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Abstract 

Solar energy powered systems are increasingly being implemented in different areas due to the 

advances in solar energy technologies. Some of the major areas for solar energy applications 

include solar water heating, solar electric power generation, and solar water pumping. Solar 

water pumping has become the most adopted solar energy technology in the last decade. It has 

been considered as an attractive way to provide water in remote areas. A major advantage of 

using solar water pumps is that they are naturally matched with solar irradiation since usually 

water demand is high in summer when solar irradiation has its maximum values. However, 

solar energy powered systems are weather dependent. In most cases, a solar energy source has 

to be combined with another energy source to form a hybrid system to overcome the demerits 

of using solar alone. 

This thesis provides the detailed design, modelling and analysis of an Artificial Intelligence 

(AI) based solar/diesel hybrid water pumping system. This research aims to develop an 

optimization model that uses AI techniques to maximize the solar energy output and manage 

the energy flow within the solar/diesel hybrid water pumping. Thus, the proposed system is 

composed of solar photovoltaic modules, battery bank, Variable Speed Diesel Generator 

(VSDG), Adaptive Neuro-Fuzzy Inference System (ANFIS) based Maximum Power Point 

Tracking (MPPT) controllers and an Energy Management Controller (EMC). The EMC, which 

is based on Fuzzy Logic (FL), is responsible for managing the flow of energy throughout the 

hybrid system to ensure an undisturbed power supply to the water pump. The PV array, battery 

bank, VSDG are all sized to power a 5Hp DC water pump and the ANFIS based MPPT 

controllers are proposed for improving the efficiency of PV modules. 

 The modelling of the system components is performed in the MATLAB/Simulink 

environment. For evaluation of the proposed system, several case scenarios were considered 

and simulated in the MATLAB/Simulink environment. The simulation results revealed the 

effectiveness of the proposed ANFIS based MPPT controllers since the controllers were able 

to extract maximum available power from PV modules for both steady-state and varying 

weather conditions. The proposed EMC demonstrated the successful management and control 

of the energy flow within the hybrid system with less dependency on the VSDG. The EMC 

was also able to regulate the charging and discharging of the battery bank. 
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1.0 INTRODUCTION. 

Renewable energy systems have attracted wide attention globally due to the growing concern 

for environmental conservation [1]. In 2019, the International Energy Agency (IEA) forecasted 

the global renewable energy capacity to expand by 50% between 2019 and 2024 [2]. This 

increase of 1200 GW is equivalent to the total installed power capacity of the United States 

today [2]. In the same context, South Africa, according to the Integrated Resource Plan (IRP 

2010), set a target of 17800 MW of renewable energy sources to be reached by 2030 [3]. From 

these statistics, it can be argued that the future is characterized by a mix of energy technologies 

with renewable energy sources such as solar and wind having a greater contribution to the new 

global energy economy. 

 

Figure 1: South Africa global horizontal irradiation map [4]. 

 Among the above stated renewable energy sources, solar is considered as one of the most 

attractive energy sources for electricity generation [5]. The interest in solar energy is growing 

worldwide due to the continuous price drop of both the Photovoltaic (PV) modules & solar 
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batteries and the advances in power electronic systems [6]. According to Gottsche and Hove 

[7], Zimbabwe has an annual average of 2100 peak sunshine hours, an equivalent of 

3100kW/m2 per annum. At the same time, most places in South Africa have an average of 2500 

peak sunshine hours per year giving an average solar irradiation level between 4.5 and 

6.5kWh/m2 in a single day as shown in Fig. 1 [8]. This high amount of horizontal radiation 

makes it suitable to harness solar energy cost-effectively in the Southern African region.  

Solar energy powered systems are increasingly being implemented in different areas due to the 

advances in solar energy technologies. Some of the major areas for solar energy applications 

include solar water heating, solar electric power generation, and solar water pumping. Solar 

water pumping has become a widely adopted solar energy technology in the last decade [9]. It 

has been considered as an attractive means of providing water in remote areas. However, solar 

energy powered systems are weather dependent. In most cases, a solar energy source has to be 

combined with another energy source to form a hybrid system to overcome the demerits of 

using solar alone [10]. This dissertation proposes the development of a solar/diesel hybrid 

water pumping system that uses Artificial Intelligence (AI) techniques to maximize solar 

energy output as well as managing the energy flow within the hybrid system. 

1.1 OVERVIEW OF HYBRID RENEWABLE ENERGY SYSTEMS  

With the fast growth of the renewable energy market, the idea of combining different power 

sources to form Hybrid Renewable Energy Systems (HRES) has received more attraction 

worldwide [11]. HRES can be defined as a combination of two or more renewable energy 

sources or a combination of renewable energy sources and conventional energy sources [12]. 

HRES offer attractive configurations in remote areas for applications such as water pumping, 

electrification, lighting, and powering telecommunication systems [13].   An important feature 

of HRES is that they combine different power technologies to get efficiencies higher than what 

could be attained using a single power source [14-16]. It has been demonstrated that HRES 

significantly reduce the total life cycle costs as compared to stand-alone power supplies, and 

they provide a more reliable energy supply through the involvement of different energy sources 

[17].  
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Figure 2: PV/diesel hybrid system [18]. 

 One of the common hybrid renewable energy systems is a solar/diesel hybrid system shown 

in Fig. 2. A solar/diesel hybrid system combines the energy from the PV modules with that 

from the diesel generator to power the load. The PV system may or not include the battery bank 

but the use of a battery bank is advisable to enhance power stability in the system [19]. In a 

solar/diesel hybrid system, a diesel generator is used to regularly fill up the gap between the 

power generated by the PV system and the system load [20]. According to the studies, 

solar/diesel hybrid systems have been developed and successfully implemented in islands such 

as in Thailand [21-23] and Maldives [24-27]. Another common example of HRES is a 

wind/solar hybrid system. A wind/solar hybrid system is mainly comprised of wind turbines, 

solar panels, controllers, batteries and a backup generator for some instances. In [28-32] 

wind/solar hybrid systems were proposed and studied for different applications like rural 

electrification and water pumping. Currently, in South Africa, there are two pilot wind/solar 

hybrid systems in the Eastern Cape [33]. One of them is the Hluleka hybrid mini-grid which 

consists of three shells solar PV module arrays (56 × 100W), two 2.5 kW wind generators, and 

a diesel generator for backup supply to give a total power of 10.6 kW. The second one is the 

Lucingweni hybrid system that consists of 36 kW wind generators, 50 kW PV panels, and a 

backup diesel generator serving 220 houses in the Eastern Cape. The data is being collected 

from these pilot hybrid systems to investigate their feasibility.  
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Figure 3:Hluleka hybrid mini-grid system [33]. 

The main concern when dealing with HRES is the stochastic nature of wind and solar energy 

resources. The power output variation from these renewable energy sources leads to system 

instability and poor power quality which is not common in conventional power systems.  Thus, 

the optimum design and sizing of the components of HRES are of prime importance for their 

economic and technical feasibility. Because of the complexity of the HRES, several 

optimization tools have been developed and applied in the design of these hybrid systems [34]. 

These optimization methods include classical, soft computing as well as hybrid techniques. 

Classical optimization techniques find optimum solutions by differentiating the continuous 

objective function of a problem being solved. Examples of widely used classical techniques for 

optimizing HRES are the Linear Programming Model (LPM), the Dynamic Programming 

(DP), and the Non-Linear Programming model (NLP). These classical optimization models 

have been incorporated in some HRES modelling packages such as the Hybrid Optimization 

Model for Electric Renewables (HOMER), the Linear, Interactive and Discrete Optimizer 

(LINDO), and the General Algebraic Modelling System (GAMS). In [35] the linear 

programming model in the GAMS software was proposed to find the optimum configuration 

of power supply from a mix of several renewable energy sources. The NLP and the DP have 

also been utilized for HRES optimization in the studies found in [36, 37] respectively. 

However, for applications where the objective functions are not differentiable or continuous, 

classical methods have limited capabilities. With the rise of Artificial Intelligence (AI), several 

soft computing optimization techniques have emerged for solving complex and non-linear 
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objective functions [38]. These AI techniques include Fuzzy Logic (FL), Artificial Neural 

Networks (ANN), Genetic Algorithms (GA), and Particle Swarm Optimization (PSO). The 

literature reports voluminous research where AI techniques offer better results over classical 

methods in the design, sizing, control, and optimization of HRES. Fuzzy logic was utilized for 

the optimum power management of HRES in [39-41], ANNs were used in [42, 43] for 

forecasting solar and wind energy for optimum sizing of HRES and GAs were adopted for the 

design of an optimized hybrid renewable energy system in [44, 45]. 

1.2 PROBLEM STATEMENT AND JUSTIFICATION. 

Many remote areas in developing countries lack the supply of electricity due to the poor 

distribution of grid electricity and the unavailability of financial resources to support grid 

extension [19]. For irrigation, people from these areas mainly use diesel or petrol powered 

water pumps.  The use of diesel water pumps has many negative environmental impacts like 

the emission of carbon dioxide which leads to global warming and noise pollution [46]. 

Remarkably some of these areas are rich in solar radiation energy which is enough to power 

water pumps. Solar energy has many benefits such as being environmentally friendly and 

abundant in nature [47]. However, solar energy is weather dependent, for example, if it goes 

for some days without sunlight farmers can have a challenge when they need to water their 

crops. For the smooth running of the water pumps at the farm, it is therefore difficult to throw 

away diesel-powered water pumps, hence, the need to integrate solar and diesel energy sources 

to form a hybrid system is an excellent option. Because of the unpredictable nature of solar 

energy, the only challenge when dealing with solar HRES is the management and control of 

energy distribution. It is therefore essential to manage the flow of energy throughout the hybrid 

system to ensure an undisturbed power supply to the water pump. This research project 

proposes a solar/diesel hybrid water pumping system for a 10-hectare irrigation scheme located 

in Chiredzi, Zimbabwe. The hybrid system consists of a Variable Speed Diesel Generator 

(VSDG), PV modules, a battery bank, MPPT charge controllers, energy management controller 

and a water pump. The VSDG is proposed in this research work to ensure maximum solar 

energy penetration in a hybrid system since the VSDG has a wider operating range as compared 

to constant speed generators. 

This research project aims to address the following problems: 
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 High emission of greenhouse gases – stand-alone diesel water pumps cause high 

emissions of greenhouse gases. An increase in greenhouse gases results in the 

greenhouse effect which ultimately leads to global warming. 

 High maintenance costs – stand-alone diesel water pumps have many moving parts 

and they have to be serviced regularly to reduce failures and downtimes. These costs 

include servicing costs and costs for new parts. 

 High operational costs – these are the costs of running the pump. These include costs 

for fuel, oil, and others. 

 Power stability issues – power instability issues are very common in HRES. They are 

caused by the variation of the energy generated from PV modules due to changes in 

weather during the day. 

1.3 AIMS OF THE STUDY. 

This research aims to develop an optimization model that uses AI techniques to maximize solar 

energy output as well as managing the energy flow within the solar/diesel hybrid water 

pumping system. 

1.3.3 Objectives 

The main objectives of this project are: 

 To develop an optimization model that uses FL to manage the energy flow in a 

solar/diesel hybrid water pumping system. 

 To design and model Adaptive Neuro-Fuzzy Inference System (ANFIS) based 

Maximum Power Point Tracking (MPPT) controllers for maximizing the solar energy 

output of PV modules. 

 To size up the PV array, the battery bank and the VSDG to power a 5Hp water pumping 

system. 

 To come up with a digital model of the whole system focusing on the control system. 

1.4 PROJECT METHODOLOGY 

To fulfil the objectives of this research, the following methodology was used: 

 Literature review: The literature related to solar photovoltaic systems, AI techniques, 

diesel generators, solar water pumping systems, maximum power point tracking 
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techniques and different control strategies used in HRES was reviewed. The review 

helps one to understand the previous studies by other researchers on the same topic. 

 System modelling: The models of the components of the solar/diesel hybrid water 

pumping system were developed after reviewing previous studies. The models were 

developed and implemented in MATLAB/Simulink environment. 

 Simulation of models: The developed models were simulated using MATLAB tools 

to study the dynamic behaviour of the proposed system. 

 Assessment and results analysis: After simulations, several case studies were 

considered to analyze the performance of the proposed hybrid system. The conclusion 

was drawn from this analysis. 
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2.0 LITERATURE REVIEW 

2.1 HISTORY OF ARTIFICIAL INTELLIGENCE 

Research in the field of artificial intelligence (AI) has a long tradition and it is very difficult to 

pinpoint its roots. [48]. However, in 1950, Alan Turing published a paper titled “Computing 

Machinery and Intelligence”  which was coined as a major turning point in the history of AI 

[49]. The paper explained machine intelligence using the imitation game which involved a 

teletype conversation between a human being, a machine, and an interrogator. Afterwards, in 

1956, John McCarthy and others held the first workshop on Artificial Intelligence (AI) named 

the Dartmouth workshop and they declared the first use of the phrase “Artificial Intelligence” 

[50]. After the Dartmouth workshop, the field of AI received so much attention and several 

governments and institutes were interested in funding AI-related research. In the 1970s, the AI 

industry entered a phase described as “AI winter” when all AI activities declined dramatically 

[51]. The AI winter was caused by little progress in AI research than expected leading to 

funding cuts by governments and companies [52]. In the 1980s, AI research resumed with the 

introduction of “Expert Systems”, which were developed and quickly implemented by several 

corporates all around the World [53]. Expert systems are computer programs that aim to model 

human expertise to solve complex problems in one or more specific knowledge areas [54]. The 

field of AI experienced another major winter from 1987 to 1993 [55]. This was because expert 

systems computers were proven to be clumsy and slow as compared to desktop computers built 

by Apple and IBM [53]. After difficult times in the early 1990s, the AI industry finally 

recovered in the 2000s and this was all possible through the development of big data faster 

computers and advancements in AI techniques [56]. The AI research field is now big such that 

tracking the proliferation of the studies becomes a difficult task [57]. 

2.2 A REVIEW OF ARTIFICIAL INTELLIGENCE TECHNIQUES  

Human activities such as doing mathematics, driving a car, understanding human language, 

and decision making are said to require “intelligence” [58]. Over the past years, several 

computer programs have been developed to perform such tasks. For example, there are 

computer programs that can diagnose diseases, solve complex mathematical equations, 

recognize natural language, and analyze electrical circuits. Because of their capabilities, these 

computer systems might be said to have some degree of artificial intelligence. In general, the 

term artificial intelligence implies the ability of a machine or an artefact to perform tasks that 

characterize human thought [59]. AI has already changed our daily lives by improving safety, 
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human health, and industrial productivity. Real-life artificial intelligence-based systems 

examples include industrial robots, medical diagnostics machines, navigation systems, self-

driving cars, chat-box & digital assistants, video games, data mining systems. The literature 

reports a lot of AI techniques that can be used for solving complex problems. These techniques 

include genetic algorithms, fuzzy logic, heuristics and artificial neural networks to mention a 

few. This study will focus on two main AI techniques of interest that are going to be explained 

in the next section. 

2.2.1 Fuzzy logic 

Fuzzy logic (FL) was invented by Lotfi Zadeh in 1964 to address uncertainty and imprecision 

which widely exist in many real-life engineering problems [60]. FL mimics decision making 

in humans because it takes all possible intermediate values between “yes” and “no”. The 

inventor of FL, Lotfi Zadeh, discovered that decision making in human beings includes all the 

possibilities between digital “yes” and “no” which is unlike in computers [61]. 

A fuzzy logic system has four main parts: 

 Fuzzification Module – this module transforms crisp system inputs into fuzzy values 

using membership functions. 

 Knowledge-base – this stores the IF-THEN rules and acts as a database for information 

that describe the membership functions of the fuzzy set. 

 Inference Engine – it mimics human reasoning by making an inference on the system 

inputs and the fuzzy rules in the knowledge base. 

 Defuzzification Module – it converts a linguist variable from the inference engine into 

a crisp output number. 

 

Figure 4: A diagram showing the components of a fuzzy logic system [62]. 
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2.2.1.1 Fuzzy sets theory 

Fuzzy logic can be described as an extended multivalued logic but in a broader sense, it is 

centred on the fuzzy sets theory [63]. The theory of fuzzy sets explains the classes of objects 

with ambiguous boundaries where the membership is a matter of degree [64]. The basic concept 

underlying fuzzy logic is the use of linguistic variables to represent quantitative values [65]. 

Fig. 5 (a) shows a classical set A in the universe of discourse, 𝑋. Classical sets are characterized 

by crispy boundaries and this means there is no doubt about the position of the boundaries of 

the set [66]. For fuzzy sets, because of their ambiguous properties, they have vague boundaries 

as shown in Fig. 5(b).  

 

Figure 5: A diagram describing crisp sets and fuzzy sets [67]. 

Point 𝑎 in Fig. 5 (a) is with no doubts a member of a crisp set A and point 𝑏 is not a member 

of set A. Fig. 5 (b) shows the vagueness and ambiguous properties of the fuzzy set 𝐴 on the 

same universe of discourse. The shaded region in Fig. 5 (b) symbolizes the boundary of the 

fuzzy set  𝐴 where point 𝑎 is a full member of the fuzzy set. However, point 𝑐 which is located 

on the shaded boundary has an ambiguous membership. The point 𝑐 has some intermediate 

degree of membership thus it is partially the member of fuzzy set 𝐴 and this shows the 

ambiguity of fuzzy sets. 

The transition of elements from membership to non-membership in classical sets is well 

defined [68]. In fuzzy sets, this transition is gradual and characterized by various degrees of 

membership. Therefore, the membership of an element from the universe in a fuzzy set is 

dignified by a function that tries to explain vagueness and ambiguity. From these explanations, 

a fuzzy set can be then described as a set having elements with varying degrees of membership. 

Elements of a fuzzy set are mapped from linguistic variables to real numbered values using 

theoretic membership functions [69].  
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2.2.1.2 Fuzzy logic membership functions 

Fuzzy sets consist of membership functions that map elements to a membership value between 

0 and 1. Suppose 𝑋 is the universe of discourse and 𝑥 ∈ 𝑋, then the mapping of the fuzzy set 

𝐴 by the membership functions is represented as: 

 𝜇𝐴(𝑥): 𝑋 → [0,1] (1) 

Thus, for all 𝑥 ∈ 𝑋, 𝜇𝐴(𝑥) shows the extent the element 𝑥 belongs to a fuzzy set 𝐴. Membership 

functions are graphical representations that show the magnitude of participation of each input 

in a fuzzy set [70]. The following are the constraints that guide membership functions [71]: 

 The lower and upper boundaries of a membership function must be 0 and 1 respectively. 

