared 

to MLR [61]. One such algorithm is ANN.  

ANNs have been a popular choice for rainfall-runoff modelling and stream-flow forecasting [60, 

61, 63, 64]. It is stated that attractiveness of ANN for flood forecasting is mainly because; ANNs 

can represent a non-linear function, ANNs can identify relationships between input parameters, 

ANNs perform in a robust manner even in the presence of faulty or missing data [63]. An ANN 

in most cases is used as a black-box representation of hydrological processes, with input 

parameters of rainfall and inflows [134]. In one study, while investigating river forecasting in two 

flood-prone gauged UK catchments, it was possible to construct a robust model for a small data 

set which performed with comparable results with respect to the traditional forecasting systems 

[63]. Furthermore, another work used weekly values for precipitation and evaporation rates for a 

river basin in southern England. The land cover of the river basin is mainly agricultural land. The 

weekly values were converted to daily mean rates and were used to simulate daily stream flows. 



Chapter 2: Literature Review 

_____________________________________________________________________________

  

 33 

  

Various input combinations of rainfall and evaporation values spanning over several days were 

used to test the results, with a seven input model giving the best performance [60].  

Due to the complex structure of ANNs, decision tree modelling has been investigated recently 

and adopted in hydrological forecasting [58, 65-68] and an interesting example of this class are 

M5 model trees [69]. The advantage of M5 model trees over ANNs are that they are faster to train 

[70]. M5 model trees have been used in hydrology for modelling drainage discharge [68], rainfall-

runoff [70-72], streamflow [58], flood forecasting [73] and sediment transport in discharge [74]. 

It is important to mention that none of these applications except for the work by Kuzmanovski 

[68] were based on farm scale drainage discharges. In this work, the aim was to measure drainage 

discharges from fields, ranging from 0.83 ha to 1 ha, in order to control pollutant outflows. The 

model uses 10 parameters related to crop stage, day of the season, slope of the field, rainfall, 

temperature, runoff, drainage etc., and used 22 years of daily data to train the model. The model 

performed with 45% to 66.9% predictive accuracy. The models developed by Solomatine et al. 

[73], Corzo et al.[71], and Galelli et al. [58] were all used to predict discharges in a river and 

stream draining very large catchments, and hence used only 2 to 3 parameters related to climate 

and flow. This is because field conditions (soil moisture, vegetation cover), which can influence 

flow rates vastly, for such large heterogeneous catchments can vary tremendously; hence a single 

average value may not represent the field conditions for the whole catchment. Hence, these 

models rely only on climatic and flow parameters for predictions and use thousands of samples 

so that the model could learn all possible samples over many years (decades in most cases).   

2.3.3 Discussion 

Traditional modelling approaches, popular in academic research, are very suitable for large scale 

catchment applications of flood and stream monitoring. However, the need for calibrating 

spatially-distributed models to individual basins, reliance on numerous parameters, and the 

tremendous computational burden involved in running them makes their application complicated 

and, in resource-constrained underdeveloped areas, nearly impossible [135]. The NRCS curve 

number model although simpler than the other discussed methods has its own limitations of using 

proxy parameters. 

With increased monitoring and real data availability, empirical modelling based on machine 

learning algorithms is prevalent in hydrological modelling. Data-driven models have good 

prediction capability and require fewer parameters, which is consistent with the requirement for 
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a reduction in the computational burden of decision making [59]. However, these modelling 

projects are limited to flood forecasting and stream flow monitoring, in a gauged catchment, by 

using decades of historical data for training. As per the author’s best knowledge, only the research 

work by Kuzmanovski [68] is similar in part to the objective of this research, i.e., modelling 

discharges from a farm. However, the model uses 20 years of historical data for field and climatic 

parameters. This highlights one of the main issues in that the historical data sets needed to develop 

predictive models do not exist for every farm, and for most catchments.  

2.4 Modelling Nitrogen Losses  

Fertilizers rich in phosphorous, potassium and nitrogen are added to soil to increase crop yields. 

However, agronomic nutrient recommendations are often far in excess of environmentally-safe 

levels [11]. Nitrogen (N) becomes a concern to water quality when soil N is converted into nitrate 

(NO3
-). This form of nitrogen is not held tightly by soil particles, therefore residual nitrates in the 

soil after the growing season will be lost to leaching and runoff into ground and surface water 

[12, 13]. The rate of leaching depends on soil drainage, rainfall, amount of N present in the soil 

and crop uptake. Well-drained soils, low crop yield, high N inputs (especially outside of the 

growing season) and high rainfall are all conditions that increase the potential for nitrate leaching 

and runoff. Losses realised in this way result in dual concerns – decreased soil fertility and 

degraded water quality. 

Two main approaches for nitrate loss modelling have been reported in the literature so far: the 

bottom-up approach, in which the physical mechanisms that contribute to nitrate losses in the N 

cycle are conceptualized, using mathematical equations, into process based models; and the top-

down approach, in which mapping from the space of predictor space to that of the response 

variable is inferred totally and directly from observational data to a more general class of data-

driven models [58, 136]. Depending on the objective of the modelling exercise, one approach can 

be more suitable than the other.  

2.4.1 Traditional Modelling  

The complexity of process-based models is the key to improving our understanding of the various 

processes involved in N losses, and is very advantageous in evaluating different scenarios and 

clarifying the basic principles of N transport within the soil-plant-water continuum. Some of those 

models are more hydrology-oriented with less details about N-biogeochemical processes, such as 

MIKESHE and MODFLOW [137, 138], while others have focused more on the NO3
-  leaching 
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processes but with little focus on hydrological aspects, such as CENTURY and SOILN [139, 

140].  

 

Figure 2-7: The structure of DNDC Model (reproduced from [141]) 

In comparison to above models, a modified De-Nitrification-DeComposition (DNDC) model 

possesses an N leaching module in addition to a complete set of N transformation processes 

parameterized by mathematical equations [142-144]. DNDC model consists of two major 

components driven by ecological drivers, and soil environmental factors as shown in Figure 2-7. 

The first component consists of soil climate, crop growth and decomposition sub-modules, which 

computes the soil environmental variables (soil temperature, moisture, pH etc.) based on the 

ecological drivers (climate, soil, vegetation, and human activity). The second component consists 

of nitrification, denitrification and fermentation sub modules, which predicts microbial activities 

and trace gas products based on the soil environmental variables [141]. DNDC is a comprehensive 

model, however its dependence on acquiring numerous parameters (above 20) renders its 

application quite complex. Furthermore, the miscalibration and over-parameterization results in 

low predictive capability of the model [58].  
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Another model used to simulate nitrate losses in artificially drained soils is DRAINMOD-N [145], 

an extension of the hydrological model DRAINMOD discussed earlier in section 2.3.1. 

DRAINMOD-N was developed to simulate a simplified version of the nitrogen cycle, with main 

emphasis on nitrate. The influencing parameters in the model include rainfall, fertilizers, plant N 

uptake, denitrification, surface runoff losses and sub-surface drainage losses [146]. It is based on 

water balance calculations of DRAINMOD to determine average soil-water fluxes. This model 

has been used in applications with promising results, such as in one study, the simulated results 

showed an average monthly deviation of 3 Kgha-1N [147]. 

2.4.2 Data-Driven Modelling  

In contrast to traditional models, data-driven models have high prediction capability and require 

fewer parameters, which combine well with the computational burden of decision making [59]. 

Data-driven models in nitrate modelling uses two approaches: The export coefficient approach 

and the machine learning approach. The export coefficient approach is used to calculate the N 

loads delivered annually to a water body by summing the individual loads exported from each 

nutrient source within a catchment [148]. Examples of this approach include models developed 

for N losses from grasslands in the UK [149, 150] and from agricultural properties in Australia 

[151]. These models include sub-models with empirical equations based on annual values for all 

possible sources of N inputs and outputs, e.g. N input through fertilizers and the atmosphere, plant 

and animal N-uptake, N lost through dung/urine, N present in dairy products, N lost through plant 

death and decomposition. This approach generally works on annual time-steps, and is very 

suitable for policy making and management decisions regarding annual nutrient budgets. 

However, it is not appropriate for daily field scale management and control decisions.  

The second approach of the data-driven models, i.e. machine learning, has been widely used in 

hydrological modelling; however, it has only recently been adopted in the modelling of N losses. 

In this regard, a modelling framework was developed to calculate annual nitrous oxide flux and 

nitrate leaching by abstracting the complexity of the DNDC model [65]. The input parameters (11 

variables) consisted of annual values related to N application, soil chemistry, and climatic 

conditions were selected from the original DNDC dataset as shown in Figure 2-8. Various 

algorithms, such as multi-layer perceptron, random forests and support vector machine were used 

for comparison. Although this research effort reduced the number of parameters by a half, it still 

required 8000 training samples based on annual values, which were obtained from different sites, 

to achieve the optimal results.  
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Figure 2-8: Selection of parameters abstracted from the DNDC dataset for the metamodel 

(reproduced from [65])  

Similarly, another work further simplified the input parameters and training size requirement and 

used neural networks to simulate total N emissions from the de-nitrification process (N2O) [75]. 

The training set consisted of only 536 records based on input variables such as water filled pore 

space, nitrate concentration, soil denitrifying potential, organic matter, soil pH, bulk density and 

soil depth. The model gave optimal performance, however, the model was developed for gaseous 

N emissions and still relied on soil chemical data. Another study [67] used a machine learning 

algorithm to build a meta-model (an abstracted model of a complex model) for a deterministic N 

leaching model called WAVE. Recently, regression methods were used in a two-year study to 

simulate seasonal nitrate concentration dynamics in soil water extracted from 36 suction 

lysimeters in potato plots about seven to eight times each year. The model achieved maximum 

performance, however it used percentage of clay and soil depth besides other input parameters, 

and was based on sparse yearly samples [66]. 

2.4.3 Discussion 

Similar to traditional hydrological modelling, nitrate models using physical and mathematical 

basis, though comprehensive and useful for simulating nitrate losses, rely on numerous complex 

parameters. The reliance of models on acquiring chemical and geologic data, which either requires 

grab sampling and laboratory analysis or very expensive equipment, limits wide-scale adoption 

of this technology for high resolution output. Therefore, data-driven modelling has recently been 
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adopted for modelling complex N-cycling processes with the aim of simplifying modelling 

relatively fewer parameters. One such recent and promising example of low complexity modelling 

is done by Villa-Vialaneix et al. [65], which predicts annual nitrous oxide flux and nitrate leaching 

by abstracting the complexity of the DNDC model. The model reduces the input parameters to 

half as compared to the original DNDC model (11 variables), consisting of annual values related 

to N application, soil chemistry, and climatic conditions. However, the study used 8000 training 

samples, obtained from different sites, to get the optimal results. 

Based on the literature review and to the best of the authors’ knowledge, it is apparent that existing 

modelling has not been intended for predicting daily TON losses within the farm system with the 

aim of enabling reutilization and alerts in real time, i.e. by using WSNs. Furthermore, these data-

driven models rely on thousands of training samples, containing biological and chemical data, 

acquired using traditional grab sampling methods. To enable an intelligent and real time 

mechanism for managing nutrients, influencing parameters should be simpler, and such which 

could be acquired autonomously. This is because constraints on WSNs with regards to battery 

life, and computing power requires simplified model for on-node deployment.  

2.5 Machine Learning Algorithms for Environmental Modelling 

In machine learning algorithms, the task of learning is often also characterised as supervised or 

unsupervised learning. Algorithms that require a set of data points with known outputs are referred 

to as supervised learning models. These are in contrast to unsupervised algorithms where the 

target outputs are not known. Typically, supervised learning models use the methods of 

computational intelligence to build (numerical prediction) models linking a system’s input and 

output variables [71, 152]. This phase is called as the training phase. Such learning models are 

trained on historical data describing the phenomenon in question. Historical data includes known 

samples that are combinations of inputs and corresponding outputs. The learned model is then 

used to predict the outputs from the new input values in the prediction phase [109]. Furthermore, 

if the outputs are classes, then the learning task is defined as a classification, whereas if the outputs 

are real values then it is referred to as a prediction [68, 153].  In the next sections, the most 

important supervised learning techniques are explored with respect to prediction and 

classification. 
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2.5.1 Machine Learning for Predictive Models 

Below, the three most popular machine learning algorithms adopted in hydrological and nutrient 

predictive modelling (section 2.3.2 and 2.4.2), are discussed and will be used in this thesis – ANN, 

M5 tree algorithm, and MLR. 

2.5.1.1 Artificial Neural Networks 

The concept of ANNs is inspired by the biological neural networks of the human brain. 

Mathematically, an ANN is a complex nonlinear function with many parameters that are adjusted 

in such a way that the ANN output becomes similar to the measured output on a known data set. 

More specifically, a network is made up of a number of interconnected nodes (neurons) arranged 

in three layers – input, hidden and output [63], as shown in Figure 2-9.  

The input layer simply forwards the inputs to the network without performing any computation. 

The links represent weighted connections between the nodes. A processing element multiplies the 

input by a set of weights and transforms the result into an output value. By changing the weights, 

ANNs work towards producing an output which is closer to the measured value [154]. This is also 

defined as feedforward networks or multiple layer perceptron (MLP). The number of input and 

output variables depend on the complexity of the problem. Fewer nodes may not be able to 

interpret a new data set and too many nodes result in longer computational time for training. 

 

Figure 2-9: A basic diagram of artificial neural network topology (reproduced from [63]) 

Despite many advantages of ANNs, such as being able to represent a non-linear function and 

robust performance in presence of faulty or missing data, there are few disadvantages. One of the 

drawbacks of ANNs is that for a decision maker it is very difficult to analyse the structure of the 
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resulting ANN and to relate it to the outputs [70]. Furthermore, there are approaches to numerical 

prediction that use piece-wise linear approximations, which are much easier to interpret and can 

be trained in less computational time than ANNs, such as M5 decision model trees. 

2.5.1.2 M5 Decision Model Tree 

Due to the complex structure of ANNs, a rather simpler approach, decision model trees [69], has 

been demonstrated as an alternative [70]. Decision tree modelling is a method of approximating 

a target variable (output), with discrete values, from a given data set and represents the learned 

function in form of a decision tree [152], where each leaf contains the target values. If the target 

value is a class, then it is termed as a classification tree, whereas if the target value is a real value 

then it is termed as a regression tree.   

Decision trees have been shown to perform well when compared to other model types [58, 155] 

but they do have one disadvantage. In decision trees, the predicted output is composed of discrete 

values and is reconstructed as a piecewise constant function. To ensure good prediction accuracy, 

the number of output classes (tree leaves) should be high; however, this increases the risk of over-

fitting the observed data [156]. The problem of over-fitting occurs when a model fits the random 

error or noise in the training data set instead of the underlying relationship. This problem 

transpires in an excessively complex model which has too many parameters in relevance to the 

number of training observations [157]. Over-fit models generally have poor predictive 

performance. This problem is solved by M5 tree algorithm. 

The problem of over-fitting in decision trees can be resolved by replacing averaging in the tree 

leaves by fitting a linear regression function to the data and obtaining a continuous representation 

of the output [58].  This is known as M5 tree modelling, and was first introduced by Quinlan [69] 

and applied to hydrological modelling by Solomatine [70, 73]. The M5 tree is a piecewise linear 

model, so it takes an intermediate position between the linear models and truly nonlinear models 

such as ANNs. Model trees have higher predictive accuracy and are able to make better 

predictions for values outside the training data range, when compared with regression trees [68].  

The M5 model tree is a numerical prediction algorithm, and its splitting criterion is based on the 

standard deviation of the values in the subset of the training data that reaches a particular node. 

The construction of a model tree is similar to that of a decision tree. Figure 2-10 illustrates how 

the splitting of space is done in a generic M5 tree. Firstly, an initial tree is built and then is pruned 

(reduced) to overcome the over-fitting problem. Finally, a smoothing process is employed to 

compensate for sharp discontinuities between adjacent linear models at the leaves of the pruned 
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tree (this operation is not needed in building a decision tree) [73]. The M5 tree algorithm available 

through the MatLab toolbox M5PrimeLab [158] is used in this thesis. 

 

Figure 2-10: A generic M5 model tree, Models1-6 are linear regression models (reproduced 

from [73])  

2.5.1.3 Multiple Linear Regression 

MLR analysis determines the relationship of a single dependent variable given the set of 

independent input variables [159]. It postulates a linear function and then finds the parameter 

values that maximizes the fit to the training data [69]. Every value of the input variable x is 

associated with a value of the dependent variable y. the regression line for p input variables x1 , 

x2 ,……., xp is defined as [160, 161]: 

 𝜇𝑦 = 𝛽0 + 𝛽1𝑥1 +  𝛽2𝑥2 +  … … . . +𝛽𝑝𝑥𝑝 (12) 

Here, β0 is a constant and βi,…....,βp are coefficients relating input variables with the output 

variables. This line explains the variability of mean response μy with respect to the independent 

variables. The observed values for y vary about their means and are assumed to have the same 

standard deviation. The fitted values estimate the parameters β0, βi,…....,βp of the regression line.  

2.5.2 Machine Learning for Classification Models 

Classification is a basic task in data analysis and pattern recognition that requires the construction 

of a classifier, that is, a function that assigns a class label to instances described by a set of 

attributes [162]. A large number of techniques have been developed for classification based on 

artificial intelligence and statistics [163, 164]. Artificial intelligence based methods include 
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decision tree algorithms such as C4.5, and perceptron-based algorithms such as neural networks. 

On the other hand, Statistical techniques encompass Bayesian networks and instance-based 

methods (k-nearest neighbour, k-NN). These algorithms are reviewed in detail in [164]. Selecting 

a specific classification algorithm is a critical step and depends on the requirements of an 

application and the particular dataset. Generally, the simplest approach is to use prediction 

accuracy to evaluate the various classifiers and select the one with the best performance. 

Nevertheless, it is stated in the literature [164] that neural networks tend to perform better with 

continuous features as compared to decision trees which perform better with discrete or 

categorical features. Moreover, Naïve Bayes require smaller dataset and takes less computational 

time for training as compared to neural networks. Furthermore, Naïve Bayes require little storage 

space during training and classification as compared to k-NN. Decision tree algorithms and Naïve 

Bayes are the easier to interpret, whereas neural networks and k-NN have poor interpretability. 

Based on the above analysis, decision trees (C4.5) and Naïve Bayes are selected for developing 

the decision support model in this thesis. These algorithms are discussed below in detail.  

2.5.2.1 Naïve Bayes  

Naive Bayesian is a statistical classifier, and one of the most effective one in terms of its high 

predictive performance in comparison to the state-of-the-art, C4.5 [162]. Naïve Bayes are very 

simple Bayesian networks which are composed of direct acyclic graphs with only one parent and 

several children. The classification process consists of two steps – training and prediction. In the 

training phase, using the training data, the classifier learns the conditional probability of each 

attribute Ai for a given class Cj. In the prediction step, classification is performed for any unseen 

test data by applying Bayes rule. The method computes the posterior probability of that sample 

(A1, A2 .....An) belonging to each class (C1,C2, ......., Cm) and then classifies the test data based on 

the class with the highest posterior probability [162, 165]. Using Bayes’ law, the classification is 

expressed as; 

 
𝑝(𝐶𝑗|𝐴1, … … . 𝐴𝑛) =

𝑝(𝐶𝑗)𝑝(𝐴1, … … . 𝐴𝑛|𝐶𝑗)

𝑝(𝐴1, … … . 𝐴𝑛)
 (13) 

The naive Bayes classifier is designed for use when predictors are independent of one another 

within each class, but it appears to work well in practice even when the independence assumption 

is not valid. The assumption of class independence allows the Naive Bayes classifier to better 

estimate the parameters required for accurate classification while using less training data than 

many other classifiers [166]. 
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2.5.2.2 C4.5 (J48) – Decision Tree Algorithm 

The C4.5 algorithm is based on decision trees. As mentioned earlier, decision tree modelling is a 

method of approximating a target variable (output), with discrete values, from a given data set. It 

represents the learned function in the form of a decision tree, where each leaf contains the target 

value. If the target value is a class, then it is termed as a classification tree. The C4.5 algorithm 

constructs the decision tree based on a ‘divide and conquer’ strategy [167]. A decision tree 

algorithm creates a tree model by using values of only one attribute at a time. At each node of the 

tree, C4.5 chooses the attribute of the data that most effectively splits its set of samples into 

subsets enriched in one class or the other. The splitting criterion is based on the information gain 

(entropy) of the attribute. The attribute with the highest normalized information gain is chosen to 

make the decision. The C4.5 algorithm then repeats this on the smaller sub-lists. 

2.6 Summary 

This chapter has established the state-of-the-art in the available monitoring and modelling themes 

of this research. Application principles, strengths, and limitations have been discussed, which 

form the basis for this thesis. 

Reusing drainage water and nutrients emanating from one farm in another farm, before they enter 

the water system, can have huge environmental as well as economic benefits. Predicted 

information on volumes, timings, and quality of discharges that will be delivered to the farms 

becomes vital for adoption of this mechanism in agriculture. Despite tremendous promise of the 

benefits of drainage water reuse and technological advancements, implementation of an 

intelligent and autonomous management mechanism has not kept pace with deteriorating water 

situation. With contemporary WSNs, it is now possible to extract real time field data with spatio-

temporal detail, hence it has been adopted widely in environmental monitoring in the last decade. 

