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ABSTRACT 

 

South African residential electricity demand is rising, requiring efficient load 

management to optimise energy consumption and prevent grid instability. 

Traditional household load management methods are often inflexible. They fail to 

adapt to different household income levels and energy consumption patterns. 

This results in uneven energy savings and potential grid instability. To address 

this, the study developed a MATLAB model to control appliance usage and 

manage peak demand. The model uses a prioritised, staggered switch-off 

mechanism of appliances for household types classified as low-, middle-, and 

high-income when predefined load limit thresholds are exceeded. 

 

If total power consumption exceeds these limits, the model switches off 

appliances in a prioritised and staggered manner, starting with the geyser, 

HVAC, stove, and plugs, while keeping lights on for safety. The MATLAB model 

integrated load profiles for each household category from literature on South 

African household consumption.  

 

The findings demonstrate a maximum reduction for the three household groups 

over 24-hour duration. This study contributes an adaptable load management 

model that incorporates both household income and appliance usage patterns. 

Unlike traditional methods that assume a uniform load reduction or shedding 

strategy, the staggered switch-off mechanism provides reliable control and 

ensures equitable energy savings across income levels. 

 

Keywords: Adaptable, Energy Consumption Patterns, Household Income Levels, 

Household Load Management, Load Management System, Load Profile, 
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MATLAB model, Peak Demand Reduction, Socioeconomic, Staggered Switch-

Off Mechanism.   
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1 CHAPTER 1: INTRODUCTION 

South Africa’s energy demand is rising due to industrialisation and population 

growth [1], [2]. This exerts a strain on the aging electricity grid that grapples with 

operational inefficiencies and maintenance issues [1], [2]. The diverse 

socioeconomic landscape further adds to the issue by influencing a wide range of 

consumer behaviours and energy consumption patterns [1], [2]. 

 

In South Africa, as well as in many other developing countries where electricity 

supply output is less than the demand, shedding the load has been a common 

approach to manage the power grid during peak periods and to avoid imbalances 

between supply and demand [3], [4]. Although load shedding offers a quick fix to 

prevent system collapse during peak periods, it also causes significant 

inconvenience and economic losses for consumers  [2], [3]. 

 

Household electricity usage constitutes a considerable portion of overall 

electricity consumption, especially in the times of peak demand situations [1]- [4]. 

This highlights the importance of incorporating load management techniques 

aimed at efficient utilisation and distribution of electricity supply. 

 

There are distinct patterns of energy consumption across different economic 

strata in South Africa. This highlights the need for adaptable, data-driven energy 

management systems that can take into consideration variables such as income, 

availability of resources, and consumer patterns. 
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The energy sector in South Africa requires residential energy management 

systems to ensure reliable grid system performance and security. Furthermore, 

effective load management is essential for regulating electricity supply and 

consumption, reducing tariff costs for consumers, and enhancing overall grid 

reliability. 

  

1.1 Problem Statement 

South Africa lacks an adaptable and effective load management system for 

diverse households, resulting in energy inefficiencies and increased stress on the 

electricity grid. Existing systems do not adequately account for the distinct 

economic constraints and energy consumption patterns of different household 

groups. Therefore, developing flexible load management system is essential for 

optimizing energy use across diverse households. 

 

1.2 Research Aims and Objectives 

The aim of this research is to develop an adaptable load management system for 

different household categories in South Africa, reflecting diverse socioeconomic 

circumstances, including low-, middle-, and high-income levels. 

 

The system will be designed to minimise electricity costs for households and 

reduce consumer demand during peak and off-peak hours when demand 

exceeds supply. This strategy seeks to alleviate grid stress caused by planned 

maintenance or unforeseen challenges, such as unit failures, coal supply or 

handling issues, demand prediction errors, and fuel shortages for open gas 

turbines.  

 

To achieve the research aim, the following objectives are set:  

© Central University of Technology, Free State
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 Data collection: Gather primary data on electricity usage and preferences 

among low-, middle-, and high-income households in South Africa through 

a comprehensive literature review.  

 Load profiling: Generate load consumption profiles for household 

appliances and devices across various income levels using the collected 

data.  

 Model development: Develop an optimised load consumption model that 

ensures energy usage remains below or near a specified threshold while 

still satisfying user needs.  

 System design: Design an adaptable load management system integrated 

with the optimised load consumption model, capable of:  

o Encouraging consumers to shift the operation of their appliances or 

devices to off-peak hours via real-time monitoring, or manual and 

remote-control.  

o Implementing an enforced staggered switch-off mechanism for 

appliances based on priority levels during grid stress periods: 

 Priority 1: lights  

 Priority 2: plugs  

 Priority 3: stove  

 Priority 4: HVAC (heating, ventilation, and air-conditioning) 

 Priority 5: water heater (geyser).  

o Excluding lighting fixtures from the switch off mechanism to prevent 

misuse of darkness for criminal activity.  

 Prototype development: Constructing a prototype to evaluate the system’s 

functionality, usability, and adaptability.  

 Experimental testing: Assess efficacy of the system in decreasing 

consumer tariff costs, mitigating demand during peak hours, and satisfying 

user preferences. 

© Central University of Technology, Free State
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1.3 Dissertation Structure and Outline 

 

 

Figure 1: Dissertation flow and chapter linkage 

 

 

This Dissertation is structured as follows with the following chapters:  

© Central University of Technology, Free State



5 

 

i. Chapter 1: Introduction 

This chapter provides an overview of the research topic background, 

summary of existing literature, problem statement, aims and objectives, and 

the overall structure of the dissertation. 

 

ii. Chapter 2: Literature Review 

This chapter reviews existing research on household load management 

systems, with a focus on their adaptability across income groups. It identifies 

knowledge gaps, outlines the theoretical framework, and presents the 

research questions guiding the study.  

 

iii. Chapter 3: Methodology and Research Design 

This chapter introduces the methodology used in the research. It describes 

the data collection methods used, explains the approach for selecting 

households with different income levels, and outlines the methods used for 

data analysis. 

 

iv. Chapter 4: Implementation, Testing of Solution and Results 

This chapter examines the development and evaluation of the adaptable load 

management system, its validation across different income levels, the 

effective presentation of data, and the results pertaining to load management 

and system adaptability. 

 

v. Chapter 5: Conclusion 

The final chapter summarises the key findings, including the performance of 

adaptable load management system for different for households across 

different income groups in South Africa. It identifies the study’s limitations, 

suggesting areas for future research, concluding with the potential impact of 

the research on adaptable energy management.  
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2 CHAPTER 2: LITERATURE REVIEW 

Chapter 2 presents a review of existing research on household load 

management systems, with a particular focus on how these systems adapt to 

household needs. The review evaluates household energy management 

strategies, emphasising their effectiveness and limitations in meeting energy 

control and efficiency requirements. 

 

The chapter then identifies and articulates the research gap by examining the 

limitations of existing load management techniques, particularly regarding their 

adaptability to diverse socio-economic contexts. This discussion sets the stage 

for the development of an adaptable household load management system. 

 

Subsequently, the chapter introduces the theoretical frameworks fundamental to 

the study. These frameworks provide an academic perspective for analysing the 

problem, highlighting the intersection of load management systems and the 

socioeconomic dynamics that influence their efficacy. Applying these frameworks 

assist in understanding household energy management systems in South Africa, 

considering both technical and societal factors. 

 

The chapter concludes by providing an overview of the research questions 

guiding the study. These questions are designed to investigate how load 

management can be made adaptable and efficient for low-, middle-, and high-

income households in South Africa.  
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2.1 Literature Overview 

The literature overview summarises the current body of research on household 

energy management systems, evaluating aspects such as innovation, cost, and 

infrastructure alignment. It aims to inform the development of an adaptable load 

management system for South African households, promoting cost effective 

strategies, reduced consumption, and improved electrical stability by identifying 

gaps and potential enhancements. To structure this overview, the subsequent 

sub-sections examine key focus areas identified in the literature as central to 

modern household energy management systems.  

 

2.1.1 Machine learning for household energy forecasting and management 

Several studies have explored machine learning techniques for household load 

management. Rambabu et al. [5], utilised tree-based models, particularly 

Random Forest and XGBoost, to forecast household energy usage, 

demonstrating strong performance in short-term energy prediction. Lin et al. [6], 

developed a non-intrusive household load management system employing 

neuro-computing for load forecasting, employing energy decomposition without 

intrusive monitoring. 

 

Ma et al. [7], applied deep learning and probabilistic forecasting to enhance 

short-term load forecasting accuracy at the household level, addressing the 

variability and personalisation of household power consumption. Bakiri and 

Mbebati [8] combined nonlinear regression with an adaptive splines technique, 

achieving a 14,73% improvement in load forecasting accuracy.  

2.1.2 Optimisation algorithms for energy management 

Ristic et al. [9], reviewed the use of the Grey Wolf Optimisation (GWO) algorithm 

for household energy management. The authors assessed how GWO could 

optimise electrical energy regulation, achieve cost reduction, and facilitate 

renewable energy integration. Mota et al. [10], employed a genetic algorithm for 
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load shifting in photovoltaic energy-sharing communities, examining cost 

reduction under dynamic pricing and local generation, and demonstrating cost 

reduction at both individual and community levels. 

 

Zhao et al. [11] developed an energy optimisation algorithm using digital signal 

processing (DSP) for a single-phase electric energy router. The algorithm 

optimises battery charge and discharge cycles, as well as energy exchange with 

the grid, based on historical and real-time data analysis. 

 

2.1.3 IoT-based household energy management 

Ulloa-Vásquez et al. [12], developed a high-resolution Internet of Things (IoT)-

based Smart Socket ILM system for detailed monitoring of household appliance 

energy use, enhancing device recognition, reducing computational demands, and 

enabling effective household energy management.  

 

Ogidan et al. [13] proposed a web-based load-shedding control system using IoT 

technologies to improve real-time awareness of energy consumption, 

demonstrating minimal measurement inaccuracies and potential integration with 

smart metering systems. 

 

2.1.4 Smart home energy management systems (HEMS) 

Balavignesh et al. [14], developed an optimisation-driven energy management 

system for smart homes within a smart grid, employing advanced algorithms to 

balance energy expenses, usage, and user satisfaction. Their findings indicated 

that integrating renewable energy sources with real-time pricing significantly 

enhanced home energy management. Abdalla et al. [15] examined the 

integration of electric vehicles and home energy storage in smart homes, 

demonstrating cost reduction and load curve levelling through Vehicle to Home 

(V2H) and Home Energy Storage Systems (HESS) methods. 