 𝜇𝐴(𝑥) must be unique for every 𝑥 ∈ 𝑋. That is, one element cannot be mapped to 

different degrees of memberships in the same fuzzy set. 

Several membership functions can be used in fuzzy sets and these include: 

 Triangular functions, defined by: 

 

𝜇𝐴(𝑥) =

{
 
 

 
 

  

0                        𝑥 < 𝛼𝑚𝑖𝑛 
𝑥 − 𝛼𝑚𝑖𝑛
𝛽 − 𝛼𝑚𝑖𝑛

              𝑥 ∈ (𝛼𝑚𝑖𝑛, 𝛽)

𝛼𝑚𝑎𝑥 − 𝑥

𝛼𝑚𝑎𝑥 − 𝛽
              𝑥 ∈ (𝛽, 𝛼𝑚𝑎𝑥)

0                        𝑥 > 𝛼𝑚𝑎𝑥

 

(2) 

 Trapezoidal functions, defined by: 

 

𝜇𝐴(𝑥) =

{
 
 

 
 

  

0                     𝑥 ≤ 𝛼𝑚𝑖𝑛 
𝑥 − 𝛼𝑚𝑖𝑛
𝛽1 − 𝛼𝑚𝑖𝑛

           𝑥 ∈ (𝛼𝑚𝑖𝑛, 𝛽1)

𝛼𝑚𝑎𝑥 − 𝑥

𝛼𝑚𝑎𝑥 − 𝛽2
           𝑥 ∈ (𝛽2, 𝛼𝑚𝑎𝑥)

0                   𝑥 ≥ 𝛼𝑚𝑎𝑥

 

(3) 

 Ґ- membership function, defined as: 

 𝜇𝐴(𝑥) = {  
0                           𝑥 < 𝛼

1 − 𝑒𝛾(𝑥−𝛼)
2
      𝑥 > 𝛼

 
(4) 

 S – membership function, defined as: 
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𝜇𝐴(𝑥) =

{
  
 

  
 

0                                       𝑥 ≤ 𝛼𝑚𝑖𝑛

2 (
𝑥 − 𝛼𝑚𝑖𝑛

𝛼𝑚𝑎𝑥 − 𝛼𝑚𝑖𝑛
)
2

              𝑥 ∈ (𝛼𝑚𝑖𝑛, 𝛽)

1 − 2 (
𝑥 − 𝛼𝑚𝑖𝑛

𝛼𝑚𝑎𝑥 − 𝛼𝑚𝑖𝑛
)
2

        𝑥 ∈ (𝛽, 𝛼𝑚𝑎𝑥)

0                                         𝑥 ≥ 𝛼𝑚𝑎𝑥

 

(5) 

 Gaussian function, defined as: 

 𝜇𝐴(𝑥) = 𝑒
−𝛼(𝑥−𝛽)2 (6) 

 Exponential-like membership function, defined as: 

 
𝜇𝐴(𝑥) =

1

{1 +  𝛾(𝑥 − 𝛽)2}
                 𝛾 > 1 

(7) 

2.2.1.3 Fuzzy sets operations 

In classical set theory, binary logic operators are used to describe the behaviour of the set. 

Binary logic operators work properly for bivalent logic where there is a finite set of 

probabilities for each input but not in fuzzy logic. In fuzzy logic, the operators should be 

expressed as functions for all probable fuzzy values. Let 𝑋 be the universe of discourse, and 

let  𝐴 and 𝐵  be defined in the universe of discourse. For a given element 𝑥 over the domain 𝑋, 

the fuzzy logic operators defined for sets 𝐴 and  𝐵  are as follows: 

Union:            𝜇 𝐴𝑈𝐵  (𝑥) = 𝜇𝐴(𝑥)⋁𝜇𝐵(𝑥) (8) 

 

 

Figure 6: A diagram showing the union of two fuzzy sets [67]. 

Intersection:        μ AUB (x)=μA(x)⋀μB(x) (9) 
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Figure 7: A diagram showing the intersection of two fuzzy sets [67]. 

Compliment:                               𝜇 𝐴 (𝑥) = 1 − 𝜇𝐴(𝑥) (10) 

 

Figure 8: A diagram showing the complement of a fuzzy set [67]. 

2.2.2 Artificial neural networks 

An artificial neural network(ANN) is a mathematical method that tries to simulate how 

biological neural networks work [72]. Artificial neurons learn from previous or given examples 

so that if they encounter such a situation again in the future, they will be able to solve it. 

Depending on the problem to be solved, ANNs are good in some applications and lack in some 

others [73]. ANNs are good in tasks with incomplete data and for complex problems where 

humans usually give solutions on an intuition basis [74]. ANNs lack in applications that require 

high accuracy and precision for example problems involving arithmetic and logic.  

ANNs have been useful in various areas including the field of medicine, neurology, 

mathematics, engineering, economics, and meteorology [75]. They can be trained to forecast 

weather, navigate robotics movements, perform financial forecasts and for pattern and facial 

recognition [58]. 

2.2.2.1 Biological and artificial neurons 

ANNs are inspired by biological neurons and they are designed to simulate how the human 

brain operates [76]. The biological neural system is made up of three elements which are 
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receptors, a neural network, and effectors [77]. The receptors receive the information in the 

form of electrical impulses and pass it to the neural network. The neural network receives the 

stimuli and then processes the inputs to make a proper decision on the outputs [78]. The final 

stage consists of effectors that convert electrical impulses given by the neural network to give 

responses in the outside environment. The neural network is made up of four main elements 

which are the soma, axon, dendrite, and synapse. These elements are shown in the figure below.  

 

 

Figure 9: A diagram showing a biological neural network system [79]. 

 Soma/Cell body – it has a nucleus that controls all the activities. The soma is connected 

to the dendrites and the axon. Dendrites are responsible for bringing the information to 

the neuron and the axon directs the information to other neurons. 

 Axon – it is a longer part of the neuron and it transmits nerve impulses away from the 

neuron’s cell body. Therefore, the main task of the axon is to transmit information to 

other neurons. 

 Dendrites – these are structures on the neuron that receive electrical impulses for the 

neuron to become active. The electrical impulses come in two forms: excitatory & 

inhibitory.  

 Synapse – it is the part that allows a neuron to pass an electrical or chemical signal to 

other neurons. The transfer can be neuron to neuron or neuron to body cells. 

The first computational model of a neural network was developed by Warren McCulloch and 

Walter Pitts in 1943 [80]. The model was based on mathematics and algorithms to simulate the 

behaviour of a biological neuron. Their model calculated the weighted sum of the inputs to 

give the outputs as 0 or 1 depending on whether the sum is above or below a certain threshold.  
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𝑛𝑖(𝑡 + 1) = ∅(∑𝑤𝑖𝑗𝑛𝑗(𝑡) − 𝜇𝑖
𝑗

) 

(11) 

The equation above shows a McCulloch-Pitts neuron where 𝑛𝑖 is either 1 or 0 and it represents 

the state of the neuron as firing or not firing respectively. The step function or Heaviside 

function, ∅, is given by: 

 ∅(𝑥) = {
 1                   𝑖𝑓 𝑥 ≥ 0
 0               𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 
(12) 

The strengths of  the synapses connecting neurons 𝑗 and 𝑖 is represented by 𝑤𝑖𝑗 and 𝜇𝑖 

represents the threshold value for unit 𝑖. For the neuron to fire, the weighted sum of the inputs 

must be equal to or have exceeded this threshold value [81]. The McCulloch and Pitts neuron 

was capable of performing any computation an ordinary digital computer could perform for 

suitably chosen weights 𝑤𝑖𝑗. In 1949, Donald Hebb took the idea of the mathematical neural 

network proposed by Warren McCulloch and Walter Pitts further when he published a book 

named “The Organization of Behavior”. Thereafter, Frank Rosenblatt developed a 

“perceptron” model in 1958 [82]. This model was recognized as the first mathematical neural 

network for pattern recognition but was later disapproved by Marvin Minsky and Seymour 

Papert after they had found some irregularities with the proposed perceptron [83]. In 1975, 

Paul Werbos finally solved these problems by introducing the back-propagation learning 

technique. The back-propagation and gradient descent techniques form the backbone of today’s 

ANNs [84].  

 

Figure 10: A diagram showing an artificial neuron model [85]. 

Generally, an artificial neuron (AN) receives input signals from either the environment or other 

ANs, gathers the information and when fired, transmits the signal to other connected ANs as 

shown in Fig. 10 [71]. Each neuron is connected to the next neuron through adaptive synaptic 
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weights. The strength and firing of each AN are controlled by the activation function. The 

activation function also calculates the output signal of each AN before passing it to the next 

neuron. The commonly used activation functions include linear, sigmoid, step, hyperbolic 

tangent, and rectified linear unit (ReLU) functions [86].  A collection of several connected ANs 

creates an artificial neural network. The artificial neural network has three layers namely, the 

input, hidden, and output layers as shown in Fig. 11 [87]. The input layer receives information 

from the external environment but does not do any computations. The hidden layers receive 

the information from the input layer, perform computations and then pass the output layer. 

Finally, the output layer communicates with the user or external environment about the results. 

ANNs can store experiential data and make it available when needed [88]. ANNs resemble the 

human brain in two different aspects which are [87]: 

(a) They acquire knowledge through the learning process. 

(b) Synaptic weights, which are interneuron connections are used to store the knowledge. 

 

Figure 11: A diagram representing an artificial neural network [89]. 

Artificial neural networks operate like a " black box" in the sense that they don't need 

detailed information to perform their tasks [59].  The only important information to supply 

the neural network is the learning data sets. When training ANNs, the network is given an 

input to give an output. The network output is then compared to the desired or correct output 

and if there is a difference, the synaptic weights are adjusted in such a way that decreases 

the error [90]. The process of adjusting the weights and running through the inputs is 

repeated until the errors are within the desired tolerance. After the training has reached the 

desired level, the weights are then held constant and the network will be ready to be used 
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to make decisions and solving problems. Various algorithms can be used for achieving 

minimum errors in the shortest time possible. The suitability of these algorithms depends 

on the type of the problem to be solved. The most common learning algorithm is the back-

propagation technique which was introduced by Paul Werbos in 1974 [91]. The back-

propagation method is a gradient descent algorithm that improves the performance of the 

neural network by adjusting the weights along its gradient [92]. Using this method, the 

error 𝐸, is calculated by the root-mean-square (RMS) value as [93]: 

 
𝐸 = √ 

∑  (𝑡𝑖−𝑜𝑖) 
2 𝑁

 𝑖=1

𝑁
, 

(13) 

where 𝑡 is the neural network output, 𝑜 is the desired output, 𝑁 represents a number of samples 

and subscript 𝑖 . If the error is zero it means that all the network outputs perfectly match the 

desired outputs and the network is said to be well trained. In the RMS method, the term epoch 

refers to the number of iterations through the training data set the machine learning has 

completed [94].  

 

Figure 12: Flowchart of the back-propagation learning algorithm [95]. 
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2.2.2.2 Artificial neural network training 

Once the neural network has been structured for a certain application, it should be trained first 

and the initial weights of the network system are selected randomly [96]. There are two 

techniques employed when training ANNs namely supervised and unsupervised training. For 

supervised training, the network is provided with data sets of inputs and desired outputs whilst 

in unsupervised training the network has to give an output without any outside help [97].  

(a) Supervised training 

In this method, data sets of the inputs and desired outputs are provided to the network. The 

inputs to the network are firstly processed and then the network outputs are compared to the 

desired outputs. If there is a deviation between the two outputs, the error is propagated back to 

the system, making the system adjust weights in a way that reduces the error [92]. This process 

continues until the desired output is attained. To adjust network weights, there are many 

algorithms used and the backward propagation technique is the most common in many 

applications [91].  However, in some cases, the neural networks never learn. The reason might 

be that the input data might not have the specific information from which the desired output 

was derived. If the trained network does not solve given problems, the designer should review 

the inputs, desired outputs, number of layers, summation transfer functions, activation 

functions, and the initial weights. Two common supervised learning models are linear 

regression and the classification technique.  

(b) Unsupervised training 

In this type of training, the network is provided with inputs but without desired outputs. The 

ANN itself must decide the features it will use to organize the input data. The network must 

classify cases based on relationships in the data or naturally occurring patterns. This process is 

called self-adaption or self-organization [98]. The popular unsupervised learning technique is 

the clustering method. At present, the use of unsupervised training methods is not very common 

but some researchers are working on how best to implement this technique. 

2.2.2.3 Types of artificial neural networks 

There are different types of ANNs and their applications depend on the nature of the problem 

to be solved. The subsequent section provides a brief description of the commonly known 

artificial neural networks. 

(a) Feedforward neural network. 
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There is no feedback connection in this type of neural network. The signals travel in one 

direction only from the inputs to the outputs. The network may or may not include hidden 

layers and based on that, the network can be further classified as a Single-Layered Perceptron 

(SLP) or Multiple-Layered Perceptron (MLP) [99]. The number of layers is derived from the 

complexity of the function and the network has a unidirectional forward propagation. The 

feedforward network is mainly used for approximations [100]. The diagram below shows an 

example of a simple feedforward neural network. 

 

Figure 13: A feedforward artificial neural network [89]. 

(b) Recurrent neural network 

 

 

Figure 14: A diagram showing a recurrent network [101]. 
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A Recurrent Neural Network (RNN) is known as the feedback neural network and the 

connections between neurons form directed cycles [102]. The signals in an RNN travel both in 

the forward direction and backward direction by the use of loops. RNNs are capable of learning 

sequences and performing temporary signal processing within the network. Common examples 

of RNNs are the Hopfield network and the Elman network. Fig. 14 shows a diagram of an 

RNN.  

2. 3 APPLICATIONS OF AI TECHNIQUES IN RENEWABLE ENERGY 

TECHNOLOGIES. 

The rapid growth of installed renewable energy sources has shown a significant change in the 

energy industry with a move to replace traditional power generation sources like coal and diesel 

with renewable energy sources like wind and solar [1]. According to the International 

Renewable Energy Agency (IRENA), the world installed 176 GW of renewable energy 

capacity in 2019 with solar and wind having a bigger contribution [2].  

 

Figure 15: The installed capacity trend of renewable energy sources [103].  

The non-linear behaviour of renewable energy sources is a big challenge when designing and 

implementing renewable energy systems. As the energy sector continues to utilize more 

renewable energy sources, it is, therefore, crucial to use advanced techniques to maintain 
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system reliability and efficiency whilst maximizing renewable energy resources. AI techniques 

(e.g. neural networks, fuzzy logic, genetic algorithms) have emerged as an alternative approach 

to conventional techniques in solving problems such as modelling and parameter estimation, 

system optimization, forecasting, energy efficiency, and power flow management of renewable 

energy systems [104]. The section below gives an overview of where AI techniques were 

successfully utilized in the field of renewable energy. 

2.3.1 Applications of fuzzy logic in the field of renewable energy. 

Fathia Checkired [105] published a paper that focused on a fuzzy logic based energy 

management strategy which was to be used for a home with a grid-tied PV system in 2017. The 

efficiency of the energy management strategy was tested using a favourable week in summer 

and an unfavourable week in winter. Their proposed system was able to manage home energy 

and it was able to save up to 26 % of energy.  

In 2011, Onur Ozdal MENGI [106] presented a paper on the designing of a fuzzy logic 

controller that will give a constant voltage and frequency output amplitude of 380V and 50Hz 

respectively from the wind/battery hybrid system. The controller was responsible for 

improving the energy quality coming from a wind/battery hybrid system by stabilizing the 

voltage and frequency amplitudes at the load terminals. The proposed fuzzy logic-based 

controller was then compared to the PI controller for results validation. The whole system was 

modelled and simulated in MATLAB/Simulink. 

Yingshu Liu [107] published a paper on the design of a router-based smart home energy 

management system in 2017. The energy router served as an intelligent interlink between 

renewable home energy and the power grid. In their paper, the interactions between the power 

grid, home energy source, and the energy router were analyzed. A control system composed of 

a reference voltage and a fuzzy logic power management was developed. The model was 

developed in MATLAB/Simulink and the results revealed that the proposed system was 

capable of stabilizing the system at the same time having full utilization of the renewable 

energy generated. 

2.3.2 Applications of Artificial Neural Networks(ANNs) in the field of 

renewable energy 

Fermin Rodriguez [108] published a paper on the use of ANNs for predicting the energy 

produced by PV generators in 2018. They developed a tool that was able to predict parameters 

involved in solar energy production and thus allowing the estimation of future power 
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generation. The developed tool used ANNs and it was developed using MATLAB software. 

The root mean square error method was used to validate the results of their proposed system. 

The difference between the actual solar energy produced and the estimated was between 0.5-

9.0% which was within the desired tolerance.  

Karoly Ronay [109] published a paper on the forecasting and system control of a renewable 

energy micro-grid using ANNs in 2017. In their research work, they used the network function 

rate to estimate the short time series power output. The predicted power output value was to be 

used for controlling a renewable energy system as a function of the load demand. Their system 

consisted of a solar photovoltaic unit and a micro-hydro unit. The main subsystem was the 

solar unit and the micro-hydro unit served as a reserve. 

Masond Vakili [110] published a paper on the prediction of global solar radiation using ANNs. 

In their paper, they considered the effects of particulate matter air pollution to predict a value 

very close to the actual global solar radiation. Their ANN modelling strategy was used for 

estimating the amount of daily absorption of the global solar radiation on the land surface of 

Tehran. Their results showed a satisfying performance of the proposed strategy. 

2.4 RENEWABLE ENERGY RESOURCES AND THE ENVIRONMENT. 

Renewable energy can be defined as an inexhaustible energy source that is naturally 

replenished such as solar, wind, and biomass [111]. Sustainable application of renewable 

energy technologies must certainly include the analysis of environmental impacts associated 

with these energy sources. Substituting harmful fossil fuel-powered systems with renewable 

energy sources helps to mitigate issues like air and water pollution, excessive water and land 

use, global warming, and damage to public health [112]. On the other hand, we must also 

understand the impacts of those alternatives when assessing their use at a specific locale. In the 

next section, the environmental impacts of different types of renewable energy sources are 

explained.  

