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ABSTRACT 

Water is considered as an essential commodity in human society. It has been observed that the basic 

standard of living of any Country can be measure through the effective portable water supply for 

consumption, sanitation and hygiene for the citizen. Its production and supply in the Federal Capital 

Territory (FCT), Abuja, Nigeria is a challenge, as dominant percentages of lower- class workforce live 

outside the FCTWB existing water network, and depend on borehole or tanker for water. The demand on the 

water supply system in FCT, Abuja has exceeded its initial design population, and the system is incomplete 

and operating with only 720 million liter of water per day (MLD) functioning plant. On this basis, this study 

seeks to identify the best model that fit daily water supply data in FCT, Abuja and to forecast the future 

daily water supply in this area. The comparing models were artificial neural, multiple linear and non-linear 

regression model were applied  to the data set of daily water production, daily water treated, daily water 

supply, daily water leakage, Number of household connected to Federal Capital Territory Water board water 

network, Number of Commercial area connected to Federal Capital Territory Water board water network, 

and the Estimated population of Federal Capital Territory ,Abuja from (2013 to 2020), and it was emerged 

that the most adequate model for the data was Multiple linear regression model (MLR), with (R2 =1.000), 

(RMSE = 0.00282), and (MAE = 6.540). Artificial neural network records the high value of (RMSE = 

432.4321), (MAE = 549.444) and (R2 =0.921), and multiple nonlinear regression record the highest value of 

(RMSE = 806.687), (MAE = 666.421) and (R2 = 0.999). From the statistical measure of goodness of fit, the 

three models compared results indicate that MLR model forecast are closely matching with actual 

observations values, artificial neural network model over-forecast some days volume of daily water supply 

by FCTWB, cooperation and multiple nonlinear regression model under-forecast some days volume of daily 

water supply by FCTWB, corporation. The three models compared depicts the influential variables of 

FCTWB Corporation daily water supply, (ANN = DWP, DWT), (MLR = DWT, DWL) and (MNLR = 

DWP, DWL), and their forecast graphs shows downward daily water supply in FCT, Abuja. It is 

recommended that the FCT, Abuja water Board Corporation should consider multiple linear regression 

(MLR) model and its forecasted values as a road map in its operations and planning toward water supply 

sustainability in FCT, Abuja. 

Keywords:FCT, Abuja, Daily Water Supply, Urban, Artificial Neural network, Multiple LinearNon-Linear 

Regression Model. 

INTRODUCTION 

Water is a natural resource that has the greatest positive impact on the human population in the world 

(Bridget R. et al., 2007). Water is very essential to humanity and animal for their existence. The survival of 
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any living things would have been difficult without water. However, its availability reduced diseases, 

poverty and improved life at all ages (Prüss-Üstün A. et al., 2008). Potable water is a treat to developing 

Countries; therefore, the need to plan how to mitigate its effect in our societies is very necessary. 

Adequate water supply for consumption, sanitation and hygiene is one of the most important factors to 

considered when evaluating the sustainable development of a given nation or city. Availability of portable 

water for consumption, sanitation and hygiene is one of the criteria that measure the standard of living, 

economic growth and development of a nation. For nation to have effective daily water supply in both urban 

and rural area depend greatly on the Government at all level to provide adequate safe and affordable water 

for both domestic and public consumption. 

Ensuring adequate and reliable water supply has become a major challenge for most of the water 

corporations in developing countries. Depleting of source, ageing and inadequate supply infrastructure, 

distribution losses and inadequate financial resources to maintain or upgrade infrastructure has made it 

difficult to find a solution to the problem. It has become difficult to ensure the quality of service in terms of 

adequacy and efficiency, with the result that most cities in developing Countries do not have access to 24 

hours per day water supplies. 

The prevailing water stress in many developing countries is not only due to source limitation but other 

factors such as poor distribution through city networks and inequalities in service provision between the rich 

and the poor (UN-HABITAT, 1999).One of the main reasons is the high rate of water losses from the 

distribution systems. Many studies revealed that water losses in cities of developing countries are at levels 

between 40-60% of water supplied (Saul Arlosoroff, 1998). 

Insufficient water supply leads to insanitation and unhealthy living, of people in a society. Thus, water is a 

vital resource for life sustainability. Access to adequate clean and safe water is greatly contributes to 

improve health and productivity (Rahmato, 1999). Access to clean water and sanitation was declared as a 

human right by United Nation UN(2010 and 2013). In most developing countries, these rights are denied, 

where people, especially those that live in a rural area do not have access to safe drinking water and 

sanitation and those in urban area were having intermittent dailywater supply. 

WHO and UNICEF(2017), joint monitoring programs on water supply, sanitation and hygiene estimates 

that 2.1 million people do not have safety managed water, 844 million do not have access to basic drinking 

water service. This include 263 million people who have to spend over 30 minutes per trip to collect water 

from sources outside their home, and 159 million arestill drinking untreated water from surface water 

sources, such as stream, lake, river, pond, dug  

welletc. TheUnited Nation UN (2010), General Assembly of human right to water and sanitation, 

recognized the right of every human being to have access to sufficient water for personal and domestic use 

(between 50 to 100 liters of water per person per day), which must be safe, acceptable and affordable. 

Insufficient water supply and inadequate sanitation and consumption are leading causes of child mortality, 

estimated 1.5 million children died of diarrhea yearly, mostly among children under five years living in 

developing nations (WHO/UNICEF, 2017). 

Supplying safe water for basic consumption is of crucial importance for the preservation of human health, 

especially among children. According toPrüss-Üstün A. et al (2008), the total burden of disease 

worldwide—around 10%—could be prevented by improvements related to drinking-water, sanitation, 

hygiene and water resource management. Making an effort to have access to adequate water for domestic 

consumption and sanitation is a moral and imperative established in the cultural, religionsand traditions of 

communities around the world. 
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Providing adequate safe water for consumption to combat poor health is an integral part of the strategy to 

alleviate poverty in many countries (UNDAF, 2006). However, unless many countries in the world, 

especially the developing countries should take water infrastructure efficiency a priority, the united nation 

(UN) sustainable development Goal6.1 of achieve universal equitable access to safe and affordable drinking 

water for all by 2030 cannot be achieved (WHO and UNICEF, 2017). 