 

© Central University of Technology, Free State



9 

2.1.5 Smart metering infrastructure 

Sanabria-Villamizar et al. [16] used smart meter data and Hilbert-Huang 

Transform (HHT) to analyse household energy consumption. They proposed a 

methodology to address the limitations of traditional time-series approaches and 

improve the accuracy of load profiles, underlining the importance of the optimal 

data sampling frequency. 

 

2.1.6 Socioeconomic factors in energy consumption 

Qiao and Lin [17] studied household energy management, focusing on the 

relationship between income and energy-saving awareness (ESA). They 

employed regression models, revealing an inverted U-shaped pattern between 

income and energy usage. The results indicated that high-income households, 

moderated by ESA, are more likely to adopt environmentally friendly practices.  

 

2.1.6.1 Tariff Structures and Behavioral Motivation in South Africa 

 

South Africa’s electricity pricing framework incorporates time-of-use (TOU) and 

inclining block tariffs, which create strong financial incentives for households to 

shift consumption away from peak periods. Under TOU tariffs, evening peak 

rates (17:00–20:00) can exceed off-peak rates by more than 200%, making 

demand-side management strategies economically attractive for consumers [46], 

[47].  

 

Behavioral economics theories, such as Nudge Theory and the Technology 

Acceptance Model (TAM), indicate that consumers are more likely to adopt load-

shifting behaviors when tangible cost savings are evident [22]-[24]. 

Studies by Kiianchuk and Makhotilo [19] demonstrate that tariff-based incentives 

significantly improve participation in demand response programs, while Qiao and 

Lin [17] highlight the role of energy-saving awareness in moderating consumption 

patterns.  
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The proposed system leverages these behavioral drivers by prioritizing load 

reduction during high-tariff periods, thereby aligning technical control strategies 

with economic motivation. This synergy between tariff structure and consumer 

readiness enhances the real-world feasibility of adaptive load management 

solutions in South Africa. 

 

2.1.7 Community energy management 

Mo et al. [18] applied deep reinforcement learning for energy allocation in 

dynamic community systems. The authors developed a user-responsive model to 

address uncertainties in renewable energy supply and demand, demonstrating 

effective low-carbon dispatch.  

 

2.1.8 Demand-side management 

Kiianchuk and Makhotilo [19], investigated household energy consumption by 

evaluating the effectiveness of smart and naïve demand response methods. 

Their findings showed that the smart method effectively reduced energy 

consumption and peak demand by adjusting washing times and utilising smart 

appliances.  

 

2.1.9 Main findings from the literature overview  

The overview indicates that South Africa requires an adaptable load 

management system to optimise household electricity use. Existing literature 

highlights the application of smart technologies in household energy 

management systems, including the IoT, advanced data analytics, and 

algorithmic approaches, which offer potential solutions. However, these 

technologies face challenges related to complexity, computational requirements, 

and limited validation, including assumptions underlying the models. 

Furthermore, the literature emphasises the integration of renewable energy 
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sources into household energy management systems to achieve a sustainable 

mix of energy.  

 

In South Africa, this integration is constrained by cost, compatibility with existing 

infrastructure, and regulatory considerations. These limitations underscore the 

need for further research into household electricity consumption patterns across 

different socioeconomic groups to inform the development of a tailored 

household load management system. 

 

The preceding section provided a thematic overview of existing research on 

household energy management, highlighting key approaches such as machine 

learning, optimisation algorithms, IoT integration, and socioeconomic modelling. 

To build on these findings, the following section revisits and expands upon 

selected studies in greater technical detail. This deeper analysis focuses on the 

design, functionality, and performance of household load management systems. 

 

2.2 Detailed Review of Load Management Systems  

Building upon the literature overview discussed in Section 2.1, this section 

examines prior studies that specifically address household load management 

systems and their practical implementations. Whereas the previous overview 

presented a summary of related, this section provides a more detailed 

examination of how these systems are designed, configured, and applied across 

different household contexts. 

2.2.1 Overview of household load management systems 

Household load management systems are a specialised subset of energy 

management systems, designed to shape and shift household electricity demand 

patterns. These systems apply a variety of techniques to monitor, control, and 

optimise energy usage, regulating the operation of devices such as HVAC units, 
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water heaters, and appliances either at the individual device level or across the 

entire household. 

 

Their primary function is to strategically redirect energy consumption from peak 

demand periods, when the grid faces maximum strain and electricity rates are 

typically higher. By reducing demand during these periods, load management 

systems deliver dual benefits: lowering household energy costs while 

simultaneously supporting overall grid stability. 

 

Historically, early household management systems relied on manual control of 

appliances, often involving direct control by utilities during peak demand periods. 

The introduction of smart grid technologies, advanced metering infrastructure, 

artificial intelligence, and machine learning algorithms has enabled the 

implementation of dynamic and responsive household load management 

systems. 

 

2.2.2 Household load management techniques  

Previous and current studies employed a range of techniques on load 

management systems for households. For this study, these techniques are 

categorised into Home Energy Management Systems (HEMS), Smart Metering 

Infrastructure, Smart appliances and Devices and Load Management Algorithms, 

which are discussed in detail below. 

 

2.2.2.1 Home Energy Management Systems (HEMS) 

Recent advancements in HEMS have leveraged artificial intelligence and 

optimisation algorithms to forecast energy consumption and improve efficiency in 

residential settings. 

 

Ma et al. [7] conducted a comparative review of the current state of short-term 

load forecasting for individual households, with a specific emphasis on its 
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implementation within HEMS. Their study found that models such as Long Short-

Term Memory (LSTM) and Convolutional Neural Networks (CNN) were 

particularly effective in capturing complex, non-linear consumption patterns.  

 

Additionally, the authors highlighted the value of probabilistic forecasting 

methods, which offer a range of potential consumption outcomes, thereby 

allowing HEMS to better accommodate uncertainty in household behaviours. 

While promising, their findings noted challenges with data quality, such as noise 

and missing variables like weather conditions and appliance use, which can limit 

model precision. The authors concluded that improved data preprocessing and 

enhanced model interpretability are necessary for practical implementation. The 

comparison is illustrated in Table 1 below.   

 

Table 1: Comparison of forecast models. Source: Adapted from [7] 

Model Advantage Shortcomings Application 
Situation 

Classical time 
series model 

Simple to 
understand, 

modelling time 
is short 

Poor 
performance on 

complex time 
series prediction 

problems 

Simple time 
series data 
prediction 

LSTM Able to learn 
long-term 

dependencies 

Risk of 
overfitting the 

model 

Process non-
linear and non-
stationary time 

series 

CNN Features can be 
learned 

automatically 

Not good for 
non-linear time 

series data 

Lack of 
historical data, 
short forecast 

time 

 

Abdalla et al. [15] investigated a home energy management strategy that 

leverages Vehicle-to-Home (V2H) and Home Energy Storage System (HESS) to 

optimise energy consumption and minimise electricity costs. The authors 

employed a control algorithm to manage the charging and discharging of the 

electric vehicle (EV) battery based on variables such as time-of-use electricity 

pricing, household load demand, EV, and HESS operational characteristics.  
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Using simulation-based validation, they tested four configurations: no energy 

system (baseline- scenario A), V2H only-scenario B, HESS only- scenario C, and 

a combined V2H-HESS setup-scenario D. Results demonstrated that the 

combined system (Scenario D) achieved the greatest cost reduction and load 

flattening, with Scenario B (V2H only) performing better than HESS alone 

(Scenario C). These outcomes are illustrated in Figure 2, which compares daily 

electricity costs across scenarios. 

 

Figure 2: Daily electricity bill comparison. Source: Adapted from [15] 

While effective in simulation, the study acknowledged the need for real-world 

validation and greater transparency in algorithm design to support 

implementation feasibility. 

 

Ristic et al. [9] conducted a review to explore the potential of Grey Wolf 

Optimisation (GWO) Algorithm in optimising Household HEMS. GWO is a 

metaheuristic optimisation technique inspired by the hunting behaviour and social 
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hierarchy of grey wolves; it simulates their social hierarchy and cooperative 

strategy to address complex optimisation challenges. The authors analysed the 

application of GWO algorithm in HEMS, focusing on the optimisation of appliance 

scheduling to align with electricity tariffs and user preferences.  

 

The algorithm supports dynamic scheduling of flexible vs. inflexible appliances 

and integrates effectively with renewable sources like solar and wind. However, 

the study noted that GWO's performance depends heavily on parameter tuning 

and may face scalability limitations in larger or more diverse residential setups. 

 

2.2.2.2 Smart Metering Infrastructure 

Sanabria-Villamizar et al. [16] presented an approach to analysing household 

energy consumption patterns using smart meter data and the Hilbert-Huang 

Transform (HHT) signal processing method. Their methodology, illustrated in 

Figure 3, employed HHT to decompose complex consumption signals into 

simpler intrinsic mode functions through empirical mode decomposition, 

addressing the limitations of traditional time-series methods.  

 

The HHT was used to evaluate each intrinsic mode function, enabling the 

identification of its instantaneous frequency and amplitude. This approach 

allowed for a representation of energy usage in the time-frequency domain. The 

authors also examined the impact of different data sampling frequencies on the 

precision of load profile characterisation.  

 
 

 
 
 
  
 
 
 

 

Figure 3: Process block diagram. Source: Adapted from [16] 
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The results demonstrate signal reconstruction with errors below 25% for data 

resolution of up to 10 minutes. Lower errors of value 0.71% for 30-second 

resolution were also observed. While the methodology improved the 

characterisation of non-linear, non-stationary energy data, it also posed 

computational challenges that may limit scalability. 

 

Balavignesh et al. [14] proposed an optimisation-based energy management 

system for smart homes within a smart grid network. Their system, illustrated in 

Figure 4, optimised appliance operation based on real-time pricing (RTP) and 

critical peak pricing (CPP) schemes, achieving improved cost efficiency across 

multiple simulation scenarios.  