2.4.1 Environmental Impacts of Solar Power 

Solar power generation is now a proven technology with minimum negative environmental 

impacts as compared to other dangerous electricity-generating technologies [113]. Solar power 

generation can be grouped into two technologies namely photovoltaic solar cells and 

concentrating solar thermal plants (CSP) and the possible environmental impacts associated 

with these technologies include water use, land use, and use of harmful chemicals [114]. 
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Depending on the site of installation, large solar farms may raise concerns about habitat loss 

and land degradation [115]. The total land use for solar systems varies depending on the 

intensity of the solar irradiation, the technology to be used and the topography of the location.  

PV cells do not need water to generate electricity. However, water is used in the manufacturing 

process of PV components. When it comes to concentrating solar thermal plants, a vast amount 

of water is needed for cooling the system. There are various chemicals used when 

manufacturing PV solar cells. These chemicals include 1,1,1-trichloroethane, hydrochloric 

acid, sulfuric acid, nitric acid, acetone and are used to clean and purify the semiconductor 

surfaces [116].  

 
Figure 16: Manufacturing process of PV solar cells [117]. 

The chemicals could be released in the air, land, and water bodies and the types and amounts 

of chemicals used depend upon the type and quantity of solar cells being manufactured [118]. 

Fig. 16 shows the manufacturing process of PV solar cells. 

 

2.4.2 Environmental Impacts of Wind Power 

Generating power from wind is one of the cleanest and sustainable methods that gives 

minimum environmental impacts [119]. Harnessing energy from wind turbines does not 

produce any greenhouse gases and substance pollution. Another advantage of wind power is 

that wind turbines occupy less land per unit kilowatt-hour (kWh) of power generated than other 

power generating sources [120]. Even though wind power has a lot of advantages, there are 

some environmental impacts associated with wind power generation that must be addressed. 

Noise pollution is the main concern when generating power from wind turbines [121]. The 
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sound produced is mostly created by the aerodynamic nature of the wind turbines when they 

move through the air and the mechanical movement of the parts that make up the turbines. 

Generally, the noise levels depend on the design and speed of the wind turbine. Another issue 

is that wind turbines may cause shadow flickers at locations where the turbine obstructs the 

sun’s rays [122]. However, this problem may be resolved by an appropriate locating of wind 

farms or switching off the turbine for a few minutes when the sun’s position is at an angle that 

produces a flicker. Another impact is related to wildlife, particularly bats and birds [123]. 

Several studies show how wind turbines can present hazards to avian species. Birds or bats can 

directly crash into stationary or moving wind turbines or crash into towers which may result in 

the deaths of these species. 

 
Figure 17: Environmental impacts of wind power generation [119]. 

However, through research and advances in wind turbine technology, the deaths of avian 

species were notably reduced [122]. 

2.5 SOLAR PHOTOVOLTAIC ENERGY 

Photovoltaic (PV) is a process of converting solar irradiance into electricity by using 

semiconductors materials that exhibit a property known as the photovoltaic effect [124]. The 

photovoltaic effect is defined as the emission of electrons from a material that has absorbed 

light with a frequency above the material threshold frequency. PV power generation is 
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comprised of solar panels made of solar cells that contain photovoltaic materials. There are 

three main types of PV modules for both residential and commercial applications namely 

monocrystalline, polycrystalline, and thin film. Each type has its disadvantages and advantages 

depending on the application of that particular solar module.  

1) Monocrystalline modules 

Monocrystalline modules (also known as single crystalline silicon modules) are made up of 

solar cells that are made out of cylindrical silicon ingots. These PV modules offer higher 

efficiencies because they are made out of high silicon grade. However, the disadvantage of 

monocrystalline panels is that if the PV module is partially shaded, the entire circuit may break 

down. Another disadvantage is that they are expensive hence not quite suitable for large scale 

solar power plants. The diagram below shows an example of a monocrystalline solar module. 

 
Figure 18: Monocrystalline solar cell [125].  

2) Polycrystalline modules 

Polycrystalline silicon solar cells are made by melting and pouring raw silicon into moulds, 

which are cooled and cut into square wafers. The amount of waste silicon used in these panels 

is less as compared to those in monocrystalline modules. The manufacturing of polycrystalline 

silicon is simpler and this is why polycrystalline silicon solar panels cost less, which makes 

them suitable for large scale solar PV plants and rural electrification. A typical polycrystalline 

module is shown in the diagram below. 
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Figure 19: Polycrystalline solar module [126]. 

3) Thin-film modules 

Thin-film panels are made by mixing photovoltaic materials with a substrate. The type of 

substrate used determines the final product of the thin-film panel. There are different types of 

thin-film modules including amorphous silicon, organic photovoltaic cells and cadmium 

telluride cells. These have the lowest efficiency range (7- 13%) because of the lower level of 

purity of the silicon used in their production. Higher temperatures have less impact on the 

performance of the cell and they cost less compared to the monocrystalline and polycrystalline 

modules. However, thin-film modules tend to degrade at a faster rate as compared to the other 

two technologies. The diagram below shows a thin-film solar module. 

 
Figure 20: A diagram of a thin-film solar module [127]. 
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2.5.1 Solar photovoltaic systems 

1) Grid-tied solar system 

A grid-tied solar system is when the solar system is connected to the utility grid. Grid-tied solar 

systems can be either battery-less or battery-based. Grid-tied PV systems are only applicable 

in areas where there is access to grid electricity. The power from PV modules is converted from 

DC to AC to supply the load.  If the solar system’s power is not enough to supply the load, the 

power is drawn from the utility.  Grid-tied systems range from small residential rooftop systems 

to large solar power plants. The main objective of this setup is to reduce daytime electrical bills 

by utilizing solar energy during the day [128]. Also, users of this system can sell their extra 

electricity to the utility and make profits. 

 

Figure 21: Typical grid-tied PV system [129] 

 

2) Off-grid PV system 

Off-grid PV systems, also known as stand-alone PV systems, are solar systems that are not 

connected to the utility grid [130]. They are usually backed up with batteries, diesel generators 

or both. The power generated from PV modules as DC power can directly supply DC loads or 

be converted to AC power using inverters to supply AC loads. They are most suitable for 

remote and off-grid applications like powering communication satellites, remote homes & 

villages, and water pumping systems [131].  



28 
 

 

Figure 22: Typical stand-alone PV system [132] 

3) Building-integrated PV system  

Photovoltaic cells can be incorporated in building materials in the building’s parts such as 

roofs, facades, and wall glasses [133].  

 
Figure 23: Building-integrated PV system [134] 

In Building-Integrated Photovoltaic (BIPV) systems, PV solar collectors are integrated into the 

building’s structure as part of the design. Thus, the system serves a dual purpose; replacing 

conventional building materials and generating electricity. When conventional materials are 
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substituted with PV materials, there are some savings involved [135]. This advantage makes 

BIPV one of the promising technologies in the PV industry. BIPV systems can power up the 

whole building where peak electricity demand is during the daytime and uses the existing grid 

as backup. These systems are usually used in commercial buildings. 

2.5.2 Solar geometry 

When designing PV systems, it is essential to comprehend the relationship between the Earth 

and the Sun [136]. Such information is essential in assisting when selecting the most effective 

tilt angles, solar cells orientation as well as impacts of overshadowing obstructions. The 

following section will cover the terms that are used to explain the Earth-Sun relationship. 

 Solar radiation 

Solar radiation is defined as the radiated energy from the sun which comes in a form of 

electromagnetic waves including visible, ultraviolet and infrared light [137]. Solar radiation 

reaches the earth as direct/beam radiation, diffuse radiation and reflected radiation. Direct 

radiation travels down the earth’s surface in a straight line without any atmospheric losses due 

to scattering or absorption. Diffuse radiation reaches the earth’s surface after it has been 

scattered or absorbed by particles in the atmosphere. Lastly, reflected radiation is the one that 

reaches the earth’s surface after being reflected with non-atmospheric substances like the 

ground. The total radiation which is the summation of these three types of radiation is called 

the Global Horizontal Irradiance (GHI). 

 The angle of declination, δ 

The solar declination angle is defined as the angle between the line drawn from the sun to the 

centre of the earth and the equator [138]. Solar declination is zero at equinoxes and ± 23.45° at 

solstices. The solar declination angle is given by Cooper’s equation [139], 

 
𝛿 = 23.45𝑠𝑖𝑛 [

360(284 + 𝑛)

365
] 

(14) 

where 𝑛 is the day number of the year i.e. 𝑛 = 1 for January 1. 

 Solar hour angle, ω 

The solar hour angle is defined as the angular displacement of the sun which can be east or 

west of the local meridian due to the rotation of the earth on its axis. It is negative in the morning 

and positive in the afternoon [138].  It describes the difference between the local solar time of 
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the day when the rays of the sun are perpendicularly directed to a given line of longitude. The 

solar hour angle is given by the equation, 

 𝜔 = 15{𝑡 − 12} (15) 

where 𝑡 is solar time. 

 Sunset and sunrise angle 

The sunset hour angle corresponds to the time of the evening when the sun disappears and it is 

useful in the solar energy yield analysis. It can be derived from the equation, 

 𝑐𝑜𝑠 𝜔𝑠 = −𝑡𝑎𝑛𝜙𝑡𝑎𝑛𝛿, (16) 

where 𝜙 is the latitude of the site and 𝛿 represents the angle of declination. The sunrise hour 

angle is the angle that corresponds to the time when the sun rises. Assuming there is symmetry 

between the time of sunrise and sunset, the sunrise hour angle is given by: 

 

 

𝜔𝑟 = −𝜔𝑠 (17) 

 Tilt angle, β 

The tilt angle is defined as the angle between the horizontal and the plane of the PV module. 

Solar PV collectors can either be fixed optimum tilt or manually adjustable tilt depending on 

the system design. According to [7], the optimum tilt in Zimbabwe is given by: 

 𝛽 = |𝜙| + 5ᵒ (18) 

 Surface azimuth angle 

The surface azimuth angle is defined as the deviation of projection that is on a horizontal plane, 

normal to the surface from the local meridian. It is positive in the east and negative in the west. 

 −180 ≤ 𝛾 ≤ 180 (19) 

 The angle of Incidence, θi 

The angle of incidence can be defined as is the angle between the normal to the surface and the 

sun’s beam radiation. The diagram below shows the orientation of the tilt angle, altitude angle, 

and the angle of incidence. 
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Figure 24: Visualization of the varying solar angles [140]. 

 

 𝑐𝑜𝑠𝜃𝑖  𝑠𝑖𝑛𝛿𝑠𝑖𝑛𝜑𝑐𝑜𝑠𝛽 − 𝑠𝑖𝑛𝛿𝑐𝑜𝑠𝜑𝑐𝑜𝑠𝛾 + 𝑐𝑜𝑠𝛿𝑐𝑜𝑠𝜑𝑐𝑜𝑠𝜔 + 

𝑐𝑜𝑠𝛿𝑠𝑖𝑛𝜑𝑠𝑖𝑛𝛽𝑐𝑜𝑠𝛾𝑐𝑜𝑠𝜔 +  𝑐𝑜𝑠𝛿𝑠𝑖𝑛𝛽𝑠𝑖𝑛𝛾𝑠𝑖𝑛𝜔  

 

(20) 

 Solar azimuth angle 

This describes the sun’s position in the sky relative to the observer on earth. The range for this 

angle is −180 ≤ 𝜸𝒔 ≤ 180 ̊ and it is calculated from the equation below, 

 
𝛾𝑠 = −(𝐶1𝐶2𝐶3𝛾

′
𝑠
+ 𝐶3 (

1 − 𝐶1𝐶2
2

) 180) 
(21) 

Where,  𝛾𝑠 =
𝑠𝑖𝑛𝜔𝑐𝑜𝑠𝛿

𝑠𝑖𝑛𝜃𝑧
             

𝐶1    = 1 𝑖𝑓 |𝜔| < 𝜔𝐸𝑊, 

                                                                         = −1  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                  

    𝐶2     = 1 𝑖𝑓 𝜑(𝜑 − 𝛿) ≥ 0 

                                                                         = −1 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                    

𝐶3   = 1 𝑖𝑓 𝜔 < 0 

                                                                                = −1  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                 

𝑐𝑜𝑠𝜔𝐸𝑊 =
𝑡𝑎𝑛𝛿

𝑡𝑎𝑛𝜑
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And the rest of the symbols have their usual meanings.  

2.5.3 Solar radiation data 

PV system design depends on the accessibility of solar radiation data as well as parameters 

related to the site. The term solar radiation refers to the radiant energy emitted by the sun 

whereas the amount of the solar radiation received by a surface per unit area (𝑊/𝑚2) is called 

solar irradiance [141]. The solar radiation data is very useful in predicting the long term 

performance of photovoltaic systems. The site-related parameters which must be considered 

when designing PV systems include latitude, longitude and ambient temperatures. Ambient 

temperatures are used to estimate the PV cell temperatures whilst the latitude and longitude 

values are utilized in solar angle calculations. Two main instruments that are used to measure 

solar radiation are the pyranometer (measures the total hemispherical radiation) and 

pyrheliometer (measures normal incidence direct beam radiation) [142]. Since the solar 

radiation measuring instruments are not always readily available, several isotropic and 

anisotropic hourly tilted surface radiation models have been developed and suggested by 

different researchers.  These models include the Hays model, Muneer model and Perez model. 

The solar radiation data used in this research work was obtained from the PVGIS website 

database (Appendix B). The model used in PVGIS is the Muneer model which is classified as 

the anisotropic of two components. According to [143] the Muneer model offers better results 

since it can distinguish clear and overcast conditions, then sunlit and shaded surfaces. 

2.5.3.1 The site and solar radiation data 

The proposed water pumping system is to be used at the Makarepo irrigation scheme. 

Makarepo irrigation scheme is situated in Tshovani village, in Chiredzi, Zimbabwe. This 

village is in the low-veld area of the country where temperatures are relatively high. The village 

receives low rainfall and most of the farming activities are under irrigation schemes. Farmers 

at Makarepo rely on diesel or petrol-powered water pumps and the introduction of solar-

powered water pumps will largely benefit them. The irrigation scheme is a 10 ha area divided 

into several plots where each farmer owns approximately 1 ha. They grow crops such as 

tomatoes, beans, onions, maize and several vegetables to supply the small town of Chiredzi. 

For the successful design and implementation of the proposed solar/diesel hybrid water 

pumping system, the solar radiation and temperature data is required for training the ANFIS 

based MPPT controller as well as sizing the PV array. To extract the solar radiation and 

temperature data from the PVGIS website, the geographical coordinates of the site are needed. 

The exact geographical location of Tshovani village is given below: 
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Latitude:  - 20.983ᵒ  

Longitude:  32.104ᵒ   

Altitude: 508m 

2.5.3.2 PVGIS data collection 

The hourly irradiation data was collected at an optimum tilt angle of 35 º. The PVGIS 

application gives average solar irradiation data for every hour of each month, with the average 

taken over all days of each month and recorded over a multi-year period. Also, the daily 

radiation application calculates the variation of the daily clear-sky radiation for both fixed and 

solar-tracked surfaces. This solar daily radiation data consists of 24 hourly values of the 

average solar irradiance at each hour for every month of the year. The corresponding hourly 

temperature data was also given. The diagrams below show the extracted data for June. 

 

Figure 25: Hourly solar irradiance data for June [144]. 

 
Figure 26: Average hourly temperature data for June [144]. 

 

2.5.4 Maximum power point tracking 

Maximum power point tracking (MPPT) controllers are algorithms that are included in PV 

battery charge controllers or inverters to extract the maximum available power from a PV 

module for any given temperature and irradiance [145].  For any set of temperature and 

irradiance, the operating point of a PV module corresponds to a unique point on the current-

voltage (I-V) curve. The operating point on the I-V curve also corresponds to some point on 
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the power-voltage (P-V). For the PV module to produce the highest power output, its operating 

point must correspond to the maximum point on the P-V curve known as the Maximum Power 

Point (MPP) as shown in Fig. 27. And if the irradiance or temperature changes, the position of 

the MPP also shifts. Therefore, it is the responsibility of the MPPT controller to continuously 

track the position of the MPPT for any given environmental condition. Generally, an MPPT is 

comprised of a DC-DC converter which is controlled by an algorithm to force the solar 

module’s operating point to be at MPP at all times. 

 

 

Figure 27: A diagram showing  I-V and P-V curves for MPPT [146]. 

Connecting the PV module directly to the load makes the module’s operating point to be 

dictated by the load. Thus, the PV module only operates at MPP if the load impedance matches 

the input impedance to the DC-DC converter as seen by the PV module otherwise it can operate 

at any point on the P-V curve which might not be the MPP. The concept of matching the 

impedances for maximum power extraction is well explained by the Maximum Power Transfer 

Theorem (MPTT).    

 

Figure 28: Impedance matching using DC-DC converters [147]. 
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The load impedance 𝑅𝑙𝑜𝑎𝑑 and the input impedance to the converter 𝑅𝑖𝑛 rarely match and an 

appropriate algorithm must be employed to match these impedances by adjusting the duty cycle 

of the DC-DC converter. Various MPPT algorithms have been proposed for tracking the 

maximum power point of solar modules. MPPT techniques differ in many aspects such as 

complexity, tracking speed, efficiency, cost, and hardware implementation. The section below 

will give a brief description of commonly known MPPT techniques. 