From the literature it is show that the treat of increasing water demand is greatly outweighs the water 

available for supply and consumption in urban areas in most developing nations. The developing nations are 

still struggling to have effective water supply management system in their most urban areas. To have 

sustainable water supply, sanitation and hygiene service delivering in urban areas, require building of strong 

institutions in term of physical and human resources (FMWR, in–house policy review committee, 2016). 

This is why water supply management comeasan appropriate strategy aiming to have effective and 

sustainable urban water consumption in term of economy and environment (wegelinSchuringa 2000), and 

which depend on good knowledge of temporal changes of historical and future water consumption 

(karamouz.,et al., 2003).  

A large number of factors are known to be causes of water supply and consumptions, which include 

population, employment, technology, weather, climate, price, socio – economic, culture /religion, and 

infrastructure efficiency. Ineffective of water supply management system in human society are causeas a 

result of lack of founding and maintenance culture by the government, corruption, outdated technology etc.  

However, many of these variables are difficult to quantify and have high degree of uncertainty (Billing etal., 

2008). 

Water deficient in urban area is harmful, as most of the domestic activities   are indoor, for examples, 

defecation, cooking, washing of utensils, bathing, cloth washing etc., which will not be done properly in 

water deficient, leading to insanitation, unhygienic, House pollution and diseases. 

The economic values of water infrastructure investment as a nation is very essential, as it contribute greatly 

to our healthy and economic growth. Therefore, it is imperative for water Corporation management board to 

always take note of operational deficiencies in their system to achieve effective water supply to the highly 

demand consumers. 

1.1 Aim and objectives. 

The aim of this study is to compare, Artificial neural network, Multiple linear and nonlinear regression 

models on daily water supply in FCT, Abuja and to forecast the future daily supply water by FCTWB 

corporation. The objectives of the study include:  

i. to compare artificial neural network, multiple linear, and nonlinear regression models on daily 

water supply data in FCT, Abuja.  

ii. to investigate the most significant variables on urban daily water supply.  

     iii.      to identify the best fit model to daily water supply data in FCT, Abuja. 

In Abuja, the FCT, the adequate water supply is a limiting factor in domestic, commercial and economic 

development.Supply of demanded quantity and quality of water to all consumers with effective and reliable 

water supply system operation in urbanized city is a global treat, especially in developing countries. The 

work of COHRE (2008) cited by Ita Enang et al(2016), described that in federal capital 

territory(FCT),Abuja Nigeria, dominant percentage of lower-class workforce live outside the FCTWB 

existing water network, and depend on borehole or tanker for water.  
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The FCT water supply system was designed for population of 3.2 million people (IPA 1997), and its water 

treatment plant when completed will produce 1440 million liters of water per day (MLD) (FCTWB, 2000). 

The demand on the water supply system has exceeded its initial design population, and the system is 

incomplete and operating with only 720 million liter of water per day (MLD) function plant (Ali, 2012). As 

the populations grow in an urbanized city, water supply diminishes. Therefore, how to manage the existing 

water equitably with the highly demand tends to be increasingly urgent. For these challenges to be 

surmounted, this study aims to:(i) compares Artificial neural network, Multiple linear andnonlinear 

regression models on daily water supply data in FCT, Abuja, (ii)to investigate the most significant variables 

on urban daily water supply and (iii) to determining thebest fit model to FCTWB corporation daily water 

supply. 

LITERATURE OF REVIEW 

2.1 Evolution of FCT Water Supply System 

Federal capital territory (FCT), Abuja public water supply service started when Jabi Dam and its water 

treatment plant was constructed in 1981. The dam has reservoir with capacity of 6 million cubic meters. The 

output of the treatment plant was 340 M3/hr.Jabi Dam supplied water to federal capital city up to a point in 

1986 when Usman Dam and its treatment plant works came into operation. These facilities were all 

managed by the water sewage division of engineering department of federal capital development authority 

(FCDA). In October 1989; the federal capital territory water board was created especially for;Control, 

manage, install and maintain all water works and service vested or to be vested on the board by the ministry 

of FCT, Abuja. 

Due to rapid population growth and industrial development, the exiting Dams in the FCT could not met 

water demand of the resident. In April 26, 2007, former president Olusegun Obasanjo commissioned Gurara 

inter basin water transfer project which carries water from Gurara Damin Kaduna State through 75km 

pipeline to lower Usman Dam in Abuja the federal capital territory (FCT) to augment water supply to 

customers in FCT, Abuja (Jancy Vijayan and Bart Schultz, 2007). FCT, Abuja uses three (3) Dam (Jabi, 

Usman, and Gurara Dams) for drinkable water supply. These facilities now provide a combined 720 million 

liters of clean water per day to capital city, Abuja and its neighboring areas. 

2.2Institutional Capacity of FCT, Abuja Water Supply 

For a nation to have a sustainable water supply management system, it will involve cooperation and 

understanding between the concerned stakeholders. In FCT, Abuja, the federal capital territory water board 

(FCTWB) holds the responsibility of supply portable water to FCT resident, while Federal Capital 

Development Authority (FCDA) is responsible for the provision of infrastructure and handover to FCTWB 

for management (Chambers, C. and Ekkanem, N., 2007). 

 
Figure 1. Lower Usuman water treatment plant in Bwari Area of FCT, Abuja. 

Source: (Biwater, 2013). 
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FCT water supply was designed for an eventual population of 3.2 million people (IPA, 1997). It is water 

treatment plant was initially to be completed by 2004 and when complete, produce 1440 million liters of 

water per day (MILD) (FCTWB, 2000). The demand on the water supply system has exceeded its initial 

design population, but the system is still incomplete and operating with only 720 MLD function plant (Ali, 

2012). 

2.3 Artificial Neural Network in Water Supply System 

Adam et al (2018), proposed ANN and MLR methods for forecasting daily water consumption in Torun, 

Poland, using meteorological variables anddummy variables as independent variables. The result indicated 

that ANN was superior over the MLR, although the observed difference in performance was very minimal. 

Among the variables used, it was only humidity that has a theoretical impact on water consumption.  

Gwaivangmin and Jiya (2017), in their study of water demand prediction, selected number of similarity 

factors influencing water consumption as input variables to artificial neural network model; such factors are 

the type of day (e.g. normal public holiday, strike, major sports on other special event, etc.), day of the 

week, month, maximum and minimum temperatures, and the number of days after rainfall, population 

growth, and income of consumers to mention but a few. They conclude that forecasting water demand is 

very important as it served as a measure to forestall future water scarcity presently affecting the urban water 

demand. 