 

RTP is a dynamic a dynamic pricing mechanism in which electricity tariffs vary 

continuosly according to real-time market conditions or grid demand, 

encouraging consumers to shift usage to off-peak periods. CPP, on the other 

hand, applies substantially higher tariffs during predefined critical peak periods to 

reduce demand when the grid is under stress. These approaches provide a 

practical means of incentivising load reduction and cost optimisation within 

residential energy management frameworks. 

 

Table 2 and Table 3 summarise cost reductions under different tariff 

configurations, highlighting the framework’s adaptability. 
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Figure 4: System architecture diagram. Source: Adapted from [14] 

Table 2: Total electricity cost for RTP and CPP at instance 1. Source: 

Adapted from [14] 

RTP Techniques Total Electricity Cost (cent) 

Unscheduled 146.86 
HEMS Model 171.75 
RUO Algorithm 170.19 
Harris Hawks Algorithm 126.7 
Adaptive Coati Algorithm 112.98 
Proposed Hybrid HBA+DMO 104.03 

CPP Techniques Total Electricity Cost (cent) 

Unscheduled 2596.87 
HEMS Model 2524.52 
RUO Algorithm 1800.41 
Harris Hawks Algorithm 1511.84 
Adaptive Coati Algorithm 1320.47 
Proposed Hybrid HBA+DMO 1039.65 
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Table 3: Total electricity cost for RTP and CPP at instance 2. Source: 

Adapted from [14] 

RTP Techniques Total Electricity Cost (cent) 

Unscheduled 1722.44 
HEMS Model 1560.86 
RUO Algorithm 1337.30 
Harris Hawks Algorithm 1483.84 
Adaptive Coati Algorithm 1374.91 
Proposed Hybrid HBA+DMO 1153.79 

CPP Techniques Total Electricity Cost (cent) 

Unscheduled 4965.36 
HEMS Model 3690.15 
RUO Algorithm 3659.44 
Harris Hawks Algorithm 3469.05 
Adaptive Coati Algorithm 3241.26 
Proposed Hybrid HBA+DMO 2808.10 

 

Despite its effectiveness in simulations, the study acknowledged the need for 

further evaluation of system scalability, communication infrastructure, and real-

world applicability. 

 

Mo et al. [18] investigated the use of a deep reinforcement learning algorithm to 

achieve low-carbon economic dispatch in a community integrated energy system. 

The authors employed a Deterministic Policy Gradient agent to optimise energy 

dispatch, incorporating uncertainty modelling techniques such as Latin 

Hypercube Sampling. 

 

The simulation results demonstrated that the reinforcement learning approach 

achieved low-carbon dispatch under varying uncertainty levels (5%, 10%, and 

15%), accounting for renewable energy fluctuations, load variations, temperature 

changes, and uncertainties associated with the number of trips, time periods, and 

mileage of electric vehicles. 

 

While the study confirmed the potential of deep reinforcement learning for low-

carbon dispatch, it also underscored the limitations, particularly computational 
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complexity and reliance on the precise uncertainty modelling. The authors 

emphasised that the computational demands of deep reinforcement learning 

pose challenges for real-time implementation in large-scale community-

integrated energy systems.  

 

Zhao et al. [11] investigated a digital signal processor (DSP)-based household 

energy management system designed to optimise energy consumption through 

integration with a single-phase electrical energy router (SPEER), as illustrated in 

Figure 5. 

 

Their methodology employed a particle swarm intelligence algorithm that 

leveraged historical energy consumption data and real-time grid pricing to inform 

decisions on battery charging and discharging and energy exchange between the 

household and the grid. Real-time optimisation was enabled by the DSP, which 

allowed the system to adapt dynamically to fluctuating energy prices and 

consumption patterns. 
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Figure 5: DSP-based system architecture. Source: Adapted from [11] 

The study findings demonstrated both cost savings and improved efficiency of 

the system. Simulation and hardwire-in-the-loop experiments confirmed 

reductions in energy costs and overall consumption. The optimised energy 

consumption is illustrated in Figure 6, showing the dynamic interchange between 

power generation from distributed energy sources, household load demand, and 

the battery charging and discharging over a 10-minute period.   
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The system successfully performed peak saving and shifting. At time t1, during 

peak distributed power generation (DG), the battery charged at maximum 

capacity (Pbat) effectively storing surplus energy. Near t2, when household 

demand (Pload) peaked and DG output declined, the battery discharged at 

maximum power to supplement supply, thereby shifting energy usage and 

maintaining load stability.  

  

Figure 6: Power curves of DG, load and optimised battery 

charge/discharge power. Source: Adapted from [11] 

The study acknowledged several limitations, particularly the scalability of the 

single-phase household energy router to manage larger energy systems with 

diverse sources and loads. The authors also outlined that the system's 

dependence on simulation data necessitates further research into its 

performance in real-world applications. 

 

2.2.2.3 Smart Appliances and Devices 

Smart appliances and monitoring tools are increasingly central to residential load 

management by enabling real-time control and user feedback. Several studies 

have explored their effectiveness in improving energy efficiency and supporting 

demand-side strategies, as discussed below. 
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Ulloa-Vásquez et al. [12] evaluated the use of smart sockets devices that plug 

into outlets and track individual appliance usage via current and voltage sensors. 

These sockets enabled detailed monitoring by capturing energy data at high 

frequency and transmitting it via Wi-Fi using secure messaging protocols. 

 

Their results showed a 91.7% average accuracy in identifying six different 

household appliances, as illustrated in Table 4. This was achieved by training 

machine learning algorithms on the appliance energy usage profiles that were 

collected. The system, although promising, was restricted to plug-in appliances 

and depended on consistent user behaviour for precision and 

comprehensiveness. 

Table 4: Appliance Prediction Matrix. Source: Adapted from [12] 

 Kettle Fridge Electric 

Oven 

Microwave Heater Washer 

Kettle 86.6% 1.6% 0% 4.2% 8.5% 0% 

Fridge 0% 98.4% 1.9% 1.4% 0% 0% 

Electric 

Oven 

6.7% 0% 94.4% 5.6% 0% 0% 

Microwave 0% 0% 0% 83.3% 0% 3.3% 

Heater 6.7% 0% 3.7% 1.4% 91.5% 0% 

Washer 0% 0% 0% 4.1% 0% 96.7% 

Accuracy 86.6% 98.4% 94.4% 83.3% 91.5% 96.7% 

Error 13.4% 1.6% 5.6% 16.7% 8.5% 3.3% 

 

Kiianchuk and Makhotilo [19] simulated demand response strategies to compare 

two types of household behaviours: a “naïve” strategy that involved minimal user 

engagement and a “smart” strategy focused on shifting high-load appliance use 

to off-peak hours. Their findings revealed that the smart strategy led to a 40% 

reduction in peak demand, compared to only 11% under the naïve strategy. 

 

© Central University of Technology, Free State



23 

The resulting household load profiles under both conditions are presented in 

Figure 7, which highlights the effectiveness of load shifting in flattening peak 

consumption curves. 

 

The curves labelled as “Usual” represent profiles for unlimited power 

consumption, while the other curves represent profiles when a family participates 

in Demand Response Program (DRP) under “Naïve” (Figure 7a) and “Smart” 

(Figure 7b) strategies.  

 

In Figure 7, the family begins their evening washing routine at a convenient hour 

of 18:30. A "Naive" consumer simply turns off the appliances in the living room to 

engage in DRP, whereas a "Smart" consumer adjusts the timing of laundry 

washing to the night time, starting from 21:30. 

 

Figure 7: Load profiles of a consumer household on working day with 

laundry in the evening. Source: Adapted from [19] 

Although effective in simulation, the model's applicability depends on consumer 

awareness and voluntary participation, and it has not been validated against real-

world usage data. 

 

Ogidan et al. [13] proposed a web-based system for remote appliance control, 

enabling households to monitor and shed loads in real time. The system used a 

Wi-Fi-enabled microcontroller to transmit appliance data to a web application. 

However, its performance was limited by communication losses and 
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inconsistencies in measuring inductive loads. The authors also noted the 

system’s dependence on stable internet connectivity, which may hinder its use in 

underserved areas. 

 

Together, these studies highlight the value of smart device integration in 

household energy management. However, challenges such as user behaviour 

variability, communication reliability, and cost remain critical barriers, especially 

in low- and middle-income settings. 

 

2.2.2.4 Load Management Optimisation Algorithms and Advanced Methods 

Recent studies have applied advanced computational techniques to optimise 

household energy consumption. These approaches fall into two main categories: 

machine learning-based forecasting and algorithmic optimisation. 

 

a. Machine Learning and Forecasting Techniques 

Rambabu et al. [5] conducted a study to investigate the effectiveness of 

machine learning algorithms in predicting household energy consumption. 

The authors compared various regression models, including Random Forest, 

XGBoost, and Lasso Regression using environmental predictors such as 

temperature and humidity. 

 

Their results, illustrated in Figure 8, indicate that tree-based models 

(especially Random Forest and XGBoost) achieve the highest prediction 

accuracy based on R-squared scores. 
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Figure 8: R-squared scores for training and test sets. Source: 

Adapted from [5] 

Similarly, Lin et al. [6] employed a neurocomputing-based method that used 

artificial intelligence and machine learning to predict households’ energy use. 

Their approach combined energy decomposition with AI to achieve high 

accuracy without the need for physical sensors. 

 

As shown in Table 5, two out of five tested appliances demonstrated a mean 

absolute percentage error below 10%, indicating a highly accurate estimate. 

The remaining appliances were within the 10–20% and 20–50% ranges, 

which are considered well and reasonably estimated. The model, illustrated in 

Figure 9, also demonstrated GPU-accelerated real-time forecasting. 
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Figure 9: Neuro-computing and energy decomposition-based time-

series load forecasting model diagram (figure appears truncated as 

presented in the original source). Source: Adapted from [6] 

Table 5 below demonstrates that the electricity demand estimates were 

precisely forecasted. Five appliances were tested and monitored in the 

period of five days of which four of the appliances showed mean absolute 

percentage error of less than 10%, demonstrating a highly accurate 

estimate.  

Table 5: Five-day electricity demand, in kWh for five individual 

monitored appliances. Source: Adapted from [6] 

Estimated 

electricity demand 

(kWh) 

Electric 

water 

boiler 

Steamer TV Range 

Hood 

PC 

actual 1.53 5.07 9.36 0.73 18.23 

forecasted 1.03 4.35 9.35 0.60 18.24 

Mean absolute 

percentage error 

(MAPE) (%)* 

32.68 14.21 0.11 17.81 0.06 
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*Less than 10%: highly accurately estimated; 10-20%: well estimated; 20-

50% reasonably estimated; and greater than 50%: inaccurately estimated.   