 

Figure 29: Typical setup of an MPPT controller and DC-DC converter [148] 

Types of MPPT techniques 

1) Incremental Conductance 

Incremental conductance is one of the simplest and oldest techniques for tracking the maximum 

power point of solar modules. This technique is based on the fact that the gradient of the power-

voltage curve of the PV module is zero at the MPP, negative on the right and positive on the 

left of the MPP [149]: 

 

{
 
 

 
 

  

𝑑𝑃

𝑑𝑉
= 0, 𝑎𝑡 𝑀𝑃𝑃                               

𝑑𝑃

𝑑𝑉
> 0, 𝑜𝑛 𝑡ℎ𝑒 𝑙𝑒𝑓𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑀𝑃𝑃 

𝑑𝑃

 𝑑𝑉
< 0, 𝑜𝑛 𝑡ℎ𝑒 𝑟𝑖𝑔ℎ𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑀𝑃𝑃

 

(22) 

And knowing that 𝑃 = 𝐼𝑉, the equation of the power curve at MPP is given as, 

 𝑑𝑃

𝑑𝑉
=
𝑑(𝐼𝑉)

𝑑𝑉
= 𝐼 +

𝑉∆𝐼

∆𝑉
 

(23) 

And equating Equation 23 to zero, which is a condition for MPP, we get, 
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𝐼 +

𝑉∆𝐼

∆𝑉
= 0 

(24) 

Therefore, the equations for incremental conductance can be written as,  

 

{
 
 

 
 

 

∆𝐼

∆𝑉
= −

𝐼

𝑉
, 𝑎𝑡 𝑀𝑃𝑃              

∆𝐼

∆𝑉
> 0, 𝑙𝑒𝑓𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑀𝑃𝑃

∆𝐼

 ∆𝑉
< 0, 𝑟𝑖𝑔ℎ𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑀𝑃𝑃

 

(25) 

Therefore, it can be seen from the above equations that this method depends on incremental 

conductance and instantaneous conductance. The diagram below shows the graphical 

explanation of the incremental conductance method.  

 

 

Figure 30: Incremental conductance method for MPPT [150]. 

This method can also be illustrated using a flowchart as shown in Fig. 31. The first step of this 

method is to calculate the change in voltage and current. If the voltage change is not equal to 

zero, then the instantaneous conductance is compared to the incremental conductance. If the 

incremental conductance is equal to instantaneous conductance, the algorithm gets terminated 

because the MPP will be reached. When the incremental conductance is not equal to the 

instantaneous conductance, the PV module’s voltage is adjusted using a DC-DC converter in 
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such a way that meets the condition of the MPP. This technique uses fixed step sizes for 

updating the operating voltage of the system, 

which is one of the drawbacks of using this method [38]. Thus, the selection of the step size is 

crucial for the efficiency of the algorithm. 

 

Figure 31: Incremental conductance method flow chart [151]. 

1) Perturbation and Observe technique 

This method is also well-known as hill climbing and is one of the oldest algorithms for MPPT. 

The Perturbation and Observe (P&O) method is considered as the cheapest MPPT technique 

due to easy implementation and the requirement of fewer parameters [152]. The first step in 

this method is to introduce a perturbation/disturbance in the PV module’s operating voltage. 

The modification of the module’s voltage is achieved by varying the duty cycle of the DC-DC 

converter. After introducing a disturbance, the present value of the power output is calculated 

and compared to the previous value to give a difference in power, ∆𝑃. If ∆𝑃 is greater than 

zero, the perturbation is kept in the same direction and when it becomes negative the 

perturbation is reversed. This process is repeated several times until the MPP is reached. The 
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main disadvantage of the P&O method is that it uses fixed step sizes to decrease or increase 

the voltage. 

 

Figure 32: Illustration of the P&O method [153]. 

The selection of the step size determines the size of the deviation when oscillating about the 

MPP. A smaller step size gives reduced oscillations but having a slower tracking speed whilst 

bigger step sizes help to reach the MPP faster but much power is lost when oscillating about 

the MPP.  The flowchart of the P&O technique is shown in the diagram below. 

 

Figure 33: A flow chart for a P&O technique [154]. 
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2) Fuzzy logic based MPPT controller 

With the increase in the adoption of soft computing techniques, Fuzzy Logic (FL) has also been 

proposed for tracking the MPP of solar modules. FL is based on the theory of fuzzy sets and 

offers good results for complex and non-linear applications. Fuzzy logic control is implemented 

through three stages which are (a) fuzzification, (b) decision-making and (c) defuzzification. 

At the fuzzification stage, a crisp input variable is converted into a linguistic variable using 

membership functions. And the decision-making stage consists of IF-THEN rules to define the 

behaviour of the controller.  

 

Figure 34: A typical fuzzy logic based MPPT controller [155]. 

Lastly, in the defuzzification stage, linguistic variables from the decision-making stage are 

converted to a crisp output value. This output value gives a control signal to the DC-DC 

converter to drive the PV module’s operating point to be at the MPP. The FL algorithm tracks 

the MPP based on the rule that: if the change in the operating voltage has caused the power to 

increase, keep the changing in the same direction; else if it has caused the power to decrease, 

move it the opposite direction [156]. The inputs to the FL controller are usually the error, 𝐸 

and change in error with respect to change in voltage, ∆𝐸 and the output can be the duty cycle, 

𝑉𝑚𝑝 or 𝐼𝑚𝑝 [155, 156]. The controller calculates the error and change in error using values from 

the PV module. The error and change in error are given by the following equations: 
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{
𝐸(𝑘) =

𝑃(𝑘) − 𝑃(𝑘 − 1)

𝑉(𝑘) − 𝑉(𝑘 − 1)

    ∆𝐸 = 𝐸(𝑘) − 𝐸(𝐾 − 1)

     

(26) 

Where 𝑃(𝑘) and 𝑉(𝑘) are instantaneous power and voltage respectively. 

3) Artificial neural network-based MPPT controller 

Artificial neural networks have been proposed for different applications such as weather 

forecasting, industrial processes optimization as well as tracking the maximum power point of 

PV modules. ANNs imitate the behaviour of biological neural networks which makes them a 

perfect option for solving real-life non-linear problems. Artificial neural networks learn from 

given examples so that when they encounter the same situation in the future they will be able 

to give a solution. A typical ANN architecture is shown in Fig. 35. For MPPT, the inputs to the 

ANN controller vary depending on the design and application. The usual inputs are 

environmental variables like the solar irradiance and temperature as well as PV module’s 

variables such as short-circuit current and open-circuit voltage. The outputs might be the duty 

cycle, current at the MPP, the voltage at the MPP or the desired maximum power value. The 

output of the ANN controller gives a signal to the DC-DC converter to force the panel to 

operate at MPP by varying the duty cycle.    

 

Figure 35: The structure of an ANN-based MPPT controller [157] 

2.6 DIESEL GENERATORS 

Diesel Generators (DG) are electrical machines that convert fuel/chemical energy (diesel) into 

electrical energy. The chemical energy is first converted to mechanical energy using 

combustion engines and then from mechanical energy to electrical energy using alternators  
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[158]. The key components in a diesel generator are an internal combustion engine, mechanical 

coupling, alternator, cooling & exhaust system, fuel system, voltage regulator, battery charger, 

lubrication mechanism, control panel and frame. The description of the main components of 

diesel generators is given below: 

2.6.1 Main components of diesel generators 

 Internal combustion engine 

A diesel generator’s principle of operation is based on the law of conservation of energy which 

states that energy can neither be created nor be destroyed but can only be converted from one 

form to another [159]. During the combustion process in the engine, the chemical energy in 

diesel is converted to heat energy and mechanical energy. The combustion process is done 

through a spontaneous ignition of the diesel when injected into a highly compressed hot charge 

of the air.  

 The alternator 

The alternator converts the mechanical energy from the internal combustion engine to electrical 

energy. The alternator is made up of stationary and moving parts enclosed in the housing. The 

relative motion which is created between the magnetic and electric fields is responsible for 

generating electricity in the alternator. The main components of the alternator are given below: 

(a) Stator – it is the fixed part of the alternator and it doesn’t rotate. The stator contains 

electrical wires coiled around an iron core. 

(b) Rotor – this is the part that rotates in an alternator. The rotor creates a rotating magnetic 

field around the stator, which induces a potential difference between the stator windings 

thereby generating AC. The rotating magnetic field is produced by (a) induction (b) 

permanent magnets (c) using an exciter. 

 Fuel system 

The fuel system is comprised of a fuel tank, fuel pump, pipe connections, fuel injector and 

filter. For small generators, the fuel tank is assembled as part of the generator and large 

generators normally have external fuel tanks for safety reasons. A fuel tank stores the fuel for 

use and a fuel pump which is commonly found in large generators is used to transfer the fuel 

from the main storage to the day storage. The pipe connections include fuel pipes (to transfer 

the fuel from the tank to engine), ventilation pipes (to prevent build-up pressure which arises 

when draining or refilling the fuel tank), overflow pipes (to avoid any overflow during refilling 

of the fuel tank and to ensure that there are no spillages of fuel on generator surfaces. The fuel 
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injector is used to atomize the liquid fuel before transferring it to the combustion chamber of 

the engine and the fuel filter is used to separate water and other unwanted matter from liquid 

fuel to avoid contamination. 

 Voltage regulator 

The generator’s output voltage is controlled by a voltage controller. The mechanism that plays 

an important role in the cyclical process of the voltage regulator is given below: 

(a) Voltage regulator – firstly a small amount of AC voltage produced by the generator is 

converted to DC. This DC is fed back to the exciter windings which are the secondary 

windings of the stator. 

(b) Exciter windings – after receiving the DC, the exciter windings will then behave as 

stator windings and produce a small AC. These exciter windings will be connected to 

the rotating rectifiers.  

(c) Rotating rectifiers – the small AC produced by exciter windings is converted to DC and 

then fed to the rotor to create an electromagnetic field that adds up to the already 

rotating magnetic field of the rotor. 

(d) Rotor – because of the increased magnetic field, the rotor then induces a larger AC 

voltage across the stator windings which in turn gives the generator a larger output 

voltage.  

This cycle is repeated until the generator produces an output equal to its full capacity. The 

voltage regulator is said to have reached equilibrium once the generator reaches its full 

operating capacity. If there is an additional loading to the generator, the output voltage drops a 

bit and this gives a signal to the voltage regulator to start the cycle described above. 

 Cooling and exhaust system 

(a) Cooling system – because of the combustion process in the engine, continuous usage of 

the generator raises the temperatures of the parts of the generator. It is important to 

include a cooling and ventilation system for withdrawing the heat produced by the 

engine. Different coolants like water, hydrogen can be used to extract heat from the 

generator depending on the design of the manufacturer.  

(b) Exhaust system – exhaust gases that come from the internal combustion of the generator 

contains toxic chemicals and should be handled properly. The exhaust pipes are 

normally made from cast iron or steel and the pipes must connect from the engine and 

then terminates outdoors. 
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 Lubricating system 

The generator is made of several moving parts in its engine and it requires regular lubrication 

for it to last longer. The engine is normally lubricated using oil. The level of the oil and oil 

leakages must be checked regularly to prevent engine failure. 

 Battery charger 

Most generator sets include batteries for starting. The battery charger is responsible for 

charging the generator’s battery. If the charging voltage is lower than the float voltage, the 

battery won’t be charged and higher voltages can shorten the battery life. 

 Control panel 

 Depending on the manufacturer, the control panel has different features and some of them are 

going to be explained below: 

(a) Start and shutdown control – this can be done manually or automatically. For automatic 

control, the control panel automatically starts the generator at times of power outage 

and then shuts down the generator when it’s no longer needed. 

(b) Engine gauges – the control panel also indicate important parameters like the 

temperature of the coolant, oil pressure, engine rotational speed, and duration of 

operation of the engine. The generator constantly measures and monitor these 

parameters to automatically shut down the generator whenever these parameters exceed 

maximum allowed levels. 

(c) Generator gauges –  the information about the operating voltage, current and frequency 

of the generator is also provided on the control panel. 

 Frame 

All generators, small or big, have housings that give structural support to the generator. The 

frame also acts as a medium to earth the generator for safety.  

2.6.2 Variable speed diesel generators 

Diesel generators are made up of an engine that is connected directly to an alternator to produce 

electricity. Engines in conventional diesel generators run at an almost constant speed to 

produce a 50 Hz or 60 Hz power output regardless of the load demand of the system [160]. 

Thus, the sizing of these constant speed generators is done by selecting a DG basing on the 

peak load. For low or partial load applications, constant speed diesel generators give poor 

efficiency [161]. Running a constant speed generator under light load or partial loading 
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conditions for several hours can damage the engine due to the unburnt fuel in the combustion 

chamber. [160]. To prevent these problems, manufacturers advise that constant speed 

generators must be operated with a load above 50 % of the rated power output of the generator 

[162]. Although partial loading conditions are not recommended, the advent of HRES 

technologies has created an increased interest in this practice. And in HRES, the constant speed 

diesel generator face increased partial loading since the load has to be shared within different 

energy sources. Recently, the concept of variable speed in DG has been proposed as a solution 

to problems faced by fixed speed diesel generators. Variable speed operation of DG makes a 

engine to be efficiently operated over its entire functional range. Operating diesel engines at 

variable speed gives reduced fuel consumption and the generator has the capability of 

producing more power from the engine without exceeding the rated torque. According to the 

studies [163, 164], using VSDG can reduce the fuel consumption by up to 40% as compared 

to constant speed diesel generators especially when operated at lower electrical loads. 

 

Figure 36:Typical VSDG based on DFIG [165]. 

 There are two mechanisms used to achieve variable speed operation in diesel generators. The 

first mechanism uses a permanent magnetic generator to convert mechanical energy to 

electrical energy and it achieves variable speed constant frequency operation by utilizing full 

power electronic converter. This mechanism is simple but the use of a power electronic 

converter is expensive since the converter has to be sized to at least the same rating as the 

generator [160]. The second mechanism achieves variable speed constant frequency operation 

by using a Doubly-Fed Induction Generator (DFIG) and a smaller power converter (back-to-
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back power converter). The power converter in this mechanism is only sized to around 30% of 

the generator’s rated power. A mechanism using a DFIG has been considered as a good choice 

to achieve variable speed power generation for both wind and diesel power systems [161]. The 

following are some of the advantages for variable speed diesel generators based on the DFIG: 

(a)  The generator’s torque is easily controlled using rotor current control. 

(b) The power electronic converter used is smaller but capable of controlling the whole 

generator’s output power by only controlling the current in the rotor windings. 

(c) There are fewer harmonics since the control will be only on the rotor side and the 

stator will be connected to the grid. 
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3.0 SOLAR WATER PUMPING 

Solar Photovoltaic Water Pumping (SPVWP) system is a technology that utilizes solar energy 

for water pumping [166]. It is similar to traditional water pumping systems but the only 

difference is that the pumps are powered by solar energy instead of fossil fuel or grid electricity. 

From crop irrigation to domestic use, solar pumps meet a wide range of water needs. Also 

considering the unavailability of grid electricity in rural areas, SPVWP becomes one of the 

promising technology in remote areas [167]. The design of solar water pumps is of prime 

importance for achieving a reliable and economical operation. Below are the benefits of using 

solar water pumping systems: 

1) Low operating cost – a solar water pump uses solar energy at no cost at all. It does not 

depend on fuel or grid electricity so there are no recurring costs for electricity or fuel 

once the water pump is installed. 

2) Low maintenance costs – solar water pumps are easy to maintain compared to other 

pumps. They have relatively fewer moving parts and the chances for pump failure are 

fewer. Solar water pumps can run for years without any maintenance needed.  

3) Eco-friendly – common fuel-powered water pumps produce noise and air pollution 

whereas solar water pumps are environmentally friendly. They do not produce 

greenhouse gases that can cause global warming. 

3.1 Types of solar pumps 
Solar water pumps can be grouped into three categories according to their operations namely 

submersible, surface, and floating water pumps.  

 A submersible water pump is designed to be submerged in water and its driving motor 

is hermetically sealed. Usually, this type of pump is used to draw water from deep wells. 

The power to the motor of the pump is fed down using water-resistant cables. Fig. 37 

shows a typical configuration of a submersible water pumping system. 

  A surface water pump is placed on the ground, out of the water source and the inlet 

side of the pump is immersed into the water. The water is sucked up from the well into 

the pumping system then pushed to the farm.  

 Floating water pump or semi-submersible water pump is designed to be semi-

submerged into the water and held in place using a floating device. This water pump is 

commonly used where inline water pumps are not suitable. Floating water pumps are 

mainly used to draw water from lagoons, ponds, shallow wells and dams.  
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Figure 37: A diagram showing a typical submersible water pumping system. 

Solar water pumps may also be grouped using their operating principles as either dynamic 

pumps or positive displacement pumps 

 

Figure 38: The working principle of a centrifugal water pump 

 A dynamic pump uses rotating blades or impellers to develop high liquid velocity and 

pressure in the pumping system. By either rotating the impellers in a clockwise or 

anticlockwise direction, the water is pumped from one point to another. A centrifugal 

water pump is a common type of dynamic water pump. It uses the centrifugal force 
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created by rotating impellers to suck the water and the casing then directs the water to 

the outlets whilst the impellers are rotating.  

 A positive displacement water pump operates by varying the volume in a closed system.  

It forces a fixed amount of water from the inlet section to the discharge section of the 

pump driven by different mechanisms like screws, pistons, diaphragm and gears. By 

reducing the volume, the pressure increases and increasing the volume reduces the 

pressure of water. So the changes in pressure cause the water to be sucked into the 

pumping system and then pushed out to the desired destination. Examples of positive 

displacement pumps include rotary, piston, reciprocating, diaphragm and screw pumps. 

 

Figure 39: A typical positive displacement water pump 

3.2 Solar water pumping system configurations 

There are several types of configurations for solar water pumping systems. Every configuration 

has its advantages and disadvantages. Several factors should be considered when selecting the 

optimum configuration for a certain application. Listed below are some common setups for 

solar water pumping systems. 

3.2.1 Configuration basing on energy storage 

1) Battery connected solar water pumping systems 

Battery connected water pumping systems are made up of solar modules, charge controllers, 

pump controllers, batteries and a water pump. The system may or not include a water storage 

tank depending on the application and the water pump can also be powered by DC or AC. The 

batteries are charged using excess energy from the PV modules and they discharge to power 

the pump during the night or periods of low solar insolation. However, the use of batteries can 
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increase the system costs, complexity and even the overall efficiency of the system. In most 

cases, the pump controllers are used to boost battery voltage supplied to the pump thereby 

improving the system efficiency. 

 

Figure 40: A diagram of a battery connected solar water pumping system. 

2) Direct connected solar water pumping system 

For a direct connected solar water pumping system, the power from PV modules is directed 

straight to the pump.  