Bilmes(1985), submitted that considering the increasing demand for the optimization of distribution 

networks in terms of leakage reduction and pressure management, as well as the need to reduce urban water 

consumption, a lot of effort has been invested in the past decade in order to define accurate, long-term and 

short-term water demand forecasting methods. According to Gwaivangmin and Jiya (2017), other 

forecasting methods are useful, but neural network is preferred because of its several advantages especially 

in the water supply industries where certain factors are not quantifiable and subject to error. Maieret al., 

(2000), conducted a study reviewing 43 research papers that employed neural networks in the prediction and 

forecasting of water resources variables. They observed that neural network models always work well and 

their use in the study of water is on the increase due to their ability to handle large amounts of non-linear 

and non-parametric data. 

D.P Vijaylaksmi and K.S Jinesshbabu (2015), developed adaptive neuron-fuzzy inference system to model 

Hogenakkal water supply and Fuorosis mitigation project, Oharmapuri and Krishnaggini District, Tamil 

Nadu, India, using record of current water demand and previous water demand as input variables. The 

results uncovered that the performance of ANFIS models shows significance improvement with increase in 

input parameter. The study also manifested that neuron-fuzzy approach is a viable tool for modeling water 

supply demand.  

Abuja, the federal Capital Territory, Nigeria is one of the fastest growing cities in the continent of Africa 

and one of the fastest growing cities in the world (UNUP,2015). With this rapid population growth and 

industrial advancement in the FCT, Abuja, the Federal capital territory water Board (FCTWB) is facing 

water demand challenges, as claim by COHRE(2008) and cite by R. ItaEnang et al., (2016), that the 

dominant percentage  of the lower class workforce in the federal Capital Territory Abuja (FCT) live outside 

the coverage of the existing water network and rely on borehole, dug well and tanker for water, in the cause 

of this research, we investigated the claim of COHRE(2007) andR. Ita Enang et al.,(2016),it is still valid. 

Insufficient urban water supply, especially in the developing countries are caused by population growth, 

industrial development, lack of funding and water infrastructure investment, corruption, lack of maintenance 

culture, non-revenue water supply and illegal water network connections. For these challenges above to be  

http://www.rsisinternational.org/
https://rsisinternational.org/journals/ijrias
https://rsisinternational.org/journals/ijrias


Page 97 

www.rsisinternational.org 

INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN APPLIED SCIENCE (IJRIAS) 

ISSN No. 2454-6194 | DOI: 10.51584/IJRIAS |Volume IX Issue IV April 2024 

 
 

 

surmounted in any water supply managementsystem, the concern stakeholder should be proactive in 

planning and implementing water infrastructure investment and develop sound financial management and 

promote maintenance culture. Water network should be expanding along with city expansion, population 

growthand industrial development. Another option for improve urban water supply reliability recommended 

by this study is that, FCT, water board management should constitute inspection team that always update 

the appropriate authority concern in any issues that affecting the system and such issues should be given 

urgent attention. Improving water supply system is part of poverty alleviation; improve living standard and 

economic growth of a nation. 

2.4 Multiple Linear Regressions in Urban Water Supply Management 

The most widely used methods in water demand and water consumption literature is multiple linear 

regression techniques which have been used for both short-term and long-term water demand forecasting. 

Jefferson Wong et al., (2010), proposed a series of statistical models, including multiple linear regression to 

identify the structure of the daily urban water consumption series of Hong Kong; and to differentiate the 

effects of five factors on water use,  

i.e., trend, seasonality, climatic regression, calendar effect and auto regression. The study indicated that the 

major factors influencing the urban water use of Hong Kong is the seasonality, followed by the calendar 

effects. Haqueet al., (2013), developed multiple linear regression (MLR) and multiple non-linear regression 

(MNLR) models for the prediction of monthly water demand for single residential sector in the Blue 

Mountains Water Supply System, Australia. The results indicated that MLR performed better than MNLR 

in forecasting monthly water demand.Lahlou and Colyer (2000), forecasted water demand for residential, 

commercial and industrial sectors in Casablanca, Morocco by developing water demand forecast models 

using multiple regression techniques. 

Babel et al (2007), developed a multivariate regression model to forecast long-term domestic water 

demanding Kathmandu, Nepal.The results indicate that the number of connections, water pricing, public 

education level, and average annual rainfall are significant variables of domestic water use/demand. The 

paper further analyzes the effect of length of data series on accuracy of model results.  

According to Jan FraniklionAdamoniski (2009), peak daily water demand forecast is required for the cost-

effective and sustainable management and expansion of urban water supply infrastructure. In his study, he 

developed ANN, MLR and Time series analysis, by using 10 years of peak daily water demand data and 

meteorological variables.The relative performance of the compared models indicate that ANN approach 

perform better prediction of peak daily water demand than MLR and Time series. 

Balling R. C et al.,(2007), investigated the influence of climatic variables on annual water usein the city of 

phoenix, Arizona by regression analysis. Polebitski and Palmen (2009), developedregression models to 

forecast single family residential water demand at a bi-monthly timestep in Seattle, Washington. Shandras 

and Hossen Parandvash (2010), employed multipleregression analysis to measure the effects of land useon 

regional water demand. In literature, many approaches have been proposed to model urbanwater demand 

forecasting, urban water consumption, water quality etc. for the betterment ofwater resources management 

sector and the society at larger. However, no literatures areavailable addressing daily urban water supply 

using multiple linear regression analysistechniques. 

2.5 Multiple Non-linear Regressions in Urban Water Supply Management 

In respect to multiple linear regression analysis for urban water management system, there has been rather 

limited research on multiple non-linear regression modeling. Amed Abdulkadir et al.,(2012), propose 
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multiple non-linear regression model to determines the most suitable independent variable for forecasting 

the water demand in Adana City of Turkey, using water consumption as dependent variable while average 

monthly bill, total subscribership, atmospheric temperature, relative humidity, rainfall, global solar 

radiation, sunshine duration, wind speed and atmospheric pressure were selected as independent variables to 

model water demand forecasting. Theresult indicates the significant independent variablesare total 

subscribers and atmospheric temperaturefor forecasting monthly water demand in Adana City of 

Turkey.Sumayahet al., (2018) developed ANN and Non-linear regression model to forecast the relationship 

between the water quality index of Euphrates River, using climate variables (temperature, relative humidity, 

and rainfall depth and sunshine duration). The result showed that non-linear regression models forecast the 

relationship between water quality index and the recorded climate variables than ANN models.  