 

While promising, these studies were based on single-household data and lacked 

validation in real-world environments, which limits scalability. 

 

Bakiri and Mbebati [8], extended forecasting models to the context of developing 

countries using adaptive spline regression. Their study identified income, 

appliance ownership, and household size as key determinants of electricity 

usage. Their study identified income, appliance ownership, and household size 

as key determinants of electricity usage. Among the univariate models, the 

income variable achieved the lowest forecasting error (RMSE = 0.8244 kWh), 

followed by appliance ownership (0.9868 kWh) and household size (1.2314 

kWh). 

 

When all three predictors were incorporated into a multivariate model, the RMSE 

value decreased to 0.7031 kWh, representing a 14.73 % reduction in forecasting 

error compared to the average of the univariate models. This improvement, as 

reported in the original study, demonstrates that combining socioeconomic and 

household parameters substantially enhances prediction accuracy in developing-

country contexts. 

 

Figure 10 below provides a visual summary of these results, illustrating the 

comparative forecasting errors (RMSE) for each model configuration. It should be 

noted that the percentage reduction originates from the cited study and is not 

recalculated in this dissertation but presented to highlight the model’s relative 

performance improvement. 
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Figure 10: Forecasting errors. Source: Adapted from [8] 

The authors acknowledged that while income, household size, and appliance 

count are significant determinants, there were some limitations with the study. 

It required the incorporation of additional factors such as occupancy patterns 

to improve the model’s accuracy. 

 

b. Optimisation Algorithms 

Optimisation-based approaches aim to reduce energy costs by scheduling or 

shifting appliance usage. Mota et al. [10], presented a Genetic Algorithm (GA) 

to optimise energy usage in individual households as well as within a 

photovoltaic energy-sharing community. 

 

The study findings demonstrated that the GA achieved a cost reduction of 

24.3% for individual households, illustrated in Figure 11, and 11.8% for an 

energy sharing community that was compared to the baseline scenario 

illustrated in Table 6 and Figure 12.  

 

The baseline scenario is referred to a business as usual (BaU) where energy 

consumption is simulated without any optimisation or intervention from the 
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GA. The primary significance of the work was to demonstrate the practicality 

and benefits of employing a GA for energy management in smart households 

and communities.  

 

 

Figure 11: Individual household energy consumption, available 

PV and energy price case study. Source: Adapted from [8] 

 

Table 6: Household community energy cost saving. Source: Adapted from 

[8] 

Placement House BAU Cost 

in EUR 

Load 

Shifting in 

EUR 

Cost Difference 

between BAU and 

Load Shifting 

(change in %) 

1st 1 16.74 12.25 4.49 (-26.8%) 

2nd 10 14.07 11.22 2.85 (-20.3%) 

3rd 11 15.00 12.30 2.70 (-18.0%) 

… … … … … 

18th 6 9.96 9.34 0.62 (-6.2%) 

19th 17 15.75 15.18 0.57 (-3.6%) 

20th 12 7.54 7.43 0.11 (-1.5%) 
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Figure 12: Energy consumption per household community case study. 

Source: Adapted from [8] 

The study acknowledged that despite effectiveness of the GA in a simulated 

environment, further investigation is required to assess its robustness in a 

real-world uncertainty such as appliance usage fluctuations. In addition, the 

requirement for computation complexity of GAs can pose a challenge for real-

time applications. The study's dependence on simulated data may also create 

limitations in accuracy. 

 

c. Socio-economic Influences on Load Behaviour 

Qiao and Lin [17], explored the correlation between household income, 

energy-saving awareness, and electricity consumption patterns. The study 

employed a quantitative method, which is the regression model to analyse the 

correlation.  

 

The study revealed a direct relationship between income and power use. 

Indicating that higher income households tend to consume large amounts of 

energy. Further investigation revealed a point of stability in consumption after 

reaching a specific income level, which suggested a link that followed an 
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inverted U-shaped pattern. This observation implied that income had an 

impact on energy usage up to a specific level.  

 

The study acknowledged the limitations with the results extending beyond the 

straightforward correlation, emphasising the moderate function of Energy 

Saving Awareness (ESA). Households with higher levels of ESA 

demonstrated a limited growth in consumption, even when income increased. 

This suggests that enhancing energy consciousness might mitigate the 

inclination for energy use to rise because of economic prosperity.  

 

2.3 Research Gap Identification 

A review of current literature on household load management systems, including 

HEMS, load control algorithms, smart metering, and appliance integration reveals 

significant advances. However, several key research gaps were revealed, 

particularly when applied to the South African context. Below are the identified 

gaps in literature: 

 

 Lack of Income-Level Differentiation: 

Most studies assume homogenous energy consumption patterns, 

overlooking the diverse affordability, appliance ownership, and usage 

behaviours across low-, middle-, and high-income households in South 

Africa. 

 Limited Real-World Validation: 

Numerous studies predominantly depend on simulation data without 

validating models across varied household environments, thereby 

diminishing practical applicability. 

 Computational and Data Constraints: 

Advanced algorithms, such as deep reinforcement learning and genetic 

algorithms, demand high-quality, granular consumption data and face 

limitations related to computational complexity and deployment costs.  
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 Narrow Focus on Developed Contexts: 

Existing HEMS studies are predominantly based in developed countries, 

with assumptions on infrastructure, digital literacy, and appliance 

ownership that do not align with South African realities. 

 Inadequate Algorithm Metrics: 

Some algorithms demonstrate strong forecasting accuracy, for example, 

deep learning methods in [6], but fail to report cost savings or load-shifting 

impacts under real-world peak demand scenarios. 

 Scalability and Infrastructure Barriers: 

Challenges in the widespread deployment of smart meters and HEMS are 

infrequently discussed in low-resource settings, particularly concerning 

installation expenses, technical upkeep, and insufficient policy backing. 

 Smart Appliance Limitations: 

Current systems often ignore hardwired appliances and rely on user-

driven behaviour recognition, reducing reliability and limiting broader 

implementation. 

 Communication and Data Loss Challenges: 

Studies highlight vulnerability to data inaccuracies caused by 

communication breakdowns (for example, Wi-Fi outages) and emphasise 

the need for a more robust communication infrastructure. 

 

This research aims to address the identified gaps by developing an adaptable 

household load management system tailored to South Africa’s distinct socio-

economic landscape. By differentiating energy consumption patterns across the 

three income household groups and implementing control based on realistic 

appliance ownership, the system aims to:   

 

 Maximise energy efficiency across diverse households. 

 Enable equitable load management. 

 Improve cost savings and grid stability across socio-economic groups. 
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2.4 Theoretical Framework 

This section discusses the conceptual foundation of this study, utilising the 

insights gained from the literature review’s previous sections and guiding the 

development of load management system tailored for South African households 

with different income levels.  

 

The key concepts to load management include energy consumption behaviour, 

socio-economic differences in access and usage, and load control. These 

concepts are interrelated and support the development of a system that aligns 

with the financial and technical realities of the three household income groups. 

 

This framework also guides how variables such as household income, appliance 

ownership, usage patterns, and threshold-based control interact to influence the 

design of an optimised load management solution tailored to diverse South 

African contexts. 

2.4.1 Theoretical background, guiding concepts, and variables 

The theoretical foundation of this study on developing a load control system for 

different household categories in South Africa draws on interconnected 

theoretical and conceptual frameworks from electrical engineering, energy 

management, and behavioural economics. These frameworks establish a 

systematic foundation for comprehending the relationships among household 

energy consumption, load management, and socio-economic factors, particularly 

household income. Presented below are the theories, concepts, and factors that 

direct the study: 

 

a. Household Energy Consumption  

The energy consumption theory is selected to assist in understanding 

household energy consumption. It underpins the factors that influence 

household energy, such as socio-economic status and household size, 

and it also outlines how these factors interact.  
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The key energy consumption driver concepts central to study are 

illustrated below:  

i. Household income level: The concept assumes that higher income 

households have greater access to and ownership of energy-

intensive appliances, which result in higher levels of energy 

consumption [20], [21]. It also outlines that this type of household 

may own larger residences that require more energy for heating, 

cooling, and lighting. In comparison, low-income households may 

have reduced energy consumption due to smaller living areas and a 

small number of appliances [20], [21].   

ii. Household size: The concept assumes that larger households tend 

to consume more energy due to higher number of occupants and 

associated activities, such as cooking, heating, and entertainment 

[20], [21]. 

iii. Behavioural patterns: The concept relates to daily routines, habits, 

and preferences of all family members. In general, it refers to those 

families whose members are more likely to stay at home and have 

a higher energy consumption than other families whose members 

leave for work or school [20], [21]. The level of income also 

contributes to modifying these behaviours. High-income 

households often exhibit lifestyles that demand greater energy 

consumption, such as frequent use of high-capacity entertainment 

systems or maintaining home offices [20], [21]. 

 

Household energy consumption can be mathematically formulated using 

electrical energy formula as the total energy consumption (E) over a 

period (T) expressed by equation 1 below:   

 

𝐸𝑡𝑜𝑡𝑎𝑙 = ∑ 𝑃𝑖 × 𝑡𝑖
𝑛
𝑖=1       (1) 

 

© Central University of Technology, Free State



35 

Where 𝐸𝑡𝑜𝑡𝑎𝑙 is the total household energy consumption, 𝑃𝑖 is the power 

consumption of appliance i, 𝑡𝑖 is the time duration for which appliance i is 

used, and n is the total number of appliances.  