 

Figure 41: A diagram of a direct connected solar water pumping system. 

The amount of water pumped is directly proportional to the solar irradiation hitting the PV 

panels.  The advantages of this system are that it is simple and cheap as compared to the battery 

connected solar water pumping system.  However, since there are no batteries, the pump only 

works during the day when there is enough solar insolation. A water storage tank is usually 
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incorporated in this system to ensure the availability of water on cloudy days and at 

night.  Direct connected solar water pumps cannot operate at the maximum power point 

because the solar radiation varies during the day and to improve the performance a maximum 

power point tracking controller is included [166]. 

3.2.2 Configuration basing on the form of the electric power unit 

1) DC solar water pumping systems. 

In this type of solar water pumping system, DC motors are used to drive the water pump. DC 

motors are commonly used for low power solar water pumping systems. There are two types 

of DC motors which are (a) conventional DC motor that has brushes (b) Brushless DC motor 

(BLDC). The conventional DC motors use carbon brushes for transferring power to the motor 

shaft. Because of the continuous operation of the pump, these brushes wear out and they should 

be replaced regularly. Therefore, using conventional DC motors causes high operational and 

maintenance costs. Brushless DC motors utilize the principle of magnetic induction to transfer 

the power to the motor shaft. Another type of brushless DC motor is a permanent magnet DC 

motor (PMBLDC) which is now a popular choice for solar water pumping with a submersible 

solar water pump being a typical example. The absence of brushes makes the system to be more 

efficient, reliable and has a low maintenance requirement. 

2) Alternating current solar water pumping systems. 

 

Figure 42: Typical AC solar water pumping system. 

In this system, an AC motor is used to drive the water pump. Induction and synchronous AC 

motors can be used for this application. A suitable power inverter is included to convert DC 

from PV modules to AC which is needed by the motor pump. However, inverters reduce the 
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efficiency of the pumping system. An AC solar water pumping system can run on grid 

electricity in the case when there is no PV power which is their main advantage. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



52 
 

4.0 SYSTEM DESIGN, SIZING AND MODELLING 

The solar/diesel hybrid water pumping system is made up of PV modules, MPPT charge 

controllers, a battery bank, a VSDG, an Energy Management Controller (EMC) and the DC 

water pump. The main aim of this hybrid system is to deliver uninterrupted power to the water 

pump at minimum diesel generator runtime and fuel consumption. The detailed design, sizing 

and modelling of the system components is given in this Chapter. 

 

Figure 43: The proposed solar/diesel hybrid water pumping system. 

 

4.1 PV system 

Photovoltaic modules convert the energy coming from the sun into electricity using the 

photovoltaic effect. The most common types of solar panels include polycrystalline, 

monocrystalline, and thin film. These modules vary in performance, costs, appearance, and 

installation. In this solar/diesel hybrid water pumping system, PV modules are the main power 

source. They are sized to power the water pump and also to charge the batteries if there is 

excess energy.     

Each component within a PV system has a certain percentage of power loss which will affect 

the overall power output of the system. There are also other factors, which affect the 

performance of a PV array, and these are reflection, shading, module mismatch, and 
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temperature effects. The percentage losses vary from one system design to the other depending 

on the specific characteristics of a site and design specifications of the PV components.  

4.1.1 PV array sizing 

Currently, farmers of the Makarepo irrigation scheme use a Honda WB 30 fuel-powered water 

pump with a maximum hydraulic power rating of 5Hp. By comparing the specifications, a Tata 

5Hp DC – submersible solar water is selected for this application. To get the power required 

by the motor to drive the pump, the motor-pump efficiency has to be considered.  According 

to the study [168], the motor-pump efficiency ranges between 70%  to 96%. The motor power 

is given by, 

 
𝑃𝑚 =

𝑃𝐻
𝜂𝑚𝑝

 
(27) 

where 𝑃𝑚 is the required power for the motor; 𝑃𝐻 is the hydraulic power of the centrifugal 

pump and 𝜂𝑚𝑝 is the motor-pump efficiency. In this study, 𝜂𝑚𝑝 is estimated to be 85%. Thus,   

𝑃𝑚 =
3728.5

0.85
 

                                                                      = 4386.471𝑊 

Therefore, the PV array is sized to power the 4386.471W motor pump. There are several 

proposed methods for sizing PV arrays and in this study, the Peak Sun Hours (PSH) method 

given in [169-171] is going to be adopted. The PSH method is given below.  

1) Determining the total power consumption demand. 

When designing a PV system, the first step is to estimate the total power consumed by all the 

appliances to be connected to the PV system. The step by step procedure is given below: 

 Calculating the total Watt-hours per day of every appliance to be used. 

The Watt-hours of all the appliances to be connected are added together to get the total Watt-

hours per day. The water pump is estimated to work from 10 am to 3 pm, which is 5 hours a 

day. So the total Watt-hours per day for the system is shown in Table 1. 
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Table 1: Calculation of total Watt-hours per day of the system 

Appliance  Power rating Working hours/day. Total Watt-hours/day 

Water pump 4386.471W × 5hrs 21932.355 

   21932.355Watt-hrs/day 

 

 Calculating the total Watt-hours per day that are needed from solar modules. 

Multiply the appliances’ Watt-hours per day by the energy lost in the system. The energy lost 

in the system is generally taken as 30% [171]. 

The total Watt-hours needed from solar modules  = 21932.355 × 1.3  

                                                                           = 𝟐𝟖𝟓𝟏𝟐. 𝟎𝟔𝟐 Watt-hours/day. 

2) Sizing the PV array. 

To get the size of the PV array, the total peak watt must be calculated. Since the peak-watt 

(Wp) generated depends on the environmental conditions of the site and the sizes of the PV 

modules, there is a need to determine the PSH which is the average daily amount of solar 

energy received on the site. The worst-case PSH is considered for the sizing of the PV array. 

For Zimbabwe, the worst recorded PSH was 4.5 which was recorded in winter [172]. In some 

contexts, this value is referred to as the panel generation factor. To calculate the number of the 

PV modules, the calculations are as follows:  

 Calculating the total Watt-peak rating that is needed for solar modules 

To get the total Watt-peak rating needed for the PV array to operate the appliances, the total 

Watt-hours per day value is divided by the PSH. Therefore, the total Watt-peak rating is 

determined as follows: 

                    Total Watt-peak rating      =  
𝟐𝟖𝟓𝟏𝟐.𝟎𝟔𝟐 

𝟒.𝟓
 

                                                      = 𝟔𝟑𝟑𝟔. 𝟎𝟏𝟑 𝑾𝒑 

 Calculating the number of solar modules of the system 

To get the number of solar modules, the total Watt-peak rating calculated above is divided by 

the rated Watt-peak output of the selected solar modules. The answer from this calculation 
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gives the minimum number of solar modules to be used. If more than calculated solar modules 

are installed, the system performs better and it improves the battery life. If fewer solar modules 

are installed, the system may fail to sufficiently supply the load and the battery life might be 

compromised. The selected panel for this application has the following specifications:  ART 

solar - 360Wp, 39.0 V Si-monocrystalline type module. 

 

Figure 44: Specifications of a chosen solar module-360Wp [173].  

So the total number of solar modules needed =  𝟔𝟑𝟑𝟔. 𝟎𝟏𝟑/𝟑𝟔𝟎 

                                                                                  = 17.6. 

Therefore, the total number of PV modules required in this system is 18 solar panels. Thus, the 

PV array then consists of 3 parallel strings having 6 modules connected in series per string. 

Each solar module has its MPPT charge controller to improve the efficiency of solar modules 

and to minimize the impact of voltage mismatch problems. 

4.1.2 PV modelling  

The general model of a solar cell can be derived from the physical characteristics of a diode, 

which is usually called the single diode model. The diagram below illustrates the circuit of a 

single diode model. 
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Figure 45: A single diode model of a PV cell 

From the diagram above, the current source, 𝐼𝐿 represents the flow of electrons when solar 

radiation hits the surface of a solar PV cell. And the diode represents the characteristic 

behaviour of the PN junction of the solar PV cell. The model has two resistances namely series 

resistance and parallel resistance. The series resistance, 𝑅𝑠, represents current losses due to 

metal contacts within the solar PV cells and the parallel resistance, 𝑅𝑆𝐻, accounts for current 

leakages through the resistive path in parallel with the intrinsic device. Several solar cells have 

to be connected to form a solar PV module. The output current of the solar PV module is given 

as,  

 
𝐼 = 𝐼𝑝ℎ − 𝐼𝑜 [𝑒

𝑞(𝑉+𝐼𝑅𝑠)
𝑛𝐾𝑁𝑠𝑇 − 1] − 𝐼𝑠ℎ 

(28) 

where 𝐼𝑝ℎ is the photo-current; 𝐼𝑜 is the saturation current; 𝑞 is the electron charge; 𝑉 is the 

output voltage of the PV module; 𝑛 is the ideality factor of the diode; 𝐾 is the Boltzmann 

constant; 𝑁𝑠 represents the number of solar cells connected in series; 𝑇 is the solar cell 

temperature; 𝐼𝑆𝐻 is the current through the shunt resistor. The current generated from the 

incidence of radiation at a given temperature is expressed as,  

 
𝐼𝑝ℎ = [𝐼𝑠𝑐 + 𝑘𝑖(𝑇 − 298)

𝐺

1000
] 

(29) 

where 𝐼𝑠𝑐 represents the short circuit current; 𝑘𝑖 is the temperature coefficient of the 𝐼𝑠𝑐 at 

Standard Test Conditions (STC); 𝐺 is the solar irradiance. The reverse saturation current of the 

diode is given by, 

 
𝐼𝑟𝑠 = 

𝐼𝑠𝑐

𝑒
(
𝑞 𝑉𝑜𝑐
𝑛 𝑁𝑠𝐾 𝑇

)
− 1

 
(30) 
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where 𝑉𝑜𝑐 is the open-circuit voltage. The module’s saturation current at any given temperature 

is given by,   

 

𝐼𝑜 = 𝐼𝑟𝑠 (
𝑇

𝑇𝑛
)
3

𝑒
[
𝑞 𝐸𝑔𝑜(

1
𝑇𝑛
−
1
𝑇
)

𝑛 𝐾
]

 

(31) 

where, 𝑇𝑛 = 298 K; 𝐸𝑔𝑜 is the bandgap energy. In this study, the ART solar module - 360Wp, 

39.0 V Si-monocrystalline type module is used. The parameters of the module at STC as per 

the manufacturer's datasheet are given in Table 2. 

 

Table 2: ART solar -360 Wp module parameters 

Quantity Single module  PV array (18 modules) 

Maximum power, 𝑃𝑀𝑃𝑃 360 𝑊𝑝 6480 𝑊𝑝 

The voltage at maximum 

power, 𝑉𝑀𝑃𝑃 

39.0 V 234 V 

The current at maximum 

power, 𝐼𝑀𝑃𝑃 

9.24 A 27.7 A 

𝑉𝑜𝑐 47.5 V 285 V 

𝐼𝑠𝑐 9.71 A 29.1 A 

 

By using the parameters presented in Table 2, the MATLAB/Simulink model of the solar 

module is created. After modelling, the MATLAB/Simulink PV module model must be 

verified or validated to check if resembles the characteristics of the actual module.  
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Figure 46:P-V curves of the MATLAB model. 

 
Figure 47: I-V curves of the MATLAB model. 

To test it, the model is simulated to calculate its peak-watt power (Wp). The model is simulated 

under Standard Test Conditions (STC).  STC is a testing condition for manufacturers to check 

the performance of solar modules and it specifies that the module must be tested under a solar 

cell temperature of 25º C, the irradiance of 1000W/𝑚2and an air mass of 1.5 (AM1.5) [174]. 

The peak power point of  the simulated MATLAB/Simulink model was 360 𝑊𝑝 which is given 
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in the manufacturer’s datasheet. Fig 46 & 47 show the I-V and P-V curves of the simulated 

MATLAB model of the PV module at 25 °𝐶 and different solar irradiance.   

4. 2 Variable speed diesel generator 

The concept of variable speed engines in diesel generators has emerged as a solution for low-

load operation problems of constant speed diesel generators. The engine of a Variable Speed 

Diesel Generator (VSDG) can select the optimum speed for a specific load. The proposed 

VSDG is comprised of a diesel engine and a double-fed induction generator (DFIG). The speed 

of the VSDG is controlled according to the state of charge (𝑆𝑂𝐶) of the battery storage, the 

power from the PV modules, and the load demand. The VSDG only starts when the battery 

storage reaches its maximum discharge level (𝑆𝑂𝐶𝑚𝑖𝑛 ) and it has to run to power the load and 

charging the batteries to a float level. The speed of the diesel engine and the fuel injection to 

the engine is controlled according to the power demand. The configuration of the VSDG based 

on the DFIG is shown in Fig. 48.  

 

 

Figure 48: DFIG based VSDG 

4.2.1 Variable speed diesel generator specifications 

The main purpose of using a VSDG in this study is to increase the PV energy penetration in 

the hybrid system. The following procedure is followed for sizing the VSDG: 

1) Calculating total power requirement 
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The first step is to list all appliances to be powered by the generator. The total power 

requirement is determined by adding up the total wattage of all the equipment to be powered. 

In this study, the water pump is only the appliance with a wattage rating of 4.386 kW.  

2) Converting kW to kVA 

The maximum required wattage of the system is given kilowatts (kW). Kilowatts represent the 

actual power required by the load to give a useful working output. Generators are normally 

rated in kilo-volt-amperes (kVA). Kilo-volt-amperes measure the apparent power which is the 

total amount of power in use in the system. For 100% efficient systems, kVA is equal to kW. 

However, electrical systems can’t be 100% efficient due to electrical losses. In generators, the 

efficiency of the system is stated as a power factor. The international standards require 

generators to have a power factor of at least 0.8. Therefore, kilowatts are converted to kilo-

volt-amperes using the equation given below: 

 
𝑃𝑜𝑤𝑒𝑟 𝑖𝑛 𝑘𝑉𝐴 =

𝑃𝑜𝑤𝑒𝑟 𝑖𝑛 𝑘𝑊

𝑃𝑜𝑤𝑒𝑟 𝐹𝑎𝑐𝑡𝑜𝑟
. 

(32) 

Thus, the power rating of the VSDG for this application is given by, 

𝑉𝑆𝐷𝐺𝑟𝑎𝑡𝑖𝑛𝑔 =
4.386

0.8
 

                                                                               = 5.483 𝑘𝑉𝐴. 

Table 3: Kohler - 6kW Variable Speed Direct Current (DC) Generator. 

Manufacturer  Kohler Generators 

Rated output power 6kW 

Engine RPM Variable (2300-2900) 

Starting system Automatic starting 

Generator type  Standby 

Engine size 725 cc 

Alternator type Brushless 

 

The generator must be at least 10-20% larger in capacity than the load.  The selected VSDG 

for this application is the Kohler - 6kW Variable Speed Direct Current (DC) Generator. The 

specifications of the generator are given in Table 3.  
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The Kohler 6kW variable speed DC generator is specially designed for renewable energy 

applications and some other remote applications. Advantages of this generator include 

extended engine life and lower fuel consumption as compared to constant speed diesel 

generators and the variable speed operation also reduces maintenance requirements.  

4.2.2 Modelling of a variable speed diesel generator 

The mathematical model of the DFIG with the d-q synchronous rotating reference frame is 

expressed  as follows [175]: 

 

{
𝑉𝑑𝑠 = 𝑅𝑠𝑖𝑑𝑠 − 𝑤𝑠𝜆𝑞𝑠 +

𝑑𝜆𝑑𝑠
𝑑𝑡

𝑉𝑞𝑠 = 𝑅𝑠𝑖𝑞𝑠 + 𝑤𝑠𝜆𝑑𝑠 +
𝑑𝜆𝑞𝑠

𝑑𝑡

 

(33) 

 

{
𝑉𝑑𝑟 = 𝑅𝑟𝑖𝑑𝑟 − (𝑤𝑠 − 𝑤𝑟)𝜆𝑞𝑟 +

𝑑𝜆𝑑𝑟
𝑑𝑡

𝑉𝑞𝑟 = 𝑅𝑟𝑖𝑞𝑟 + (𝑤𝑠 − 𝑤𝑟)𝜆𝑞𝑟 +
𝑑𝜆𝑞𝑟

𝑑𝑡

 

(34) 

 
{
𝜆𝑑𝑠 = 𝐿𝑠𝑖𝑑𝑠 + 𝐿𝑚𝑖𝑑𝑟
𝜆𝑞𝑠 = 𝐿𝑠𝑖𝑞𝑠 + 𝐿𝑚𝑖𝑞𝑟

 
(35) 

 
{
𝜆𝑑𝑟 = 𝐿𝑟𝑖𝑑𝑟 + 𝐿𝑚𝑖𝑑𝑠
𝜆𝑞𝑟 = 𝐿𝑟𝑖𝑞𝑟 + 𝐿𝑚𝑖𝑞𝑠,

 
(36) 

where 𝑅 is resistance, 𝑉 is voltage, 𝑖 represents the current, 𝑤 is the angular velocity,  𝐿 is the 

inductance, 𝐿𝑚 represents the mutual inductance, 𝑖𝑚𝑠 is excitation current and 𝜆 is the flux 

linkage. The direct and quadrature components from the reference are represented by 𝑑 and q 

respectively. The rotor and stator variables are represented by the subscripts 𝑟 and 𝑠  

respectively. The differential of the stator flux is zero under the constant-state operation of the 

generator. And neglecting the stator resistance, the stator will be only calculated from stator 

flux which is indicated in equation 34. The stator flux is determined by regulating the rotor 

current. Therefore, if we align the q-axis of synchronous rotating reference frame on the stator 

flux vector, we get 𝜆𝑑𝑠 = 0, 𝜆𝑞𝑠 = 𝐿𝑚𝑖𝑚𝑠.  Then from equation 34, we get: 

 

{
 

 𝑖𝑑𝑠 = −
𝐿𝑚
𝐿𝑠
𝑖𝑑𝑟                

𝑖𝑞𝑠 = −
𝐿𝑚
𝐿𝑠
(𝑖𝑞𝑟 − 𝑖𝑚𝑠)

 

(37) 

And substituting equation 36 into 33, we get: 
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𝑖𝑞𝑟 =

𝐿𝑚
𝜏

𝑑𝑖𝑚𝑠
𝑑𝑡

+ 𝑖𝑚𝑠 −
1

𝜏
𝑢𝑞𝑠 

(38) 

Where,  

 
𝜏 =

𝑅𝑠𝐿𝑚
𝐿𝑠

 
(39) 

Equation 33 is determined by excitation current whilst ignoring 𝑢𝑞𝑠 which is reasonable due 

to its small value. Equation 38 is preferred for the determination of the d-axis component of 

the rotor current, 𝑖𝑑𝑟: 

 
𝑖𝑑𝑟 = −

𝐿𝑠
𝐿𝑚

𝑖𝑞𝑠 
(40) 

 The stator  flux angle can be determined by integrating the reference value of the stator 

voltage synchronous speed, 𝑤𝑒 :  

 
𝜃𝑠 = ∫𝑤𝑒𝑑𝑡 

(41) 

The control of the 𝑑𝑞 − 𝑎𝑥𝑖𝑠 rotor current can be done by controlling the 𝑑𝑞 − 𝑎𝑥𝑖𝑠 rotor 

voltage to give: 

 

{
 

 𝑉𝑑𝑟 = 𝑅𝑟𝑖𝑑𝑟 + 𝜎𝐿𝑟
𝑑𝑖𝑑𝑟
𝑑𝑡

− 𝑤𝑠𝑙𝑖𝑝𝜎𝐿𝑟𝑖𝑞𝑟                            

𝑉𝑞𝑟 = 𝑅𝑟𝑖𝑞𝑟 + 𝜎𝐿𝑟
𝑑𝑖𝑞𝑟

𝑑𝑡
+ 𝑤𝑠𝑙𝑖𝑝𝜎𝐿𝑟𝑖𝑑𝑟 +𝑤𝑠𝑙𝑖𝑝

𝐿𝑚
2

𝐿𝑠
𝑖𝑚𝑠

 

(42) 

Where, 

 𝑤𝑠𝑙𝑖𝑝 = 𝑤𝑠 − 𝑤𝑟 

 

(43) 

 
𝜎 = 1 −

𝐿𝑚
2

𝐿𝑠𝐿𝑟
. 