Existing work in the area of real-time and remote monitoring of agriculture and hydro systems, 

using WSNs, is either aimed towards enabling high crop yields or to report on water quality status 

respectively. So far, no technical mechanism exists to facilitate management and reuse of 

reclaimed water in an autonomous and dynamic manner among farms.  

For the prediction of hydrological discharges and nitrates, various modelling approaches have 

been adopted. With increasing monitoring and real data availability, empirical modelling based 

on machine learning algorithms is prevalent in hydrological and nitrate loss modelling. In 
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hydrological modelling, these projects are limited to flood forecasting and stream flow 

monitoring, in a gauged catchment, by using decades of historical data for modelling. As per the 

author’s best knowledge, only the research work by Kuzmanovski [68] is similar in part to the 

objective to this research, i.e., modelling discharges from a farm. However, the model uses 20 

years of historical data for field and climatic parameters. This highlights one of the main issues 

in that the historical data sets needed to develop predictive models do not exist for every farm, 

and for most catchments. For nitrate loss modelling, the models rely on enormous biological, 

chemical and geological data acquired using traditional grab sampling methods requiring 

expensive equipment. For both modelling approaches, it is apparent that existing modelling has 

not been intended for predicting losses within the farm system with the aim of enabling 

reutilization and alerts in real time, i.e. by using WSNs. 

 Data-driven modelling, using machine learning algorithms, has been widely used in hydrological 

modelling. Examples of the most popular supervised learning methods used for hydrological 

predictive systems are: statistical methods (e.g. MLR), artificial neural networks (ANN), and 

decision model trees (e.g. M5 tree). Recently, decision model trees have been investigated and 

adopted in hydrological modelling due to higher prediction accuracy and easier interpretation as 

compared to the other methods. Model trees are an extension of regression trees, and include first 

order linear models at the leaf nodes, compared to zero-order models in regression trees. Model 

trees are able to make predictions for values outside the training data range, which is not the case 

with regression trees. 

 

 



Chapter 3:  WQMCM Framework Architecture  

In chapter 2, the concept and the importance of proactive and autonomous monitoring, through 

using the predicted prevalence of WSNs in agriculture, was presented for addressing water quality 

control through drainage reuse, and the need for low-complexity modelling was highlighted. This 

chapter presents the architecture of Water Quality Management using Collaborative Monitoring 

(WQMCM), which uses existing networked farms and water systems and low-complexity 

predictive models to enable real time drainage water management. Section 3.1 provides functional 

overview of the WQMCM framework with the design of a modified drainage network. Section 

3.2 provides architectural detail on various model components; the neighbour linking model, 

predictive models, and the decision support model for drainage reuse, while section 3.3 discusses 

the development of neighbour linking model. Later chapters present the development of the 

remaining model components. 

3.1 Functional Overview  

WQMCM is an integrated control and management strategy which requires that individually 

targeted monitoring units or local networks, representing different stakeholders in a catchment 

e.g. a farm, should be able to share information with each other about runoff, drainage or nutrient 

fluxes. These events may be intense but are short-lived and so information sharing becomes 

important as they may be very fast, and so may normally be missed with the usual sampling rate. 

Allowing event information to be transmitted across multiple networks as they are detected will 

allow prediction of when the repercussions of that event might be seen downstream, allowing 

other stakeholder networks in the vicinity to adjust their monitoring and management strategy. 

This will include taking decisions about reusing or disposing the drainages, or increasing their 

sample rate to catch transient events. As emphasized in the literature, drainage reuse strategy 

reduces the overall stress of nutrient losses to the water system and provides economic benefit as 

well by reducing fertilizer usage. The proposed framework enables stakeholders to manage and 

benefit from this reutilization by sharing information about their availability and presence. Such 

a de-centralized approach comprising autonomous networks presents a flexible methodology 

where independent networks, in addition to local monitoring objectives, seek to opportunistically 

utilize neighbouring events.  

To demonstrate the mechanism of the proposed framework with respect to agricultural drainage 

reuse, a modified drainage network is designed. Figure 3-1 illustrates an example irrigation and 

drainage system in which various farms and drainage regions are linked with each other through 

water flow paths. The figure shows an additional bay, drainage reuse bay, linked with individual 
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farm’s irrigation and drainage bay to implement the drainage reuse mechanism. Each farm would 

have the option to either use drainage from another farm or fresh irrigation water for irrigation. 

As mentioned earlier, the WQMCM framework aims to combine local individual networks into 

an integrated mechanism, therefore, it is assumed that these farms are monitored by individual 

networks with local application objectives. These objectives are to facilitate farming decisions 

with regards to e.g. irrigation or pesticides scheduling by monitoring microclimate (soil moisture, 

crop cover, and soil temperature) of the field. For implementing the framework, an additional 

network on the water system, the drainage reuse bay in this case, is required to monitor drainage 

and nutrient contributions by each farm. As shown in Figure 3-1, individual sensors in the 

drainage network are deployed at the outlet of each farm to monitor its drainage outflow. Other 

nodes monitor base flow in the drainage bay. This network will be either deployed by an official 

governing body working towards maintaining water quality or by local farmers for a collaborative 

cause.  

 

Figure 3-1: A modified drainage network design to implement drainage reuse for the WQMCM 

framework 
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These networks, under the proposed WQMCM framework, share information about the start of a 

daily event with each other, e.g. an irrigation event in a farm or high pollutant drainage discharge 

from drainage bay. When event information is received from a farm network (e.g. farm A), the 

drainage network node associated with that farm uses on-node predictive models to forecast the 

values for expected drainage and nutrient dynamics as a result of that event. The forecasting of 

drainage dynamics is undertaken by the drainage network for the following reasons. Firstly, 

because drainage network links all the farms and the stream networks, hence it’s ideal to have the 

drainage network disseminate the predicted information about drainage to all the other farms and 

stream network for reuse, treatment or disposal. Secondly, the main drainage bay could be 

distantly located from the drainage ditch of a farm, hence volumes of actual drainage outflows 

received by a drainage bay from a farm may change owing to evapotranspiration and absorption 

during its transport. Additionally, running predictive models is a computational overhead which 

should naturally be taken up by the network responsible for decision making. 

 

Figure 3-2: Parameters related to upcoming event shared by neighbour networks and the 

predicted variables for the resulting drainage event 

Figure 3-2 illustrates the format of information shared by a farm and the parameters predicted by 

a drainage network. The shared event information packet from a farm includes network and event 

details. To identify a network, information such as network id, type and location is included. 

Network type is related to whether it is a farm, drainage or a stream network, which helps filter 

out received messages. For instance, a farm network may only want to receive information from 

drainage or stream network, or a drainage network may only be interested in information coming 

from farms for obvious reasons. Network location filters out geographically dislocated networks 

or the ones located down-stream, which are unlikely to impact upstream networks. Further to that, 

event detail in the information packet includes event depth/volume, event duration, fertilizer 

quantity applied. Any additional event information will be governed by the requirements of a 
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predictive model, which is discussed in the next chapter. As far as the predicted parameters for 

expected drainage are concerned, as discussed in chapter 1, the relevant information necessary to 

implement a proactive monitoring and management system is drainage depth/volume (Q), 

fertilizer loads in the drainage (TON), start time (t1) and duration (td) of the drainage.  

Predicted values of drainage and nutrient dynamics by the sensor node are transmitted to the 

gateway of drainage network, from where it is relayed to the neighbouring farm and stream 

networks. The farm networks (e.g. farm B) uses the predicted information and local decision 

support model to decide whether to reuse the drainage or not, and transmit a reuse 

acknowledgement to the drainage network. In the former case in which network B intends to reuse 

the drainage, the drainage water, once available from farm A, is allowed to drain into the drainage 

reuse bay (through a control pump) instead of the main drainage bay. From the reuse bay, the 

drainage is then pumped into the irrigation bay of farm B. In case none of the networks send reuse 

acknowledgements, the drainage would be drained into the main drainage bay. The stream 

network can then decide, based on the predicted values for nutrients, whether to divert the flow 

in case of high nutrient outflows or to otherwise allow it to enter the stream.  

3.2 Architectural Detail 

The fundamental part of the WQMCM framework is that individual networks learn their 

environment to predict the impact of events elsewhere in the catchment on their own zone of 

influence. The predicted drainage information can be beneficial for adjusting management 

strategy in a farm or in a stream network accordingly, by adopting drainage reuse, disposal or 

treatment. For managing agricultural reuse, the overall architectural detail comprises various 

modules encompassing drainage, farm and stream networks, as illustrated in Figure 3-3. For 

enabling forecasting of drainage dynamics expected as a result of an event in a neighbouring farm, 

two key modules are developed in the drainage network; neighbour linking model and, drainage 

and pollutant dynamics module. The neighbour linking model uses neighbour event information 

and sensed drainage data to link the impactful neighbours. The predictive module further 

comprises individual models to predict Q, t1, td, and TON, which forms the primary contribution 

of this thesis. The predicted drainage information is used by decision support models in farm and 

stream network to enable decision making about its reuse or disposal. Furthermore, this 

information is further used to adjust sampling rate of the sensors, to capture the approaching 

drainage flow, at the predicted response time.  
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Figure 3-3: Block diagram of the WQMCM framework architecture 

It has been emphasized in this thesis that due to inevitable drainage and nutrient losses despite 

adopting BMPs, it is important to enable mechanism for their reutilization. Therefore, a simplified 

decision support model is developed just as an example to illustrate the utilization of predicted 

information for enabling reuse mechanism. Below the modules of drainage network and farm 

network blocks are briefly introduced. Figure 3-4 and Figure 3-6 illustrates the functional flow of 

these modules for both the blocks.  

3.2.1 Neighbour Linking Model 

The main purpose of this module in the drainage network is to identify the farm networks which 

drain into this drainage network. These links are identified over a period of time using a learning 

process. Firstly, dislocated networks (e.g. located at lower altitudes of the catchment) are filtered 

out using network location in the shared information packet by the neighbours. Secondly, for the 

filtered neighbours, training dataset is acquired over a period of time, as respective event 

information is received from these individual neighbours. Training data consists of; (i) the event 

information packets that were received that particular day, e.g. at time t, and (ii) the sensed values 

of the received drainage and nutrients at the drainage bay at time t+x. Here, x, refers to the time 
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it takes for drainage to appear in the drainage bay from the time event information is received, 

and t is ranged between 00 hrs to (x-1) hrs.  

 

Figure 3-4: Functional stages of the drainage network modules, under the WQMCM framework, 

such as ‘Learning’, ‘Training’, and ‘Testing’ 

For each set of the acquired training data for a particular neighbour, a linear regression model is 

used to identify the relationship between the sensed drainage and the received event details. This 

process divides the neighbours, which sent information over the learning phase, into two lists; 
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data are acquired to provide for the development of the predictive models. Figure 3-4 illustrates 

the mechanism of the neighbour linking model in the learning stage section. The development of 

neighbour linking model will be discussed in detail in the later section 3.3.  

3.2.2 Drainage Hydrograph and Nutrient Dynamics Predictive Models 

Once training dataset is acquired for the linked neighbours, the next step is to develop the models 

for predicting the drainage hydrograph and nutrient dynamics. Constraints on network nodes 

(battery life, computing power, availability of sensors etc.) requires a simplified underlying 

physical model, and a simple machine learning model based on fewer and, ideally, real-time field 

parameters acquired autonomously and shareable across neighbouring farms. Ideally, the model 

should be based on minimal training samples so that the model can be implementable soon after 

the deployment of the network. Such models are local in the sense of being valid for a given site 

(farm in this case). Once developed at the gateway, these models are deployed on the relevant 

node associated with the particular farm. This facilitates distributed computing where individual 

nodes of the drainage network, deployed at the outlets of farms, run the learned predictive models 

for forecasting drainage from those farms. These models can then generate expected drainage 

hydrograph and nutrients dynamics, which are transmitted to the gateway for further action 

regarding transmission to neighbouring networks.  

These models intrinsically self-calibrate because the evolving record of the observations allow 

them to adapt to the latest condition. This creates portability from one season to the next, and 

from one climate regime to the next. With new data regarding a farm, the models are calibrated 

at the gateway and re-deployed at the relevant node. However, it is important that a model must 

maintain a balance between the complexity of the model and the predictive accuracy of the model.  

Based on the discussion in the literature review of sections 2.3 and 2.4, existing state-of-the-art 

predictive models are used as a basis to derive low-complexity models for Q, t1, td and TON. A 

machine learning algorithm, M5 tree, is then used to train the individual models as shown in the 

training stage of Figure 3-4. The development and validation of these four predictive models is 

the primary contribution of this thesis and will be discussed later in the thesis in chapters 4, 5, and 

6. Once the models are trained with acceptable prediction performance, the drainage network 

progresses to the testing stage. In the testing stage, neighbour event information is firstly 

interpreted using developed neighbour linking lists and then used to predict drainage dynamics 

using the predictive models, in case of a linked neighbour as illustrated in the testing stage of 
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Figure 3-4. As mentioned earlier, the model accuracy can be continuously improved by learning 

the evolving instances in the testing stage. 

 

Figure 3-5: Basic algorithm running at a sensor node of a drainage network under WQMCM 

framework 

The algorithmic flow of these stages for a drainage network is illustrated using a flow diagram in 

Figure 3-5. When information is received at the data sink of the drainage network by either a 

drainage network sensor or a neighbour farm, firstly it is checked whether the network is in the 

learning stage or not. In such a case, the information is passed on to the neighbour linking model. 

If the model is in testing stage, then in case the received data packet is from a neighbour, it is 

checked if the neighbour ID is in the linked neighbour list. If it is an already linked neighbour, 

then the relevant trained predictive models for that particular neighbour are used to predict the 

event values. Otherwise, it is determined if the neighbour is an un-linked neighbour, in which 

case the event packet information is disregarded. In case the received data packet is from the 

drainage sensor, then the data within the packet are linked with the relevant neighbour information 

and saved for improving the models later.  
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3.2.3 Decision Support Model (for drainage reuse in a farm) 

For the decision support model, the challenge lies in designing a model which takes into account 

local field conditions, predicted dynamics, and expert knowledge. Unlike the predictive models 

in the drainage network, this model essentially runs on the gateway of the farm network. The 

model complexity can substantially vary depending upon the requirements set by the farmer. For 

example, the farmer may want the model to advice on the possible repercussions of drainage reuse 

on crop. Furthermore, in case the available drainage is not enough or high in N, the model may 

also advise on mixing drainage and fresh water for irrigation to fulfil its requirements or to 

disregard the excess nutrients in the drainage which the farm may not want to reuse. These 

complexities are highly scenario dependent and require sufficient expert knowledge and data to 

address. In this thesis, a simplified decision support model is developed as an example to 

demonstrate the utilization of predicted information for enabling the reuse mechanism. It is not a 

primary contribution of this thesis, but adds useful context.    

 

Figure 3-6: Functional stages of a decision support model at a farm network, which intends to 

reuse drainage water, under the WQMCM framework 

Figure 3-6 illustrates the functional stages of the development and use of the decision model for 

drainage reuse in a farm. In the training stage, expert knowledge and machine learning algorithms 

are used to implement simplified models for drainage and nutrient reuse. Once the model is 
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trained, predicted drainage information received from a drainage network, and local field 

conditions and climatic data are used to classify the usability of the drainage water and nutrients 

(as shown in the testing stage of Figure 3-6). The development of the decision model is discussed 

in chapter 7. 

3.3 Development of Neighbour Linking Model 

To demonstrate the development of this model, consider an example layout of a few farms and 

their respective drainage bays. As illustrated in Figure 3-7, there are two separate drainage reuse 

bays represented with networks, D1 and D2. Similarly the farms are monitored using networks 

F1, F2, F3, F4, and F5. It is to be noted that Figure 3-7 is a simplified layout illustrating only the 

relevant units of the drainage network, as compared to the one presented in Figure 3-1. As already 

introduced in the earlier section 3.2.1, the neighbour linking model consists of two stages; pre-

linking stage with geographical filtering, and the linking stage with linear regression modelling.  

 

Figure 3-7: Example scenario to demonstrate neighbour linking modelling 

The network topology for the drainage network is designed in such a way to identify and measure 

individual events in case drainage outflows emanate from more than one farm at the same time. 

Therefore, some sensors are placed right before where the drainage water joins the drainage reuse 

bay, such as D1S4, D1S2, and D1S1 as shown in Figure 3-7. Hence, these sensors are able to 

capture the actual contribution of each farm in the drainage and nutrient loads. 

This incurs a neighbour linking design in which each neighbour farm is not just linked with the 

drainage network it drain into, but to the specific sensor node of the drainage network. For 
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instance, F1 will be linked with D1S4, F3 with D1S2, and F2 with D1S1. In the testing stage of 

the framework, when event information is received from farm F1, the D1S1 sensor selects and 

run the relevant predictive models for F1. The predicted values are transmitted back to the data 

sink of the drainage network, which then shares this information with other neighbour farms. Data 

aggregation and transmission in such a scenario is another detailed topic, but is not the focus of 

this thesis. Furthermore, D1S1 activates adaptive sampling with respect to the predicted timing 

of the expected drainage. This would prolong network life by not having the network sense 

constantly and only activating the relevant sensor for sensing instead of the whole network.  

 

Figure 3-8: Stage 1 - Pre-linking stage of neighbour linking modelling 

Moving on to the development of the neighbour linking model, firstly the pre-linking stage is 

presented. In this stage, geographical filtering based on the network location of the farm networks 

is used to filter out probable linked neighbours. Figure 3-8 illustrates this stage. Over a period of 

time, training samples are accumulated for the probable linked neighbours. For example, as 

illustrated in Figure 3-7, on a particular day, event information is received by D1 from F1, F2, 

and F5. After geographical filtering, it is concluded that none of the networks are dislocated. 

Hence the drainage network activates all its sensors to constantly sample and awaits data. After a 

while, sensor D1S4, and D1S1 starts to respond with data. Once the entire event is sensed by both 

the sensors, training instances are created for drainage data sensed by D1S4 and D1S2 against the 

event information received from the neighbours F1, F2, and F5. Over a period of time, when 

enough samples of data are accumulated for each of the sensors of the drainage bay, linear 

regression is used, in stage 2, to identify the link with a particular farm, as illustrated in Figure 

3-9. Whether the number of samples are enough to identify the links depends on the outcome of 

the regression model. If a clear relationship is identified between a particular sensor and a farm, 

the learning can be stopped, and linked neighbour list be updated.  
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Figure 3-9: Stage 2 - Learning in the neighbour linking model 

To demonstrate the regression process, simulated drainage dataset is generated (e.g. for sensor 

D1S1), from a simulator based on NRCS curve number method [168], by creating various event 

details (event intensity, crop cover, soil moisture conditions) for three farms (e.g. F1, F2, and F5). 

It is important to mention that even in a highly unlike scenario in which various farms have similar 

event intensities and farm area, drainage volumes can be different based on different vegetation 

cover and soil moisture conditions. However, there can be instances when different farms generate 

similar drainage, hence the need for sufficient training samples to overlook such discrepancy. 

Both of the above situations were taken into account for generating the training samples. 

 

Figure 3-10: Plot of regression modelling applied on drainage outcome sensed by D1S1 and the 

event depths shared by neighbour farms F1, F2, and F5 over a period of time 

Figure 3-10 illustrates the outcome of regression modelling applied on the simulated data set 

containing event depths for the three farms and drainage depths received by the drainage network. 

The plots demonstrate that in this case there is a clear linear relationship between event depths 

shared by the neighbour farm F2 and the drainage depths measured by the drainage network 
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sensor D1S1 during the same time window. This is demonstrated by a high value of 0.99 for the 

correlation of determination, representing very high correlation between the events and generated 

drainage from farm F2. Whereas, very weak correlation of 0.017 and 0.044 is represented between 

the drainage sensed by D1S1 and event depths shared by farms F1 and F5 respectively. 

3.4 Summary 

This chapter presented the WQMCM framework for a collaborative control and management of 

agricultural drainage water for addressing the issue of prevalent water crisis. The framework 

leverages individual networked farms and streams into an integrated water management 

mechanism. Such a monitoring system should enable each farm to share information about its 

drainage flow with neighbour networks, e.g. with a drainage bay network, which can then process 

the information for timely treatment, disposal or reuse of the drainage.  

To implement the drainage management, the architecture of the WQMCM framework comprises 

various modules. Modules for a drainage bay network include neighbour linking model, and 

predictive models for drainage and pollutant dynamics. Whereas, for a farm network, a decision 

support model is used to ascertain the reusability of the predicted drainage event. The overall 

functionality of the framework is explored in terms of stages of learning, training and testing. In 

the learning stage, neighbour linking model is used to determine the correlation of events in 

various farm networks with the events received in the drainage bay by the drainage network. The 

model results in identifying linked and un-linked farm networks by using a combination of 

geographical filtering and linear regression methods. For the linked networks, training dataset is 

acquired to provide for the development of the predictive models for drainage dynamics and 

nitrate losses. When the drainage network has learned the environment and the predictive models 

for individual farms, it is brought into a testing stage. In this stage, neighbour event information 

is firstly interpreted using developed neighbour linking lists and then, in case of a linked 

neighbour, used to predict drainage dynamics. These predicted values are transmitted by a 

drainage network to other farms and stream networks so that they can take a decision for the reuse, 

disposal or conservation of the expected drainage.  
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Chapter 4:  Modelling and Simulation of Low-

Complexity Discharge-Dynamics (Q, t1, and td) 

Predictive Modules 

Chapter 3 presented the architecture of WQMCM framework, and the development of the 

neighbour linking module. This chapter investigates the modelling and simulation of low-

complexity Q-Predictive, t1-predictive and td-predictive models. Section 4.1 presents the 

development of models for Q, t1, and td by simplifying the model complexity in terms of 

influencing parameters. Section 4.2 outlines the experimental setup for the simulation of the 

models with respect to the simulated data that will be used, and various criteria that will be 

adopted for model evaluation. Using the proposed low-complexity model parameters and 

simulated data, section 4.3 investigates the training and testing for Q, t1, and td predictive models. 