They main goal of water Supply management system is to supply adequate portable water tocustomers. In 

order to achieve this goal, studying the daily urban water supply management isessential as it can help to 

assessing the progress or the deficiency of watersupply management operations system, short-term 

strategies and relevant implementationplan. Water resources management sector have been actively 

researched for many decades;however, there is a limite research in urban daily water supply management; 

thedevelopment of a reliable urban water supply management model is still a challenge as someof its 

variables are difficult to measure.  

MATERIALS AND METHODS 

3.1    The Study Area 

Abuja, the Federal Capital City (FCC) of Nigeria located in the center of the country within the federal 

capital territory (FCT) was created 1976, replaced the city of Lagos as capital city of Nigeria on 12 October 

1991. It has a land area of 8,000-kilometer squares. According to 2006 census, it has a population of 

1,406,239 made of 733,172 and 673,067 males and females respectively. According to United Nation (UN) 

Babagana Abubakar (2020), the population of Abuja grew by 139.7% between 2000 and 2010, making it the 

fastest growing city in the world. As of 2015 united nation population urbanization prospect UNPUP 

(2015), most areas of the city are still experiencing an annual growth of at least 35% retaining its position as 

the fastest growing city on the continent of African and one of the fastest growing cities in the world. 

 

Figure 2.MAP of FCT, Abuja Nigeria 

Source: Google Map. 
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The FCT water supply system was designed for population of 3.2 million people (IPA 1997), and its water 

treatment plant when completed will produce 1440 million liters of water per day (MLD) (FCTWB, 2000). 

The work of COHRE (2008) cited by Ita Enang et al., (2016), described that in federal capital territory 

(FCT), Abuja Nigeria, dominant percentage of lower-class workforce live outside the FCTWB existing 

water network, and depend on borehole or tanker for water. The demand on the water supply system has 

exceeded its initial design population, and the system is incomplete and operating with only 720 million liter 

of water per day (MLD) function plant (Ali, 2012).  

3.2 Data Collection 

The data used for this study were secondary data. The data include Daily water supply, Daily water 

production, Daily water treated, Daily water leakage, Number of households connected to FCTWB water 

network on monthly bases, Commercial area connected to FCTWB water network on monthly base covers 

2013 - 2020 obtained from the Federal Capital Territory (FCT), Abuja Water Board Corporation while the 

yearly estimated population of FCT, Abuja for 2013 - 2020 were obtained from Nigeria National Population 

Commission (NNPC). 

METHODS 

3.3.1Artificial neural network (ANN) 

Artificial neural networks (ANN) are branches of the field ofArtificial intelligence (AI) which may also 

consist of fuzzy logic (FL) and Genetic Algorithms (GA). It is an information processing system which is 

inspired by models of biological neuron (S.N Sivanandamet al.,2008). It is based on the basic model of the 

human brain with the capacity of Generalization and Learning.By definition, Artificial Neural Network are 

biologically machine programs designed to model the function of human brain system of interconnected 

processing of Artificial Neuron. A human brain consists of neurons that process and transmit information 

between them. There are dendrites that receive inputs, and these inputs produce an output through an axon 

to another neuron(Anirudh et al.,2018).ANN can be described as a network of simple processing nodes or 

neurons, inter-connected to each other in a specific order, performing simple numerical manipulations. 

ANN has gained a lot of interest over the few years as a powerful tool to solve many real-world problems. A 

Neural Network (NN) is a powerful tool that is able to capture and represent complex input/output 

relationships. The true power and advantage of neural networks lies in their ability to represent both linear 

and non-linear relationships and ability to learn these relationships directly from the data being modeled. 

The purpose of the neural network (NN) is to create a model that correctly maps the input to the output 

using historical data so that the model can then be used to produce the output when the desired output is 

unknown. 

ANN can be used to predict future values of possibly noisy multivariate time series based on past historical 

data. It has become popular in the last decade for hydrological forecasting, ground water and precipitation 

forecasting and water quality users (Kisi, 2004,Shaoo, 2005, Adamowski, 2007).Neural network 

characteristics can be defined by its three components: architecture, learning algorithm and activation 

function (Ali et al, 2000). 

3.3.2 ANN Architecture  

ANN Architecture consist of layers of inter-connected neurons, “as show in figure 3.1  

A ‘neuron’ in neural network (NN) is sometime called a node or unit; all these terms mean the same thing 

and can be used interchangeably. One class of ANN Architecture is the feed forward network. It consists of 

layer of input units, and one more layer of hidden units, and one or more output layer of units. A neural 
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network that has no hidden unit is called perceptron. However, a perceptron can only represent linear 

functions, it is not power enough to solve a complex problem. On other hand, a multilayer feed forward 

neural network can represent a very broad set of non-linear function. This structure is   called multilayer 

because it has a layer of processing units (i, e. the hidden units) in addition to the output units. According 

toHornik et al, (1989), Multilayer neural networks are capable of modeling highly non-linear relationship 

and can be trained to accurately generalize, when presented with new unseen data. In feed forward neural 

network the output from one layer of neurons feed forward into the next layer of neurons. There are never 

any backward connections, and connections never skip a layer. This mean that unit at one layer are 

connected with all units at next layer.  So, this mean that all the inputs unit are connected to all the units in 

the layer of hidden units, and the units in the hidden layer are connected to all the output units. 

According to Mukesh Khare et al, (2006), determining the number of input neurons and output neurons 

depend on the problem specific. However, determining the number of hidden neurons is based on training 

algorithm. The interconnections between ‘neurons’ are controlled by the training algorithm and the nature of 

the problem. If number of neurons in the hidden layer is too small, the network may not be powerful enough 

to bring out the desired requirements. On other hand, large number of hidden units can cause very long 

training and recalling time(Lynne E. Parker, 2010). In this study we employed feed forward network (ANN) 

Algorithm. 

 

Figure 3. ANN feed forward architecture with one hidden layer 

3.3.3 Neural Network Learning process 

The primary significance of a neural network is its ability to Learn from its environment. Leaning is a 

process by which the free parameters of a neural network are adapted through a continuous process of 

stimulation by the environment. The type of learning is determined by the manner in which the parameter 

changes take place. 