 

b. Behavioural Economics Theory:  

The behavioural economics theory combines insights from psychological 

human behaviour with economic models to help understand how 

individuals make decisions [22]-[24]. The theory is crucial for this study to 

assist in explaining decision-making processes of households regarding 

energy consumption influenced by socio-economic factors such as 

household income and household size. The key behavioural economics 

selected concepts applicable to the study are described below:  

i. Bounded rationality: The concept states that consumers often make 

decisions based on limited information, cognitive bias, and time 

constraints rather than optimal calculations [22]- [24]. 

ii. Nudge theory: The theory states that small interventions or subtle 

changes in the environment can influence consumer behaviour 

without restricting choices. For instance, real-time feedback on 

energy consumption can result in and promote reduced energy 

consumption [22]- [24].  

iii. Value-Belief-Norm Theory: The theory posits that values shape 

beliefs about the environment, which in turn, affect personal norms 

and pro-environmental actions. Young et al. [25] examined consumer 

behaviour and sustainable consumption, warranting additional 

exploration through this perspective.  

iv. Technology Acceptance Model (TAM): TAM is a model that is applied 

to understand user adaptation to new energy technologies or 

management systems. The adoption is influenced by key factors 

such as perceived usefulness and perceived ease of use. Chulmo et 

al. [26] investigated the adoption of smart green information 

technology (IT) by providing insights on the applicability of the 
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technology acceptance model. Peiffer et al. [27] discussed modelling 

the adoption of clean energy technologies, which could also benefit 

from the integration of the TAM. 

v. Energy Justice Frameworks: These frameworks pertain to energy 

equity and fairness in energy accessibility and management. These 

frameworks can assist in analysing the distributional impacts of 

energy policies and technologies on different household groups. Qiao 

and Lin [17] investigated the impact of individual characteristics and 

external factors on energy-saving behaviour. Klein et al. [28] 

discussed energy citizenship and digitisation, which are linked to 

energy justice concepts. The authors outlined that further research is 

required to examine the effects of energy management solutions on 

different social groups and to guarantee equal access. 

 

Socio-economic factors include household income 𝐻𝑖 and household size 𝐻𝑠 

variables. The variables can be mathematically formulated to represent their 

relationship with energy consumption (E) as:  

 

𝐸 = 𝑓(𝐻𝑖, 𝐻𝑠, 𝑜𝑡ℎ𝑒𝑟 𝑠𝑜𝑐𝑖𝑜𝑒𝑐𝑜𝑛𝑜𝑚𝑖𝑐 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠) (2) 

Where f is the function representing the relationship between the socio-

economic variables and energy consumption.  

 

The relationship between socioeconomic factors (independent variable – that 

is., income level and household size) and household energy consumption 

(dependent variable) can also be utilised as a statical method of linear 

regression analysis. The general form of linear regression for energy 

consumption can be mathematically formulated as: 

 

𝐸𝑏𝑒ℎ𝑎𝑣𝑖𝑜𝑟 = 𝛽0 + 𝛽1 × 𝐻𝑖 + 𝛽2 × 𝐻𝑠 + 𝜖 + ⋯ + 𝛽𝑛 × 𝑋𝑛  (3) 
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Where 𝐸𝑏𝑒ℎ𝑎𝑣𝑖𝑜𝑟 is the energy consumption considering behavioural factors, 

𝐻𝑖 is household income, 𝐻𝑠 represents household size, 𝑋𝑛 represents other 

behavioural factors, 𝛽0, 𝛽1, 𝛽2, 𝛽𝑛  are coefficients representing the sensitivity 

to energy consumption based on the socio-economic behavioural factors, and 

𝜖 is the error value or unobserved factors.  

 

2.4.2 Conceptual model 

The conceptual model is discussed in Chapter 1, section 3.2 and illustrated in 

Figure 13 and Figure 14. The framework consists of interconnected modules that 

will address the gaps identified in literature. 

2.5 Research Questions and Hypothesis 

Building upon and guided by the theoretical framework and the identified gaps in 

the literature review, this research aims to address the following questions:  

 

 Research question 1: How well does existing literature capture the distinct 

energy consumption behaviours and appliance usage patterns across 

different socio-economic groups in South Africa? 

Hypothesis 1: The studies focusing on the South African context or similar 

developing countries will highlight factors and variables such as income 

levels, household size, appliance ownership, and usage patterns as the 

determinants of energy consumption variations.  

 

 Research question 2: What method can be used to create a tailored load 

profile for different household income categories in South Africa, 

considering their distinct appliance ownership patterns and energy usage 

behaviours? 

Hypothesis 2: The development of adaptive, threshold-based load profiles 

derived from income-linked appliance usage data will enable accurate 
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simulation of household electricity demand across low-, middle-, and high-

income categories. 

 

 Research question 3: How effectively can an optimised load-management 

model regulate energy consumption to remain at or below the defined 

threshold level while minimising disruption to user activity? 

Hypothesis 3: Implementation of an adaptive, threshold-based load-

management model incorporating staggered appliance switch-off logic will 

effectively reduce peak-hour energy demand while maintaining essential 

household functions. 

 

 Research question 4: To what degree will the development of a prototype 

demonstrate its functionality, usability, and adaptability in a simulated 

environment? 

Hypothesis 4: The prototype, when implemented in a simulated 

environment, will effectively demonstrate its core functions (load 

monitoring and control, threshold-based optimisation, and response to grid 

simulated signals). 

 

 Research question 5: To what extent can the MATLAB-based prototype 

demonstrate system functionality and validate performance under 

simulated operating conditions? 

 Hypothesis 5: Simulation results will demonstrate that the proposed load-

management system achieves a measurable shift in energy consumption 

away from peak hours while maintaining user-safety constraints and 

threshold compliance. 

2.6 Chapter Summary 

This chapter outlined the theoretical foundation and reviewed relevant literature 

on household energy management. It identified key research gaps, particularly 

the absence of solutions tailored to South Africa’s diverse socio-economic 
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groups, and underscored the need for an adaptable load management system. 

The discussion of gaps, the conceptual framework, and the research questions 

together provide the basis for the study’s methodology, system development, and 

validation presented in the subsequent chapters. 
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3 CHAPTER 3: METHODOLOGY AND RESEARCH DESIGN 

3.1 Introduction 

This chapter presents the methodology and research design for the development 

of an adaptable load management system tailored for low-, medium-, and high-

income households in South Africa. It outlines the research approach, data 

collection methods, system development techniques, and analysis framework.  

3.2 Methodology and Research Design Overview 

 

 

Figure 13: Research design flowchart 

 

To achieve the aims and objectives, the following methodology and research 

design will be implemented:   

 

a. User requirements identification and data collection:   
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To determine the need for the household load management system, 

primary data on South African low-, middle-, and high-income household’s 

electricity consumption, preferences (cost saving, flexibility, and control) 

and challenges (safety and reliability) be collected through literature from 

journals, conference proceedings, and industry reports.   

 

b. Load consumption profile creation:  

The data collected from literature sources will be analysed and 

synthesised to generate load consumption profiles for household 

appliances and devices. This process involves examining data for each 

household category (low-, middle-, and high-income) to capture appliance 

and device electricity consumption patterns during peak and off-peak 

demand periods across different intervals.  

c. Optimal load consumption model generation:   

 Following the creation of load consumption profiles, an optimised 

load consumption model will be generated using statistical analysis 

to determine the average consumption threshold for each 

household category. 

 This threshold will serve as the optimal target, aiming to maintain 

energy usage below or close to the threshold while meeting user 

requirements.   

 

d. System design:   
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Figure 14: Adaptable load management system architecture 
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Following the generation of an optimal load consumption model, an 

adaptable load management system incorporating this model will be 

designed. The system will consist of two sub-systems:   

 

i. Load management sub-system:  

This sub-system will monitor and manage household consumption and 

generate load management controls based on the optimised model 

threshold and simulated grid conditions through user (manual, remote) 

and automatic control.  

 User control: Allows consumers to manage their loads when the 

household consumption is within the optimised model threshold and 

under normal grid conditions. 

 Automatic control: Prioritises loads during peak periods when 

household consumption exceeds the optimised threshold and the 

grid is under stress conditions, overriding user control during this 

period.  

 

ii. Load control sub-system:  

 Measurement simulation: The subsystem will use profile data to 

represent current and voltage conditions. Appliance usage per 

hour will be modelled using binary vectors (1=ON, 0=OFF) and 

energy consumption is calculated based on known appliance 

power ratings. 

 Load switching logic: Each appliance will be associated with a 

control state which is switched ON or OFF based on decisions 

received from the Load Management System. These state 

changes simulate the role of relays or solid-state switches in a 

real-world system. 

 Feedback mechanism: The Load Control Subsystem will 

transmit simulated appliance states and the total load values 
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back to Load Management at each time step. This feedback 

loop ensures continuous evaluation and closed-loop control. 

 

e. Prototype development:   

Upon completing the system design, the next phase involves developing a 

functional prototype. This prototype will serve as a platform test to 

evaluate the system’s functionality and adaptability. Testing will be 

conducted in a simulated environment that reflects real-world household 

categories and the grid conditions. A simulated setup environment is used 

to mitigate the regulatory constraints (South African bureau of standards, 

the national energy regulator of South Africa, and electromagnetic 

compatibility compliance) that could limit the study time.   

 

f. Experimental testing and evaluation:  

Following prototype development, the testing and evaluation phase will 

commence. This phase will focus on assessing functionality, usability, and 

adaptability. Performance will be evaluated using measurable metrics, 

including: 

 Energy savings (%): Comparing managed vs. unmanaged 

consumption. 

 Load reduction (%): Quantifying the decrease in household peak 

demand. 

 Tariff cost savings: Evaluating reductions in electricity expenditure 

under applicable South African tariff structures.  

 

These tests aim to verify and validate the system’s effectiveness in 

reducing household electricity costs, mitigating peak demand, and 

alleviating grid stress. 
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3.3 Research Design 

The study employs a design-based and prototype-driven research design that 

integrates both qualitative and quantitative approaches to develop and evaluate 

an adaptable household load management system for different income levels in 

South Africa. The research framework follows the engineering systems 

development lifecycle, comprising problem identification, data acquisition, model 

development, system design, prototyping, and evaluation.  

 

3.3.1 Design orientation 

The research is solution-oriented, aiming to create a practical application that 

addresses electricity load optimisation at the household level. A quasi-

experimental methodology is employed, utilising a simulated household 

environment to validate system performance while ensuring compliance with 

regulatory standards [29], [30]. This approach enables iterative fine-tuning and 

controlled testing. 