4.1 Model Development of a Low-Complexity Discharge-Dynamics 

Predictive Module 

As established in chapter 2 (section 2.3 and 2.4), that resource constraints associated with network 

nodes (e.g. power consumption, computing power etc.), and unavailability of in-situ, inexpensive, 

and low-power bio-geo-chemical sensors, require a simplified predictive model for in-network 

deployment. Detailed review of various hydrological methods both for runoff and drainage 

suggests that the NRCS curve number model is the simplest approach to predict discharges from 

a land, hence has been popularly adopted for decades. To address the limitations pointed out, in 

chapter 2 (section 2.3.1.2), with regards to the use of proxy parameters in the NRCS method, it is 

proposed that modifications in the model parameters for Q, t1, and td are sought. 

For the prediction of discharges (Q), as expressed in Eq. (7) in chapter 2, the NRCS model uses 

rainfall (P), and curve number (CN) as the input parameters. A constant value for Ia (initial 

abstraction) is assumed as was shown in Eq. (4) of chapter 2. Recalling from chapter 2, Eq. (7) 

was expressed as; 

𝑄 =

[(𝑃 − 0.2 (
1000
𝐶𝑁 − 10)

2

)]

𝑃 + 0.8 (
1000
𝐶𝑁 − 10)

 

CN is a coefficient reducing the total precipitation to runoff potential after surface absorption, and 

is computed considering the type of land use, land treatment, hydrological condition, hydrological 
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soil group, and last 5-day-rainfall (as a proxy for antecedent soil moisture condition, AMC). 

Although, the use of last 5-day rainfall to represent soil moisture conditions has been questioned 

[169], at the time the NRCS model was developed, proxy parameters and manual measurements 

were used to represent land conditions due to the absence of direct sensing measures.  

In order to validate the limitation of last-5-day-rainfall index to represent AMC, a season long 

data observed in a precision irrigation application is analysed. The data was supplied by the 

University of Georgia (Vellidis et al. [43]). Figure 4-1 plots a week-long dataset of measured soil 

tension (which represents soil moisture). The analysis shows that in many cases the soil moisture 

condition was measured as moderate, although the field did not receive any rainfall or irrigation 

in the last 5 days. This is contrary to the traditional last-5-day-rainfall indexing method, according 

to which AMC is interpreted as dry in case 5-day antecedent rainfall or irrigation depth is less 

than 36mm (chapter 2,Table 2-2). For example, on the 22nd of July in the Figure 4-1, dry soil 

conditions would be estimated as per the last-5-day-rainfall index, due to the fact that there was 

no rain in the preceding 5 days. However, the actual soil condition is measured as adequately wet 

by the sensors (soil tension = 24 cbars). In the absence of moisture sensors, when the last-5-day-

rainfall index is used to determine the drainage/runoff for a rainfall event, a lower value is 

calculated which would obviously be based on the wrong assumption of prior dry land conditions. 

This assumption consequently leads to inaccurate decisions about irrigation, resulting in 

inevitable drainage losses. Therefore, rainfall depth along with soil moisture and crop stage are 

equally important. 

 

Figure 4-1: Measured soil water tension values in response to irrigation events in a networked 

field 

The proposed simplification for the Q-predictive model is based on two steps (as shown in Figure 

4-2). In the first stage, the transient parameters from the NRCS model parameters are selected 
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because learning models are trained only on transient values. These parameters include expected 

rainfall value for that day and land cover on the day of prediction as well as last 5-day rainfall 

value. In the second stage, the transient parameters are analysed for likely improvements made 

possible by using WSNs. For example, methods such as field imaging and signal attenuation 

methods have been used to determine the plant biomass autonomously [169]. This can be used to 

generate a crop stage (CS) parameter, without manual observation, that can replace the land cover 

aspects of the NRCS model. Similarly, various applications have used sensors to monitor soil 

moisture conditions of the field for precision irrigation [43]. Therefore, it has been proposed to 

use actual soil moisture values instead of the last-5-day-rainfall index.  

 

Figure 4-2: Model simplification for a Q-predictive model 

As already discussed in chapter 2, for t1 and td, the mathematical model and convolution method 

requires various parameters and historical data. Recalling from Eq.(11) in chapter 2, td is 

expressed as; 

𝑡𝑑 = 𝑡𝑝 + 
0.007 (𝑛𝐿)0.8

(𝑃2)0.5 (𝑆)0.4
 +  

𝐿

3600𝑉
 +  

𝐿

3600
 (

𝑛

1.49 (𝑅)
2
3 (𝑠)0.5

) 

To simplify the complexity and dependence of this model, a low-complexity model is abstracted 

from the available model detail as shown in Figure 4-3. Firstly the transient parameters are 

selected which include rainfall duration (Pd), rainfall (P), surface roughness (n) and 2-year 

average rainfall (P2). This is further corroborated by analysing an extensive set of simulated data 

(using an NRCS based simulator [168]) for which a routine in Matlab is written by the author to 

extract t1 and td. The acquired dataset indicates strong correlation of the selected transient 

parameters with t1 and td. This is because higher surface roughness inhibits flow rate and increases 

travel times. ‘n’ in the NRCS is based on the kind and density of land cover for various land types 

including cultivated land, smooth surface, grass land and woods. For a cultivated land, the density 

of crop cover is used to determine the ‘n’ coefficient. Therefore, crop stage is used to represent 

the field roughness in the model parameters, as cultivated farms are under consideration in this 
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thesis. Furthermore, instead of relying on historical data for estimating P2 and RD for every 

region, it is proposed to use actual soil moisture conditions. Simulation results can be used to 

evaluate the effect of this substitution on prediction accuracy of t1 and td. 

 

Figure 4-3: Model simplification for a t1 and td predictive models 

4.2 Experimental Method  

4.2.1 Simulated Data  

For training and testing the model, historical dataset is generated using a simulator based on the 

NRCS method  [168], which was developed in Matlab. This is because at the time of this 

experiment, despite many efforts, sufficient measured field data could not be found for training 

the model.  

A combination of various values for P, CN and Pd is considered to generate two sets of data – one 

for Q-predictive model and the other for t1 and td predictive model. For values of CN, field 

condition values ranged from fallow land to more than 20% coverage, whereas AMC values 

ranged from dry, medium to wet land. Other parameters for determining CN include land 

treatment and hydrological group as discussed earlier, for which straight row practice and group 

C (moderate runoff) is considered. These parameters, although normally remain constant for a 

particular farm, and will not be considered for the learning model, are required by the simulator 

to generate the discharge values. The obtained data set is then modified to substitute CN with the 

proposed simplified model parameters of CS and SM. Values for CS and SM are assigned 

according to the field conditions that were considered for CN. For Pd, three event durations, 6 

hours, 12 hours and 24 hours were considered as per general practice for national weather 

forecasts [170]. These input dataset values resulted in 360 and 512 training samples for 

developing the Q-predictive, and t1 and td predictive models respectively.  
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4.2.2 Modelling Technique 

As established in chapter 2, that decision model trees have higher prediction accuracy, easier 

model interpretation and ability to predict outside the training range in comparison to other 

adopted method in hydrological modelling. An example of decision model trees is M5 model tree 

algorithm which has been adopted in hydrology for modelling drainage discharge, rainfall runoff, 

streamflow, and flood forecasting. Therefore, the M5 tree algorithm is used for generating the Q, 

t1 and td predictive models in this chapter. For comparative analysis, MLR algorithm is also used 

to relate its prediction performance with the M5 tree model. For developing these models, M5 

tree toolbox [158] and MLR algorithm from Matlab are employed. 

4.2.3 Model Evaluation Criteria 

The quantitative assessment of the generated models is performed using a three-step procedure 

(as suggested in [58]) consisting of  (1) random sampling and cross-validation, (2) performance 

measuring parameters, and (3) comparative assessment. Comparative assessment is undertaken 

with respect to other learning algorithms. It is important to mention that similar criteria will be 

used in the later chapters 5 and 6 as well. Below we discuss the evaluation criteria. 

4.2.3.1 Random Sampling & Cross-Validation 

To ensure a robust evaluation of the model performance in this chapter, the data set was randomly 

partitioned into two groups: training set and testing set. When the available training data set is 

small, in order to overcome the problem of over-fitting (meaning the model fits the training data 

but not unseen test data) and reduce the sensitivity of the model to the selected training set, a 

cross-validation technique allows reliable model validation [171]. Data are partitioned into 

subsets; one subset is used for training the model while the other is used for testing. Multiple 

rounds (folds) of training and testing are performed using different partitions, and the validation 

results are averaged over the number of rounds. 10-fold is the most commonly used cross-

validation, which is used in this research, where dataset is partitioned into 10 subsets.  

4.2.3.2 Performance Measuring Parameters 

To determine the performance (predictive accuracy) of the learned models, a multi-assessment 

criterion is used. The performance parameters are: 

• Root Mean Square Error (RMSE)  
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RMSE represents the error associated with the model, by giving an average measure of the error 

in predicting the dependent variable. The difference between predicted and corresponding 

observed values are each squared and then averaged over the sample. Finally, the square root of 

the average is taken. Since the errors are squared before they are averaged, the RMSE gives a 

relatively high weight to large errors. This means that the RMSE is most useful when large errors 

are particularly undesirable. This is a valuable index as it indicates error in the same units of the 

constituents of interest, which aids in analysis of the results. 

• Mean Absolute Error (MAE) 

The MAE measures the average magnitude of the errors in a set of forecasts, without considering 

their direction. The MAE is the mean over the verification sample of the absolute values of the 

differences between forecast and the corresponding observation. Unlike RMSE, all the individual 

differences are weighted equally in the average. The RMSE will always be larger or equal to the 

MAE; the greater difference between them, the greater the variance in the individual errors in the 

sample. Both the MAE and RMSE can range from 0 to ∞. 

• Coefficient of determination (R2)  

R2 represents the variability that can be explained by the model in terms of goodness of fit. R2 

ranges between 1 and 0. It is equal to 1 if the predictions are perfect, i.e. a linear relationship exist 

between the predicted and measured values represented by a straight line. It thus provides a way 

to quantify the accuracy of the model to predict the dependent variable.  

• Root Relative Mean Square Error (RRMSE) 

The RRMSE is the ratio of the variance of the residuals to the variance of the target values 

themselves. Values of RRMSE can range between 0 and 1, where 0 means perfect forecasting. 

The value is normally multiplied by 100 to show a percentage of relative error. 

For comparing the performance of models developed using different datasets, R2 and RRMSE are 

generally used. The definition of a good value for R2 and RRMSE depends on the requirements 

of any specific application. For example models developed for medical sciences generally need 

higher accuracy, whereas others might not. In this study, these performance measures are 

compared with those achieved by previous work in this area. 
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4.2.3.3 Comparative Assessment 

In order to compare the prediction performance of the Q, t1 and td predictive models developed 

using M5 tree algorithm with another modelling technique, MLR is used here. The predicted 

results are plotted for each of the Q, t1 and td models developed using the M5 tree algorithm and 

the MLR model. 

4.3 Model Training & Testing for Q, t1 and td Predictive Modules  

4.3.1 Results and Discussion for Q-Predictive Model  

For training the model, initially 100 training instances, are sampled from the simulated dataset 

generated earlier based on the proposed parameters (P, CS, and SM) and the output parameter (Q). 

M5 tree algorithm is used on the training set along with 10-fold cross-validation settings to 

generate the Q-predictive model.  

The prediction performance for the generated Q-predictive model with 10-fold cross-validation 

results in RMSE value of 0.23 and RRMSE of 10.2%. To interpret the result of RMSE, a standard 

criteria is considered. An accepted adequate value for RMSE in hydrological modelling is 

normally equivalent to or less than half of the standard deviation (SD) of the training data [172]. 

For the conducted experiment, the SD for Q is equivalent to 2.6, so the acceptable value of RMSE 

for this model is equivalent to or less than 1.3. Hence, it is stated that the performance of the 

developed Q-predictive model is acceptable as its RMSE value, at 0.23, is even better than the 

acceptable value. To understand the value of RRMSE value, a good acceptable value which 

depends highly on an application, the normal standard with anything less than 30% as good 

(meaning 70% accuracy) is used. Hence, RRMSE value of 10.2% for the generated model 

certainly can be interpreted as an acceptable result.  

Now, test data are drawn from the remaining training data to predict the values of Q for unseen 

input data. The predicted Q values are plotted against the measured values of the NRCS method 

as shown in Figure 4-4. The plot of predicted output for Q-predictive model shows a very good 

fit (R2=0.98) as compared to the plot of measured output using the NRCS model. These results 

are very promising for validating the low-complexity model parameters that were proposed in this 

thesis. The proposed model will further be validated using measured field data in the next chapter. 

 



Chapter 4: Modelling and Simulation of Low-Complexity Discharge-Dynamics (Q, t1, and td)  

_____________________________________________________________________________ 

 

 66 

 

Figure 4-4: Plot of test data for Q-predictive model, developed using M5 tree algorithm, against 

measured values from NRCS method 

The proposed Q-predictive model is further investigated for three things; (1) the impact of further 

simplification of model parameters on the performance, (2) performance comparison with the 

model developed using MLR algorithm, and (3) the impact of varying training set size on model 

performance. 

 

Figure 4-5: (a) Plot of test data for a modified and original Q-predictive model, (b) Plot of test 

data for Q-predictive models developed using M5 and MLR algorithm for the 

proposed parameters. 

The first investigation is aimed at evaluating if the proposed model parameters are an optimum 

set or further simplification can also provide comparable results. To explore this, a model is 

generated using training set consisting of only P instances. Test dataset is used to plot the results 

of this model against the results of the original Q-predictive model as shown in Figure 4-5 (a). 

The figure illustrates that the plot for the modified model, developed using only P as input 
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parameter, shows very poor fit. The modified model resulted in RRMSE value of 30% as 

compared to the value of 10.2% for the original Q-predictive model. The reason for poor 

performance of the modified model is certainly because other parameters such as CS and SM have 

a substantial impact on the volume of runoff or drainage generated from a field for a given rainfall. 

This validates that using CS and SM, along with P, are fundamental to get better prediction 

performance for the Q-predictive model. 

Table 4-1: Results for the Q- predictive model developed using M5 tree and MLR model 

Q-Predictive Model 

Algorithm 10-fold cross-validation Testing 

R2 MAE RMSE RRMSE R2 MAE RMSE RRMSE 

M5 tree 0.99 0.19 0.23 10.2% 0.98 0.16 0.20 8% 

MLR 0.98 0.24 0.30 13.5% 0.99 0.20 0.26 10.2% 

The second investigation is related to the use of another learning algorithm – MLR. Table 4-1 

presents the performance comparison of the Q-predictive model developed using MLR and M5 

decision tree algorithm for the training and testing phase. For a small training set of 100 samples, 

both the models provide almost comparable performance. The model developed using MLR 

resulted in RMSE of 0.30 and RRMSE of 13.5%. These values are very close to the performance 

values for the Q-predictive model generated using M5 tree algorithm, which resulted in RMSE of 

0.23 and RRMSE as 10.2%. Figure 4-5 (b) illustrates the plot of the predicted output for test data 

using the two models. While trying to analyse this further, the number of training samples is 

reduced to 50 for developing the models which showed a significant performance difference. M5 

tree model results in RMSE of 0.317 and R2 of 0.984, whereas for MLR model, RMSE increases 

to 0.915 and R2 drops down to 0.506, which shows a poor fit of the MLR model for smaller 

training sample size. This analysis validates the precedence of M5 tree algorithm over MLR, 

specifically in scenarios with limited available training samples. 

For the third assessment, various training set sizes (65, 125 and 250 samples) are drawn randomly 

from the simulated dataset to develop the Q-predictive model. M5 tree algorithm is used here. 

The performance of the generated Q-predictive models is then compared with each other as shown 

in Table 4-2. As evident in the table, the performance does not vary much and even a small 

training set of 65 samples retains the optimal performance. The value of RMSE does increase on 

reducing the number of training samples, however it is still within acceptable range. For 
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illustration, the predicted Q for test instances of the three models is plotted against the measured 

data from NRCS method in Figure 4-6, which does not show much deviation.  

Table 4-2: Performance of the Q-predictive models based on various training sizes 

Q-Predictive Model 

Performance 

Metric 

Training set size 

250 125 65 

RMSE 0.159 0.234 0.317 

R2 0.99 0.99 0.98 

RRMSE 5.7% 7.5% 5.98% 

 

Figure 4-6: Plot of test data for the Q-predictive models developed using different training sizes 

4.3.2 Results and Discussion for t1-Predictive Model  

For the model development and evaluation of t1, a similar approach to the one used for the Q–

predictive model, is taken. Initially 100 training instances, drawn from the training set generated 

for t1 modelling, are used to develop the t1-predictive model. The training set contains instances 

for P, CN, Pd and t1.  

The prediction performance of the 10-fold cross-validated generated model results in RMSE of 

0.61, and RRMSE of 30%. As established previously, an acceptable value of RMSE for a model 

is equal to or less than half of the standard deviation of the values of t1 in the training data. The 

acceptable value of RMSE, hence, is calculated as 1.3. Although the RMSE of the generated t1-

predictive model is quite better than the acceptable value, the value of RRMSE is still high. Later 

in this section the model is developed using more training samples to evaluate if the performance 

0 2 4 6 8 10
0

2

4

6

8

10

measured Q (in) - using NRCS method

P
re

d
ic

te
d

 Q
 (

in
) 

- 
u

s
in

g
 Q

-p
re

d
ic

ti
v
e

 m
o

d
e

l

 

 

250

125

65

P
re

d
ic

te
d
 Q

 (
in

) 
u
si

n
g
 Q

-p
re

d
ic

ti
v
e
 m

o
d
el

Measured Q (in) using NRCS method



Chapter 4: Modelling and Simulation of Low-Complexity Discharge-Dynamics (Q, t1, and td)  

_____________________________________________________________________________ 

 

 69 

  

improves. On the generated t1-predictive model, test dataset is used to predict values for t1. These 

predicted values are plotted against measured values of NRCS method in Figure 4-7.  

 

Figure 4-7: Plot of test data for t1-predictive model with measured values from NRCS method 

Similar to the Q-predictive model, the developed t1-predictive model is further investigated for; 

(1) the impact of further simplification of model parameters on performance; (2) performance 

comparison of model developed using MLR algorithm, and (3) the impact of varying training set 

size on model performance. 

For further manipulation of model parameters, the t1-predictive model is developed using the 

same model parameters as the ones used for the Q-predictive model, i.e. P, CS, and SM. However, 

the model performance of the developed model is very poor with RMSE of 1.47, which is greater 

than the acceptable value of 1.3, and RRMSE as 74%. This validates that the same model 

parameters cannot be used for predicting t1. This is further illustrated by plotting the result of test 

data predicted using the above two models against the measured output of the NRCS model in 

Figure 4-8 (a). It is evident from the plot that the modified model (developed using P, CS & SM) 

deviates enormously from 1:1 ratio. R2 for the modified model comes as 0.667, whereas for the 

original t1-predictive model developed using the proposed parameters, it comes as 0.85. 

For the next assessment, another learning algorithm, MLR, is used to develop the t1-predictive 

model based on the proposed model parameters. The performance of this model is compared 

against the performance of the t1-predictive model developed using M5 decision algorithm. The 

performance evaluation parameters for cross-validation and testing dataset is given in Table 4-3. 

As evident from the table, there is a substantial difference in predictive performance between the 

two models. The model developed using M5 tree algorithm results in RRMSE of 30%, whereas 
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the other model developed using MLR has RRMSE of 50%. This is unlike the modelling results 

of the Q-predictive models developed using M5 tree and MLR, which showed comparable 

performance. RMSE values for both the t1-predictive models are, though, within acceptable range.  

 

Figure 4-8: (a) Plot of test data for t1-predictive models developed using M5 tree algorithm for 

different model parameters, (b) Plot of test data for t1-predictive models developed 

using M5 and MLR algorithms for the proposed parameters. 