(44) 
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Figure 49: Control structure of a stand-alone DFIG 

The main objective of the rotor side converter is to excite the flux as well as maintaining 

constant frequency and voltage output. And the stator side converter is used to stabilize the DC 

bus. For grid-connected applications, reactive and active power is controlled and decoupled by 

both the rotor and stator side converter. In this research work, the VSDG is modelled in the 

MATLAB/Simulink environment as a controlled voltage source as shown in Fig. 50. The 

operating range of the VSDG is between 2300 rpm to 2900 rpm and it is connected to a boost 

converter to give a voltage output of 240V at rated speed. 

 

Figure 50: Matlab/Simulink model of the VSDG. 
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4.3 Battery storage 

To make the best use of the solar energy available and to reduce the use of the VSDG, batteries 

must be incorporated. Batteries enable the continuous power supply to the water pump in the 

event of power failure or under cloudy weather. In some applications, the battery storage is 

connected directly to the DC-bus without using a power converter. This configuration doesn't 

give a better efficiency as compared to using a converter and it requires more batteries. Also, 

the absence of any control strategy for regulating the battery storage voltage and current may 

result in a degraded life expectancy of the batteries. In this study, a bi-directional converter is 

used to connect the battery storage to the DC bus. The types of batteries which can be used for 

solar energy systems include lead-acid, gel, lithium-ion, and nickel-based batteries. Lead-acid 

batteries are considered the best option for solar systems because of their low cost, high power, 

and easy recyclability. In this hybrid system, lead-acid batteries were used. 

4.3.1 Battery sizing 

The battery type recommended for PV systems is a deep cycle battery such as a lead-acid 

battery. Lead-acid batteries are specially designed to be discharged at lower energy levels and 

then rapidly recharged day after day for years [176]. The battery size must be large such that it 

can be able to store enough energy to power the appliances at night and under cloudy weather 

conditions. To find out the size of the battery, the procedure given in [169, 170, 172, 176] is 

going to be followed. 

 𝑩𝒂𝒕𝒕𝒆𝒓𝒚 𝒄𝒂𝒑𝒂𝒄𝒊𝒕𝒚(𝑨𝒉) =
𝑻𝒐𝒕𝒂𝒍 𝑾𝒂𝒕𝒕 − 𝒉𝒐𝒖𝒓𝒔 𝒑𝒆𝒓 𝒅𝒂𝒚 × 𝑫𝒂𝒚𝒔 𝒐𝒇 𝑨𝒖𝒕𝒐𝒏𝒐𝒎𝒚

𝟎. 𝟖𝟓 × 𝟎. 𝟔 × 𝒏𝒐𝒓𝒎𝒊𝒂𝒍 𝒔𝒚𝒔𝒕𝒆𝒎 𝒗𝒐𝒍𝒕𝒂𝒈𝒆
, (45) 

where given in [172], 0.85 is for battery losses, 0.6 is the depth of discharge. Days of autonomy 

refers to the number of days the battery bank can power the appliances without being charged. 

In this study, considering that the water pump only works 5hours/day, the number of days of 

autonomy is 1.  

𝐵𝑎𝑡𝑡𝑒𝑟𝑦 𝑏𝑎𝑛𝑘 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦(𝐴ℎ) =
21932.355 × 1

0.85 × 0.6 × 12
 

                                                                                     = 𝟑𝟓𝟖𝟑. 𝟕𝟏𝟖 𝑨𝒉. 

The battery in the market which is selected for this application is a 12 V, 300Ah AGM lead-

acid, deep cycle solar battery. To get the number of batteries required, the battery bank capacity 

is divided by the rating of each battery (300Ah). 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑏𝑎𝑡𝑡𝑒𝑟𝑖𝑒𝑠 =
𝟑𝟓𝟖𝟑. 𝟕𝟏𝟖 

300
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                                                                                      = 𝟏𝟏. 𝟗. 

Therefore, 12 batteries will be used in this solar system. The number of series-connected 

batteries is calculated by dividing the nominal voltage of the system by the rating of one of the 

batteries used, 

𝑁𝑠 =
48

12
 

    = 4. 

Then, parallel paths, 𝑁𝑝 are calculated by dividing the total number of batteries by the 

number of series-connected batteries, 

𝑁𝑝 =
12

4
 

                                                                          = 3 

4.3.2 Lead-acid battery modelling 

A lead-acid battery is made up of two electrodes immersed in a sulphuric acid electrolyte. The 

positive electrode is made up of metallic lead oxide (𝑃𝑏𝑂2) and the negative electrode is made 

up of sponge lead (𝑃𝑏). There are two modes of operation in a lead-acid battery namely the 

charge mode and discharge mode. The charging and discharging are based on the following 

chemical reactions: 

Anode: 𝑃𝑏 + 𝐻2𝑆𝑂4  ⇋  𝑃𝑏𝑆𝑂4 + 2𝐻
+ + 2𝑒− 

Cathode: 𝑃𝑏𝑂2 + 𝐻2𝑆𝑂4 + 2𝑒
−  ⇌ 𝑃𝑏𝑆𝑂4 + 2𝑂𝐻

−  

Overall reaction: 𝑃𝑏 + 𝑃𝑏𝑂2 + 2𝐻2𝑆𝑂4  ⇌ 2𝑃𝑏𝑆𝑂4 + 2𝐻2𝑂. 

The lead-acid battery is modelled mathematically using a modified Thevenin battery model 

given in [177]. The electric equivalent circuit of this model is shown in Fig. 51 where, 𝐸𝑚 is 

the open-circuit voltage of the battery, 𝑅𝑜 is the battery internal resistance, the 𝑅1 − 𝐶1 the 

network represents the transient behaviour of the battery, 𝐼 is the discharge current of the 

battery, and 𝑉 is the output voltage of the battery. The dynamic equations of the circuit model 

for discharging and charging are given by:  

 𝑑𝑉𝑝

𝑑𝑡
= −𝑉𝑝

1

𝑅𝑑𝐶
+ 𝑉𝑜

1

𝑅𝑑𝐶
− 𝐼𝑏

1

𝐶
 , 𝑉𝑝 ≤ 𝑉𝑜 

(46) 
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 𝑑𝑉𝑝

𝑑𝑡
= −𝑉𝑝

1

𝑅𝑐𝐶
+ 𝑉𝑜

1

𝑅𝑐𝐶
− 𝐼𝑏

1

𝐶
 , 𝑉𝑝 > 𝑉𝑜 

(47) 

where,  

 
𝐼𝑏 =

𝑉𝑝 − 𝑉0

𝑅𝑏
 

(48) 

and, 𝑉𝑜𝑐 is the open-circuit voltage, 𝑉𝑝 is the capacitor voltage, 𝑉𝑡 is the terminal voltage of 

the battery. 𝑅𝑐 , 𝑅𝑑 and 𝑅𝑏 are the charging, discharging, and internal resistance of the battery 

respectively. 𝐶 is the capacitance of the battery and 𝐼𝑏 is the current of the battery. 

 

Figure 51: Mathematical model of a lead-acid battery. 

Fig. 52 shows the MATLAB/Simulink model of the battery bank connected to the bi-

directional converter. 

 

Figure 52: Bi-directional converter and the battery bank. 
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4.4 Maximum Power Point Tracking charge controllers 

To maximize the energy from PV modules, Maximum Power Point Tracking (MPPT) charge 

controllers are used. Generally, an MPPT controller is a highly efficient DC-DC power 

converter that is controlled by an algorithm to extract the maximum available power from a PV 

module. The charge controller is normally connected between the PV module and the battery 

or load. It also regulates the voltage and current coming from the PV module thereby preventing 

battery overcharging and reverse current flow. Adaptive Neuro-Fuzzy Inference System 

(ANFIS) based MPPT controllers are used for maximum power point tracking in this research. 

Basically, the ANFIS method uses FL for transforming system inputs into desired outputs 

through interconnected neural networks. Therefore, this method combines the benefits offered 

by FL and ANNs into a single technique. 

4.4.1 Modelling of the maximum power point tracking controller 

To describe the ANFIS architecture, two IF-THEN fuzzy rules are considered: 

𝑅𝑢𝑙𝑒(1) = 𝐼𝐹 𝑥 𝑖𝑠 𝐴1 𝐴𝑁𝐷 𝑦 𝑖𝑠 𝐵1, 𝑇𝐻𝐸𝑁  

𝑓1 = 𝑝1𝑥 + 𝑞1𝑦 + 𝑟1 

 

𝑅𝑢𝑙𝑒(2) = 𝐼𝐹 𝑥 𝑖𝑠 𝐴2 𝐴𝑁𝐷 𝑦 𝑖𝑠 𝐵2, 𝑇𝐻𝐸𝑁  

𝑓2 = 𝑝2𝑥 + 𝑞2𝑦 + 𝑟2 

where,  

𝑥 𝑎𝑛𝑑 𝑦 𝑎𝑟𝑒 𝑖𝑛𝑝𝑢𝑡𝑠, 

𝐴𝑖  𝑎𝑛𝑑 𝐵𝑖 𝑎𝑟𝑒 𝑡ℎ𝑒 𝑓𝑢𝑧𝑧𝑦 𝑠𝑒𝑡𝑠, 

𝑓𝑖  𝑎𝑟𝑒 𝑡ℎ𝑒 𝑜𝑢𝑡𝑝𝑢𝑡𝑠 𝑤𝑖𝑡ℎ𝑖𝑛 𝑡ℎ𝑒 𝑓𝑢𝑧𝑧𝑦 𝑟𝑢𝑙𝑒, 

𝑝𝑖, 𝑞𝑖 𝑎𝑛𝑑 𝑟𝑖 𝑎𝑟𝑒 𝑡ℎ𝑒 𝑑𝑒𝑠𝑖𝑔𝑛 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑡ℎ𝑎𝑡 𝑎𝑟𝑒 𝑑𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑒𝑑 𝑑𝑢𝑟𝑖𝑛𝑔 𝑡ℎ𝑒 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑝𝑟𝑜𝑐𝑒𝑠𝑠. 
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Figure 53: ANFIS architecture. 

 

Fig. 53 illustrates the ANFIS architecture which is used to implement the two rules explained 

above. The ANFIS architecture is made up of 5 layers. 

 For layer (1), the nodes are adaptive and the outputs are the fuzzy membership grades 

given by: 

𝑂1,𝑖 = 𝜇𝐴𝑖(𝑥), 𝑖 = 1,2 

𝑂1,𝑖 = 𝜇𝐵𝑖−2(𝑦), 𝑖 = 3, 

where 𝑥 and 𝑦 represent the inputs to the node 𝑖 , and 𝐴𝑖 and 𝐵𝑖 represent linguistic labels. 

𝜇𝐴𝑖(𝑥) and 𝜇𝐵𝑖−2(𝑦) can be of any fuzzy membership function. If a bell-shaped membership 

function is used, 𝜇𝐴𝑖(𝑥) is given as: 

 
𝜇𝐴𝑖 =

1

1 + [(
𝑥 − 𝑐𝑖
𝑎𝑖

)
2

] 𝑏𝑖

;   𝑖 = 1,2 
(49) 

 

where 𝑎𝑖, 𝑏𝑖, 𝑎𝑛𝑑 𝑐𝑖 being variables for the membership function. 

 For layer (2), all nodes are fixed. In this layer, the fuzzy operators are involved and the 

AND operator is used to fuzzify the inputs. The layer is labelled with 𝜋 to indicate that 

it performs as a simple multiplier. The output of layer (2) is called the firing strength 

and is given by:  
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𝑂2, 𝑖 = 𝑤𝑖 = 𝜇𝐴𝑖(𝑥) ∗ 𝜇𝐵𝑖(𝑦), 𝑖 = 1,2. 

 For layer (3), the nodes are also fixed. This layer is labelled N indicating that its role is 

to normalize firing strengths from layer (2). The output of layer (3) is called normalized 

firing strength and is represented as:  

𝑂3, 𝑖 = 𝑤𝑖̅̅ ̅ =  
𝑤𝑖

𝑤1 + 𝑤2
, 𝑖 = 1,2. 

 For layer (4), the nodes are adaptive. The output of this layer is a product of the first-

order polynomial (first-order Sugeno model) and normalized firing strength from layer 

(3). The output of layer (4) is given by: 

𝑂4, 𝑖 = 𝑤𝑖̅̅ ̅𝑓𝑖 = 𝑤𝑖̅̅ ̅(𝑝𝑖𝑥 + 𝑞𝑖𝑦 + 𝑟𝑖); 𝑖 = 1,2 

where 𝑤̅ is the layer (3) output and 𝑝𝑖, 𝑞𝑖 and 𝑟𝑖 are the subsequent parameters.  

 For layer (5), there is one fixed node denoted by  ∑𝑥. This layer sums all the incoming 

signals of the model. The output of layer (5) is given by: 

𝑂5, 𝑖 =∑𝑤̅

𝑖

𝑓𝑖 =
∑ 𝑤𝑖𝑓𝑖𝑖

∑ 𝑤𝑖𝑖
 

The proposed MPPT technique must be able to extract the maximum power from PV modules 

quickly and effectively with minimum power oscillations. The ANFIS controller has to work 

as a reference model of PV modules for computing the maximum power from input variables 

which are the temperature and irradiance. 

4.4.2 Adaptive neuro-fuzzy inference system model 

The proposed ANFIS based MPPT controller is made up of the ANFIS reference model, FL 

power controller and a DC-DC boost converter as shown in Fig. 54. This MPPT controller is 

based on the fact that by knowing the maximum possible power output of a PV module for a 

given set of solar irradiance and temperature, the real-time MPP of the solar module can be 

perfectly tracked.  
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Figure 54: ANFIS based MPPT controller. 

The ANFIS reference model provides the system with a reference value of the maximum 

possible power output from a solar module at a certain temperature and irradiance. At the same 

irradiance and temperature, the actual power output which is coming from PV modules is 

measured and compared to the reference value from the ANFIS model. The difference between 

the two power values is calculated to give an error, which is then fed to the FL power controller 

to generate a control signal. The signal generated by the FL power controller is given to the 

Pulse Width Modulator (PWM). The PWM generates a signal at a high level of frequency to 

control the duty cycle of the DC-DC power converter and force PV modules to operate at the 

MPP. It should be noted that most of the ANFIS based MPPT controllers that have been 

presented in the literature rely on the PI(D) controller for generating the duty cycle for the DC-

DC power converter as given in [178-181]. Thus, the use of the FL power controller for 

generating the duty cycle makes this research work unique. The proposed model has two inputs 

(solar irradiance and temperature) and one output which is the reference maximum power 

output of the PV modules. The temperature and irradiance values for the particular site used in 

this study have been obtained from the PVGIS website. And the reference maximum power 

output values are obtained from simulating the MATLAB/Simulink model of the ART solar- 

360Wp solar array without connecting any load. Therefore, the ANFIS is trained with 145 data 

sets of temperature and irradiance as inputs and the reference maximum power as the output. 

The power controller is used to track the maximum power point by varying the duty cycle of 

the boost converter basing on the data stored in the ANFIS reference model. The design of the 
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ANFIS is based on the Sugeno inference model, 5 triangular membership functions are chosen 

for solar irradiance and 3 triangular membership functions for temperature. The structure of 

the ANFIS is shown in the figure below: 

 

 
Figure 55: ANFIS reference model structure 

 

Figure 56: Surface view of the ANFIS reference model showing the mapping of inputs and 

outputs. 
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4.4.3 DC-DC Boost converter 

MPPT algorithms are implemented using highly efficient DC-DC power converters. There are 

several topologies of DC-DC power converters which can be used for maximum power point 

tracking and these include the boost converter, buck converter, Cùk converter and SEPIC 

converter. Because of its simplicity and ability to step up the voltage, the boost converted is 

adopted in this study. In this study, a boost converter is used due to its simplicity and high 

reliability as compared to other converters [182]. A boost converter is made up of two 

semiconductor switches (diode and Mosfet), an inductor and a capacitor as shown in the 

diagram below. 