3.3.4 Feed forward Neural Network (FFN) 

The most widely used ANN structure is the multi-layer and the feed forward networks (FFN). It has an input 

layer, hidden layer(s) and an output layer. Information passes one way from input to output. Each neuron is 

connected to all the neurons of the next layer. The neuron in one layer is only connected to the immediate 

next layer. The input layer received information and processed and passed on to the hidden layer where it is 

http://www.rsisinternational.org/
https://rsisinternational.org/journals/ijrias
https://rsisinternational.org/journals/ijrias


Page 101 

www.rsisinternational.org 

INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN APPLIED SCIENCE (IJRIAS) 

ISSN No. 2454-6194 | DOI: 10.51584/IJRIAS |Volume IX Issue IV April 2024 

 
 

 

further processed and passed on to the output layer. The statistical form of the three-layer feed forward 

ANN is given as (Ozbek and Fidan,2009). 

Ok   =g2[∑ Vj Wkjg1 (WjiXi + Wj0) + wk0](3.1) 

Where: 

Xi = the input value to node i of input layer, 

Vj = is the hidden value to node j of the hidden layer and, 

 O = is the output at node k of the output layer. 

Wji = controls the strength of the connection between input node i and hidden node j 

WKj = control the strength of the connection between the hidden node j and the output node k 

g1 and g2 = represent the activation function for the hidden layer and the output layer respectively. The 

activation function is typically a continuous and bounded non-linear transfer function for which the sigmoid 

and hyperbolic tangent function is usually selected (Ozbek andFidan, 2009). The sigmoid activation 

function is among the most used and output of network will be between 0 and 1. The neuron sigmoid 

activation function can be expressed as: 

Sigmoid(y) =   
1

1+exp( −𝑥)
  (3.2) 

At the hidden node, we apply the sigmoid function to the weighted sum of the input to the hidden node, so 

we get the output of the hidden node Zh is: 

Zh = Sigmoid (∑ Whjxj
H
j )

1

1+exp − ∑ Whjxj
H
j

  (3.3) 

for h going from I to H, where H is the total number of hidden nodes. 

Now, we can do the similar computation for the output nodes. The difference is in the method used to 

compute our output depends on whether we have one output unit or multiple output units.  

3.3.5 Multiple Linear Regression Model (MLR) 

Regression analysis is the process of estimating value of dependent variable on the basis of explanatory 

variable/s (Kinney et al, 2002).Regression analysis has evolved into many different forms, including linear 

and nonlinear regression and parametric and non-parametric regression.  

Multiple linear regression (MLR) is an extension of simple linear regression for modeling and investigating 

the relationship between a response or dependent variable of interest Y and a set of predictors or 

explanatory variables arex1, x2, ------, xp, The assumption of the model is that, the relationship between 

dependent variable Y and the P vectors of regression𝒳𝑖 is linear. Then the regression equation of Y can be 

represented as: 

Y= β0 + β1x1+ β2x2 +----------- + βpxP + ẹ    (3.4) 

Where: 
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Y  =  dependent variable (output 

xi =  independent variables (inputs) 

P  =  number of observations  

βi  =  regression coefficients or regression parameter. 

and 

e=an error team to account for the difference between the predicted data 

The predicted value form of equation (3.4) is; 

𝑌 ̂=   β̂0+ β̂1x1+ β̂2x2 + -----   + β̂pxP+εi    (3.5) 

Where 𝑌̂= predicted value of the variable Y when the independent variables are represented by the 

values x1, x2,-------,xp. 

3.3.6 Estimation 

Once the appropriate functional form is decided, the parameters of the daily water supply model must 

be estimated. A description of the estimation methods for the model parameters is provided in this 

section. 

3.3.7 Ordinary least squares estimate of the multiple regression model 

Let us consider the linear model in eq. (1) 

𝑦𝑡 = β0+β1x1+β2x2+----------+βKxk+εi   (3.6) 

where the notations are defined in section (3.1). Equation(3.1) can be  

re-written in the matrix form:       y = xβ+ε 

The OLS estimates of the parameters 𝑦̂ = (𝛽̂0𝛽̂1…….𝛽̂k)’ in (3.1) are values which minimize the Residual 

sum of (RSS): 

                 RSS =∑ (yi − ŷi)
n
i=1

2 = ∑ (yi − β̂0 − ∑ β̂kxki
K
k=1 )n

i=1
2(3.7)  

The total sum of square is defined as:SStot =∑ (yi − y̅i)
n
i=1

2. With RSS and SStot defined above, the following 

relationship holds:SStot = SSreg + RSS, where SSreg is the regression sum of squares: SSreg =∑ (ŷi −n
i=1

y̅i) ,the coefficient estimate β̂ can be obtained by minimizing the quantity above as: 

𝛽̂= (x’x)-1xTy (3.8) 

Assuming thatcov(ε)=δ21, the covariance matrix of β̂ is Cov(β̂)=δ2(xTx)-1, estimatedas:Cov̂(β̂) =
RSS

T−K−I
(xTx)-1  

and Fα (1, T−K−1)-statistic for the hypothesis βk = 0 is calculated as: 
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                       F= (
β̂k

SE(β̂k)
)2    (3.9) 

Where the standard error SE(β̂k) for any k=1, ----------, k is the square root of the corresponding diagonal 

element of Cov̂(β̂). 

3.3.8 Multiple Nonlinear Regressions 

In statistics, the multiple nonlinear regression (MNLR) analysis is a form of regression analysis in which the 

relationship between the dependent variable Yi and the independent variables xi are assumed to be 

nonlinear. Nonlinear regression can model observational data by function which is a nonlinear combination 

of the model parameters and depends on one or more independents variables. In this study multiple 

nonlinear regression model was used to analyze daily water supply data using the functions, linear, power, 

cubic, quadratic, logarithmic, and exponential to identify the best relationship. The following represents the 

multiple nonlinear regression equation (Ivakhnunko, 1970). 

Y=α+βixi+ β2xi+β3xi
2+β4xj

2+-------+βkxix(3.10) 

Where α is the intercept andβ0, β1, ---------, βkare the coefficient of the independent variables and k is the 

number of observations. 