Table 4-3: Results for the t1 -predictive models developed using M5 tree and MLR models 

t1-Predictive Model 

Algorithm 10 fold cross-validation Testing 

R2 MAE RMSE RRMSE R2 MAE RMSE RRMSE 

M5 tree 0.91 0.45 0.61 30% 0.85 0.46 0.56 38.1% 

MLR 0.74 0.73 1.00 50% 0.70 0.90 0.95 60% 

 

Moreover, test dataset is used for both the models to plot the results against the measured values 

of NRCS method. As illustrated in Figure 4-8 (b), the plot of the MLR based model shows poor 

fit, specifically for higher values of t1. R2 for MLR based model is 0.74 as compared to 0.91 for 

the M5 based model, as listed in Table 4-3. The low performance of MLR model is attributed to 

its model architecture. In the MLR based model, the predicted output is simply the mean of the 

output values associated to the inputs falling in a specific leaf. Whereas, M5 decision tree based 

model show better performance because they have a linear function model in each leaf. This 

validates the use of M5 decision model instead of a simpler MLR model.  

In the end, to evaluate the impact of training set size on prediction performance, models are 

generated, based on various training set sizes and M5 tree algorithm. The results of this 

comparison is listed in Table 4-4. As shown in Table 4-4, the model developed using a training 

set of 300 samples shows reasonable performance (RMSE=0.318, RRMSE=16.8%). Although 
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with 100 samples, the RMSE seems adequate (0.825), however RRMSE increases to 27%. 

Therefore, although a training set of 65 samples results in good performance for the Q-predictive 

model (RRMSE=5.98%), similar results do not hold for t1, and more training samples are 

required. The values of R2 for the t1-predictive models developed using different training samples 

do not vary much. To illustrate this comparison, results are plotted for the predicted values of t1, 

for the test data, generated using the three models in Figure 4-9. This figure corroborates that test 

results for model developed using 100 training samples shows relatively poor fit. 

Table 4-4: Performance of the t1-predictive models based on various training sizes 

t1-Predictive Model 

Performance 

Metric 

Training set size 

450 300 100 

RMSE 0.239 0.318 0.825 

R2 0.985 0.976 0.835 

RRMSE 16.1% 16.8% 27% 

 

 

Figure 4-9: Plot of test data for t1- predictive model, generated using various training sizes 

4.3.3 Results and Discussion for td-Predictive Model  

For the model development and evaluation of td, initially 100 training instances, are drawn from 

the training set generated for td modelling. The training set contained instances for P, CN, Pd and 

td. The prediction performance of the 10-fold cross-validated td-predictive model, developed using 

M5 tree algorithm, results in RMSE of 0.59, and RRMSE of 8.2%. The acceptable value of RMSE 
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for td-predictive model, is any value equivalent to or less than 1.3. The value of RMSE is well 

within the acceptable value and RRMSE indicates very good model performance. This is further 

illustrated by the plot (shown in Figure 4-10) of test data predicted using the td-predictive model 

against the measured values of td with NRCS method. The plot shows excellent fit. 

 

Figure 4-10: Plot of test data for td-predictive model, developed using M5 tree algorithm 

To demonstrate the impact of further model simplification on the performance of td-predictive 

models, a model is generated using model parameters of P, CS and, SM. 100 training samples are 

used to train the model based on M5 tree algorithm. Test dataset is used on the developed model 

to predict values of td. These values are plotted along with the values predicted using the original 

td model (based on Pd, P, CS and, SM) against the measured values of NRCS method in Figure 

4-11 (a). The predicted values from the modified model fits poorly to a 1:1 ratio. The RRMSE 

value of the modified model is 98%, whereas R2 is 0.10. This demonstrates that the duration of 

runoff discharge is highly dependent on the duration of the event (rainfall/irrigation).  

Table 4-5: Results for the td -predictive models developed using M5 tree and MLR models 

td-Predictive Model 

Algorithm 10 fold cross-validation Testing 

R2 MAE RMSE RRMSE R2 MAE RMSE RRMSE 

M5 tree 0.99 0.45 0.62 9.6% 0.99 0.45 0.56 7.4% 

MLR 0.96 0.75 1.01 15% 0.96 0.82 1.05 13.9% 

 

Now, a comparison of the two learning algorithms (M5 tree and MLR) is done for the 

development of the td -predictive model. Table 4-5 presents the performance comparison of the td 

-predictive model developed using MLR and M5 decision model algorithms for the training and 

testing phase. The results indicate that the performance of the M5 based model is better than the 
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one developed using MLR. RRMSE of the former model is 9.6% and RMSE is 0.62, whereas for 

the latter model, these values are 15% and 1.01 respectively. However, the models show adequate 

fit on the plot as illustrated in Figure 4-11 (b).  

 

Figure 4-11: (a) Plot of test data for td -predictive models developed using M5 tree algorithm for 

different model parameters, (b) Plot of test data for td -predictive models developed 

using M5 tree and MLR algorithm for the proposed parameters.   

Furthermore, to evaluate the impact of training set size on prediction performance, models are 

generated using different training set sizes and M5 tree algorithm. As shown in Table 4-6, the 

model developed using a training set of 300 shows reasonable performance (RMSE=0.299, 

RRMSE=6%). Therefore, although a training set of 65 samples gave good performance (RRMSE 

=5.98%) for the Q-predictive model, similar results do not hold for t1, and more training samples 

were required. However, unlike t1, for td even a small training set of 100 shows good correlation 

(R2=0.990, RRMSE =8%) as shown in Figure 4-12). 

Table 4-6: Performance of the td predictive models based on various training sizes 

td-Predictive Model 

Performance Metric Training set size 

450 300 100 

RMSE 0.275 0.299 0.598 

R2 0.997 0.977 0.991 

RRMSE 5% 6% 8.2% 
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Figure 4-12: Plot of test data for td-predictive model, generated using various training sizes 

4.3.4 Summary 

Since resource constraints of network nodes (e.g. power consumption, computing power etc.), 

and unavailability of in-situ, inexpensive, and low-power bio-geo-chemical sensors, require a 

simplified predictive model for in-network deployment. Therefore low-complexity model 

parameters are derived from the existing NRCS model, utilising real-time and transient field 

values. In this chapter, low complexity models for Q, t1, and td are developed by reducing the 

number of parameters to less than 50% in comparison to the NRCS model. Evaluation of the 

predictive models, developed using simulated training data and M5 tree algorithm, demonstrates 

accuracy of 84-94% compared with the traditional NRCS curve number model. The Q and td 

model was tested to perform with 94% and 92% accuracy respectively, even for a small training 

set of around 100 samples; however the t1 predictive model required a minimum of 300 training 

samples to show reasonable performance with about 84% accuracy. 10-fold cross-validation of 

these models demonstrates RRMSE of 10.2%, 30% and 9.6% for Q, t1 and td respectively. 

Furthermore, performance of these models is validated using MLR model, while it is observed 

that models developed using M5 tree algorithm demonstrated better performance. 
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Chapter 5:  Validation of the Q-Predictive Module   

In the previous chapter, the modelling and simulation of Q, t1, and td predictive models was 

presented. This chapter explores the validation of the discharge dynamics models using a year-

long dataset from a catchment in Ireland. Due to the unavailability of relevant data required for 

t1, and td models, the chapter only presents validation for the Q-predictive model. In this chapter, 

section 5.1 discusses the experimental setup undertaken for the validation of the model, with 

respect to detail on the acquired dataset, model evaluation criteria, and pre-processing of the 

dataset along with sensitivity analysis. Section 5.2 demonstrates the results and discussion for 

training and testing of the Q-predictive model, as well as its performance comparison with state-

of-the-art modelling approaches in this domain. 

5.1 Experimental Method 

5.1.1 Description of Catchment Data 

The University of Cork carried out a study on the Dripsey catchment in the south of Ireland. The 

one-year study (2002) was aimed at understanding the underlying processes responsible for 

nutrient losses from soil to water bodies within the catchment [173], and thus fits the requirement 

for validating the Q-predictive model. This catchment consists of smaller nested sub-catchments. 

Figure 5-1 (a) shows the location of various data collection points in the stream network such as 

site1, site3 and site4, which collect water drained from their associated sub-catchments. For the 

development of the Q-predictive model, data available for site1 of the stream network is used. 

The sub-catchment which drains into this stream location is identified as ‘catchment 1’ (as shown 

in Figure 5-1 (a) consisting of 17 ha of farmland. Precipitation (mm) and stream flow (mm) data, 

collected every 30 minutes for the year 2002 is used. The datasets are publically available for 

research and education purposes via the Environmental Protection Agency (EPA) website [174]. 

The remainder of the data regarding field conditions is extracted from catchment descriptors 

available in the associated documentation [173]. 

For catchment 1, the cumulative rainfall for the year 2002 was 1812 mm. The cumulative stream 

flow depth measured, at site1, was 1206 mm of the rainfall (as shown in Figure 5-1 (c)). Stream 

flow here consists of water passing this point that originated as any surface runoff (above ground), 

sub-surface drainage (below surface) or  deeper groundwater contributions by catchment 1 [175]. 

The monthly rainfall value ranges from less than 50 mm in the summer months to more than 250 

mm in the winter months. The mean monthly temperature is 5oC in the winter and 15oC in the 
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summer. The concentrations of TON losses range from 0.5 to 6.5 mgl-1. Land cover in the sub-

catchment is dominated by agricultural grassland of high quality pasture and meadows. The 

growing season in Ireland is weather-dependant but generally summer-dominant, starts in early 

March and ends in October. Grass is also cut as silage once or twice a year, typically at the end 

of May and at the end of July.  

 

Figure 5-1: (a) Location and map of the Dripsey catchment (reproduced from [175]); (b) 

precipitation and stream flow (mm) at site1; (c) cumulative precipitation and stream 

flow depth for site 1; (c)  rate of stream flow, runoff, & base flow for site 1 

5.1.2 Data Pre-processing & Sensitivity Analysis 

In order to validate the Q-predictive model, it needs to be trained using real measured data 

acquired from a catchment. Although the increasing adoption of WSNs in agriculture means that 

it is now possible to extract real field conditions for some parameters, free and wide access to 

such long-term data required for model development is still not available. Therefore, for model 

validation, long-term soil moisture data was not available. Hence, the last-5-day-rainfall value is 

used as a proxy. Nevertheless, this is the best available at present, and so offers a worst case 

performance baseline. When real, high frequency soil moisture readings become available to the 
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model, performance should improve. The final mode includes precipitation (P), last-5-day-

rainfall (L5PPT) and crop stage (CS) data. This is still simpler than the NRCS model and also a 

comparable work [68] for drainage discharge prediction which uses M5 trees and 10 input 

parameters. Later sections will demonstrate that the proposed model still perform comparably 

well with the existing models developed for discharge prediction with the advantage of using far 

fewer training samples.  

The set of observations required for training the Q-predictive model was obtained after some pre-

processing of the available dataset from the Dripsey catchment [174]. This is the only dataset that 

could be found with high temporal resolution event data for an entire year. From the available 

dataset, instances related to 30 minute precipitation (mm) and stream flow (lsec-1) are used for the 

year 2002. Pre-processing of data is required as the available data is not in the form, e.g. in terms 

of resolution and units, which can be used directly. Since the model is aimed at facilitating 

management decisions regarding drainage and nutrients reuse, the 30-minute values of 

precipitation (P) is converted into daily depths in mm. For each of the daily P values, the L5PPT 

value is computed by aggregating the depths of rainfall received in the last 5 days.  

The remaining parameters required for the Q-predictive model such as SM and CS were 

respectively obtained using a proxy value and from the information available in the 

documentation for this study [173]. For obtaining CS data, information regarding growing stages 

of grass in catchment 1 was assessed to obtain estimates for crop coverage throughout the year. 

According to crop coverage values, crop levels are assigned such that fallow land is referred to as 

stage 1, coverage less than 20% is termed as stage 2, and coverage greater than 20% is assigned 

stage 3.  

For measuring output of the model, discharges from the catchment, runoff and stream flow rates 

were all available. Stream flow is selected as an output for our model for various reasons;  

1. runoff value is available as a single measurement per day, which does not provide 

complete information for the daily runoff depths, 

2. due to the presence of high base flows, as shown in Figure 5-1 (c), stream flow better 

represents the discharges from the grass land 

3. Pearson correlation coefficient (r) (which explains the strength and direction of the linear 

relationship between parameters) provides better values for stream flow as compared to 

runoff with the input parameters as explained below. 
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To support the above statement 3, the value of ‘r’ for stream flow with P, L5PPT and CS are 0.53, 

0.32, and -0.38 respectively, while for runoff, the values of ‘r’ with P, L5PPT and CS are 0.52, 

0.11, and -0.16 respectively. Positive ‘r’ values for P and L5PPT indicate that higher rainfall 

produces higher discharges. On the other hand, CS has a negative correlation, which indicates that 

higher vegetation cover absorbs more available water and also inhibits discharge flows.  

Daily stream flow depth (mm), Q, is computed from 30 minute stream flow rates, as the model 

needs daily depths for the decision making process. The values for ‘r’ show even stronger 

correlation of Q with the input parameters (0.57 for P, 0.61 for L5PPT, and -0.54 for CS). Figure 

5-2 illustrates the sensitivity analysis of the input model parameters with Q.  

 

Figure 5-2: Sensitivity analysis of the output parameter, Q, with the input parameters, (a) P, (b) 

L5PPT, and (c) CS 

5.1.3 Model Evaluation Criteria 

An assessment procedure for model evaluation of the Q-predictive model includes;  

(a) (b)

(c)

Plant Stage:

1 - Fallow ground

2 - Less than 20% vegetation cover

3 - Greater then 20% vegetation cover
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(i) Evaluation of optimized input parameter combinations with optimal performance;  

(ii) Random sampling and 10-fold cross-validation to avoid over-fitting of the model; 

(iii) Performance measuring parameters (RMSE, R2, MAE, and RRMSE); 

(iv) Comparative assessment of the prediction accuracy against other similar research studies 

developed using M5 tree algorithm, and;  

(v) Uncertainty analysis on the model residuals 

To ensure a robust evaluation of the model performance, the data set was randomly partitioned 

into two groups: 75% of the observations were used for training the model while the remaining 

25% are used for validation. In chapter 4, for comparative assessment of the Q-predictive model 

developed using M5 algorithm, another algorithm was used - MLR model. Since the results in 

chapter 4 established that M5 tree model delivers better prediction accuracy compared to MLR, 

therefore, for the validation of the Q-predictive model, the M5 tree algorithm is used. For the 

comparative assessment of the validated model, the state-of-the-art research studies, also 

developed using M5 tree algorithm, are used. Similar to the previous chapter, the M5 tree toolbox 

[158] developed in Matlab is used for generating the model. Additionally, another criterion is 

used to analyse the prediction error in the validated model – uncertainty analysis. Below, the detail 

on the undertaken comparative assessment and the uncertainty analysis is presented.  

5.1.3.1 Comparative Assessment of Q-Predictive Model with Similar Models 

In order to evaluate the accuracy of the proposed Q-predictive model, its performance is compared 

with recent and relevant research efforts in the same area. Hydrologic models, developed using 

M5 trees and real experimental data, by Solomatine et al. [73], Kuzmanovski [68], Corzo et al. 

[71] and Galelli et al. [58], have been used for comparison. These works used various input 

parameters and thousands of training samples for developing the models. They were either 

developed for daily or hourly predictions of discharges measured either as flow rates in a stream 

(for large catchments) or drainage volumes in field drainage collectors (for crop lands). For the 

first case, input parameters included precipitation, temperature and flow values for the previous 

several days. Whereas for the latter, parameters related to field condition were also included in 

the model. Most of these models did not use cross-validation for performance evaluation. 

Furthermore, not all the performance metrics were used to show the performance accuracy of the 

models. 
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5.1.3.2 Uncertainty Analysis 

As in any prediction, there is a potential error which needs to be accounted for [176]. The 

uncertainty of the predicted variable is investigated by the quantification of the residuals.  

Residuals represent the deviation of the predicted response from the observed or measured 

response obtained by subtracting the two. Since residuals are error, therefore, they are expected 

to be independently distributed. Ideally, the overall pattern of the residuals should be similar to 

the bell-shaped pattern observed when plotting a histogram of normally distributed values [177]. 

Through the analysis; 

1. it is investigated if residuals show any temporal trend over the year, and ; 

2. confidence intervals for residual errors are determined 

5.2 Results and Discussion for Q-Predictive Module  

In order to generate the Q-predictive model, training data of 200 event instances (75% of the total 

event dataset) are sampled randomly from the dataset which was generated as a result of the pre-

processing discussed in the previous section. M5 tree algorithm was then used to generate the 

tree. The average value for Q in the training dataset is 3.8 mm, 25th percentile is 1.01 mm, 75th 

percentile is 5.29 mm, and 90th percentile is 9.22 mm. The standard deviation of Q is 3.8.  

Table 5-1: Performance measure for the Q-predictive model 

 Performance Measure for Q-Predictive Model 

R2 MAE RMSE RRMSE (%) 

Without cross-validation 0.87 0.81 1.33 35.9 

10-fold cross-validation 0.64 1.3 1.95 55.9 

Performance parameters for the generated M5 tree indicate a high value for R2 of 0.823 as listed 

in Table 5-1. In addition to this, the RMSE value for the model is 1.335. An accepted adequate 

value for RMSE in hydrological modelling is normally half of the standard deviation of the 

training data [172], which for this dataset is 1.9. The obtained RMSE of the trained model is well 

within this limit. Furthermore, the RRMSE is 35.9%. Moreover, 10-fold cross-validation of the 

Q-predictive model results in R2 of 0.63 and RRMSE of 55.9%. These results are comparable and 

in some cases even better than the performance of the existing models, which will be discussed 

in detail in the later section. However, when compared with our previous work on this model in 

chapter 4, which was developed using simulated data (from NRCS simulator), R2 was 0.99 and 

RRMSE was 7.5%. This is possibly because simulated data, though randomly sampled, is 



Chapter 5: Validation of Q-Predictive Module 

_____________________________________________________________________________ 

 

 81 

  

generated on the basis of an underlying mathematical model with obvious relationships between 

input and output, which is picked up by a learning model. Hence, models trained on simulated 

data, even if only fewer parameters of the actual mathematical model are selected, have higher 

predictive performance.  

 

Figure 5-3: (a) Scatter plot of the predicted Q using the proposed model against measured Q, (b) 

Curve plot for predicted and measured Q plotted against days of the year 

Furthermore, test data was used to predict Q values using the generated model. The predicted 

values are plotted against the known measured values and against days of the year in Figure 5-3. 

The model illustrates a good fit with R2 of 0.868 as shown in Figure 5-3 (a). The predicted values 

for test data and measured values are also plotted against days of the year in Figure 5-3 (b) to 

represent the difference between the two curves. As is evident both curves almost overlap 50-

60% of the time; however in the first 50 days of the year, the model seems to under-predict the 

stream values by about 25%. Further analysis on determining confidence intervals provides 

insight into the potential of these results. This is covered in section 5.2.2. Also, it is evident in 

Figure 5-3 (a) that the prediction results flatten out for higher Q values. The reason is possibly 

because of the sparse training samples available above that threshold. Further work in the future 

would need to verify this.  

5.2.1 Further Model Simplification – viable or not? 

In this section, it is evaluated if subsets of the proposed model, i.e. any further simplification to 

the model parameters, impacts the model performance in any way. This will validate that using 

field condition parameters in the proposed model is a better approach for prediction of outflows 

from smaller field plots, compared to relying only on the climatic conditions [58, 71, 73]. For 
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this, two models are developed using ‘P and L5PPT’ and only ‘P’ as input parameters. These 

models are called ‘model-2’ and ‘model-3’ respectively. The proposed model previously 

discussed is referred to as ‘model-1’. The performance parameters of the generated models are 

compared with the performance of the proposed model (as shown in Table 5-2). It is clear from 

the table that, model-1 shows the best performance in comparison to the other models, although 

it is quite close to the performance of model-2. For instance, model-1 has 35.9% RRMSE value 

while model-2 has a 39.2% RRMSE value, although the R2 values are almost the same. This 

shows that L5PPT (not included in model-2) is very significant for predicting outflows. Also, it 

is consistent with the correlation values of L5PPT with Q (0.609) as discussed in section 5.1.2. 

However, by using only P as an input in model-3, a very weak model is generated with 70% 

RRMSE value and R2 of 0.5. This means that the predicted results using model-3 will have only 

30% accuracy. 