 

Figure 57:DC-DC boost  converter 

The converter utilizes the maximum power transfer theory to be able to track the MPP of solar 

modules. According to the theory, the maximum power is only transferred from the source to 

the load when the source impedance matches the load impedance (load matching). In other 

words, the input to the DC-DC boost converter as seen by the PV module must match the load 

impedance for the maximum power to be transferred to the load. The load matching is achieved 

by using an ANFIS algorithm to adjust the duty cycle of the DC-DC converter. The duty cycle, 

D, is defined as the ratio between the period the switch is on to the total switching period. A 

boost converter is made up of two semiconductor switches (Mosfet and diode), an inductor, 

and a capacitor. The working principle of the boost converter is based on that, the inductor, 𝐿, 

resist sudden changes in input current. Assuming continuous conduction mode of operation, 

the converter has two states of operation which are given below. 

a) ON state 

During this state, the MOSFET switch, 𝑆, will be on and the diode switch, 𝐷, will be off. The 

diode will be open-circuited because the n side of the diode will be higher compared to the p 

side which will be shorted to the ground. The current flow through the inductor and then to the 

MOSFET. The inductor stores energy in the form of a magnetic field. On the other side of the 
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circuit, the current flows from the capacitor to the load. The ON state duration is given by 

𝑇𝑂𝑁 = 𝐷 + 𝑇, where 𝐷 is the duty cycle and 𝑇 is the switching frequency.  

b) OFF state 

In this state, the control signal turns off the MOSFET and the diode is turned on. The inductor 

discharges and the current flows through the diode to the filter capacitor and the load. The 

capacitor stores energy in the form of charge. The filter capacitor in the output circuit is 

assumed to be large such that the Resistor-Capacitor (RC) time constant is higher than the 

switching frequency to ensure constant output voltage.  

 

The boost converter is designed at STC of the solar module. The PV array specifications are 

given in Table 2. Thus, the PV output current, 𝐼𝑃𝑉 = 𝐼𝑀𝑃𝑃, output voltage, 𝑉𝑃𝑉 = 𝑉𝑀𝑃𝑃 and 

output power, 𝑃𝑃𝑉 = 𝑃𝑀𝑃𝑃. Therefore, the input/output voltage and current relationships of a 

DC-DC boost converter are given by,  

 
𝑉𝑜 =

𝑉𝑀𝑃𝑃
1 − 𝐷

 
(50) 

 

 𝐼𝑜 = (1 − 𝐷)𝐼𝑀𝑃𝑃 (51) 

where  𝑉𝑜 is the output voltage of the converter, 𝑉𝑀𝑃𝑃 is the input voltage to the converter, 𝐼𝑜 

is the output current of the converter, 𝐼𝑀𝑃𝑃 is the input current to the converter. The relationship 

between the load resistance (𝑅) and optimal internal resistance of the PV module (𝑅𝑀𝑃𝑃) is 

given as, 

 𝑅 =
𝑅𝑀𝑃𝑃

(1 − 𝐷𝑀𝑃𝑃)
2
 (52) 

where 𝑅 =
𝑉𝑜

𝐼𝑜
, 𝑅𝑀𝑃𝑃 =

𝑉𝑀𝑃𝑃

𝐼𝑀𝑃𝑃
 and 𝐷𝑀𝑃𝑃 is the duty cycle at MPP at STC. Since the range of the 

duty cycle is between 0 and 1, the load resistance must be equal to or greater than the optimal 

internal resistance of the PV module (𝑅 ≥ 𝑅𝑀𝑃𝑃). At STC, 𝑅𝑀𝑃𝑃 =
𝑉𝑀𝑃𝑃

𝐼𝑀𝑃𝑃
. Using the load 

resistance of 10Ω and assuming a lossless converter (𝑃𝑜 = 𝑃𝑃𝑉 = 𝑃𝑀𝑃𝑃), the output voltage of 

the converter is determined as, 

 𝑉𝑜 = √𝑃𝑜𝑅 = 60 𝑉. (53) 

The duty cycle at MPP at STC is determined as, 

𝐷𝑀𝑃𝑃 = 1 −
𝑉𝑃𝑉
𝑉0

= 0.35. 
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The PV module’s voltage varies with the current and to minimize ripples, the minimum value 

of the inductor has to be designed for 1% current ripples (∆𝐼𝑃𝑉) at a high-frequency value of 

20 kHz as given below [183], 

𝐿 ≥  
𝑉𝑃𝑉 × 𝐷𝑀𝑃𝑃
2 × ∆𝐼𝑃𝑉 × 𝑓

= 3.7  𝑚𝐻. 

The minimum value of the input capacitor has to be designed for 1% of the voltage ripples as 

given below [183],  

𝐶 ≥  
𝐷𝑀𝑃𝑃

2 × ∆𝑉𝑜 × 𝑓 × 𝑅
= 87.5  𝑛𝐹. 

In this study, the input capacitor, 𝐶𝑖, is incorporated to reduce the ripples of the input voltage 

as well as to deliver alternating current to the inductor. The selected design parameters of the 

DC-DC boost converter are given in the table below. 

Table 4: Selected parameters of the boost converter 

Parameter Symbol Value 

Input voltage 𝑉𝑀𝑃𝑃 39 V 

Input current 𝐼𝑀𝑃𝑃 9.24 A 

Duty ratio 𝐷𝑀𝑃𝑃 0.35 

Inductor 𝐿 3.7 𝑚𝐻 

Load resistance 𝑅 10 Ω 

Output capacitor 𝐶𝑜 87.5 𝜇𝐹 

Input capacitor 𝐶𝑖 4000 𝜇𝐹 

Switching frequency 𝑓 20 𝑘𝐻𝑧 

 

4.4.4 Design of the power controller 

The power controller is based on FL and it is used to generate the control signal for the 

converter. The signal is generated based on the error between the actual power output of the 

PV array and the reference power output given by the ANFIS reference model. The FL power 

controller has two input variables (error, 𝐸, and change in error, 𝐶𝐸) and one output variable 

(duty cycle increment, ∆𝐷).  
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Figure 58: FL power controller model 

Triangular membership functions were used for each variable in the design of the FL controller. 

Five membership functions were chosen for each variable and defined as: Very Low (VL), 

Low (L), Neutral (N), High (H) and Very High (VH). The ranges of the variables are given as 

𝐸 (−100 𝑡𝑜 100), 𝐶𝐸 (−10 𝑡𝑜 10) and 𝐷 (−0.1 𝑡𝑜 0.1). 

 

Figure 59: Membership functions of the error, E. 

 
Figure 60:Membership functions of the change in error, CE. 
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Figure 61: Membership functions of the duty cycle increment, 𝛥𝐷. 

Thus, the FL power controller is designed with 25 fuzzy rules shown in Table 5. Rows and 

columns represent the input variables (𝐸) and (𝐶𝐸) and the output variable (Δ𝐷) is located at 

the intersection of the row and the column. 

Table 5:Fuzzy rules of the FL power controller 

E/CE Very 

Low 

Low Neutral High Very High 

Very Low VH VH H VL VL 

Low H H H VL L 

Neutral H H N L L 

High H H L L VL 

Very High H H L L VL 

 

4.5 Energy management controller 

The Energy Management Controller (EMC) must satisfy the load demand regardless of the 

variation of the power coming from the renewable energy source. Thus, the EMC must select 

the appropriate energy source or a combination of energy sources at each instant to maintain a 

constant DC bus voltage to power the water pump. The DC bus is supplied by the PV array, 

VSDG, and the battery bank. As mentioned before, the PV system is the main source of energy 

and the VSDG constantly fills up the gap between the energy generated by the PV system and 

the required load value. The EMC is based on fuzzy logic. Fuzzy logic control is an adaptive 

control that gives a robust performance for both linear and non-linear control systems. The 

controller is used to control the power generated by the PV modules, battery bank, and the 

VSDG. Depending on the available power and the load demand, the fuzzy logic controller 
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selects either a single power source or a combination of power sources that can meet the load 

demand. The controller also regulates the charging and discharging of the battery bank by 

activating the charging switch when the power from PV modules is in excess and activating 

the discharging switch when the PV modules do not meet the load demand. The following are 

the modes of operation of the energy management controller.  

Mode 1: Total generated power from PV modules  (𝑷𝑷𝑽)  is equal to or greater than the 

load demand (𝑷𝑳). 

In this scenario, the controller must first check the 𝑆𝑂𝐶 of the battery bank. If the 𝑆𝑂𝐶 is less 

than the maximum state of charge of the battery (𝑆𝑂𝐶𝑚𝑎𝑥), the controller must direct excess 

energy to charge the battery bank until it reaches 𝑆𝑂𝐶𝑚𝑎𝑥. When the battery bank reaches it 

𝑆𝑂𝐶𝑚𝑎𝑥, the controller must terminate the charging to avoid overcharging of the battery bank. 

The power balance equation is given by, 

𝑃𝑃𝑉 = 𝑃𝐵 + 𝑃𝐿 . 

where 𝑃𝐵 is the power from the battery bank. 

Mode 2: Total generated power from PV modules is less than the load demand. 

In this mode, the controller has to also first check the 𝑆𝑂𝐶 of the battery bank. If the 𝑆𝑂𝐶 is 

greater than the minimum discharge limit, 𝑆𝑂𝐶𝑚𝑖𝑛, the controller must discharge the battery to 

meet the load demand until the battery bank reaches 𝑆𝑂𝐶𝑚𝑖𝑛. The power balance equation is 

given by, 

𝑃𝐿 = 𝑃𝑃𝑉 + 𝑃𝐵 

Mode 3: Total power produced by the PV modules plus the battery storage is less than 

the load demand. 

The VSDG must be started when the sum of power from the PV modules & battery bank do 

not meet the load demand. The VSDG must operate to constantly fill up the gap between the 

power produced by the PV modules & battery and the load demand. If the solar irradiance 

increases, the power from the PV modules also increases thereby charging the battery bank. 

When the battery bank charges and reaches the float level, 𝑆𝑂𝐶𝑓𝑙, and if the sum of the power 

from the PV modules & battery bank meets the load demand, the VSDG is switched off. 
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Figure 62: Flow chart of the EMC. 

 

4.5.1 Design of the fuzzy logic controller 

The IF-THEN rules of the Fuzzy Logic Controller (FLC) relate the inputs to the outputs 

variables of the system. In this research, the fuzzy input variables are 𝑃𝑃𝑉 & 𝑆𝑂𝐶 and output 

variables are the VSDG status (𝑉𝑆𝐷𝐺𝑠𝑡𝑎𝑡𝑢𝑠), VSDG speed (𝑉𝑆𝐷𝐺𝑟𝑝𝑚) and battery bank status 

(𝐵𝑠𝑡𝑎𝑡𝑢𝑠) as shown in Fig. 63. The FLC is modelled and implemented in MATLAB/Simulink 

environment. 
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Figure 63: Fuzzy logic designer of the EMC. 

The battery bank state of charge has 3 triangular membership functions which are described as 

LOW (0-20%), MEDIUM (20-80%) and HIGH (80-100%). The maximum power the PV array 

can produce at STC is 6480W (18 modules × 360Wp). Therefore, the membership functions 

of 𝑃𝑃𝑉 are described as LOW (0-2160W), MEDIUM (2160-4320W) and HIGH (4320-6480W) 

as shown in Table 6. 

Table 6: The ranges of the input variables membership functions 

Input variables LOW MEDIUM HIGH 

SOC 0 - 20 20 - 80 80 - 100 

𝑃𝑃𝑉 0 - 2160 2160 - 4320 4320 - 6480 
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Figure 64: Membership functions of the PV array power output. 

 

Figure 65: Membership functions of the battery bank state of charge. 

For the output variables, the battery bank control has 3 membership functions namely, charging 

(0-0.2), discharging or charging (0.2-0.8) and discharging (0.8-1.0). These membership 

functions have to control the battery bank status such that when the battery’s 𝑆𝑂𝐶 exceeds 80 

%, the charging control is terminated and the battery bank will only be able to discharge to 
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complement the power from the PV array to meet the load demand. When the 𝑆𝑂𝐶 is between 

20% to 80%, the status of the battery bank will be either charging or discharging depending on 

the PV array power output. And when the 𝑆𝑂𝐶 is below 20%,  the battery bank control will be 

charging as shown in Table 7. 

Table 7: The ranges of the membership functions of the battery bank status 

Output variable Charging Discharging/ 

Charging 

Discharging 

𝐵𝑠𝑡𝑎𝑡𝑢𝑠 0 – 0.2 0.2 – 0.8 0.8 – 1.0 

 

 

Figure 66: Membership functions of the battery bank status. 

The VSDG has an operating range of 2300 rpm to 2900 rpm. At maximum speed, the VSDG 

generates a maximum power output of 6 kW. The membership functions of the VSDG control 

are designed in such a way that the speed of the generator has to be adjusted to generate the 

power that adds up to the PV array’s output to meet the load demand when the power from the 

PV system is not enough to power the load as shown in Table 8. 
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Table 8: The ranges of the membership functions of the VSDG speed. 

Output variable LOW MEDIUM HIGH 

𝑉𝑆𝐷𝐺𝑟𝑝𝑚 2300 - 2500 2500 - 2700 2700 - 2900 

 

 

Figure 67: Membership functions of the VSDG speed. 

The last output variable of the FLC is the VSDG status which is described as OFF (0-0.5) and 

ON (0.5-1.0). The membership functions of this variable are designed to start the generator 

when the primary sources (PV array & battery bank) do not meet the load demand. The 

membership functions of VSDG status are shown in Table 9. 

Table 9: The ranges of the membership functions of the VSDG status. 

Output variable OFF ON 

𝑉𝑆𝐷𝐺𝑠𝑡𝑎𝑡𝑢𝑠 0 – 0.5 0.5 - 1 

 

 

 



83 
 

 
Figure 68: Membership functions of the VSDG status. 

Using the membership functions of different variables designed above, the IF-THEN rules of 

the FLC are created.  Table 10 shows nine different rules for different operational conditions 

of the hybrid system. In MATLAB/Simulink, the IF-THEN rules can be represented using the 

Rule Viewer. The Rule Viewer shows rules that are active or not active and it also indicates 

how each membership function influence the results of the system. Fig. 69 shows the Rule 

Viewer of the designed EMC.  

Table 10: Fuzzy rules for the EMC. 

1. IF the 𝑃𝑃𝑉 is HIGH and 𝑆𝑂𝐶 is HIGH THEN 𝐵𝑠𝑡𝑎𝑡𝑢𝑠 is Discharging and 𝑉𝑆𝐷𝐺𝑟𝑝𝑚 is 

ZERO. 

2. IF the 𝑃𝑃𝑉 is HIGH and 𝑆𝑂𝐶 is MEDIUM THEN 𝐵𝑠𝑡𝑎𝑡𝑢𝑠 is Charging/Discharging  

and 𝑉𝑆𝐷𝐺𝑟𝑝𝑚 is ZERO. 

3. IF the 𝑃𝑃𝑉 is HIGH and 𝑆𝑂𝐶 is LOW THEN 𝐵𝑠𝑡𝑎𝑡𝑢𝑠 is Charging and 𝑉𝑆𝐷𝐺𝑟𝑝𝑚 is 

ZERO. 

4. IF the 𝑃𝑃𝑉 is MEDIUM and 𝑆𝑂𝐶 is HIGH THEN 𝐵𝑠𝑡𝑎𝑡𝑢𝑠 is Discharging and 𝑉𝑆𝐷𝐺𝑟𝑝𝑚 

is ZERO. 
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5. IF the 𝑃𝑃𝑉 is MEDIUM and 𝑆𝑂𝐶 is MEDIUM THEN 𝐵𝑠𝑡𝑎𝑡𝑢𝑠 is Charging/Discharging 

and 𝑉𝑆𝐷𝐺𝑟𝑝𝑚 is LOW. 

6. IF the 𝑃𝑃𝑉 is MEDIUM and 𝑆𝑂𝐶 is LOW THEN 𝐵𝑠𝑡𝑎𝑡𝑢𝑠 is Charging and 𝑉𝑆𝐷𝐺𝑠𝑡𝑎𝑡𝑢𝑠 

is ON and 𝑉𝑆𝐷𝐺𝑟𝑝𝑚 is MEDIUM. 

7. IF the 𝑃𝑃𝑉 is LOW and 𝑆𝑂𝐶 is HIGH THEN 𝐵𝑠𝑡𝑎𝑡𝑢𝑠 is Discharging and 𝑉𝑆𝐷𝐺𝑟𝑝𝑚 is 

ZERO. 

8. IF the 𝑃𝑃𝑉 is LOW and 𝑆𝑂𝐶 is MEDIUM THEN 𝐵𝑠𝑡𝑎𝑡𝑢𝑠 is Charging/Discharging and 

𝑉𝑆𝐷𝐺𝑟𝑝𝑚 is MEDIUM. 

9. IF the 𝑃𝑃𝑉 is LOW and 𝑆𝑂𝐶 is LOW THEN 𝐵𝑠𝑡𝑎𝑡𝑢𝑠 is Charging and 𝑉𝑆𝐷𝐺𝑟𝑝𝑚 is 

HIGH. 

 

 

Figure 69: Rule viewer of the FL based EMC. 

To show how each output depends on one or two of the inputs, the Surface Viewer is utilized. 

The Surface Viewer generates input/output surface mapping of the system as shown in Fig. 70, 

71 and 72. 
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Figure 70: Surface viewer of 𝑃𝑃𝑉, 𝑆𝑂𝐶 and  𝐵𝑠𝑡𝑎𝑡𝑢𝑠. 

 
Figure 71: Surface viewer of 𝑃𝑃𝑉, 𝑆𝑂𝐶 and 𝑉𝑆𝐷𝐺𝑠𝑡𝑎𝑡𝑢𝑠. 
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Figure 72: Surface viewer of 𝑃𝑃𝑉, 𝑆𝑂𝐶 and 𝑉𝑆𝐷𝐺𝑟𝑝𝑚. 

 

4.6 DC water pumping unit 

The water pumping unit is made up of a Permanent Magnet DC (PMDC) motor and a 

submersible pump. Submersible pumps can be described as multi-stage centrifugal pumps that 

operate in a vertical position. The specifications of the solar water pump for this application 

are given below. 

Table 11: Solar water pump specifications [184]. 