3.3.9 Non-linear Least Squares 

To model the dynamic structure with several explanatory variables, the Levenberg-Marquardt algorithm 

(LMA) was used. As described by (Henri P. Gavin, 2016),the LMA interpolates between the Gauss-Newton 

algorithm (GNA) and the method of gradient descent. In the current setting, following the notations defined 

in the previous sections, the problem is defined in the following way: given a number T of observations of 

independent and dependent variables,(xi, yi),wherexi is a vector of length K, containing the K variable 

measurements corresponding to the observation of the dependent variable yithe objective is to optimize K 

parameters β = (β0, β1,………., βk)T of the model curve f(x,β) such that the sum of the squares of the 

deviations 

S (β)=∑ [yi − f(yi,β)]n
i=1

2   (3.11) 

is minimized. 

The three-model used in this study make use of the same variables of DWS as dependent variable and DWP, 

DWT, DWL, NHC, NCA, EP as independent variables. 

Table 1. Variable description 

Variable Name Type       Description 

Daily water supply (DWS). Dependent variable Variable to be forecasted 

Daily water production 

(DWP). 

Explanatory variable Untreated water from 

Reservoir 

Daily water treated (DWT). Explanatory variable Water treated by water treated 

plant before supply to 

consumers. 

Daily water leakage (DWL). Explanatory variable Water lost through the link 

pipes during the process of 
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supply to consumers, 

Number household connected 

to FCTWB (NHC). 

Explanatory variable Residential houses in FCT 

connected to FCT water 

cooperative on monthly basis 

Commercial area connected 

toFCTWB(NCA). 

Explanatory variable Government or private 

establishments in FCT 

connected to FCT water 

cooperation. 

Population of FCT, from 2013 

to 2020 (EP). 

Explanatory variable The resident of FCT, Abuja 

estimated population from 

2013 to 2020 

3.4 model performance evaluation criteria 

The performance of Statistical model can be assessed using several statistical measures that described the 

errors associated with the model.  After each of the model structure are calibrated, using the calibration and 

test data set, the performance of the model can be evaluated using these statistical measures of goodness of 

fit. The formulas of statistical measure of goodness of fit are as follow: 

3.4.1 Coefficient of determination (R2) 

The coefficient of determination (R2) measures the degree of correlation among the observed and predicted 

values. 

R2= 
n(∑ xy)−(∑ x)(∑ y)

√[n ∑ x2−(∑ x)2] [∑ y2  –(∑ y)2]
   (3.12) 

Where,  

x = actual value  

y = estimated value  

Value of r lies between -1 and +1. 

3.4.2Root Mean Square Error 

Root mean Square (RMSE) indicates the discrepancy between the observed and forecasted values. A perfect 

fit between observed and forecasted values would have a RMSE of 0. 

RMSE =√∑ (yi−  ŷi)2N
i=1

n
   (3.13) 

Where; 

ŷi= estimated value of yi, 

yi= actual value  

n = number of observations 
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3.4.3Mean Absolute Error 

The mean absolute error (MAE) is the measure of the average magnitude of the error in a set of predictions. 

The lower the value of MAE the better the model predicts the observed data.  

MAE =∑
|yi −   ŷi|

yi

n
i=1    (3.14) 

Where, 

ŷi= predicted value of yi, 

yi = the actual value,  

 n = number of observations. 

RESULTS AND DISCUSSION 

4.1 Artificial Neural Network model 

The data were divided into training and testing data set. January 2013 to December 2018 was used as 

training data set while January 2019 to December 2020 was used as testing data set. ANN architecture of (6: 

5:1) was design using R software version 4.1.3 to developed ANN model on daily water supply data (Figure 

4.1). This model consists of six variables as input, one hidden layer with five nodes or neurons and one 

output layer. The performance evaluation statistic testsi.e., RMSE and MAE were applied to estimate and 

check the applicability of the trained ANN model on daily water supply data. This procedure is applied to 

trained ANN model on daily supply until it gives the best prediction performance on the ‘test data set’. After 

several experimentation, the best RMSE and MAE values are found for the model parameters𝜂 = 0.001 and 

µ = 0.4 with 700 epochs. 

The main objective of ANN Model is to optimize the architecture of the ANN that relate the relationship 

between the input and output variables.Figure 4.1 shows the feed forward ANN model on daily water 

supply, with six neurons in the input layer, five neurons in the single hidden layer and one neuron in the 

output layer. 

 

Figure 3. Feedforward ANN Architectureondaily water supply data set. 
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The table2. shows the weight values of ANN model on daily water supply data with number of neurons in 

the hidden layers. The significant weights among the six input variables are DWP and DWT.As a result of 

several experiments, a fully connected feed forward neural network with six neurons in the input layer, five 

neurons in the single hidden layer and one neuron in the output layer, shows satisfactory prediction pattern 

in ‘test data set. 

Table2. Weights values and number of nodes to Hidden Layer of ANN model on daily water supply data. 

Number 

nodes in the 

hidden layer 

    W0 

(Constant) 

Weight 

(DWP) 

Weight 

(DWT) 

Weight  

(DWL) 

Weight 

(NDH) 

Weight  

(NCP) 

Weight  

(EP) 

1 0.4020 -0.7317 0.8304 -1.2081 1.4412 -1.0479 -1.0158 

2 0.4119 -0.3811 0.4094 1.6889 0.3309 1.5866 -2.2852 

3 2.4977 0.6671 0.5413 -0.0134 -0.1644 0.5101 0.4207 

4 -0.4002 -1.3702 0.9878 1.5197 -1.2532 -0.3087 0.6422 

5 -0.0447 -1.7332 0.0021 -0.6303 -1.1565 -0.3409 1.8031 

The performance evaluation statistictest on ANN model todaily water supply data with five neurons in the 

hidden layer had a test coefficient of determination (𝑅2 = 0.921), (RMSE = 432.4321), and (MAE = 

549.444). The high values of RMSE and MAE indicate that the ANN model over forecast the daily water 

supply by FCTWB, Abuja.Figure 4 shows the Comparison of forecasted versus observed daily water supply 

using ANN model on daily water supply data. And table 2depicts the forecast volume of daily water supply 

in cubic with 99% CI lower and upper limit on yearly basis. 

 

Figure 4.Comparison of forecasted versus observed daily water supply using ANN models. 
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Table 2. Eight years forecasted daily water supplyvolume byANN model on yearly basis. 