 

 

3.3.2 Mixed-methods approach 

This study adopts a mixed-method research approach, combining qualitative and 

quantitative methods to ensure both a comprehensive understanding of the 

problem and a robust evaluation of the solution. Mixed-methods approaches are 

particularly effective in engineering research, where human-centred requirements 

and data-driven modelling are both crucial for successful system development 

and validation [29], [31]. These methods collectively support the system 

development and validation processes outlined below: 

 

a. Qualitative component: 

The qualitative component focuses on contextual understanding, 

specifically the social, behavioural, and experiential aspects of household 
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electricity consumption. It examines user preferences (e.g., flexibility, 

control, and affordability), load usage habits, and systemic challenges 

across the three income groups. 

 

Data was synthesised from existing literature, national surveys, and policy 

reports [32], [33] that describe how different income groups in South Africa 

experience and respond to energy availability, pricing structures, and 

demand-side management initiatives. The insights guided the system 

design, particularly concerning appliance prioritisation, user control 

functionalities, and load sensitivity to peak-hour limitations. 

 

This approach aligns with Creswell et al.’s [29] view that qualitative 

research helps uncover the “how” and “why” behind user needs and 

behaviours. 

 

b. Quantitative component:  

The quantitative component focuses on numerical modelling and statistical 

evaluation. Appliance-level and hourly household energy consumption 

data were extracted from secondary sources, including the 2021 

Residential Electricity Consumption in South Africa Survey published by 

the Department of Mineral Resources and Energy [32].  

The data are used to: 

 Construct 24-hour appliance-specific load profiles for different 

household income levels. 

 Define energy consumption thresholds based on national usage 

averages for the three income groups. 

 Develop and evaluate control algorithms, specifically a staggered 

switch-off mechanism. 

 Measure system performance using indicators such as peak 

demand reduction, compliance rate, and switching frequency. 
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This component aligns with the principle that quantitative research allows for 

an objective assessment of the efficacy and scalability of technical 

interventions [34]. 

 

3.3.3 Simulation-based validation 

The system is assessed in a simulated environment due to regulatory 

compliance requirements (SABS, NERSA, and EMC regulations), [35], [36]. The 

simulations replicate household electricity consumption patterns and grid stress 

scenarios to assess the effectiveness of the system's adaptability and 

performance in managing electrical loads. 

 

3.3.4 Research Design Phases 

The research design adopts a simulation-based experimental approach to 

develop and evaluate an adaptable household load management system tailored 

to the energy consumption behaviours of low-, middle-, and high-income 

households in South Africa. In this study, ‘experimental’ refers exclusively to 

MATLAB-based simulations rather than physical prototype testing. This approach 

enables controlled evaluation of system logic and adaptability before future 

hardware implementation. The methodology is divided into the following key 

phases: 

a. User Requirements Identification and Analysis 

An initial review and assessment of national household electricity 

consumption data and socio-economic studies were performed, focusing 

on trends specific to the three household income groups in South Africa. 

Key user requirements, which include flexibility, affordability, and control, 

are identified and derived from the literature. 

 

b. Load Consumption Profile Creation: 

Household appliance-level consumption data from the literature were 

synthesised to construct load profiles for each household income 
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category. The analysis captures usage trends and identifies key 

appliances contributing to both peak and off-peak demand periods.  

 

c. Optimal Load Consumption Model Generation: 

A statical analysis of the load profiles was conducted to derive average 

consumption thresholds for each household type. These thresholds form 

the basis of an optimised model that guides energy usage and maintains 

consumption below predefined limits without compromising lighting as a 

priority.  

 

d. System Conceptualisation and Design  

The system architecture was developed, comprising two integrated sub-

systems:   

 Load Management Sub-system: Responsible for interpreting load 

profile data, comparing the total load against income specific 

thresholds, and implementing control logic to activate the staggered 

switch-off mechanism. 

 Load Control Sub-system: Utilises logical structures and state 

variables in MATLAB to model appliance switching, priority ranking, 

and feedback on system actions. 

 

A staggered switch-off mechanism is incorporated to prioritise appliance 

loads and improve grid stability. The system design was implemented in 

MATLAB using control structures, vector operations, and graphical user 

interface elements to replicate system behaviour in a real-world context. 

 

e. System Integration 

All components were integrated within MATLAB to model real-time system 

behaviour in response to dynamic load conditions. Appliance states are 

represented using binary vectors, and switching logic was implemented 

according to priority rankings. Simulation parameters include grid stress 
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scenarios, user input toggles, and varying load curves for different income 

groups. Communication and data interchange among sub-systems are 

represented as function calls and shared data structures. 

 

f. Experimental Testing and Performance Evaluation 

The system was tested within a simulated residential environment 

reflecting the operational characteristics of different income households. 

Evaluation metrics included threshold compliance rate, peak demand 

reduction, control action frequency, and responsiveness. Results are 

presented through plots that compare original and managed load profiles, 

including logs of appliance switching behaviour. 

 

3.4 Research Approach 

The study adopts the Design Science Research (DSR) methodology as its 

guiding framework. The DSR emphasises the iterative development of artefacts 

or solutions to address real-world challenges and validates them through 

analysis [37]. The following core activities define the study approach: 

a. Constructing load profiles: Usage of secondary data to generate 

representative household energy consumption profiles segmented by 

income level.  

b. Designing the artefact: Developing a MATLAB model implementing 

prioritised appliance control and a staggered switch-off mechanism. 

c. Demonstrating utility: Simulating the load profiles under various 

conditions.  

d. Evaluate effectiveness: Assessing the model’s ability to maintain 

household loads below defined thresholds while preserving critical 

services, such as lighting.  
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This approach ensures that the developed model is contextually relevant, 

technically feasible, and responsive to the socioeconomic realities of electricity 

use in South Africa.  

 

3.5 Data Collection Methods 

This study employs a secondary data approach to model household electricity 

consumption profiles and supports the development of an adaptable load 

management system. Data were sourced from prior academic literature to ensure 

representative, income-specific load behaviour across South African households. 

Historical energy consumption data provide an empirical foundation for 

developing realistic household load profiles, which are subsequently used to 

guide the experimental phases of design, development, and verification.  

 

3.5.1 Data source selection 

The data collection strategy for this study is based on secondary data selected 

for its reliability, national representativeness, and relevance to the simulation 

environment. The following three data categories were utilised:  

 Energy access and usage behaviour by income level. 

 Appliance-specific energy consumption estimates; and  

 Socio-economic contextual indicators. 

 

The principal source of data is the Residential Electricity Consumption (REC) 

survey from the study 2021 Residential Electricity Consumption in South Africa 

research project report conducted by SANEDI, the Department of Mineral 

Resources and Energy, and the University of Cape Town [32]. The REC was a 

national data collection effort designed to analyse household electricity 

consumption patterns, appliance ownership, and energy expenditures among 

low-, middle-, and high-income households.  

 

© Central University of Technology, Free State



51 

To support the accuracy of appliance-level estimates, the study consulted the 

Existing Minimum Energy Performance Standards (MEPS) Status Quo Integrated 

Report (2019) [38], developed by the South African Department of Energy in 

collaboration with the United Nations Development Programme (UNDP). The 

MEPS report, while lacking time-series data, provides validated appliance power 

ratings efficiency metrics that support the development of load profiles. 

 

Additional socio-economic context was drawn from the General Household 

Survey 2021 conducted by Statistics South Africa [39]. Although it lacks hourly 

consumption data, it offers significant insights into household electricity access, 

preferred energy sources, and regional disparities. 

 

Lastly, to improve the precision of appliance-level usage modelling, 

supplementary indicative estimates were obtained from publicly available online 

resources to cross-reference appliance power ratings and usage durations, 

including: 

 SRS Solar’s Household Appliances Electricity Consumption Guide 

[40]. 

 Justin Bonello’s Eco-Audit on typical home appliance consumption 

[41]. 

While these supplementary sources are not peer-reviewed, they provide usable 

baseline values for appliance power ratings and usage durations. All values are 

cross-referenced with the principal data source, serving as supplementary inputs 

to refine the South African household energy behaviour.  

 

3.5.2 Data extraction from the Residential Electricity Consumption in 

South Africa Research Project Report 

This study utilises residential electricity consumption data from the survey 

conducted in [32] as part of its methodology to generate household load profiles. 

Hughes et al. [32] examined residential electricity consumption in South Africa 
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using three main components. First, they conducted a national Residential 

Electricity Consumption Survey (REC) to gather data from 2,075 households 

through online panels, municipal e-surveys, and a limited door-to-door survey. 

This data provided insights into demographics, appliance ownership, usage 

behaviours, and electricity consumption across income groups.  

 

Second, the study employed the South African residential sector calibrated 

model (LEAP Model) to estimate appliance ownership trends and annual 

electricity usage. Finally, it assessed the impact of the appliance Standards and 

Labelling (S&L) program from 2015 to 2020, projecting its potential influence 

through 2040. The analysis included estimates of energy savings driven by 

behavioural interventions, solar water heater adoption, and improvements in 

energy efficiency. This national survey collected data on: 

 Household appliance ownership by income level. 

 Annual electricity consumption estimates per appliance; and 

 Time-of-use behaviours and seasonal demand trends.  

 

The data collected was processed to develop 24-hour load profiles for the three 

income groups using the following procedure: 

1. Annual-to-Daily Conversion: Appliance energy usage (in kWh/year) is 

divided by 365 to estimate daily usage. 

2. Time-of-Use Allocation: Daily energy consumption is distributed across 24 

hours using probabilistic time-of-use models aligned with typical 

household activity patterns. 

3. Households are grouped into three income segments, each with a 

threshold derived from average consumption. 

4. Load segmentation: Appliances are grouped into categories and priority 

levels of water heater, HVAC, cooking, plugs, and lighting.  

 

This method allows for the development of realistic household energy demand 

across income groups. This dataset was selected due to its contextual relevance 
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and coverage of socio-economic factors influencing energy usage in the 

residential sector in South Africa. The selection of this study is justified by the 

limited availability of research that explicitly examines household income as a 

determinant of electricity consumption in South Africa.  

 

Existing literature primarily focuses on international case studies, which may not 

adequately address the unique socioeconomic and energy consumption patterns 

of South African households. The study therefore provides a contextually 

relevant foundation for deriving household load profiles of different household 

income groups to ensure an accurate representation of real-world usage. 