Table 5-2: Comparison of Q-predictive models developed using different input parameters 

M
o
d

el
 N

o
. Input 

Parameters 
Performance Metrics 10-fold Cross-Validated 

Performance Metrics 

R2 MAE RMSE RRMSE 

(%) 

R2 MAE RMSE RRMSE 

(%) 

1  P, L5PPT, CS 0.86 0.80 1.33 35.9 0.63 1.29 1.95 55.9 

2 P, L5PPT 0.84 0.97 1.51 39.2 0.58 1.51 2.17 61.4 

3 P 0.50 1.85 2.65 70.1 0.08 2.26 3.05 91.4 

 

To illustrate the comparison among models further, test dataset is used to predict Q values for 

model-2 and model-3. The predicted values are plotted against the known measured values and 

against days of the year in Figure 5-4 and Figure 5-5. Model-2 shows a good fit (as shown in 

Figure 5-4 (a)) with R2 of 0.844. The predicted values for test data and measured values are also 

plotted against days of the year in Figure 5-4 (b) to represent the difference between the two 

curves. Figure 5-4 (b) indicates that model-2 under-predicts during the initial 50 days as well as 

last 50 days of the year during which highest discharges were observed (as was shown in Figure 

5-1 (b)). Furthermore, the predicted Q for test data using model-3 is plotted in Figure 5-5 (a), 

which shows a poor fit, with an R2 value of 0.5. This validates that reliance on only precipitation 

values, as an input for developing the Q-predictive model, will result in weak learning of the 

model hence poor prediction. Figure 5-5 (b) further illustrates a plot of the deviation of predicted 

Q compared to the measured Q. The model seems to over-predict during summer and under-

predict during winters leading to an unreliable system.  
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Figure 5-4: (a) Scatter plot of predicted Q using model-2 against measured Q, (b) Curve plot for 

predicted and measured Q plotted against days of the year 

 

Figure 5-5: (a) Scatter plot of predicted Q using model-3 against measured Q, (b) Curve plot for 

predicted and measured Q plotted against day of the year 

 

Figure 5-6: Comparison of predicted and measured Q for model 1, 2 & 3 in a (a) scatter plot and 

(b) curve plot 
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To compare the prediction accuracy for these three models, the results are plotted on a single 

graph as shown in Figure 5-6. This clearly illustrates the deviation of predicted results of these 

models from the measured results; model-1 has the closest similarity with the measured values as 

compared to the other models. Hence, it is concluded that the proposed model parameters cannot 

be further simplified without degrading the performance. 

5.2.2 Uncertainty Analysis for Q-Predictive Model 

To determine if any time dependency exists for the prediction error over summer and winter, 

residuals are plotted against day of the year. This provides us with a time-dependent confidence 

interval for the predicted values. Figure 5-7 (a) shows that 83% of the residuals for the predicted 

test values fall within a range of +2 mm. A prediction error of this scale is not significant because 

this does not yield substantial outflows for this small catchment (17 ha). Therefore, incorrect 

estimates at this scale will not adversely impact decision making based on modelled results.  

Furthermore, as already pointed out in the earlier discussion of the results, there is a seasonal 

variation in the predicted data. This is linked to the performance of the model for predicting high 

Q events, and these high Q events tend to occur in winter, thus concentrating the uncertainty in 

this period. This is a feature of the current model structure that will be investigated in more detail 

in future work, but is currently limited by the availability of real data.  

 

Figure 5-7: (a) Trend of residual error of predicted Q, (b) relative frequency of the residual error 

A frequency plot for the residual error illustrates an approximately normal distribution of residuals 

produced by the model with highest frequency corresponding to 0 and 1 mm errors (Figure 5-7 

(b)). To explain this further, Figure 5-8 (a) shows the residuals percentile of predicted Q against 

days of the year. This illustrates that 80% of the predicted values are within +40% residual error. 
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A histogram for this shows an approximately normal distribution having maximum number of 

values with 0% residual error (Figure 5-8 (b)). 

 

Figure 5-8: (a) Trend of percentile value of residual error versus, (b) relative frequency of 

percent residual error 

5.2.3 Comparative Assessment of Q-Predictive Model with Similar Models 

In order to evaluate if the proposed model has acceptable (or comparable) performance, the results 

are compared with the results of the most relevant existing models. Although, it is difficult to 

establish a reliable comparison in a data-driven paradigm given different data sets or dissimilar 

application objectives, and assessment criteria adopted. However, an effort is made to list all the 

available experimental detail of the comparative studies for an honest analysis.  
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[58] have been selected. All of these models are based on the M5 tree algorithm. Although, all of 

these works were aimed at predicting discharges either in the form of drainage from a small field 

plot, or flow volumes and rates in a river or stream drained by large catchments, it is important to 

note that none of these works are entirely similar, in objective and methodology with the proposed 

Q-predictive model. Table 5-3 lists the experimental details and performance metrics for all the 

models including the Q-predictive model. The model listed first in the table is the Q-predictive 

model proposed in this research.  

Overall, it is clear that the Q-predictive model has a comparable performance compared to other 

models. More specifically, work done by Kuzmanovski [68] is closer in objective to the Q-
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drainage discharges from fields, ranging from 0.83 ha to 1 ha, in order to control pollutant 

outflows. The model uses 10 input parameters related to crop stage, day of the season, slope of 

the field, rainfall, temperature, runoff, drainage etc., and used 22 years of daily data to train the 

model.  

Table 5-3: Performance comparison of Q-predictive models with the existing models 

S. 

No. 

Predictive 

Models 

Output 

Value 

No. of 

Input 

variables 

No. of 

Training 

samples 

Drainag

e area 

Cross-

Validation 

for 

training 

RRMSE 

(%) 

R2 

1 Proposed Q-

predictive 

Model 

Daily 

discharge

s from a 

farm 

3 (rainfall, 

last 5-day 

rainfall, 

crop stage) 

200 

samples 

(2002) 

17 ha 10- fold 55.9 0.63 

Not done 35 0.86 

2 Kuzmanovski 

[68] 

Daily 

drainage 

from 

farms 

10  7000 

samples 

(22 years 

data) 

0.83 - 1 

ha field 

plots 

Not done 45 - 65.9 0.75-

0.89 

3 Solomatine et 

al. [73] 

Flood 

discharge 

3 (11 sub 

values), 

Rainfall, 

Past 

rainfalls, 

flow 

5000 

samples 

(> 13 

years data, 

106 ha Not done - 0.97 

3 Corzo et al. 

[71] 

Hourly 

discharge 

in a 

stream 

Previous 

runoff, 

effective 

rainfall 

2000 (8 

years 

data) 

37,000 

ha 

Not done - 0.89 

4 Galelli et al. 

[58] 

Hourly 

Stream 

flow 

2 (rainfall 

& inflow 

value), 3 

time lag 

sets 

24120 

(2.5 years 

data) 

10,000 

ha 

10-fold 48 - 

Without cross-validation, the performance measures for the models developed for various field 

plots was calculated; R2 ranges between 0.75 and 0.89, and RMSE is between 45% and 65.9%. 

The performance (without cross-validation) of the Q-predictive model is acceptable when 

compared with the best performing model by Kuzmanovski, although the former model is 

developed with only 3 input parameters. The reason for good performance of the Q-predictive 

model can be possibly attributed to the use of the most relevant parameters, especially the 5-day 

rainfall value. It is believed that results would further improve if actual soil moisture 

measurements are used. However, the models developed by Kuzmanovski used only 2–day 
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rainfall value, which may not accurately represent soil moisture conditions. The performance of 

the Q-predictive model would need to be further validated with more data samples.  

The models developed by Solomatine et al., Corzo et al., and Galelli et al. were all predicting 

discharges in a river and stream draining very large catchments, and hence used only 2 to 3 input 

parameters related to climate and flow. This is because field conditions (soil moisture, vegetation 

cover) for such large heterogeneous catchments can vary tremendously; hence a single average 

value may not represent the field conditions for the whole catchment. Furthermore, these models 

are developed for hourly predictions; field conditions do not change in an hourly manner, however 

previous flow and rainfall intensity do. Hence, these models rely only on climatic and flow 

parameters for predictions and use thousands of samples so that the model could learn all possible 

samples over many years (decades in some cases). These models have slightly better performance 

when compared with the Q-predictive model for obvious difference in the training set size. For 

instance, the R2 values of the model proposed by Solomatine et al. and Corzo et al. are 0.97 and 

0.89 respectively as compared to the 0.86 for the Q-predictive model. Similarly, the RRMSE of 

the model proposed by Galelli et al. is 48% compared to 55.9% RRMSE of the Q-predictive 

model.  

The proposed Q-predictive model is ranked between the models developed by Kuzmanovski [68] 

and the others [58, 71, 73] in terms of the number of parameters used. The Q-predictive model 

utilizes climatic conditions as an input parameter similar to the latter models. However the model 

also uses field conditions, crop cover, and soil moisture, unlike the model proposed by 

Kuzmanovski [68]. Furthermore, the Q-predictive model keeps the number of parameters much 

simpler and fewer compared to Kuzmanovski [68]. 

5.3 Summary 

In this chapter, a discharge (Q) predictive model for the proposed simplified parameters is 

successfully validated by employing M5 tree algorithm. The input parameters included daily 

precipitation, vegetation cover, and last-5-day-rainfall value. The model is assessed for its 

prediction accuracy in comparison to major data-driven hydrological models. The Q-predictive 

model was evaluated by training it on a year-long discharge dataset measured for a sub-catchment 

in Ireland. The significance of the proposed Q-predictive model is in the fact that it uses just a 

year-long training sample set which includes climatic as well as field parameters to develop 
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accurate predictive model, and that it can adequately predict flows for smaller sub-catchments 

with simpler parameters and acceptable (comparable) prediction accuracy. 

Results for the Q-predictive model show that: 

 Performance measures for the proposed Q-predictive model provide good performance; 

R2 is 0.868, RMSE is 1.33, and RRMSE value is 35.9%. 10-fold cross-validated results 

yield R2 of 0.63, RMSE of 1.95, and RRMSE of 55.9%.  

 83% of the residuals for the predicted test values fall within +2 mm range. It has been 

argued here that prediction errors of this scale are not significant, and a plot of the 

residuals percentile values illustrates that 80% of the predicted values are within +40% 

residual errors. 

 Investigation for further simplification of model parameters results in poor performance. 

10-fold cross-validated results for model developed using rainfall and last-5-day-rainfall 

value as input parameters (and omitting the crop cover) result in RRMSE of 61.4%. For 

the model developed using only rainfall as the input parameter, RRMSE is 91.4%. 

 In comparison to the existing models developed for discharge predictions using M5 tree 

algorithm, the proposed model presents great promise and comparable performance by 

only using a year-long dataset and simplifying the model parameters tremendously for 

small-scale land areas. 



 

Chapter 6:  Modelling and Validation of TON-loss 

Predictive Module 

This chapter presents the modelling and validation of low-complexity TON-loss Predictive 

models. Furthermore, the applicability of the M5 tree algorithm is explored for nitrate loss 

modelling based on the proposed parameters. Section 6.1 presents the development of model for 

TON by seeking simplification in the complexity of model parameters. Section 6.2 outlines the 

experimental method undertaken for the model validation, with respect to the adopted datasets, 

and the evaluation criteria. Section 6.3 demonstrates the results and discussion for training and 

testing of the TON-loss predictive model, as well as its performance comparison with the state-

of-the-art modelling approaches in this domain. 

6.1 Model Development of a Low-Complexity TON-loss Predictive 

Module 

As discussed in the introduction, the adoption of WSNs for nutrient management in general and 

the implementation of WQMCM framework specifically on a farm, requires simplified predictive 

models based on fewer, and ideally, real-time field parameters  acquired autonomously and shared 

by the neighbouring farms.  

In order to simplify the model parameters, the model abstraction done by Villa-Vialaneix et al. 

[65] is further extended and simplified. In that work, the input parameters consisting of 11 

variables were themselves drawn from the dataset of the DNDC model based on a preliminary 

sensitivity analysis and expert evaluation. Table 6-1 lists input parameters for the two models 

(columns 2 and 3) under various input categories. The abstracted list of parameters, which still 

contains soil chemistry and N sources data, is further abstracted, with the addition of a few other 

parameters to get the simplified parameters (3rd level abstraction, column 4). This 3rd level 

abstraction is explained below.  

For the input category of climatic conditions, only precipitation is selected. Temperature is not 

selected because temperature readings are taken into account in a model to imply the rate of 

evapotranspiration that would have occurred, which when combined with other soil properties 

(such as soil field capacity, soil porosity, soil texture) indicate the soil moisture conditions and 

the eventual discharge flux from the soil [142]. To put it simply, the higher the temperature, the 

higher is the rate of evapotranspiration and the drier is the land, resulting in low discharge fluxes. 



Chapter 6: Modelling and Validation of TON-loss Predictive Module 

_____________________________________________________________________________ 

 

 90 

Since with WSNs, it is now possible to measure soil moisture directly with small and cheap 

sensors (as discussed in chapter 2), the dependence on proxy parameters can be minimized.  

Table 6-1: Model parameter abstraction for the TON-loss predictive model  

Input variable 

category 

Parameters used in 

DNDC model Li et 

al. [142] 

 

Parameters used by 

Villa-Vialaneix et 

al. [65] 

 (2nd level  

Abstraction) 

 

Proposed parameters 

for TON-loss 

predictive model 

(3rd level  

Abstraction 

Climatic conditions Precipitation Precipitation Precipitation 

Temperature Temperature  

Soil Properties Soil type   

pH pH  

Redox   

Carbon content Carbon content  

Bulk density Bulk density  

Clay content Clay content  

Temperature   

denitrifying potential   

Field capacity  Soil moisture 

N input sources Profile Mass   

N in fertilizer N in fertilizer N in fertilizer 

N in manure N in manure N in manure 

N from precipitation N from precipitation  

N in plant residue N in plant residue  

N from fixation N from fixation  

N from mineralization   

  Total N applied so far 

  Days since Last N 

application 

Management 

Information 

Crop cover  Crop cover 

Tillage   

Crop rotation   

Additional 

Parameters 

  Day of the year 
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Additionally, the impracticalities attached with the methods used for acquiring these soil 

parameters have also been elaborated previously. Moreover, these soil parameters can be ignored 

since the geographical and time extent of the model in this research study is limited, as these 

parameters do not change over the scales considered. Therefore, in the category of soil properties, 

it is proposed to only use soil moisture.  

Moving on to the category of N input sources, N in fertilizers and in manure are selected from the 

parameters listed in the 2nd level abstraction. This is because of the ease of the availability of this 

information  unlike other parameters listed in this category (N from precipitation, plant residue 

and fixation) which require laboratory analysis of soil samples and mathematical modelling [142]. 

Besides these two parameters (N in fertilizers and manure), it is proposed that two additional 

parameters be used – days since last N application and cumulative N applied so far that year.  

The reason for this is attributed to the fact that nitrate applications and subsequent nitrate fluxes 

do not always have a linear relationship. This means that high monthly exports of nitrate do not 

always coincide with large monthly inputs of nitrogen fertiliser [66, 173]. Therefore, additional 

information related to N application is needed to develop a better relationship between N inputs 

and N fluxes. This will be corroborated in the later sections by the sensitivity analysis of the 

considered dataset and the model evaluation.  

In the management information category, it was proposed to use none of the suggested parameters 

in the 2nd level abstraction done by Villa-Vialaneix et al. [65]. This is because the dataset was 

comprised of annual values for the parameters, therefore using annual averages for these variables 

would not have possibly contributed much to the model development. However, crop cover is 

selected in 3rd level abstraction for two reasons. Firstly, our model is looking at daily nitrate fluxes 

at the field scale in which vegetation cover can play an important role. Crop cover hinders 

outflows as well as impacting nutrient losses as nutrients are absorbed more in the initial stages 

of a crop [178].  Secondly, the availability of methods, using WSNs, enables autonomous 

monitoring of crop cover. For example, methods such as field imaging and signal attenuation 

methods have been used to determine the plant biomass autonomously [169]. This leads to 

autonomous interpretation of the crop stage.  

An additional parameter, which was not used in either of the two previous models, is day of the 

year. Daily nitrate fluxes tend to present a seasonal pattern [66, 173] for small scale land areas 

irrespective of the times of N application. The reason is attributed to the fact that in a nutrient 

saturated soil, any nutrients applied to the soil are simply lost through drainage [13]. Furthermore, 



Chapter 6: Modelling and Validation of TON-loss Predictive Module 

_____________________________________________________________________________ 

 

 92 

during crop growing stages, nutrient losses tend to be lower owing to absorption of nutrients by 

the crops. The conclusion from this is that there would be a pattern of nutrient losses for a 

particular land-area throughout the year. Therefore, it is proposed to use day of the year in the 

TON-loss predictive model to investigate its impact on prediction accuracy of the model.  

 

 

Figure 6-1: Model abstraction from high complexity bio-geo-chemical models to low 

complexity TON-loss predictive model 

Thus, the proposed parameters for the TON-loss predictive model (column 4, Table 6-1), 

abstracted from the two complex models, are precipitation, soil moisture, N in fertilizer, N in 

manure, total N applied so far, days since last N application, crop cover, and day of the year. All 

of these parameters are easily available. The three levels of abstraction from high to low 

complexity model parameters, along with model inputs and corresponding output parameters are 

shown in Figure 6-1. 
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6.2 Experimental Method 

6.2.1 Description of Catchment Data 

Once again, data collected at the Dripsey catchment was used [173]. Figure 6-2 (a) show the 

location of various data collection points in the stream network such as site1, site3 and site4, 

which collect water drained from their associated sub-catchments. For the development of the 

TON–predictive model, data available for site1 of the stream network is used. The sub-catchment 

which drains into this stream location is identified as ‘catchment 1’ (as shown in Figure 6-2 (a)) 

consisting of 17 ha of farmland.   

 

Figure 6-2: (a) Location and map of the Dripsey catchment [175]; (b) plot of observed stream 

flow and TON at site1 and; (c) cumulative precipitation, stream flow and TON losses 

observed at site 1 for year 2002; (d) fertilizer and slurry applications at site1 in the 

year 2002 
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Precipitation (mm) and TON export concentration (mgl-1) data, collected every 30 minutes for the 

year 2002 are used. The lower bound of the estimated annual export of TON for catchment 1 was 

at 29 KgNha-1, whereas the upper bound was 69 KgNha-1. This was the highest nitrate export 

loads among all the sub-catchments measured in Dripsey. It can be clearly seen from Figure 6-2 

(b) that the export of TON observed at site1 is strongly related to stream flow emanating from 

catchment 1. The lowest concentrations of TON losses occurred in early to mid-summer. The 

highest concentrations occurred in winter.  

Chemical fertiliser is applied on all farms. The fertiliser applications generally begin in February 

and continue at about four to six week intervals until September (as shown in Figure 6-2 (d)). 

Manure in slurries from livestock shelters is applied irregularly with the amount and timing 

dependent on what had accrued from winter housing of the stock. In catchment 1, there was a 

significant application of slurry in December 2001 and in October 2002. 

6.2.2 Data Pre-processing & Sensitivity Analysis 

The set of observations required for training the TON-loss predictive model was created after 

some pre-processing of the available dataset from the Dripsey catchment in Ireland.  The datasets 

are available for research and educational purposes at the Environmental Protection Agency 

(EPA) website [174]. Despite many efforts (and perhaps surprisingly) this is the only dataset (of 

this type) that could be found with high temporal resolution data of TON losses for an entire year. 

From the available dataset, half hourly precipitation (mm) and TON losses (litres sec-1) for the 

year 2002 is used. The remaining parameters required for the TON predictive model were either 

obtained using a proxy value or were extracted from the information available in the 

documentation for this study [173].  

Since the TON-loss predictive model is aimed at facilitating daily management decisions 

regarding nutrient loads (Kg Nha-1), the hourly values are converted into daily loads. For soil 

moisture data, which are not available in the dataset (as sensor technology, still new at the time, 

was not adopted in this study), an alternative method is used. Instead of using the mathematical 

method suggested in the DNDC model [142] (because of the complexity of the required 

parameters) a proxy parameter is used -  the last-5-day-rainfall value. This proxy value has been 

widely used in hydrological models, such as in the NRCS curve number model,  to represent soil 

moisture conditions, although there are questions about its accuracy [130]. Nevertheless, this is 

the best available at present, and so offers a worst case performance baseline. When real soil 

moisture readings become available to the model, performance should improve. Therefore, for 
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each of the daily precipitation values, last-5-day-rainfall is computed. Using this value, moisture 

levels are determined according to the thresholds provided for growing and dormant seasons in 

the NRCS curve model [179]. For example, in a fallow season, field conditions are considered 

dry, medium and wet respectively if rainfall depths are less than 13 mm, between 13 mm and 28 

mm, and greater than 28 mm. Respective thresholds for rainfall depths are set for a growing 

season, which are higher than the ones for dormant season.    

For crop cover data, similar to the previous chapter, information regarding the growing stages of 

grass in catchment 1 was used to estimate crop cover throughout the year. According to crop cover 

values, crop levels are assigned such that fallow land is referred to as stage 1; coverage less than 

20% is defined as stage 2 and; coverage greater than 20% is assigned stage 3. Similarly, 

information regarding N fertilizer and slurry inputs to catchment 1 were extracted from a thesis 

based on the same project [173] and added to the dataset. Based on the N application rates and 

timings, cumulative-N-application for each day and days-since-last-N-application are computed. 

The final dataset contains all the proposed attributes for the TON-loss predictive model. The mean 

daily TON for the dataset is 0.099 Kgha-1, 25th percentile is 0.040 Kgha-1, 75th percentile is 0.22 

Kgha-1, and 90th percentile is 0.716 Kgha-1. The standard deviation is calculated as 0.156 Kgha-

1. 