Year Forecast value                            99%CI 

Lower limit Upper limit 

1 
9425425.5 8130177.4 10996525.5 

2 9653271.3 8342973.2 11614971.4 

3 9048372.5 7989053.6 10697787.3 

4 8956952.7 6351990.3 9531824.7 

5 7025715.3 5356967.5 9301101.6 

6 
7887017.4 5939513.0 8397562.3 

7 5726305.2 4736784.8 6927464.5 

8 
5641280.1 3966507.8 6844618.6 

4.2Multiple linear regression models on daily water supply data. 

The MLR model on daily water supply data were analyzed, tested base on different series of independent 

variables (input) and dependent variable (output). The estimated values are given as; 

DWS=-4.797-6.052(DWP) +1.000(DWT) -1.000(DWL) -3.672(NH) + 1.888(NC) + 3.638(Ep) 

Table 4.Estimated MLR model on daily water supplies data. 

 Estimate Standard error t-value p-value 

Intercept -4.797 2.708 -1.772 0.327 

DWP -6.052 5.991 -1.010 0.497 

DWT 1.000 8.456 1.183 0.000538 

DWL -1.000 4.198 -2.382 0.000267 

NH -3.672 3.173 -1.157 0.454 

NC 1.888 1.132 1.668 0.344 

EP 3.638 2.047 1.77 0.326 

Thedata were first trained using the data in the training set (January 2013 to December 2018) (70%), and 

then tested using the testing data set (January 2019 to December 2020) (30%). The table 4shows 

theestimated values of MLR model on daily water supply data. 
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Figure 5. Comparison of forecasted versus observed daily water supply using MLR models. 

The result indicate that all the predictor variables considered in this study were not significantly contributed 

to the volume of daily water supply in the study area during the period under considerations with exception 

of DWT and DWL that are significant at both 1% and 5% level of significance.  

Table 5. Forecasteddaily water supply volume by MLR model on yearly basis. 

Year Forecast                           99%CI 

Lower limit Upper limit 

1 9368666.8 8816806.6 10931686.6 

2 9956451.5 8373964.5 10346964.5 

3 10,226,958 9027269.5 12542269.5 

4 8709019.3   6981001.9 9976501.9 

5 6768956.7 5366943.5 7764589.5 

6 7639702.5 6635802.5 8638402.5 

7 5749695.4 4461095.4 6460395.4 

8 4875612.5 3674302.5 5954312.5 

The performance evaluation statistics test onMLRmodel had a test coefficient of determination (𝑅2 = 1.000), 

(RMSE = 0.00282), and (MAE = 6.540). The lower RMSE and MAE values in MLR model indicate 

perfectforecast of daily water supply by FCTWB, Abuja. Figure 5 shows the Comparison of forecasted 

versus observed daily water supply data. And table 5depicts the forecast volume of daily water supply in 

cubic with 99% CI lower and upper limit on yearly basis. 

4.3Multiple Nonlinear regression (MNLR) models on daily water supply data 

Theestimated value of MNLR modelapplied to six independent variables and one dependent variable data 

on daily water supply in FCT, Abuja, is as follow: 

DWS = 1.933 + 6.843(DWP3) + 1.114 (DWT2) -4.234(DWL) + 1.433(NH3) -2.153(NC2) -2.029 (EP). 
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Table 6Estimated valuesof MNLRmodel on daily water supply data. 

 Estimate Standard error t-value p-value 

Intercept 1.933 9.407 2.055 0.288 

DWP 6.843 1.343 0.510 0.020 

DWT 1.114 3.179 0.350 0.315 

DWLs -4.234 2.689 -1.575 0.030 

NCP 1.433 8.778 1.632 0.350 

NDH -2.153 1.364 -1.578 0.360 

EP -2.029 1.187 -1.708 0.337 

The model wastrained using training data set of data from January 2013 to December 2018(70%) and 

testing data from January 2019 to December 2020(30%). Table6 shows the statistics result of MNLR model 

on daily water supply data.The result indicate that all the predictorvariables considered in this study only 

DWP and DWL are significantly contributed to the volume of daily water supply in the study area during 

the period under considerations at both 1% and 5% level of significance.  

 

Figure 6.Comparison of forecasted versus observed daily water supply usingMNLR model. 

Table 7. Forecasteddaily water supply volume in FCT, Abuja by MNLR model on yearly basis. 

Year Forecast value                          99%CI 

Lower limit Upper limit 

1  91265615.9 8092638.6 11095932.9 

2 9574602.2 7956766.6 10542437.9 

3 10891973.7 9543227.4 12760719.5 

4 8765989.8 6965856.7 9765422.8 
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5 6706478.7 5761906.5 7571050.9 

6 7585424.5 6849732.5 8065697.5 

7 5754695.9 3965704.7 6833687.9 

8 4967875.9 3783944.7 5943559.4 

The performance evaluation statistic test on MNLRmodel had a test coefficient of determination (𝑅2= 

0.999), (RMSE = 806.687), and (MAE = 666.421). The higher RMSE and MAE values in MNLR model 

indicate that the MNLR model has under-forecastsome days of daily water supply by FCTWB, Abuja. 

Figure 6 shows the Comparison of forecasted versus observed daily water supply using MNLRmodel on 

daily water supply data. And table 7depicts the forecast volume of yearly water supply in cubic with 99% CI 

lower and upper limit on yearly basis. Initially the forecast supposed to be daily volume of water supply, but 

we convert it to yearly volume of water supply due to voluminous number of days considered in the forecast 

model. 

4.4 Comparative performance of ANN, MLR and MNLR models  

The three models were compared to evaluate the relative performance of each model techniques considered 

in this study. The statistical measures of goodness of fit were calculated from each model employed and 

their results are presented in Table 7. Each of the models have two variables that are significant both at 0.01 

and 0.05 level. The variables from each model are; ANN is DWP and DWT, MLR is DWT and DWL and 

MNLR is DWP and DWL. These variables are the influencing factors on the FCTWB Corporation, Abuja 

daily water supply. 

Table 3, 5, and 7 shows the forecasted volume of water supply by FCTWB Corporation, Abuja on yearly 

basis for the forecasting period considered in this study using ANN, MLR and MNLR models. The 

forecasted of daily water supply values was converted to yearly water supply values due to the voluminous 

number of days considered in this study 

Figure 4 to 6 compare the observed daily water supply in FCT, Abuja with the forecasted daily water supply 

during the test period using AAN, MLR, and MNLR models, respectively. It can be seen that AAN model 

over-forecast some days volume of water supplied by FCTWB, Abuja within the period considered in this 

study, MLR provide the closest estimates to the corresponding observed daily water supply during most of 

the day’s volume of water supplied periods while MNLR model under-forecastsome days volume of water 

supplied periods. 