 

3.6 Load Consumption Profile Creation 

The development of household load consumption profiles is a critical component 

of the methodology, forming the basis for simulation, control logic, and 

performance evaluation of the adaptable load management system. These 

profiles represent the distributed electricity demand across the three household 

income groups and are constructed using a data-driven approach informed by 

the national survey data in [32]. This section begins with the theoretical and 

foundational framework of load profiles, followed by the derivation of load profiles 

of South African households categorised by income.  

 

3.6.1 Original load profile  

The original load profile represents the household's natural energy consumption 

without the application of load management [42], [43]. The original load exhibit 

peaks during periods of high activity of appliance usage in the household. The 

original load can be expressed by the equation below as: 

𝐿𝑜(𝑡) = ∑ 𝑃𝑖(𝑡)𝑛
𝑖=1      ∀t  (4) 
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Where 𝐿𝑜(𝑡) is the instantaneous original load measured in kilowatts (kW) at 

time, t, 𝑃𝑖(𝑡) represents the original power consumption in kilowatts (kW) of 

appliance i at time t, and n is the total number of appliances managed. ∀t 

indicates that the condition always applies t within the specified range, in this 

case a 24-hour period [44]. 

 

3.6.2 Managed load profile 

The managed load profile reflects household energy consumption after the 

application of a load management strategy. The applied strategy includes 

switching off or reducing the power of certain appliances, with the objective of 

reducing the peaks in the original load profile and encouraging the shift of energy 

use to off-peak periods. The managed load profile is expressed using the 

equation below: 

𝐿𝑚(𝑡) = ∑ 𝑃′(𝑡)𝑛
𝑖=1        (5) 

Where 𝐿𝑚(𝑡) is the instantaneous managed load in kilowatts (kW) at time t, 𝑃′(𝑡) 

represents the adjusted power consumption in kilowatts (kW) of appliance i at 

time t when load management is applied, and n is the total number of appliances 

managed. 

 

3.6.3 South African household load profile development 

The development process begins by identifying relevant data from the study 

Residential Electricity Consumption in South Africa [32] to identify key 

parameters such as appliance penetration rates, usage times, and power ratings 

to formulate load profiles for 24-hour usage across the three household 

categories: low-, medium-, and high-income households.  

 

3.6.3.1 Load Profile Development for Low-Income Households 

a. Monthly Electricity Expenditure: 
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The research [32] revealed considerable variability in electricity expenses 

among low-income households. The mean monthly spending on electricity 

was estimated at 452 South African rand, while the median monthly 

spending is 300 South African rand. These figures highlighted the financial 

constraints faced by low-income households. 

 

b. Appliance Ownership and Usage Patterns: 

 Lighting: Low-income households use an average of 4.4 lamps, 

operating approximately six hours per day. 

 Cooking: The most common cooking appliances are electric stovetops 

and ovens, with kettles being used extensively for water heating. 

 Refrigeration: 94.2% of households own at least one refrigerator, while 

15.4% possess more than one. 

 Washing machines: 51.7% of households own washing machines, with 

top-loading models being more common. 

 Tumble dryers: 10.6% own tumble dryers.  

 Television: 83.9% of households own at least one television, which 

indicates widespread media consumption. 

 Air conditioning: Only 5.8% of households have air conditioning units, 

signifying limited reliance on active cooling systems. 

 

c. Conversion of Annual Appliance Consumption to Daily Load Profiles (Low-

Income Households) 

 

Study [32] demonstrated annual electricity consumption per appliance for low-

income households, which is converted to daily consumption in Table 7 to 

estimate hourly electricity consumption provided in Table 8 and appendix B.1. 

The daily consumption is determined as follows: 

𝐸𝑑𝑎𝑖𝑙𝑦 =  
𝐸𝑎𝑛𝑛𝑢𝑎𝑙

365
       (6) 
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Each appliance's daily consumption is calculated by dividing its annual energy 

use by 365 days, then allocating its energy consumption over 24 hours using the 

time-of-use probability distribution. 
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Table 7: Annual to Daily Consumption Appliance Conversion for 

Low-Income Household. 

Category Appliance Annual 

Consumption 

(kWh/year) 

Daily 

Consumption 

(kWh/day) 

Geyser Water 

heater (geyser) 

0 kWh (if 

not electric) 

0 kWh 

HVAC Air 

Conditioning 

735 kWh 2.01 kWh 

Stove Cooking 

(Stove + Oven) 

450 kWh 1.23 kWh 

Plugs Microwave 45 kWh 0.12 kWh 

 Kettle 192 kWh 0.53 kWh 

 Fridge/Free

zer 

487 kWh 1.33 kWh 

 Washing 

Machine 

179 kWh 0.49 kWh 

 Tumble 

Dryer 

795 kWh 2.18 kWh 

 Television 168 kWh 0.46 kWh 

 Total Plugs 1866 kWh 5.11 kWh 

Lights Lighting 229 kWh 0.63 kWh 

 

d. Estimated Hourly Electricity Consumption for Low-Income Households 

Using the consumption data in Table 7 extracted from [32], the hourly 

electricity consumption for low-income households is estimated by 

distributing the total daily energy use across 24 hours based on typical 

time-of-use patterns and grouping the appliances. 

 

Hourly load fluctuations are derived from daily electricity consumption projections 

utilising time-of-use distribution. 
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Table 8 below provides an estimated hourly load distribution based on the typical 

appliance usage patterns and time of use throughout the day. A corresponding 

representation is provided in appendix B.1. 

Table 8: Distributed 24-Hour Low-Income Household Load Profile. 

Hour Geyser 

(kW) 

HVAC 

(kW) 

Stove 

(kW) 

Plugs            

(kW) 

Lights 

(kW) 

00:00 0 0 0 0.12 0 

01:00 0 0 0 0.12 0 

02:00 0 0 0 0.12 0 

03:00 0 0 0 0.12 0 

04:00 0 0 0 0.12 0.02 

05:00 0 0.07 0.08 0.22 0.09 

06:00 0 0.11 0.14 0.32 0.1 

07:00 0 0.09 0.08 0.22 0.05 

08:00 0 0.09 0.08 0.22 0.04 

09:00 0 0.13 0 0.12 0 

10:00 0 0.13 0 0.12 0 

11:00 0 0.14 0.08 0.22 0 

12:00 0 0.14 0.13 0.32 0 

13:00 0 0.14 0.08 0.22 0 

14:00 0 0.19 0 0.22 0 

15:00 0 0.19 0 0.22 0 

16:00 0 0.14 0 0.22 0 

17:00 0 0.09 0.09 0.32 0.04 

18:00 0 0.09 0.24 0.42 0.1 

19:00 0 0.09 0.14 0.32 0.1 

20:00 0 0.09 0.09 0.32 0.04 

21:00 0 0.09 0 0.25 0.04 

22:00 0 0 0 0.12 0.01 

23:00 0 0 0 0.12 0 

SUM 0 2.01 1.23 5.11 0.63 
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e. Key Observations 

The following are the key observations made from the hourly load profile. 

The analysis indicates notable fluctuations in electricity consumption 

during the day, marked by peak and off-peak intervals: 

1. Morning peak (6:00-9:00): Increased electricity consumption due to 

increased demand for lighting, cooking appliances, and electric 

kettles as households prepare for the day’s work and school 

activities. 

2. Evening peak (17:00-21:00): The highest energy consumption 

occurs in the evening, driven primarily by cooking activities, 

household lighting, and entertainment devices such as televisions. 

3. Overnight Consumption (00:00-5:00): Energy demand remains low 

during the night with electricity attributed to appliances such as 

refrigerators operating continuously. 

 

The load profile indicates that low-income households have a daily energy 

consumption of 8.98 kWh/day, which is the total estimated level of energy 

consumption.  

 

3.6.3.2 Electricity Consumption for Middle-Income Households 

a. Monthly Electricity Expenditure 

The research showed that households with middle incomes had a 

significant amount of variation in their consumption of electricity. The 

mean monthly expenditure on electricity was estimated to be 797 South 

African rand, while the median monthly expenditure was estimated at 525 

South African rand. 

 

b. Conversion of Annual Appliance Consumption to Daily Load Profiles 

(Middle-Income Households) 

 

Table 9 shows middle-income households’ annual electricity consumption per 

© Central University of Technology, Free State



60 

appliance category converted to daily consumption using equation (6). Hourly 

load variations are then calculated from time-of-use distribution estimates of 

daily electricity consumption. 

Table 9: Annual to Daily Consumption Conversion for Middle-Income 

Household. 

Category Appliance Annual 

Consumption 

(kWh/year) 

Daily 

Consumption 

(kWh/day) 

Geyser Water 

heater 

(geyser) 

2804 kWh  7.68 kWh 

HVAC Air 

Conditioning 

709 kWh 1.94 kWh 

Stove Cooking 

(Stove + 

Oven) 

457 kWh 1.25 kWh 

Plugs Microwave 54 kWh 0.15 kWh 

 Kettle 210 kWh 0.58 kWh 

 Fridge/Fre

ezer 

499 kWh 1.37 kWh 

 Washing 

Machine 

192 kWh 0.53 kWh 

 Tumble 

Dryer 

573 kWh 1.57 kWh 

 Television 235 kWh 0.64 kWh 

 Total Plugs 1763 kWh 4.84 kWh 

Lights Lighting 287 kWh 0.79 kWh 

 

 

c. Estimated Hourly Electricity Consumption for Middle-Income Households 
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Table 10 provides an estimated hourly load distribution based on the 

typical appliance usage patterns and time of use throughout the day. 

Table 10: Distributed 24-Hour Middle-Income Household Load 

Profile. 