Table 6-2: Pearson correlation coefficient for the data from Dripsey catchment 

Independent Parameters Acronym 

Pearson (r) Correlation 

Coefficient with TON 

(Kgha-1) 

Day of the year DY -0.20 

Precipitation (mm) PPT 0.32 

Soil Moisture SM 0.71 

Crop Stage  CS -0.52 

Last N Fertilizer Application 

(Kg/ha) 

NF 0.12 

Last N Slurry Application 

(Kg/ha) 

NS 0.05 

Days since last Fertilizer/Slurry 

Application 

DNFS 0.31 

Cumulative N applied so far this 

year (Kg/ha) 

CumN -0.27 
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Figure 6-3: Sensitivity analysis of input parameters ( (a) DY, (b) PPT, (c) CS, (d) SM, (e) NF, (f) 

NS, (g) DNFS, (h) CumN ) for the TON-loss predictive model with the output 

parameter TON 

In the obtained dataset, instances with zero precipitation values are excluded although the impact 

of no rain remains in the model (using the last-5-day-rainfall value). This exclusion reduces the 

sample set to 200 instances. A sensitivity analysis was done on the obtained dataset to analyse the 

correlation of various independent variables with TON losses. The values for Pearson coefficient 

of correlation (r) are given in Table 6-2, along with the acronyms for these variables which will 

be used from here on in this thesis. Furthermore, the sensitivity plots have also been drawn for all 

the independent variables in the dataset against daily TON loss parameter as shown in Figure 6-3. 

It is important to note in the sensitivity plots that a non-linear relationship is illustrated for most 

of the input parameters with TON, e.g. for DY, NS, NF, DNFS and CumN, which cannot be 

explained with a linear regression line. Hence, all these parameters would be used initially for 

Crop Stage:

1 - Fallow ground

2 – Less than  20% vegetation cover

3 – Greater than 20% vegetation cover

Soil Moisture:

1 – Dry 

2 – Medium

3 – Wet

(a) (b) (c)

(d) (e) (f)

(g) (h)



Chapter 6: Modelling and Validation of TON-loss Predictive Module 

_____________________________________________________________________________ 

 

 97 

  

model development (in section 6.3) and later scrutinized in detail for exclusion of any parameter 

(in section 6.3.2).  

As discussed, TON losses show a definite timely trend with DY (Figure 6-3 (a)), though negative 

with low correlation value of -0.20. This means that more TON losses are observed during the 

initial months of the year, possibly owing to high slurry application and rainfalls. With PPT, there 

is a positive correlation with TON, though not very strong, as one would expect, as shown in 

Figure 6-3 (b). The strongest relationship of TON losses is with SM (r = 0.71), as illustrated in 

Figure 6-3 (d), which shows that the higher the soil moisture level, the greater are TON losses. 

Conversely, TON has a strong negative correlation with CS (r = -0.52). As illustrated in the 

sensitivity plot of CS with TON in Figure 6-3 (c), the higher the crop stage, the lesser are the TON 

losses. It is interesting to note that the NF and NS have the weakest correlation value with the 

TON (0.12 and 0.05 respectively), as is also visible through the sensitivity plot in Figure 6-3 (e) 

and (f). This is possibly attributed to the fact that specific N inputs do not correlate temporally 

with day-specific N losses for a nutrient saturated soils. Since N-saturated soils have a large “N 

store” from previous N-application events therefore, further N applications to N-saturated soil are 

lost rapidly [13]. However, as proposed in the previous section, DNFS and CumN show a 

relatively better correlation with nitrate losses (0.30 and -0.27 respectively).  

6.2.3 Modelling Technique 

For nitrate model, as discussed in chapter 2 (section 2.4.2), various machine learning algorithms 

have been used including ANN, decision trees, and statistical methods. However, for TON-loss 

predictive model, the applicability of the M5 tree algorithm is explored for nitrate loss modelling 

based on the proposed parameters. This is because M5 tree algorithm is a simpler algorithm 

compared with ANN and provides comparable performance with less computational time, 

however it has not yet been applied in nitrate modelling. The M5 tree toolbox [158] developed in 

Matlab is used for generating the model. 

6.2.4 Performance Evaluation Criteria 

Similar to chapter 5, a six-step assessment procedure is adopted including; 

(i) Selection of an optimized input parameter combination with optimal performance;  
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(ii) Random sampling of the observational dataset to ensure a robust evaluation of the 

model’s performance, and the use of 10-fold cross-validation to avoid over-fitting of the 

model; 

(iii) Multi-criteria assessment of the model performance (RMSE, R2, MAE, and RRMSE);   

(iv) Comparative assessment of predictive accuracy efficiency of M5 tree based TON-loss 

predictive model against state-of-the art modelling approach in this domain; 

(v) Comparative assessment of predictive accuracy efficiency of M5 tree based TON-loss 

predictive model against other traditional data-driven approaches (ANNs, REPTree and 

MLR). And; 

(vi) Uncertainty analysis on the model residual. 

6.3 Results and Discussion for Validation of TON-loss Predictive 

Module 

Using 75% of the pre-processed dataset as a training set consisting of parameters DY, PPT, SM, 

CS, NF, NS, CumN, DNFS and TON, the predictive model is generated by utilizing M5 toolbox 

in Matlab. The generated TON-loss predictive model shows good performance with R2 equivalent 

to 0.927, MAE as 0.024, RMSE as 0.040 and RRMSE as 26.4%. The 10-fold cross-validated 

results indicate R2 as 0.727, MAE as 0.043, RMSE as 0.065 and, RRMSE as 47.7%. As discussed 

earlier, RMSE values less than half of the standard deviation of the measured data may be 

considered adequate for model evaluation [180]. For the training dataset, this value is calculated 

as 0.078. Even in 10-fold cross-validated result for the model, the value for RMSE (0.065) falls 

well below this threshold.  

For testing the model, test samples are drawn from the remaining 25% of the dataset. Test results 

of the predicted TON values are plotted against measured TON as shown in Figure 6-4 (a). The 

scatter plot shows a very good fit with R2 equal to 0.91. To illustrate the difference between the 

predicted and measured TON curves, these values are plotted against day of the year. It is apparent 

that both curves overlap significantly, however the model seems to under predict in the last 50 

days. 
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Figure 6-4: (a) Scatter plot of predicted TON per day, using TON-loss predictive model; (b) plot 

of predicted and measured TON against day of the year. 

6.3.1 Comparative Assessment of TON-loss Predictive Model with Previous Models 

In order to evaluate if the proposed model performs comparably (or better) than the other models, 

the results are compared with the meta-models developed by Villa-Vialaneix et al. [65]. For that 

research, various machine learning algorithms were used to develop the meta-models with 

different training set sizes. For performance measurement, only R2 has been evaluated, whereas 

cross-validation was not done. The comparison is listed in Table 6-3. In that study, the decision 

tree based meta-model resulted with R2 of 0.74 for a 200 training set sample size. The MLP based 

model gave R2 of 0.82 for the same training set size. This indicates that our proposed model 

developed with M5 tree algorithm and simplified parameters results in better performance for 

daily nitrate losses with R2 equivalent to 0.92. The reason may possibly be attributed to the fact 

that the models developed by Villa-Vialaneix et al. are for yearly estimates of nitrate losses which 

can overlook, by oversimplification, the complicated heterogeneous conditions through the year. 

Furthermore, a different learning algorithm, the M5 tree algorithm, is used. One of the benefits of 

WSN-based models such as this is that they can gather catchment-specific data for developing 

accurate models. Although our modelling results show that the proposed model simplification is 

promising, a more rigorous prospective study with datasets obtained from different catchments is 

required to validate this further.  
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Table 6-3: Performance comparison of the TON-loss predictive model with an existing work 

Model Learning Algorithm used Performance Metric (R2) 

Meta models by Villa-

Vialaneix et al. [65] 

Decision tree 0.74 

MLP 0.82 

TON-loss predictive model M5 tree 0.92 

6.3.2 Further Model Simplification  

In this section, the impact of further simplification of the model parameters on its predictive 

performance is evaluated. This is because, some input parameters, e.g. NS and NF, do not have a 

stronger correlation with the output parameters despite apparently being very important variables. 

Furthermore, a non-linear relationship between parameters has also been observed, e.g. with DY, 

DNFS and CumN, which cannot be explained with linear regression lines. Hence, model 

parameters are shuffled, in an informed manner, to develop the models and observe the impact on 

predictive performance.   

Table 6-4: Comparison of TON-loss predictive models developed using different input 

parameters 

Mo

del 

No. 

Features for 

TON-loss 

predictive 

model 

Performance Metrics 10-fold cross-validated 

Performance Metrics 

R2 MAE 

(Kg 

/ha) 

RMSE 

(Kg/ha) 

RRMSE 

(%) 

R2 MAE 

(Kg 

/ha) 

RMSE 

(Kg 

/ha) 

RRMSE 

(%) 

1 PPT,NF,NS 0.764 0.047 0.075 48.1 0.413 0.069 0.101 72.1 

2 PPT,SM,CS,NF

,NS 

0.832 0.039 0.063 40.5 0.532 0.061 0.089 63.9 

3 PPT,SM,CS,NF

,NS,CumN, 

DNFS 

0.923 0.026 0.042 27.3 0.703 0.047 0.070 50.5 

4 PPT,SM,CS, 

CumN, DNFS 

0.915 0.027 0.044 28.7 0.681 0.047 0.072 51.6 

5 DY,PPT,SM,CS

,CumN, DNFS 

0.927 0.025 0.041 26.4 0.364 0.046 0.072 50.7 

6 DY,PPT,SM,CS

,NF,NS, CumN, 

DNFS 

0.927 0.024 0.040 26.4 0.727 0.043 0.065 47.7 
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It is important to note that this particular evaluation is only valid for the selected catchment, as 

similar potential simplification might have a different impact on the performance parameters for 

a different catchment. For this, six models are developed using different combination of the 

proposed input parameters. The performance parameters of the generated models are listed in 

Table 6-4. 

Firstly, it is started with developing a model (model no.1) comprised of the available input 

parameters which are common with the 2nd layer abstraction model that are used in our 

simplification by Villa-Vialaneix et al. [65]. The cross-validated performance indicates low 

performance with R2 of 0.413, MAE of 0.069, RMSE of 0.101 which is beyond the acceptable 

value of RMSE  of 0.078 or lesser, and RRMSE of 72.1%. This validates inclusion of additional 

parameters. Therefore the variables related to field conditions such as SM and CS are included to 

develop model no.2. The performance increases with relative error, RRMSE, reducing to 63.9%. 

After this, parameters related to additional information for N application, CumN and DNFS are 

included in the previous input list to develop model no.3. The performance improves substantially 

with RRMSE value of 50.5% and R2 of 0.703. The RMSE value (0.703) also falls under the 

acceptable value of 0.78. This validates the inclusion of additional parameters related to N in the 

TON-loss predictive model.  

Furthermore, the N input parameters, NS and NF, are removed to develop model no.4 which 

provides interesting results though consistent with low correlation values as discussed in the 

sensitivity analysis. The performance of model no.4, developed with input parameters of PPT, 

SM, CS, CumN, and DNFS, drops slightly by just 1% relative error. Then DY is included to 

develop model no.5, for which the performance increases slightly by 1% relative error. Finally all 

the proposed input parameters (3rd level abstraction) are included for the TON-loss predictive 

model no.6, which results in the best performance with R2 of 0.727, and RRMSE of 47.7%. This 

exercise validates that the proposed model parameters are the optimal set for best prediction 

performance.  

Figure 6-5 illustrates the performance curve of the TON-loss predictive model by plotting the R2 

and RRMSE values of the different models. This shows how the performance is improving by 

adding the proposed parameters one by one thus reaching the optimal performance with the whole 

set. However, depending on the specific requirements of any particular model application, model 

accuracy might be traded for model simplicity by choosing models trained on fewer input 

parameters (as in models 3, 4 and 5).  
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Figure 6-5: Comparison of (a) RRMSE and (b) R2 values, for the TON-loss predictive models 

developed using various input parameter combinations 

6.3.3 Comparative Assessment of TON-loss Predictive Model Using Various 

Learning Algorithms 

Using the optimal input parameter set, consisting of DY, PPT, CS, NF, NS, DNFS and CumN, a 

TON-loss predictive model is developed based on various machine learning algorithms such as 

REPTree, MLR and MLP for comparison with M5 tree algorithm. REPTree is a fast decision tree 

learner which builds a regression/decision tree using information gain as the splitting criterion, 

and prunes it using reduced error pruning [155]. The models are developed using the Java-based 

data mining package, Weka [181] for ease of use. Table 6-4 lists the performance metrics of the 

generated models. It is apparent that the M5 tree based model has the best performance. This is 

explained by the model architecture of M5 tree, which has linear models in the pruned leaves 

allowing prediction for unseen events.  

Table 6-5: Performance comparison of TON models using various learning algorithms 

Algorithm used 10-fold cross-validated performance metric 

R2 MAE (Kgha-1) RMSE (Kgha-1) RRMSE (%) 

M5 tree  0.88 0.053 0.068 47.4 

REPTree 0.87 0.052 0.076 48.8 

MLP - ANN 0.81 0.071 0.092 58.8 

MLR 0.75 0.077 0.102 65.1 

 

1 2 3 4 5 6
0.4

0.45

0.5

0.55

0.6

0.65

0.7

0.75

TON-Predictive Model Numbers

C
ro

ss
 V

a
li

d
a
te

d
 R

2
 

1 2 3 4 5 6
45

50

55

60

65

70

75

TON-Predictive Model Numbers

C
ro

ss
 V

a
li

d
a
te

d
 R

R
M

S
E

 (
%

)

[PPT,NF,NS]

[PPT, SM, CS, NF,
NS, DNFS, CumN]

[PPT,SM,CS,NF,NS]

[PPT,SM, 
CS,DNFS,
CumN] [DY, PPT, SM,CS, 

DNFS,CumN]

[DY, PPT, SM,CS, 
NF,NS,DNFS,CumN] [PPT,NF,NS]

[PPT,SM,CS,NF,NS]

[PPT,SM,CS,NF,
NS, DNFS, CumN]

[PPT,SM, CS,
DNFS,CumN]

[DY, PPT, SM,CS, 
DNFS,CumN]

[DY, PPT, SM,
CS,NF, NS, 

DNFS,CumN]

(a) (b)



Chapter 6: Modelling and Validation of TON-loss Predictive Module 

_____________________________________________________________________________ 

 

 103 

  

The model developed using REPTree, also a decision tree, is very close to the one developed with 

M5 tree with RRMSE of 48.8%. However, RMSE value of the REPTree (0.076) based TON 

model is just at the border of the acceptable value (0.078). The model developed using MLP, 

provides a good value for R2, which is 0.81; however the RMSE value is unacceptable at 0.092. 

The RRMSE for this model is 58.8%. The TON model developed using MLR has the lowest 

performance with 65.1% RRMSE and an unacceptable RMSE value of 0.102. The reason for this 

low performance is attributed to the architecture of the MLR model.  MLR attempts to fit a linear 

equation to observed data, which does not work well with non-linearly related input and output 

variables. Therefore it is concluded that the M5 tree algorithm is currently the best performing 

learning algorithm.  

6.3.4 Uncertainty Analysis for TON-loss Predictive Model 

Residuals are firstly plotted against day of the year to determine if any time dependency exists 

for the prediction error over summers and winters. This also provides a confidence interval for 

the predicted values.  

 

Figure 6-6:  (a) Trend of residual error of predicted stream flow, (b) relative frequency of the 

residual error 

Figure 6-6 (a) shows that 80% of the residuals for the predicted test values falls within +0.05 

Kgha-1 error range. Prediction error of this scale does not seem significant for the reason that this 

does not yield substantial nitrate losses, which would amount to 0.85 Kg of nitrate for this 17 ha 

catchment. Furthermore, the minimum monthly application of N in this catchment was about 5 

Kgha-1, which means that about 85 Kg of nitrate was used on 17 ha of land. Hence, even for the 
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minimum application of N input, the daily error of 0.85 Kg is just 3% of the total application. 

Therefore, erroneous estimations of this scale do not impact decision making. 

A frequency plot for the residual error illustrates an approximately normal distribution of residuals 

produced by the model with highest frequency corresponding to 0 and 0.025 Kgha-1 error (Figure 

6-7 (b)). To explain this further a plot is made for the residuals percentile value with respect to 

day of the year, as shown in Figure 6-7 (a). This graph illustrates that 84% of the predicted values 

are between +20% and -40% residual errors. A histogram for this shows a normal distribution 

having maximum number of values with 0% residual error (Figure 6-7 (b)). 

 

Figure 6-7: (a) Trend of percentile value of residual error versus, (b) relative frequency of 

residual error percentage 

6.4 Summary 

In this chapter, a nitrate loss (TON) predictive model is successfully evaluated for the proposed 

simplified parameters by employing an M5 tree learning approach. Simplified parameters related 

to climate, N input and field conditions were defined and used to avoid reliance on complex bio-

geo-chemical parameters used in the existing nitrate loss predictive models. The model is assessed 

for its prediction accuracy in comparison to other popular data-driven methods in hydrological 

and nitrate loss modelling. The analysis was conducted on a nitrate loss dataset measured for a 

sub-catchment in Ireland. Results show that: 

 The proposed TON-loss predictive model provides good performance on the real dataset 

in terms of the performance measures used. For the generated model, R2 is 0.92, RMSE 
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RRMSE as 47.7%. 80% of the residuals for the predicted test values fall within +0.05 

Kgha-1day-1 error range, which is quite minimal.  

 The performance of the M5 tree based proposed model is better than the existing data-

driven nitrate loss models generated for same training set size (150 samples). To achieve 

the same performance as the TON-loss predictive model, existing nitrate loss models 

require thousands of samples of complex parameters for training. 

 Various simplifications in the model parameters are used to develop the models and hence 

evaluate their performance differences. The proposed parameter list results in the best 

performance, however, some subsets of this list resulted in very little (2% to 3%) 

performance difference. Hence it is concluded that for the considered catchment, the 

proposed parameters list is the most appropriate to attain optimal results. It may also be 

concluded that it may be appropriate to trade model complexity for model performance 

depending on the objectives of the specific modelling application.  

 The TON-loss predictive model developed using M5 tree algorithm produces best results 

when compared with models developed using other commonly used learning algorithms 

such as MLR, MLP and REPTree. This is explained by the model architecture of M5 tree, 

which has linear models in the pruned leaves allowing prediction for unseen events.  

The results presented in this chapter show great potential for enabling real time nutrient control 

and management applications within collaborative networked farm system, which already require 

simplified models due to resource constraints associated with (i) measuring complex parameters, 

and (ii) implementing complex bio-geo-chemical models on sensor nodes.   
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Chapter 7:  Decision Support Model for Drainage 

Reuse  

Chapter 3 presented the WQMCM framework, a water quality management framework for a 

networked catchment. Subsequently, chapter 4, 5 and 6 investigated development and validation 

of low complexity drainage dynamics (Q, t1, & td) and nitrate (TON) predictive models. As 

highlighted in chapter 3, the predicted information regarding drainage and nutrients can be vital 

for implementing a proactive drainage management. The predicted drainage information can be 

beneficial for adjusting management strategy in a farm or in a stream network by adopting 

drainage reuse, disposal or treatment (section 3.2). This chapter demonstrates the use of predicted 

information for supporting decision process about drainage reuse in a farm, for which an example 

decision model is developed and discussed.   

7.1 Functional Detail of a Farm Network 

As already emphasized in chapter 2, reuse of agricultural drainage water within the farm system, 

before it ends up in streams and rivers, can have huge environmental and economic benefits. 

Currently there are various constraints associated with implementing a drainage mechanism due 

to the unavailability of predictive information about volumes and timings of drainage that will be 

delivered to the farms. These limitations are attributed to the inadequate available technological 

and management solution, which is further constrained by complex predictive models, and 

expensive sensing equipment. These constraints are addressed by the research contributions of 

this thesis (chapter 3, 4, 5, and 6). Now, to demonstrate how the predicted information about 

drainage can enable and support decision making regarding its reuse, some key functional blocks 

required in a farm network under the WQMCM framework are now proposed and discussed. 

These functional blocks include; economic evaluation of expected drainage and nutrients (TON 

in this case), adaptive sampling of the sensors in the farm, and a decision support model for 

classifying reusability of expected drainage and nutrients. Figure 7-1 illustrates these functional 

blocks. 

7.1.1 Economic Evaluation: 

The predicted volumes (Q, & TON) are used to evaluate the economic benefit of drainage reuse. 

For this, market value of fresh water and N fertilizer can be used as a standard for setting the price 

for the drainage water and TON losses (lower than the fresh water and N prices). A farmer may 

choose to reuse drainage for irrigation and fertigation, which will naturally be cost-effective due 
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to the lower market value of agricultural drainage and dissolved TON in comparison to fresh water 

and fertilizers. To evaluate the economic benefit of drainage reuse, a detailed case study for 

Australian price structure and land type is attached in appendix A. For the undertaken case-study, 

cost for drainage and TON is assumed to be 50% of the market prices for fresh water and N 

fertilizer. The minimum cost saving in case of re-usage of drainage and TON losses from 1 ha of 

a pasture land, lost at the lowest rate of 35% and 30% respectively, is $144.7. Whereas, the 

economic value of the total drainage and TON goes up to $2436.2, if the loss rate for drainage 

and TON are considered as maximum, at 60% and 50% respectively. The detailed case study is 

attached at appendix A. 