Table 8. Performance Evaluation Statistics 

Model R2 RMSE MAE 

MLR 1.000 0.00282 6.540 

MNLR 0.999 806.6879 666.4221 

ANN 0.921 432.4321 549.444 

The results obtained from the best model for each model used for forecast daily water supply in FCT, Abuja 

are presented in Table 8, and the variables for the best model of each forecasting method are presented in 

Table 9. All the models were developed in the same way. It is quite clear that based on the performance 

statistical measures of goodness of fit, the MLR model outperformed the ANN and MNLR models, 
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recording the lowest RMSE and MAE statistics, while recording the highest R2 values. From figure 4 it is 

also indicated that ANN model outperformed MNLR model. 

Table 9.Influential factors variables 

Model Variables 

ANN DWP, DWT                        

MLR DWT, DWL 

MNLR DWP, DWL 

There is an existing visible trend in the daily water supply simulated forecasted values. All the models 

compared forecasted values showing downward trend. That is based on the forecasted results of this study 

the FCT, Abuja resident will experience shortage of daily water supply volume for the period of years 

considered in the study as the forecasted values fell in the neighborhood of 9368666.6 cubic in the first year 

2021 and 4875612.5 in the year 2028.Figure8 presented the simulated graph of actual daily water supplied 

and the estimated population of FCT, Abuja from 2013 to 2020.The water supply by FCTWB cooperation 

on daily basis showing downward trend while the yearly estimated population of FCT, Abuja from 2013 to 

2020 is showing upward trend which support the actual and forecasted value pattern of each of the model 

compared on daily water supply by FCTWB Corporation, Abuja. 

Looking at the variables that are significant to the three models comparedin this study, they are very 

sensitive to urban daily water supply management system. The DWT, which means daily water treated 

depend on the quantity of DWP, which mean daily raw water production and the treated water have to be 

distributed to the users, in that processif there are leak pipes, it will reduce the amount ofdaily water that 

would have beensupplied to consumers, which mean daily water leakage (DWL). 

 

Figure 7: Water scarcity events in FCT, Abuja. 

Source: (Premium Time by Nnanna Ibeh, 2013). 

Possible reasonsthe FCTWB, Corporation, Abuja daily water supply volume is showing downward trend 

could be due to some factors such as reservoir capacity, the functioning of treatment plants and the 

negligence of the management toward pipe leakage and other system maintenance. The quantity of daily 

raw water produced is greatly depending on the capacity of the reservoir, i.e., how much volumes of water 
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the reservoir can hold. And the quantity volumes of water treated depend on the quantity of raw water 

produced if the treatment plants are functioning well. 

 

Figure 8: Actual observed daily water supply versus FCT, Abuja estimated population from 2013 to 2020. 

The study of how every system of FCTWB, corporationAbuja functions is not our major target in this study. 

Our target is to measures the volumes of daily water supplied to the resident of FCT, Abuja by the existing 

water corporation system and to forecast the future volume of daily water supply to the resident of FCT, 

Abuja by the same existing water corporation system and recommend base on our finding. 

CONCLUSIONS 

The motivation for this study was also to investigate some issues that have not been investigated in the 

literature concerning urban daily water supply. From the results of this study, the following conclusions 

were made;(1) the use of MLR in forecasting daily water supply in an urban  area of high outdoor and 

indoor water used is greatly better than ANN and MNLR models;(2) urban daily water supply is very much 

correlated with daily raw water produced (DWP), daily water treated(DWT), and daily water 

leakage(DWL); (3) adding number of domestic household connected to FCTWB water network (NH) and 

number of commercial area connected to FCTWB water network (NC)  and  2013 to 2020 yearly estimated 

population (EP) does not contribute much to the models accuracy. 

With reference to the main aims of this study and the finding, itcan be also concluded that: (i) it was 

determined that the use of DWP, DWT, and DWL as independent variables to multiple linear regression 

(MLR)models help provide very accurate forecasts of urban daily water supply. (ii) The result of this study 

indicates that the multiple linear regression (MLR) is the most adequate model for the observed data and 

best in modeling urban daily water supply compared to other models.(iii)Considering water as scarce 

commodity require effective planning and management which require good forecasts of the future 

watersupply. Base on the eight years forecasts,our models have depicteddownward trend of daily water 

supply in FCT,Abuja by FCTWB Corporation. Due to its present daily water supply, there is need to 

forecast future daily water supply volume in order to forestall reoccurrence of water scarcity with 

Government plan for intervention in urban water supply management. For ensuring adequate daily water 

supplies in urban cities; reservoirs must retain as much water as possible, treatment plant must be 
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functioning, pipe leakage should be controlled, and water network connection should be consistent along 

with city expansion. It has been observed that the basic standard of living of any country can be determine 

through the effective portable water supply for consumption, sanitation and hygiene for the citizen. We use 

figure 7 and 8 of this study to drawn attention of the Federal Minister of FCT, Abuja and the FCTWB 

Corporation to take a proactive measure in addressing water scarcity in FCT, Abuja. 

RECOMMENDATIONS 

Base on the research finding, the following recommendations were made to achieve urban daily water 

supply. 

i. The Federal Capital TerritoryWaterBoard (FCTWB) Corporation should make use of multiple linear 

regressions model in determining the daily water supply levels to the domestic household and 

commercial area of FCT, Abuja. 

ii. The forecasted daily water supply levels using the above model could be greatly help the federal 

capital territory water board corporation in its management and operational activities. 

iii. Forecast is very importantin every system, as well as in urban daily water management as it gives 

insight to the behavior of the information modeled for effective management and planning. 

iv. If there will be available data, a new MLR model should be developed in order to study the influence 

of other factors on urban daily water supply sustainability, such as DAM strength, reservoir capacity, 

and daily water flow rate. 

v. For effective water supply coverage in federal capital territory (FCT), Abuja, there should be need 

for enforceable water legislation, building of institutions and policies related to urban water supply 

planning, development,management, and imbibe maintenance culture. 

vi. The federal capital Territory water Board (FCTWB) Corporationshould put in effective and efficient 

water production and supply strategies in Abuja since its population is steadily increase. 
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