Brand Tata 

Model 5 Hp – DC Submersible 

Pump capacity 5 Hp 

Maximum pump head 50 m 

Motor type Permanent Magnet Direct Current (PMDC) 

motor 

Module capacity ≥ 4800Wp 

Rated speed 3600rpm 
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4.6.1 DC motor modelling 

DC motors are electrical machines that convert DC electrical power to mechanical power. In a 

PMDC motor, the field winding is a permanent magnet and no external excitation is needed. 

The diagram below shows an equivalent circuit of the PMDC motor. 

 

Figure 73: Equivalent circuit of a PMDC motor 

The terminal voltage (𝑉𝑡) is given by,  

 
𝑉𝑡 = 𝐼𝑎𝑅𝑎 + 𝐿𝑎𝑎

𝑑𝐼𝑎
𝑑𝑡

+ 𝑘𝑚𝑤𝑚 
(54) 

where 𝐼𝑎 is the armature current, 𝑅𝑎 is the armature resistance, 𝐿𝑎𝑎 represents the inductance, 

𝑘𝑚 is the motor torque constant and 𝑤𝑚 is the angular speed of the motor.  

The electrical torque (𝑇𝑒) is given as, 

 𝑇𝑒 = 𝑘𝑚𝐼𝑎 (55) 

and the motor speed is written as a function of the electrical torque and the load torque (𝑇𝐿) as  

 
𝐽
𝑑𝑤𝑚
𝑑𝑡

= 𝑇𝑒 − 𝑇𝐿 − 𝐵𝑚𝑤𝑚 
(56) 

where 𝐽 is the inertia constant, 𝐵𝑚 is the viscous friction coefficient. Therefore, rearranging 

equations 54, 55 and 56, the dynamic behaviour of the PMDC is given by, 

 

{
 

 
𝑑𝐼𝑎
𝑑𝑡

=
1

𝐿𝑎𝑎
(𝑉𝑡 − 𝐼𝑎𝑅𝑎 − 𝑘𝑚𝑤𝑚)

𝑑𝑤𝑚
𝑑𝑡

=
1

𝐽
(𝑇𝑒 − 𝑇𝐿 − 𝐵𝑚𝑤𝑚)

 

(57) 

The MATLAB/Simulink model of the DC water pump is shown in Fig. 74. 
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Figure 74:MATLAB/Simulink model of the DC water pump. 
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5.0 SYSTEM TESTING AND RESULTS ANALYSIS. 

The modelling of the AI-based solar-diesel hybrid water pumping system is described in detail 

in Chapter 4. To verify the performance of the proposed hybrid water pumping system, several 

case studies are presented in this chapter. The performance of the proposed ANFIS based 

MPPT controller as well as the EMC is tested through simulations in the MATLAB/Simulink 

environment.  

5.1 ANFIS based MPPT controller simulations 

As stated before, if the PV module is connected directly to the load, its operating point is rarely 

at the MPP. MPPT techniques are employed to match the internal resistance of the PV module 

to the load resistance for maximum power to be transferred to the load. To analyse the dynamic 

behaviour of the proposed ANFIS based MPPT controllers and to find out if the maximum 

possible power is being extracted, different scenarios are considered and simulated in the 

MATLAB/Simulink environment. 

Scenario 1: At STC, with and without the proposed MPPT controller. 

The proposed MPPT controller is simulated at STC (1000W/ 𝑚2 & 25 ℃) and then compared 

to the simulation of the same circuit but without the MPPT controller.  

 

Figure 75: At STC, with and without the proposed MPPT controller. 
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Fig. 75 shows the PV module power output with the proposed MPPT (red line) and without 

the MPPT controller (blue line). In both graphs, the PV power output rises sharply from zero 

up to about the MPP (360 W) after a time of 20 ms. For the system with the MPPT controller, 

the power output settles at MPP since the MPPT controller will be continuously forcing the PV 

module to operate at the MPP. For the system without the controller, the PV power output 

drops and settles at around 200 W. This is because the load resistance doesn’t match the internal 

resistance of the module and there is no external circuit that can force the PV to find its MPP. 

Scenario 2: Under varying irradiance, with and without the proposed MPPT. 

In this case, the proposed controller is evaluated at 25 ℃ and with sudden changes in solar 

irradiance levels (1000W/𝑚2, 850W/𝑚2 500W/𝑚2, and 50W/𝑚2 ).  

 

Figure 76: Under varying solar irradiance, with and without the proposed MPPT controller. 

Fig. 76 shows the PV power output curves for the two systems. It can be noted that the proposed 

MPPT controller presents a good performance under varying solar irradiance since it perfectly 

tracks the MPP for different solar irradiances levels. For the PV module without the MPPT 

controller, the system does not operate at the MPP.  However, it should be noted that between 

0.4 seconds and 0.8 seconds, the system without the controller operates around the MPP. This 
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is because, during that period, the optimal internal resistance of the solar module is almost 

equal to the load resistance of the circuit. 

At 25 ℃, 500W/𝑚2 the optimal internal resistance of the PV module is given by,  

𝑅𝑀𝑃𝑃 =
𝑉𝑀𝑃𝑃

2

𝑃𝑀𝑃𝑃
= 8.5Ω, 

which is almost equal to the load resistance of 10 Ω. Because of that, the PV module can 

operate at almost MPP without the inclusion of any controller to control its operating point. 

Scenario 3: At STC, comparing with the P&O MPPT controller. 

The performance of the proposed ANFIS based MPPT controller is also evaluated by 

comparing it with the P&O MPPT technique at STC.  It can be noted from Fig. 77 that for both 

MPPT controllers, the PV module power output rises sharply up to the MPP with the rise time 

of 20 𝑚𝑠. For the system with the ANFIS based MPPT controller, the power output settles and 

maintains that value. However, for the system with the P&O MPPT controller, the power output 

oscillates about the MPP before settling down. The power output of the P&O technique settles 

at the MPP after 80 𝑚𝑠 as shown in Fig. 77. 

 

Figure 77: At STC, comparing with the P&O MPPT controller. 
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Scenario 4: Under varying solar irradiance, comparing with the P&O MPPT controller. 

At this point, the performance of the proposed MPPT controller is evaluated by comparing it 

with the P&O MPPT controller under varying solar irradiance levels (1000W/𝑚2, 850W/𝑚2 

500W/𝑚2, and 50W/𝑚2 ). Both controllers exhibit satisfactory tracking performance, but the 

degree of accuracy is different as shown in Fig. 78. 

 

Figure 78: Under varying solar irradiance, comparing with the P&O MPPT controller. 

The ANFIS based MPPT controller displays a fast response to sudden changes in solar 

irradiance levels with small oscillations about the MPPT. For the P&O MPPT controller, the 

tracking speed is lower and oscillations are much higher. The P&O MPPT controller also 

exhibits the drift phenomenon (caused by the incorrect decision to either decrease or increase 

the duty cycle for fast-changing irradiance levels). It must be also noted that the efficiency of 

the P&O MPPT technique is very poor for lower solar irradiance levels (at 500𝑊/𝑚2) as 

illustrated in Fig. 78 (between 40 and 60𝑚𝑠). This is because the P&O method uses a fixed 

step to either decrease or increase the duty cycle (non-adaptive) but for the ANFIS based MPPT 

controller, ∆𝐷 changes (from −0.1 𝑡𝑜 0.1 as shown in Fig. 61) depending on the error given 
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to the FL power controller, which makes the proposed MPPT technique efficient for any given 

solar irradiance level and temperature. 

Scenario 5: Under varying solar irradiance, varying temperature and comparing with the 

P&O MPPT controller. 

The performance of the proposed ANFIS based MPPT is also evaluated under varying solar 

irradiance and temperature by comparing it with the P&O MPPT technique. In general, the 

efficiency of PV modules decreases with an increase in solar cell temperature. Four real 

environmental data sets of solar irradiance and temperature are used. Table 12 shows these 

data sets. Fig. 79 shows the power output curves of the two controllers.  

 

Figure 79: Under varying solar irradiance, varying temperature comparing with the P&O 

MPPT controller. 

The proposed ANFIS based MPPT shows a better response for changing solar irradiance and 

temperature. For the P&O MPPT controller, the accuracy and tracking speed is slower and this 

results in power wastages since the SPV system won’t be operating at the MPP. 
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Table 12: Data sets of solar irradiance and temperature 

Solar Irradiance Temperature 

633 W/𝑚2 30.6 ℃ 

440 W/𝑚2 25.2 ℃ 

222 W/𝑚2 20.1 ℃ 

30 W/𝑚2 15.2 ℃ 

The reason for this poor performance is because the P&O technique relies on fixed steps to 

update the duty cycle of the DC-DC boost converter and it takes time for this controller to 

locate the new MPP for rapidly changing environmental conditions. 

5.2 Energy management controller simulations 

As mentioned before, the EMC must select the appropriate energy source or a combination of 

energy sources at each instant whilst maintaining a constant DC bus voltage at 240V. Three 

case studies are simulated and studied to analyze the performance of the proposed system. In 

every case study, the 𝑃𝑃𝑉 is varied from HIGH (0 – 0.2) seconds, MEDIUM (0.2 – 0.4) seconds 

and LOW (0.4 – 0.6) seconds as shown in Fig. 80. The 𝑃𝑃𝑉 is varied by varying the solar 

irradiance input to the PV array. 

 

Figure 80: 𝑃𝑃𝑉 variation from HIGH to LOW. 
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Case 1: The 𝑃𝑃𝑉 is varied from HIGH, MEDIUM and LOW whilst the initial 𝑆𝑂𝐶 is LOW. 

In this case, the power from PV modules is varied from HIGH to LOW whilst the initial 𝑆𝑂𝐶 

is LOW. The results of the simulations are given below which include the DC bus voltage, 

VSDG speed and water pump speed. Fig. 81 shows the results of the DC bus voltage. The blue 

line represents the actual DC bus voltage of the system whilst the red line represents the target 

which is 240V. It can be seen that the DC bus voltage rises from 0V to just above 250V. Since 

the power from PV modules is high between 0 to 0.2 seconds, the EMC selects solar modules 

as the only source of energy for this time frame. The status of the VSDG is off/zero between 0 

– 0.2 seconds as shown in Fig. 82. Moreover, the EMC also makes sure that there is no further 

discharge of the batteries when the 𝑆𝑂𝐶 is LOW. Fig. 83 shows simulation results for the speed 

of the water pump. The speed of the water pump rises to around 4000 rpm before it goes down 

to its optimum speed of 3600 rpm. Kindly note that, since the 𝑃𝑃𝑉 rises from zero to maximum 

as shown in Fig. 80, the EMC controller read that small rising time as the 𝑃𝑃𝑉 is LOW and 

that’s why the VSDG status shows the speed of between 2800 rpm to 2600 rpm before it goes 

to zero as shown in Fig. 82. 

 

Figure 81: DC bus voltage of case study 1. 
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From 0.2 to 0.4 seconds, the 𝑃𝑃𝑉 is reduced to MEDIUM. At this point, the EMC activates the 

VSGD to operate at a medium speed of around 2600 rpm as shown in Fig. 82. The water pump 

will be powered by the sum of the energy from the PV modules and VSDG to meet its power 

requirement. The EMC also makes sure that the DC bus voltage is kept around 240V as shown 

in Fig. 81. 

From 0.4 to 0.6 seconds, the 𝑃𝑃𝑉 is further reduced and the EMC makes the VSDG increase its 

operating speed to make up for the reduced power from the PV modules. The water pump will 

be powered by both the VSDG and PV modules. Because of the LOW 𝑃𝑃𝑉, the speed of the 

VSDG is HIGH at 2800 rpm as shown in Fig. 82. 

 

Figure 82: VSDG speed case study 1. 
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Figure 83: Water pump speed of case study 1. 

Case 2: The 𝑃𝑃𝑉 is varied from HIGH, MEDIUM and LOW whilst the initial 𝑆𝑂𝐶 is 

MEDIUM.  

In this case, the power from the PV modules is varied from HIGH to LOW whilst the initial 

𝑆𝑂𝐶 is MEDIUM. From 0 to 0.2 seconds, the EMC activates the charging/discharging of the 

battery bank and the water pump will be powered by the PV modules and batteries. The VSDG 

status will be zero/off since the power from the batteries and solar modules will be enough to 

power the water pump as shown in Fig. 85. The EMC also regulates the DC bus voltage to 

operate at 240V despite variations of 𝑃𝑃𝑉 as shown in Fig. 84.  

From 0.2 to 0.4 seconds, the VSDG start to run to add some power to the system since the 

power from the batteries and solar modules won’t be enough to power the water pump. The 

VSDG operates at a lower speed of around 2400 rpm to make the hybrid system meet the power 

requirement of the water pump as shown in Fig. 85. 

From 0.4 to 0.6 seconds, the 𝑃𝑃𝑉 is LOW. The EMC makes the VSDG increase its power output 

by increasing its speed from 2400 rpm to 2600 rpm as shown in Fig. 85. The water pump will 

be powered by the VSDG, PV modules and batteries. Fig. 86 shows the speed of the water 
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pump. Between 0 to 0.2 seconds the speed of the water pump is not that consistent since the 

power from the PV array always vary. The inclusion of the VSDG between 0.2 to 0.6 seconds 

improves the power quality of the system and the speed of the water pump is almost constant 

as shown in Fig. 86. 

 

Figure 84: DC bus voltage for case study 2. 
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Figure 85: VSDG speed for case study 2. 

 

Figure 86: Water pump speed for case study 2. 
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Case 3: The 𝑃𝑃𝑉 is varied from HIGH, MEDIUM and LOW whilst the initial 𝑆𝑂𝐶 is HIGH.  

In this case, the power from PV modules is varied from HIGH to LOW whilst the initial SOC 

of the battery bank is HIGH. From 0 to 0.2 seconds, the 𝑃𝑃𝑉 is HIGH and the EMC selects PV 

modules and batteries as the power source of the hybrid system and the VSDG is off as shown 

in Fig. 88.  

From 0.2 to 0.4 seconds, the 𝑃𝑃𝑉 becomes MEDIUM and the power from PV modules and 

battery is still enough to power the water without the inclusion of the VSDG. The EMC can 

maintain constant DC bus voltage despite changes in 𝑃𝑃𝑉 as shown in Fig. 87. The speed of 

the water pump for this timeframe is just above 3500 rpm because of the reduced power from 

the PV array. 

From 0.4 to 0.6 seconds,   the 𝑃𝑃𝑉 becomes LOW. The EMC activates the VSDG to operate at 

a slower speed to make up for the reduced power from the PV modules as shown in Fig. 88. 

The water pump will be powered with PV modules, a battery bank and the VSDG. The speed 

of the water pump increases to around 3600 rpm when the VSDG is introduced as shown in 

Fig. 89. 

 

 

Figure 87 : DC bus voltage of case study 3. 
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Figure 88: VSDG speed for a case study 3. 

 

Figure 89:Water pump speed for case study 3. 
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6.0 CONCLUSION AND FUTURE WORK 

This chapter gives the overall summary of the developed, modelled and simulated solar-diesel 

hybrid water pumping system. The future work on this topic is discussed, giving 

recommendations that can be considered to enhance the performance of the proposed system. 

6.1 Conclusions 

This research work focuses on the use of AI techniques in solar energy technologies. The 

Adaptive Neuro-Fuzzy Inference System (ANFIS) was utilized for Maximum Power Point 

Tracking (MPPT) of solar modules. The Fuzzy Logic (FL) concept is adopted for energy 

management within the hybrid system. All the components of the hybrid system were modelled 

in the MATLAB/Simulink environment. 

The hybrid water pumping system is comprised of PV modules, batteries, ANFIS based MPPT 

charge controllers, FL based EMC, VSDG and a 5Hp DC water pump. Solar modules are the 

main source of energy and the batteries are utilized when the power from solar modules is not 

enough to power the load. The VSDG is activated when both the power from the PV array and 

the battery bank is not enough to power the water pump. The VSDG is proposed in this research 

work for achieving higher solar energy penetration in the hybrid system since the VSDG has a 

flexible operating range as compared to constant speed generators. 

After modelling hybrid system components, several case studies were considered and 

simulated in the MATLAB/Simulink environment to evaluate the performance of the proposed 

system. Five different scenarios were simulated and studied to evaluate the performance of the 

ANFIS based MPPT charge controllers. Simulation results proved that the ANFIS based MPPT 

controllers are efficient and can maximize the power output of the solar modules for steady-

state and varying environmental weather conditions. For the EMC, three case studies were 

simulated and analyzed. The EMC was able to manage the power distribution in the hybrid 

system, maintaining a constant DC bus voltage. It should be noted that the EMC was also able 

to manage the battery bank charging and discharging. In conclusion, this research work was a 

great success and it creates a knowledge base on ways to integrate a solar energy source with 

other energy sources. 

6.2 Future work 

 Correct modelling of HRES is of prime importance in this research work. During the 

modelling stage, there are some assumptions considered and some components are presented 

in a simplified form. For further evaluation of the proposed system, a hardware implementation 
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of the system remains an important aspect for future research. This may include the use of 

micro-processors and micro-controllers to see the dynamic response of the proposed system. 

Lastly, for future work, the techno-economic analysis for this hybrid system should also be 

explored. 
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APPENDIX A: PERTURBATION AND OBSERVATION MPPT ALGORITHM 

function D  = P & O(V, I) 

  

  
Dinit = 0.05; 
Dmax = 1;    
Dmin = 0;    
deltaD = 0.005;  

  

   
persistent Vold Pold Dold M; 

  
dataType = 'double'; 

  
if isempty(Vold) 
    Vold=0; 
    Pold=0; 
    Dold=Dinit; 
    M=1; 
end 
P= V*I; 
dV= V - Vold; 
dP= P - Pold; 

  
M=abs(dP); 

  
if M < 0.05 
    D=Dold; 
else 
    if dP < 0 
        if dV < 0 
            D = Dold - deltaD*M; 
        else 
            D = Dold + deltaD*M; 
        end 
    else 
        if dV < 0 
            D = Dold + deltaD*M; 
        else 
            D = Dold - deltaD*M; 
        end     
    end 

  
end 

  
if D >= Dmax | D<= Dmin 
    D=Dold; 
end 

  
Dold=D; 
Vold=V; 
Pold=P; 
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APPENDIX B: SOLAR IRRADIANCE AND TEMPERATURE DATA 
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