 

Figure 7-1: Block diagram of decision making in a farm network in response to drainage 

prediction from a drainage network 

7.1.2 Adaptive Sampling  

In the absence of low-power and miniature solid-state sensors, as discussed in chapter 2, currently 

power hungry chemi-bio sensors are used which present inherent limitations because of the 

number of samples that they can take [108]. In order to maximize the deployment lifetime, these 

sensors should adaptively sample at higher resolution only when an event occurs. As 

demonstrated in the case study attached at appendix B, with a single weekly or daily reading 

events can be missed or inaccurately captured. This has been highlighted in the literature [35]. On 

the other hand, continuously sensing every minute guarantees accurate event sensing but can 
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substantially reduce the battery lifetime for a Tyndall 90-FLT sensor board [127] (normally used 

in most of the WSN applications) to just 4.8 days. Sampling at an hourly rate increases the battery 

life to 288 days while maintaining 95% accurate measurements. This highlights the importance 

of adaptive sampling in maintaining high battery life while accurately sensing the events. 

Therefore, the predicted values for t1, & td are used to enable adaptive sampling of sensors at the 

predicted times of the expected drainage (as shown in Figure 7-1), which helps prolong network 

life and measure events accurately.  

7.1.3 Decision Support Model  

Lastly, the main block of the farm network is the decision support model for advising farmers on 

the reusability of the drainage water and nutrients. Figure 7-1 illustrates the various inputs going 

into a decision support model, including sensed farm conditions, climatic data, and predicted Q 

and TON values. The development of an example decision model is discussed below. 

7.2 Architecture of a Decision Support Model for Drainage Reuse 

For a decision support model, the challenge lies in designing a model which takes into account 

relevant influencing parameters, predicted drainage values, and expert knowledge. This is shown 

as the dataset development stage in Figure 7-2. Expert knowledge is utilized to develop guidelines 

or rules for supporting decision about drainage and nutrients reuse, resulting in a dataset of rules 

for individual models. E.g., if rainfall is expected in next 2 days, and the predicted drainage level 

is low, then do not reuse the drainage water. The model complexity, in terms of influencing 

parameters, can substantially vary depending upon the requirements of the farmer or application. 

Influencing parameters can likely include local field conditions, climatic forecast, and predicted 

dynamics (Q and TON). The selection of influencing parameters, or model parameters, for each 

of Q and TON models are discussed later in the section. Additionally, the predicted Q and TON 

values are translated into well-defined levels, with respect to the required irrigation and fertilizer 

quantities. In this regard, simple percentage rules are used to interpret the values as ‘low’, 

‘medium’ or ‘high’. These percentage rules are subjective and may vary according to a farmer’s 

requirements. Here, the percentages are selected keeping in view the maximum loss rates for 

drainage and TON which are 60% and 50% respectively. Assuming a 10% loss due to evaporation 

or absorption, and similar farm sizes and irrigation and fertilizer requirements, the received 

drainage losses (at 40% or more) are the maximum losses that can emanate from a 1 ha of a land.  
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For example, if the predicted value of the expected Q or TON from neighbouring farm is less than 

10% of the required values for water (irrigation) or N (fertilization) on the farm respectively, then 

this predicted value is assigned a ‘low’ level. Similarly, other assignments are listed in Table 7-1. 

A ‘medium’ level is assigned if predicted values range between 10% and 40% of the required 

values, and a ‘higher’ value is assigned if the predicted values are greater than 40% of the required 

ones.  

 

Figure 7-2: Data development and training stages for the development of decision support 

model 

The dataset of resulting rules from the data development stage, is then used to train a machine 

learning algorithm to produce the decision support models for drainage water and TON. This is 

illustrated as model training stage in Figure 7-2. The trained decision models are then used to 

determine reusability of drainage water and TON. Figure 7-1 illustrates the functional overview 

of the decision support model, in which the trained models for drainage and TON reuse, classifies 

the reuse decision in affirmative or negative. Influencing parameters, such as meteorological 

forecast and sensed farm conditions, along with predicted Q and TON values are used as input 
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parameters for the decision models. In case of affirmative decision about reusability, a farm 

network may reuse the drainage water and N nutrients. 

Table 7-1: Interpretation of quantified values for predicted Q and TON into classes 

S.No. Predicted Value Level 

1 If Q, or TON < 10% of required 

irrigation and fertilizer (N) 

quantity 

Low 

2 If Q, or TON  >10% & <40% of 

required irrigation and fertilizer 

(N) quantity 

Medium 

3 If Q, or TON  >40% of required 

irrigation and fertilizer (N) 

quantity 

High 

7.2.1 Model Parameters for the Decision Support Models 

For model development, the fundamental part is the selection of appropriate input parameters. As 

mentioned in the previous section, key parameters required for decision making about drainage 

reuse can vary substantially depending upon the complexity of the application or specific 

requirements of a farm owner. Here, simple parameters and common knowledge is used to 

illustrate the concept. 

For instance, before making a decision about the reuse of drainage water for irrigation, weekly 

forecast information about impending rainfall can be very useful. In case there is no imminent 

rainfall, the drainage water reuse is a likely beneficial option as drainage water is usually priced 

at a lower value compared to fresh irrigation water [182]. In case of a heavy rainfall forecast 

(exceeding irrigation requirements), a farmer would naturally prefer to rely on rainfall instead of 

either of fresh or drainage water for irrigation. However, in case of a light rainfall or when there 

are a few days in rainfall, a farmer may rely partly on drainage water to fulfil immediate irrigation 

requirements. This implies that information about the possibility of rainfall, its expected depth, 

and number of days to rainfall are all vital for the decision model. Hence, influencing parameters, 

for decision model of drainage reuse, consists of the following input parameters; predicted Q 

level, rainfall forecast (yes/no), rainfall depth forecast and, days to rainfall (as shown in Figure 

7-3 (a)).  
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In case of factors which can likely influence a reusability decision about nutrients, simple model 

parameters are selected. It is reported in the literature [79], that during the early stage of seedling 

and germination, when crops are more susceptible to damage, farmers may avoid reusing drainage 

water. Although usually applicable to water reuse of marginal quality, it may still be included in 

the influencing parameters. For instance, farmers may choose to not use nutrients in drainage 

water on crops at an early crop stage, i.e. seedling and germination. Therefore, the model 

parameters for TON reuse model includes crop stage, predicted Q level, and predicted TON level, 

as shown in Figure 7-3 (b).  

 

Figure 7-3:  Influencing model parameters for; (a) drainage water reuse model, and (b) TON 

reuse model 

7.3 Experimental Method 

7.3.1 Data Set 

Based on the proposed parameters for each decision model in the previous section, an example 

rule set is defined for classifying reusability decision about drainage and nutrient reuse. Based on 

the combination of values for various input parameters of each model, reusability is assigned a 

‘yes’ or ‘no’. A tree representation of the defined ruleset for TON reuse is illustrated in Figure 

7-4. For example, an instance of a rule includes that in case of low Q level, a later crop stage, and 

medium TON level, TON reusability is in affirmative.  

In an actual implementation, data for this model should be generated in consultation with a 

particular stakeholder’s preferences for setting the reusability criteria. For example, one may 

choose strict criteria by wanting to reuse water only when higher levels of drainage and N are 

available. Hence, the rule set would be updated accordingly to train the model so that it prompts 
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with affirmative decision about reusability only when higher drainage fluxes are expected and 

negative otherwise.  

 

Figure 7-4: Defined ruleset for decision support model of TON reuse 

7.3.2 Modelling Technique 

For developing the decision support models, classification algorithms are used. Classification is 

a basic task in data analysis and pattern recognition that requires the construction of a classifier, 

that is, a function that assigns a class label to instances described by a set of attributes [162]. 

Among various classification algorithms, two that are popular and simple to implement are the 

Naïve Bayes and C4.5 as discussed in section 2.5.2. Therefore, these algorithms are used to 

develop the decision classifier models for discharge and TON reuse. A Java-based data mining 

package, Weka [181], is used here for ease of use. 

7.3.3 Performance Metric 

The performance of the decision classifier model is measured using different parameters such as 

RMSE, percentage of correct and incorrect classification and, kappa coefficient value. For 

representing the correct and incorrect instances, a confusion matrix, also known as error matrix, 

is used [183]. As shown in Table 7-2, each row represents the instances in each class for the 

observed data, whereas each column represents instances in each class for the predicted data. In 

this table, ‘a’ and ‘d’ represents the number of instances that are correctly predicted or classified 

as class ‘Yes’ or ‘No’ respectively, while ‘b’ and ‘c’ indicates the number of instances that are 

incorrectly predicted as class ‘No’ and ‘Yes’ respectively. The percentage for correctly and 

incorrectly classified instances is calculated as; 
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𝐶𝑜𝑟𝑟𝑒𝑐𝑡(%) =

(𝑎 + 𝑑)

(𝑎 + 𝑏 + 𝑐 + 𝑑)
 (14) 

 
𝐼𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡(%) =

(𝑐 + 𝑏)

(𝑎 + 𝑏 + 𝑐 + 𝑑)
 (15) 

 

Table 7-2: Confusion Matrix 

REUSABILITY 

Observed 

Class 

Predicted Class 

Yes No 

Yes a b 

No c d 

 

Another performance metric used for classification models is Cohen’s kappa coefficient (k) [184]. 

It is a measure of inter-rater agreement for classified instances. More specifically, it compares 

observed accuracy with an expected accuracy (random chance). It is considered to be a more 

robust measure than percent accuracy calculation, since it takes into account the agreement 

occurring by chance [185]. This performance metric is specifically useful for comparing multiple 

classifier models used for the same classification task.  

The equation for kappa coefficient is; 

 
𝑘 =

𝑝(𝑜) − 𝑝(𝑒)

1 − 𝑝(𝑒)
 (16) 

Where, p(o) is the total agreement probability or simply put as the number of correctly classified 

instances in the confusion matrix. Furthermore p(e) is the hypothetical probability of chance 

agreement, which is explained as the accuracy that any random classifier would be expected to 

achieve based on the confusion matrix. This is more simply expressed as; 

 
𝑘 =

𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 − 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦

1 − 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦
 (17) 

As mentioned above, p(o) or observed accuracy is calculated as; 
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𝑝(𝑜) =  

(𝑎 + 𝑑)

(𝑎 + 𝑏 + 𝑐 + 𝑑)
 (18) 

Whereas, p(e) or expected accuracy is computed as follows; 

 
𝑝(𝑒) = (

(𝑎 + 𝑏)(𝑎 + 𝑐)

𝑎 + 𝑏 + 𝑐 + 𝑑
 +  

(𝑐 + 𝑑)(𝑏 + 𝑑)

𝑎 + 𝑏 + 𝑐 + 𝑑
) (𝑎 + 𝑏 + 𝑐 + 𝑑)⁄  (19) 

In order to interpret k values, although there is not a standardized method, arbitrary guidelines 

have appeared in various studies. For example in some papers, k over 0.75 is rated as excellent, 

below 0.4 as poor and in-between values as fair to good [186, 187]. In simple terms, for comparing 

different classifiers, the better performing classifiers should then have the higher k.  

7.4 Results and Discussion for the Decision Support Models 

For the decision support models for drainage reuse, the rule-based dataset of the proposed 

influencing parameters, is used to train the C4.5 and Naïve Bayes classifiers. The performance 

results for the two classifiers are illustrated in Table 7-3. Using C4.5, the generated decision 

model correctly classified 80.95% of the data with error percentage of 19.04. The value of k has 

come out as 0.61 which is fair to good as per standards. The RMSE for this model is 0.38. On the 

other hand, using Naïve Bayes, the classifier model for drainage water correctly classified 90.47% 

samples with incorrect classifications of 9.52%. The value of k is 0.81 which is categorized as 

excellent, and RMSE is 0.29 which is also better than the previous model. Clearly, the 

performance of Naïve Bayes model indicates that it is a strong model with high prediction 

accuracy and is better when compared with the model performance of C4.5 for this application. 

Results are encouraging in the sense that even a simple rule set for model parameters of the 

decision model has successfully classified the training instances.  

Table 7-3: Decision classifier model for reusability of drainage water 

Classification 

Algorithm 

Performance 

RMSE Correct (%) Incorrect (%) k 

C4.5 0.38 80.95 19.04 0.61 

Naïve Bayes 0.29 90.47 9.52 0.81 
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Similarly, for modeling TON reusability, the two machine learning algorithms are applied on the 

training data to generate the models for comparison. The model generated using C4.5 correctly 

classifies 83.33% of the samples with 16.6% incorrect classifications. The value of k is 0.57 which 

is just fair and RMSE is 0.35. In comparison, the model developed using Naïve Bayes correctly 

classifies 94.44% of the samples with 5.55% incorrect classifications. The value of k is 0.86 which 

is considered excellent, meaning the model can be described as a high performance predictive 

model. RMSE is 0.32 for this model. Similar to the decision model for drainage reusability, the 

performance of Naïve Bayes model is significantly better compared to the one generated using 

C4.5, as summarized in Table 7-4.  

Table 7-4: Classifier model for reusability of TON 

Classification 

Algorithm 

Performance 

RMSE Correct (%) Incorrect (%) k 

C4.5 0.35 83.33 16.66 0.57 

Naïve Bayes 0.32 94.44 5.55 0.86 

7.5 Summary 

This chapter presents the functional blocks associated with implementing a management 

mechanism in a farm network with regard to using expected drainages from neighbouring farms 

or drainage bay for irrigation. These functional blocks include; economic evaluation of expected 

drainage and nutrients (TON in this case), a decision support model for classifying reusability of 

expected drainage and nutrients, and adaptive sampling of the farm.  

This chapter has presented the development of a decision support model, which supports 

amendment of a farm’s management strategy. The model development comprises three key 

elements; (1) exploration of the key model parameters that can influence a reusability decision; 

(2) outlining of rule set based on the selected model parameters and expert knowledge defining 

reusability of drainage and nutrients; and, (3) use of machine learning classification algorithm on 

the outlined ruleset, for which C4.5 and Naïve Bayes are utilized and compared.  

The proposed model parameters for decision classifier model for drainage reuse consists of 

predicted Q level, rainfall forecast (yes/no), rainfall depth forecast and, days to rainfall. Whereas, 

the proposed model for decision classification for nutrient reuse includes stage of the crop along 

with predicted Q level and TON level as model parameters.  
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Using Naïve Bayes algorithm, the developed decision model for drainage reuse classifies the 

learned ruleset with 90.47% accuracy with 9.52% incorrect classifications. The kappa index for 

the model comes as 0.81. On the other hand, the developed decision model for TON reuse 

correctly classifies 94.44% of the samples with 5.55% inaccurate classifications. The kappa 

coefficient for the model is 086. Both the models have clearly high prediction accuracy. 

Furthermore, Naïve Bayes algorithm performed better than the C4.5 algorithm. These results are 

significant because they demonstrate that simple ruleset based on the proposed model parameters 

has the potential to generate a useful model which can support decision making. This chapter, 

though not a primary contribution of this thesis, is quite significant in outlining the usefulness of 

information sharing among networks in a farm, with regards to water quality control and drainage 

management with associated economic benefits.  
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Chapter 8:  Conclusions and Future Work 

8.1 Summary of Work 

Globally, there is an increasing strain on existing, already scarce, fresh water resources for 

producing higher crop yields to cater to rising food demands. In order to avoid exacerbating the 

water crisis and to prevent food shortages, an advantageous strategy is the conservation and reuse 

of agricultural drainage (and the dissolved nutrients) before it ends up in the fresh water system. 

The availability of predictive drainage information is necessary and critical to enabling informed 

decision-making for drainage reuse or disposal. However, various limitations owing to available 

inadequate technological and management solutions, which is further constrained by complex 

predictive models, and expensive and power-hungry sensing equipment, are associated with 

enabling such a mechanism. This thesis has addressed the above limitations by providing a 

technological framework, which is based on collaborative infrastructure enabled using WSNs, 

and low-complexity predictive models. The proposed framework has been developed consisting 

of various modules, while the key contribution of this thesis is the development of low-complexity 

predictive modules which have been validated using measured catchment data. Below, a brief 

summary of aims and contributions of each chapter is outlined along with unaddressed points. 

Next section will present the future work based on these unaddressed areas.  

Chapter 3 presented the WQMCM framework, consisting of individual networked farms, 

drainage bays and streams, to facilitate high resolution monitoring and to enable information 

sharing about drainage flow among neighbour networks. The shared information is processed for 

timely treatment, disposal or reuse of the drainage. The basic system architecture comprises 

modules to process shared information in order to enable individual networks to learn 

environment (neighbour linking model), predict the impact of neighbouring events in terms of 

drainage dynamics (Q, t1, & td predictive models) and nutrient losses (TON-loss predictive model), 

and then adapt the local monitoring and management strategy. The overall functionality of the 

framework is explored in terms of stages of learning, training and testing. In the learning stage, 

the neighbour linking model is used to determine the correlation of events in various farm 

networks with the events received in the drainage bay by the drainage network. The model results 

in identifying linked and un-linked farm networks. The acquired training data, from the neighbour 

linking stage, is used to train the predictive models for drainage dynamics and nitrate losses. In 

the testing stage, neighbour event information is firstly interpreted using developed neighbour 

linking lists and then used to predict drainage dynamics in case of a linked neighbour. These 
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predicted values are transmitted by a drainage network to other farms and stream networks so that 

a decision is taken for their reuse, disposal or conservation.  

 Chapter 4 demonstrated development of low complexity models for Q, t1, and td by reducing the 

number of parameters to less than 50% in comparison to the NRCS model. The input parameters 

for the Q-predictive model included daily precipitation, vegetation cover, and last-5-day-rainfall 

value, whereas the t1 and td predictive models include an additional parameter of event duration.  

Evaluation of the predictive models, developed using M5 tree algorithm, demonstrates accuracy 

of 84-94% compared with the traditional NRCS curve number model. The Q and td model was 

tested to perform with around 94% and 92% accuracy respectively, even for a small training set 

of around 100 samples; however the t1 predictive model required a minimum of 300 training 

samples to show reasonable performance with 84% accuracy. Furthermore, performance of these 

models is validated using MLR model, while it is observed that models developed using M5 tree 

algorithm demonstrated better performance. 

Chapter 5 investigated validation of the Q-predictive model for the proposed simplified 

parameters by employing M5 tree algorithm. Because of the lack of relevant data for validating 

t1 and td, these predictive models could not be validated, hence will need addressing in the future. 

The Q-predictive model was evaluated by training it on a year-long discharge dataset measured 

for a sub-catchment in Ireland. Evaluation of the Q-predictive model, developed using M5 tree 

algorithm, demonstrates RRMSE of 35.9%, with 10-fold cross-validated RRMSE of 55.7%. The 

model is assessed for its prediction accuracy in comparison to major data-driven hydrological 

models. The significance of the proposed Q-predictive model is in the fact that it uses just a year-

long training sample set which includes climatic as well as field parameters to develop accurate 

predictive model, and that it can adequately predict flows for smaller sub-catchments with simpler 

parameters and acceptable (comparable) prediction accuracy. Due to the unavailability of soil 

moisture data, a proxy parameter, last-5-day-rainfall, is used as suggested in NRCS model. When 

real soil moisture readings become available to the model, performance should improve. This will 

be investigated in the future work.  

Chapter 6 presented development and validation of a low-complexity TON-loss predictive model 

for the proposed model parameters. The proposed input parameters, consisting of 5 simple real 

time variables, are related to climate, N input and field conditions. These parameters were 

proposed with the aim to avoid reliance on complex bio-geo-chemical parameters used in the 

existing nitrate loss predictive models. Model validation is conducted on a nitrate loss dataset 

measured for a sub-catchment in Ireland, and by employing an M5 tree learning approach. The 
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proposed TON-loss predictive model provides good performance on the real dataset in terms of 

the performance measures used. For the generated model, R2 is 0.92, RMSE is 0.04, and RRMSE 

as 26%. 10-fold cross-validation results indicate R2 as 0.72 and RRMSE as 47.7%. The 

performance of the M5 tree based proposed model is better than the existing data-driven nitrate 

loss models generated for same training set size (150 samples). To get the same performance as 

the TON-loss predictive models, existing nitrate loss models require thousands of samples for 

training and complex parameters. The TON-loss predictive model developed using M5 tree 

algorithm is assessed for its prediction accuracy in comparison to other popular data-driven 

methods such as MLR, MLP and REPTree, and is found to perform better than these algorithms. 

The proposed TON-loss predictive model shows huge potential by using 5 simple model 

parameters and a year-long data set. Furthermore, the performance of the proposed model is better 

than the existing data-driven nitrate loss models generated for same training set size. To get the 

same performance as the TON-loss predictive model, existing nitrate loss models require 

thousands of samples for training and complex parameters. It is important to mention that out of 

the input parameters for training, rainfall, and TON losses were reported using sensors, whereas 

rest of the parameters were extrapolated from field information. If sensor networks are employed, 

actual soil moisture data (instead of last-5-day-rainfall), and autonomous readings for vegetation 

cover (crop stage) would be available. Additionally, if cheap in-situ sensors for nitrate existed 

(for which research is underway, section 2.2.3.2), measured soil nitrate content readings could be 

used in the model instead of a proxy parameter CumN (cumulative N applied). Nonetheless, the 

proposed TON model performs better than the existing models. 

In the end, chapter 7 presents the functional blocks associated with implementing a management 

mechanism in a farm network with regards to the expected drainages from neighbouring farms or 

drainage bay. These functional blocks include; economic evaluation of expected drainage and 

nutrients (TON in this case), a decision support model for classifying reusability of expected 

drainage and nutrients, and adaptive sampling of the farm. This chapter, though not the primary 

contribution of this thesis, is quite significant in outlining the usefulness of information sharing 

among networks in a farm, with regards to water quality control and drainage management with 

associated economic benefits. Using Naïve Bayes algorithm, the developed decision model for 

drainage reuse classifies the learned ruleset with 90.47% accuracy, whereas for TON reuse the 

model correctly classifies 94.44% of the samples. These results are important because they 

demonstrate that simple ruleset based on the proposed model parameters has the potential to 

generate a useful model which can support decision making. 
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This thesis has highlighted the importance of an autonomous technological framework for 

enabling water quality management through agricultural drainage reuse among farms. Through a 

novel combination of real time field information made available by using WSNs, and decision 

tree learning algorithm, low-complexity predictive models have been investigated and proposed. 

The predictive models for drainage discharge and TON losses have been validated through year-

long measured data from a real catchment in Ireland. The obtained results demonstrate that 

comparable performance in the case of Q and even better performance in the case of TON can be 

achieved by using the proposed low-complexity models for a much smaller training set. The 

results are promising for enabling autonomous and real time water and nutrient management by 

employing simple models due to the constraints associated with measuring complex parameters 

and implementing complex models. The undertaken research has resulted in international 

conference and journal publications as mentioned in section 1.3 [188-196]. 

8.2 Future Work 

The research undertaken in this thesis has successfully addressed the research aims outlined in 

section 1.1. However, this is a comprehensive application area with complex underlying details 

which could not possibly be covered entirely in this thesis. Therefore, to take this research 

forward, numerous extensions are possible. This section highlights some of the areas for future 

work in terms of specific and general extensions of this research. 

8.2.1 Specific Extensions 

 Model Validation Using Sensor Data 

For Q and TON predictive models, data validation is currently done using the available 

dataset from an agricultural grassland consisting of rainfall, streamflow and nitrate loss 

values. Due to the constraints associated with either free access or availability to long 

term field data (soil moisture, and soil N content), measured using WSNs, proxy 

parameters (last-5-day-rainfall, Cumulative N applied) were used instead for the 

validation. In future, it is planned to validate the model by acquiring sensed field data for 

those parameters and evaluate model performance. Such a scenario is most likely going 

to improve the model performance e.g. as we argued in section 4.1 that last-5-day-rainfall 

index is not a true representative of antecedent soil moisture conditions. Similarly, t1 and 

td predictive models need to be validated by acquiring temporal values for individual 
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events. This will involve superimposed event detection and separation to identify 

individual events. 

 

 Decision Support Model 

In this thesis, out of the three functional blocks mentioned in section 7.1 for the 

management mechanism, the implementation of the decision support model for 

reusability was considered with a simplified set of data. A generic illustration of the 

economic benefits that can likely be achieved by drainage reuse and the role of adaptive 

sampling for longer lifetime of sensors is represented in appendix A and B. For validating 

economic benefits that are actually possible through drainage and nutrient reuse and 

actual lifetime of sensors that can be achieved with adaptive event sampling, application 

specific experimental data is required.  

As mentioned in section 3.2, the predicted drainage information can be quite beneficial 

for adjustment of management strategy regarding drainage reuse, disposal or treatment.  

In this thesis, we considered the management strategy for drainage reuse in farms. In the 

similar manner, decision models can be developed for supporting management decisions, 

taken by receiving stream network, about disposal and treatment of drainage and nutrients 

in case it cannot be reused by farms. Furthermore, alert models can be formulated for 

scenarios where disposal and treatment mechanisms are not in place. Such a model can 

make use of additional information like pollutants and pesticides and alert the adjoining 

stream system or river system for taking appropriate action such as diverting the drainage 

flow from entering into sensitive ecosystems. 

 

 Network Deployment and Data Acquisition 

The most vital part of the future works is the design and implementation of this 

framework using a networked catchment capable of operating autonomously for drainage 

reuse. This will involve network platform design, establishing direct interconnection 

between networks, and data acquisition for neighbour linking model. Once the 

neighbours are linked, training data is acquired for developing the predictive models, 

which are later deployed on the sensor nodes of a drainage network.  

For the network platform, a low cost, low power and reliable system is required. An 

example of such a system is a low cost wireless soil moisture sensing system developed 

by University of Georgia [197]. A sensor node contains watermark soil moisture sensors, 

temperature sensors, radio frequency transmitter and a circuit board. A 20 node system 
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consists of $3500. They plan to add sensors (pH, nutrients) to the node in the future. In 

addition various off-the-shelf sensor boards are commercially available (as reviewed in 

chapter 2). They differ from each other in terms of e.g. sensor modalities, transmitter 

range, robustness, and network life that they provide. From the available platform 

solutions, a sensor board can be selected for deployment initially and, if needed, could be 

redesigned to cater to application specific needs or add more sensors. For enabling 

opportunistic direct interconnection between co-located WSNs, another PhD thesis is 

underway, and so far the simulations have shown promising results [198, 199]. The next 

step is the implementation of the protocol on actual networks.  

 

 Low complexity model for estimating phosphorous and other nutrients losses 

As mentioned in the introduction chapter, phosphorous and nitrate are the major 

contaminants responsible for non-point source water quality degradation. In this thesis, 

due to the availability of real catchment data for only TON losses and time constraints, 

nitrate loss modelling was investigated. To further this research, modelling phosphorous 

losses from agricultural land, based on real field conditions and fewer parameters, is quite 

significant for quantifying expected phosphorous losses in drainage. 

8.2.2 General Extensions 

 Sensor Network Platform Design 

Current applications of WSN for water quality monitoring are based on the use of off the 

shelf components which often fail to address diverse range of environmental and 

degradation problems that can coalesce at catchment scales. Existing devices are not 

made to address the specific requirements of a particular application. Various limitations 

have been solved in the existing literature by the use of off the shelf components [50] 

such as the coverage problem [38], signal attenuation [43], configuration and operational 

difficulties [200], and absence of a network model for a broad environment. Existing 

literature showed that the nodes lasted from a few days to only a few months, therefore 

effective design changes like wake up and power control need to be considered to prolong 

their lifetime to years.  

Furthermore, although separate sensor boards [48, 201] can be integrated with nodes to 

enable a multi sensing system with various sensor types, improvements can be made to 

take this further. The plug and play system constrains sensors to be compatible with that 

system, whereas a more reconfigurable interface may well extend the choice of sensors 
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at the expense of specifying to the node what it is. Therefore, there is a requirement for a 

reconfigurable sensor interface for a sensor node as this would allow a more rapid 

deployment for a specific application and thereby reducing the costs of the WSN. 

 In-situ Sensors for Nutrient Measurement 

As discussed in section 2.2.3.1, simple and low-rate sensors, such as those typically used 

for monitoring temperature, humidity and wind are readily available at low-cost, this is 

not the case for other sensor modalities [39]. For example, the high cost of some sensors 

(e.g. ammonium) is a major barrier for dense deployment of WSNs [49]. Furthermore, 

suitable in-situ phosphate and nitrate sensors for terrestrial deployment are not available. 

The available sensors for nitrate monitoring are based on ultraviolet absorption and flow 

cell analysers which are very expensive for dense deployment [104]. Both 

electromechanical [105] and optical sensing modes [106] relevant to nitrogen and 

phosphorous species are still an active research area [39]. Furthermore, research on the 

development of miniature, reliable and inexpensive water quality solid-state sensors 

using metal oxide sensing electrodes is still underway by CSIRO, CMSE and SSN TCP 

laboratories [107].  
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Appendix A Case Study 1 – Economic Benefit of Drainage Reuse 

 

 

 Case Study 1 – Economic benefit of 

drainage reuse 

In order to evaluate costs and benefits of drainage reuse, a general approach can be taken into 

account based on the market value set for drainage water and nutrients. Market value of water and 

fertilizers can be used as a yardstick for setting the price for valuing the drainage water and 

nutrients found within [182] either by mutual settlement between farmers or by a governing body. 

In this analysis, the price rate for drainage water is set at 50% of the market cost for fresh water 

and N as suggested by hydrologists in the area. An analysis of the possible economic benefits that 

can be achieved in general due to drainage and fertilizer reuse is given below. 

Irrigation costs are rising worldwide, due to a combination of increasing scarcity, rising energy 

prices, and increasing awareness of climate change and its potential implications on rainfall and 

the availability of surface water resources. Cost for irrigation water varies in various regions of 

different countries depending upon the availability and access to fresh water resources. A detailed 

report for water tariffs in Europe is available at [202]. In United Kingdom, irrigation is 

supplementary because of abundance of water resources owing to high rainfall, for example in 

Scotland and Northern Ireland, farmers can take water from adjacent rivers simply by applying 

for a paid license and some annual charges. Prices vary from € 0.008 m-3 to € 0.021 m-3 depending 

upon the location, water quality, and the season in which the abstraction is made [203]. Whereas 

in the United States, given the variety of water rights allocations and contractual arrangements 

for irrigation, cost of irrigation water ranges between $ 0.02 m-3 and $ 0.1 m-3 (€ 0.02 to 0.12 m-

3) [204]. 

To evaluate the economic benefits of reuse, the price structure of Australia is considered as an 

example. This is because of the prevalent water scarcity and pollution issues which provides a 

perfect example for adopting the reuse mechanism and framework. Australia is an arid continent 

with relatively little water. Ecosystems of the Great Barrier Reef, world heritage area, are widely 

considered to be at risk from agricultural runoff carrying nutrients (specifically nitrogen) and 

sediments [205]. Water is managed in Australia through a system of entitlements. Entitlements 

represent a permanent claim on some amount of water from a given source and are variously 

classified according to reliability. In 2008, entitlement prices ranged from $0.13 m-3 to $1.67 m-3 

for various entitlement categories based on reliability of water availability [206]. The fertilizer 

price was reported as $1.24 Kg-1 of N in one of the recent studies conducted in Australia [207]. 
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Water and fertilizer application rates are considered for two of the major agricultural sectors of 

Australia – dairy pastures and rice. It is estimated that 70% of the annual water usage of the 

agricultural industry is used to irrigate dairy pastures in Australia [42] with an average application 

rate of 4.4 mega liters per ha (MLha-1) . On the other hand, rice is considered the thirstiest crop, 

with an application of 14.1 MLha-1, more than three times the national average across all crops 

and pasture [208]. For dairy pastures, average nitrogen fertilizer use is 122 KgNha-1, whereas the 

usage goes up to 374 KgNha-1 [209]. On the other hand, for a rice crop, the fertilizer application 

rate is about 140 KgNha-1 [99].  

As already discussed, 35% to 60% of irrigation water is lost due to runoff in various methods 

adopted in surface irrigation [7]. Similarly, 30%-50% of the applied N is lost due to the coupled 

impact of over fertilization and irrigation runoff [14]. Based on the average nutrient and drainage 

loss rates and the discussed price structure, the economic value is calculated for the drainage water 

and N released from 1 ha of a land. The evaluated cost can also be termed as economic savings, 

which can be achieved by reusing those fluxes in another farm.  

Table 8-1: Economic savings possible on irrigation water 

Crop 
Irrigation  

Rate 

% of 

Drainage 

Loss 

Drainage 

Loss (m3ha-1) 

Cost of drainage water per 

ha ($) 

(at  50% of Fresh water cost) 

Fresh water 

cost= $1.67 
m-3 

Fresh water 

cost= $0.13 m-

3 

Pasture  4.4 MLha-1 

(4400m3 ha-1) 

35% 1540 1285.9 100.1 

60% 2640 2204.4 171.6 

Rice 14.1 MLha-1 

(14100m3 ha-1) 

35% 4935 4120.7 320.7 

60% 8460 7064.1 549.9 

Table 8-1 presents the economic value of the expected drainage water, per ha of a land at given 

application, loss rates and price rates, for the two land types - pasture and rice crop. As mentioned, 

4.4 MLha-1 (4400 m3ha-1) of water is used for irrigation in a pasture land. This results in a 

minimum drainage loss of 1540 m3ha-1 considering a 35% loss and a maximum of 2640 m3ha-1 

considering a 60% maximum loss. On the other hand, for a rice crop, 14.1 MLha-1 (14100 m3ha-

1) of water is applied for irrigation. At 35% loss rate, drainage loss is estimated at 4935 m3 ha-1, 

whereas this goes up to 8460 m3ha-1 of drainage loss at 60% loss rate. Using the standard cost of 

fresh irrigation water and N fertilizer in Australia (which ranges between $0.13 and $1.67 m-3 for 

water and $1.24 for N) as a standard, economic value of the drainage and N losses is calculated 
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at 50% of the standard price. In case of drainage coming from 1 ha of a pasture land, minimum 

economic value is $100 and a maximum value of $2204. When the drainage originating from 1 

ha of a rice crop is reused completely, the cost savings can range between $320.7 and $7064. 

Hence, this implies that if this drainage is reused in another farm which requires same amount of 

water as the received drainage water, 50% savings are made. Total cost savings on the irrigation 

water for entire crop for the farm depends upon its requirements and availability of drainage water.  

A similar analysis is done for estimating the economic value of available N nutrients in the 

drainage water for the two land types, as shown in Table 8-2. For a pasture land, minimum 

fertilizer loss for an average application of 120 Kgha-1 is estimated at 36 Kgha-1 for a 30% loss 

rate, whereas the maximum value goes up to 60 Kgha-1 at 50% loss rate. For calculating the cost 

of N available in drainage, it is assumed that this should be rated at half the price of the new 

fertilizers. Economic value of N in drainage water, originating from 1 ha of a pasture land which 

had an average N application, is estimated to range between $44.64 and $74.4 at 30% and 50% 

loss rate respectively. Whereas, at a maximum application rate of 374 KgNha-1 in a pasture land, 

the minimum loss is estimated at 112 KgNha-1 and maximum value goes up to 187 KgNha-1. The 

economic value of these fluxes range between $138.88 and $231.8, for 1 ha of a pasture land. For 

a rice crop, an application of 140 Kgha-1 of N results in losses that range between 42 Kgha-1 and 

70 Kgha-1 at 30% and 50% loss rate respectively. The economic value of N losses contained in 

drainage, leaving a rice crop, is estimated between $52 and $86 per ha. 

Table 8-2: Economic savings possible on N fertilizers 

Crop 
Fertilizer 

Application 

% of Fertilizer 

Loss 

Fertilizer loss 

 (Kg ha-1) 

Cost per Kg of 

N fertilizer in 

drainage ($)  

(at 50% of fresh 

N fertilizer cost 

$1.24/Kg) 

Pasture 120 Kgha-1 

(average application 

rate) 

30 36 44.64 

50 60 74.4 

374 Kgha-1 

(maximum 

application) 

30 112 138.88 

50 187 231.88 

Rice 140 Kgha-1 30 42 52.08 

50 70 86.8 
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Based on the results discussed above, for individual economic values under multiple loss 

percentages and application rates, the total economic value on drainage and N reuse for a worst 

and best case scenario with application rates is now presented, as illustrated in Table 8-3.  

Table 8-3: Combined economic savings possible on irrigation water and N fertilizers 

Crop 

Type 
Case 

Case Specification 

drainage 

cost ($) 

Fertilizer 

cost ($) 

Total 

cost of 

drainage 

& N per 

ha 

($) 

Drainage N Fertilizer 

Pasture 

Worst 

Case 

35% loss rate,  

4400 m3ha-1 

application, 

cost at 50% of $0.13 

m-3 

30% loss rate,  

120 KgNha-1 

application, 

cost at 50% of 

$1.24 m-3 

100.1 44.6 144.7 

Best 

Case 

60% loss rate,  

4400 m3ha-1 

application, 

cost at 50% of $1.67 

m-3 

50% loss rate,  

374 Kg Nha-1 

application, 

cost at 50% of 

$1.24 m-3 

2204.4 231.8 2436.2 

Rice 

Worst 

Case 

35% loss rate,  

14100 m3ha-1 

application, 

cost at 50% of $0.13 

m-3 

30% loss rate,  

140 KgNha-1 

application rate, 

cost at 50% of 

$1.24 m-3 

320.7 52.1 372.8 

Best 

Case 

60% loss rate,  

14100 m3ha-1 

application, 

cost at 50% of $1.67 

m-3 

50% loss rate,  

140 KgNha-1 

application rate, 

cost at 50% of 

$1.24 m-3 

7064.1 86.8 7150.9 

 

For a pasture land, firstly a minimum loss rate is considered for drainage and N at 30% and 35% 

respectively, and average application rates for water and N. Applying a cost rate of 50% of the 

market cost for fresh water and N, total cost savings for this case come at $144.7 per ha of a land. 

For estimating cost savings for a best case scenario, maximum loss rates of 60% for drainage and 

50% for N are considered. Furthermore, average available application rate for drainage is used, 

whereas, for N, a maximum application rate of 374 KgNha-1 is used.  This provides us with the 

maximum savings of $2436.2 per ha, which can be achieved if total drainage and N losses are 

reused. These numbers would be much higher as farm sizes range from 5 ha to 50 ha whereas 

only per ha rates are being considered here. A similar analysis is done for the rice crop. For a 

worst case scenario with minimum loss rate for an average application of water and N on 1 ha 
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land, $372.8 can be saved if such discharges are reused. Furthermore, cost savings of $7150 are 

possible in a best case scenario with maximum loss rates for an average application of water and 

N in 1 ha land with rice crop.  

A.1.1 Summary 

Reusing drainage water and nutrients emanating from one farm in another farm, before they enter 

the water system, can have huge environmental as well as economic benefits. To evaluate the 

economic benefits of reuse, the price structure of Australia is considered as an example. This is 

because of established water scarcity and pollution issues which exist there and hence provide a 

perfect example which can benefit from adopting the reuse mechanism and framework. Water 

and fertilizer application rates are considered for two of the major agricultural sectors of Australia 

– dairy pastures and rice. Using the standard cost of fresh irrigation water and N fertilizer in 

Australia as a standard, economic value of the drainage and N losses is calculated at 50% of the 

standard price. The total economic value of drainage and N originating from 1 ha of a pasture 

land, at a minimum loss rate for drainage at 30% and N at 35%, and average application rates for 

irrigation and N fertilizer, is estimated as $144.7. Whereas, at maximum loss rates (60% for 

drainage and 50% for N), and maximum application rate for N, the economic value of drainage 

and N come as $2436.2 per ha of a pasture land.  This implies that minimum $144.7 and maximum 

$2436.2 savings can be achieved if total drainage and N losses originating from 1 ha of a land are 

reused. A similar analysis is done for rice crop. For a worst case scenario with minimum loss rate 

for an average application of water and N on 1 ha land, $372.8 can be saved if such discharges 

are reused. Furthermore, cost savings of $7150 are possible in a best case scenario with maximum 

loss rates for an average application of water and N in 1 ha land with rice crop. These numbers 

would be much higher as farm sizes range from 5 ha to 50 ha. 
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 Case Study 2 – Longer network life and 

better information availability  

As the previous section validates the economic benefits provided by a collaborative and integrated 

water quality monitoring management mechanism through drainage reuse. Next step is to 

demonstrate the importance of high resolution adaptive sampling as the event occurs, and how 

information sharing can facilitate adaptive sampling. As it has been mentioned in chapter 2, that 

in the absence of low-power and miniature solid-state sensors, currently used power hungry 

chemi-bio sensors present inherent limitations because of the number of samples that they can 

take [108]. In order to maximize the deployment lifetime, these sensors should adaptively sample 

at higher resolution only when an event occurs. Low resolution constant sampling (say once every 

hour) has the potential to miscalculate/misrepresent a short-lived intense event of less than a 

couple of hours. Figure B-1 illustrates a pollutant discharge event being captured using sensors at 

various sampling rates. Long sampling intervals (per 2 hours, or 6 hours) tend to miss peak 

discharge values and misrepresent the discharge value. 

 

Figure B-1: Runoff discharge measured using various sampling rates 

Similarly, high resolution continuous sampling depletes sensor board’s battery in a few days. To 

demonstrate this, a case is considered where a sensor board, Tyndall 90-FLT [127], samples at 

various rates to capture an event in a day. Assuming that N is the number of measurements per 

day, the device wakes up for 50 seconds each time, and the 90-FLT meter consumes zero energy 

when it is off. The device can last for 34560/50N days [48].  By taking continuous readings every 

minute (1440 readings /day), the sensor board’s battery only lasts 4.8 days. Battery life at various 

sampling rates is shown in Figure B-2 against the values of measured discharge precision. 
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Sampling every half an hour or an hour provides 95% accurate measurements, however the battery 

lasts for 144 to 288 days respectively. To aim for a longer lifetime, adaptive sampling only in 

case of an event occurrence is critical.  

 

Figure B-2: Variation in sensed peak discharge values and sensor board lifetime with sampling 

rate 

 

 

 

 

0

500

1000

1500

2000

2500

0

20

40

60

80

100

120

0 2 4 6

9
0
-F

L
T

 S
en

so
r 

B
o

a
rd

 L
if

et
im

e 

(d
a

y
s)

M
ea

su
re

d
 P

ea
k

 D
is

c
h

a
rg

e 

P
re

ci
si

o
n

 (
%

)

Sampling Rate (hr)

peak discharge precision sensor board lifetime



Appendix C NRCS Curve Number Table 

_____________________________________________________________________________ 

 

 NRCS Curve Number Table 

Table 8-4: Curve numbers for agricultural land [128] 
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