Hour Geyser 

(kW) 

HVAC 

(kW) 

Stove 

(kW) 

Plugs    

(kW) 

Lights 

(kW) 

00:00 0.14 0.03 0 0.12 0 

01:00 0.14 0.03 0 0.12 0 

02:00 0.14 0.03 0 0.12 0 

03:00 0.14 0.03 0 0.12 0 

04:00 0.14 0.03 0 0.12 0 

05:00 0.75 0.08 0.07 0.17 0.04 

06:00 0.75 0.08 0.17 0.27 0.14 

07:00 0.75 0.08 0.07 0.22 0.14 

08:00 0.4 0.08 0.07 0.22 0.03 

09:00 0.2 0.12 0 0.17 0.03 

10:00 0 0.12 0 0.17 0 

11:00 0 0.12 0.07 0.22 0 

12:00 0 0.12 0.15 0.32 0 

13:00 0 0.12 0.07 0.22 0 

14:00 0 0.18 0 0.22 0 

15:00 0 0.18 0 0.22 0 

16:00 0 0.13 0 0.22 0 

17:00 0.75 0.08 0.07 0.27 0.04 

18:00 0.75 0.08 0.27 0.37 0.14 

19:00 0.75 0.08 0.17 0.32 0.14 

20:00 0.75 0.08 0.07 0.27 0.03 

21:00 0.75 0.02 0 0.17 0.03 

22:00 0.38 0.02 0 0.1 0.03 

23:00 0 0.02 0 0.1 0 

SUM 7.68 1.94 1.25 4.84 0.79 
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d. Key Observations 

The following are the key observations made from the hourly load profile 

for middle-income households. The analysis indicates notable fluctuations 

in electricity consumption during the day, marked by peak and off-peak 

intervals: 

1. Morning peak (5:00-8:00): Increased electricity consumption due to 

geyser operation, cooking appliances, and lighting as households 

prepare for work and school. The geyser alone contributes significantly 

to the morning peak. 

2. Evening peak (17:00-21:00): The highest energy consumption occurs 

in the evening, primarily driven by geyser usage, cooking activities, 

HVAC operation, household lighting, and entertainment devices such 

as televisions. 

3. Overnight Consumption (00:00-5:00): Energy demand remains low 

during the night with electricity attributed to appliances such as 

refrigerators operating continuously and standby appliances. 

4. Midday Consumption (10:00-16:00): Moderate electricity consumption 

occurs due to HVAC usage and intermittent appliance loads such as 

microwaves and washing machines, while the geyser remains inactive. 

 

The load profile indicates that middle-income households have an average daily 

energy consumption of 16.50 kWh/day, which is the total level of energy 

consumption.  

 

3.6.3.3 Electricity Consumption of High-Income Households 

a. Monthly Electricity Expenditure 

Following the same methodology that was used for households with low 

and middle incomes, the research [32] showed that households with high 

incomes had a significant amount of variation in their consumption of 

electricity. The mean monthly expenditure on electricity was estimated to 
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be 1,338 South African rand, while the median monthly expenditure was 

found to be approximately 1,000 South African rand. 

 

b. Conversion of Annual Appliance Consumption to Daily Load Profiles 

(High-Income Households) 

The study [32] generated an annual electricity consumption per appliance 

category. The consumption data from Table 11 serves as the basis for 

estimating daily electricity demand in high-income households using 

equation (6).  
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Table 11: Annual to daily consumption conversion for high-income 

household. 

Category Appliance Annual 

Consumption 

(kWh/year) 

Daily 

Consumption 

(kWh/day) 

Geyser Water 

heater (geyser) 

3923 kWh  10.75 kWh 

HVAC Air 

Conditioning 

682 kWh 1.87 kWh 

Stove Cooking 

(Stove + Oven) 

580 kWh 1.59 kWh 

Plugs Microwave 59 kWh 0.16 kWh 

 Kettle 225 kWh 0.62 kWh 

 Fridge/Free

zer 

543 kWh 1.49 kWh 

 Washing 

Machine 

237 kWh 0.65 kWh 

 Tumble 

Dryer 

573 kWh 1.57 kWh 

 Television 342 kWh 0.94 kWh 

 Total Plugs 1866 kWh 5.11 kWh 

Lights Lighting 438 kWh 1.2 kWh 

 

c. Estimated Hourly Electricity Consumption for High-Income Households 

Hourly load variations are derived from daily electricity consumption 

estimates using time-of-use distribution.  

 

Table 12 provides an estimated hourly load distribution based on the typical 

appliance usage patterns and time of use throughout the day. 
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Table 12: Distributed 24-Hour High-Income Household Load Profile. 

Hour Geyser 

(kW) 

HVAC 

(kW) 

Stove 

(kW) 

Plugs            

(kW) 

Lights 

(kW) 

00:00 0.22 0.02 0 0.09 0 

01:00 0.22 0.02 0 0.09 0 

02:00 0.22 0.02 0 0.09 0 

03:00 0.22 0.02 0 0.09 0 

04:00 0.22 0.02 0 0.09 0.03 

05:00 1.08 0.08 0.1 0.19 0.09 

06:00 1.08 0.08 0.2 0.29 0.14 

07:00 1.08 0.08 0.1 0.24 0.14 

08:00 0.68 0.08 0.1 0.24 0.09 

09:00 0.37 0.12 0 0.14 0.03 

10:00 0 0.12 0 0.14 0 

11:00 0 0.12 0.1 0.22 0 

12:00 0 0.12 0.19 0.31 0 

13:00 0 0.12 0.1 0.24 0 

14:00 0 0.17 0 0.24 0 

15:00 0 0.17 0 0.24 0 

16:00 0 0.12 0 0.24 0 

17:00 1.08 0.08 0.1 0.34 0.09 

18:00 1.08 0.08 0.3 0.44 0.19 

19:00 1.08 0.08 0.2 0.39 0.19 

20:00 1.08 0.08 0.1 0.34 0.09 

21:00 0.67 0.03 0 0.19 0.09 

22:00 0.37 0.02 0 0.14 0.03 

23:00 0 0.02 0 0.09 0 

SUM 10.75 1.87 1.59 5.11 1.2 

 

d. Key Observations 

The following key observations were made from the hourly load profile. 

The analysis indicates notable fluctuations in electricity consumption 

during the day, marked by peak and off-peak intervals: 
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1. Morning peak (5:00-8:00): Increased electricity consumption due to 

high demand for hot water from the geyser, cooking appliances and 

kettle, and lighting as households prepare for work and school. The 

geyser alone contributes significantly to the morning peak. 

2. Evening peak (17:00-21:00): The highest energy consumption occurs 

in the evening, primarily driven by geyser usage, cooking activities, 

HVAC operation, household lighting, and entertainment devices such 

as televisions. 

3. Overnight Consumption (00:00-5:00): Energy demand remains low 

during the night with electricity attributed to appliances such as 

refrigerators operating continuously and standby appliances. 

4. Midday Consumption (10:00-16:00): Moderate electricity consumption 

occurs due to continuous operation of HVAC and refrigerator, with 

occasional cooking and laundry washing. 

 

The load profile indicates that high-income households have an average daily 

energy consumption of 20.52 kWh/day, which is the total level of energy 

consumption.  

 

3.7 Optimal Load Consumption Threshold Generation 

3.7.1 Income-based load thresholds 

Thresholds were determined based on the maximum observed hourly loads for 

each income group, as shown in Tables 8, 10, and 12. To ensure practical 

feasibility, normal thresholds were set at approximately 70% of the maximum 

observed load, while peak thresholds (applied during 17:00–20:00) were set at 

50% of the maximum load. This approach balances grid stability with household 

functionality and reflects realistic appliance usage patterns. The approach was 

selected based on following: 

 Grid Stability During Peak Hours 
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Applying stricter limits during the evening peak period helps reduce strain 

on the grid when demand is highest, while allowing more flexibility during 

off-peak hours. 

 Functional Household Operation 

Setting thresholds as a percentage of the maximum observed load 

ensures that essential appliances can operate under normal conditions. 

This prevents complete disconnection of high-power devices and 

maintains usability for households. 

 

The thresholds applied in the system are: 

 Low-income households: Normal = 0.60 kW; Utility Control Peak = 0.43 

kW 

 Middle-income households: Normal = 1.13 kW; Utility Control Peak = 0.81 

kW 

 High-income households: Normal = 1.46 kW; Utility Control Peak = 1.05 

kW 

 

These values allow essential appliances to operate under normal conditions 

while enforcing stricter limits only during peak hours. This time-dependent 

strategy improves technical feasibility and consumer acceptability compared to 

static limits.     

3.7.2 Staggered switch-off control logic 

The central feature of the load management system is the staggered switch-off 

mechanism, which introduces an adaptable and prioritised load reduction 

strategy. Unlike most of the conventional methods discussed in chapter 2 that 

initiate a complete shutdown when consumption reaches a limit threshold, the 

staggered mechanism approach applies a hierarchical control logic that 

sequentially deactivates non-essential appliances based on the predefined 

levels. 

The priority levels are classified as follows: 
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 Low-priority appliances: Water heater (geyser), HVAC, Stove 

 Medium-priority appliances: Plug loads 

 High-priority appliances: Lighting (exempted from disconnection) 

 

This prioritisation guarantees the reduction of discretionary loads to keep 

consumption within acceptable limits while ensuring that essential household 

functions, such as lighting, remain uninterrupted. 

 

The control logic and algorithm functions at each time step according to the 

following sequence:  

1. Evaluate the total household consumption 𝐿𝑜(𝑡). 

2. If 𝐿𝑜(𝑡) > threshold, identify all currently active appliances and sort them 

by ascending priority.  

3. Iteratively deactivate the lowest-priority active appliance. 

4. Recalculate the total power 𝐿𝑜(𝑡) and repeat the process until 𝐿𝑜(𝑡) ≤

𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑. 

This logic is implemented in MATLAB using nested and iterative control 

structures.  

 

3.8 System Design 

The system design of the Adaptable Household Load Management is informed 

by the energy consumption behaviour across income levels in South Africa, 

including the requirements derived from the analysis of appliance usage patterns 

in section 3.6. The system is implemented and evaluated entirely as a MATLAB-

based software model. The system block and flow diagram is illustrated in Figure 

14. 

 

The architecture comprises the following two core sub-systems: 

 Load Management System 

 Load Control Subsystem 
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The subsystems function in correlation to monitor electricity consumption, 

compare it with load threshold limits described in section 3.7, and execute a 

control strategy that prioritises essential appliances while shedding non-critical 

loads. The system is designed to support the following two modes of operation: 

 User-Controlled Mode: In this mode, users are allowed to interact with the 

system manually or remotely to appliance states, provided that the total 

load remains within the assigned threshold. This mode supports user 

preferences providing flexibility and customisability during normal grid and 

household load conditions. 

 Automated Priority Control Mode: This mode engages when domestic 

electricity usage surpasses the established threshold or when the grid 

encounters stress conditions. The system automatically overrides manual 

controls and applies staggered switch-off mechanisms to reduce the load. 

Appliances are deactivated in order of priority: water heater (geyser), 

HVAC, stove, and plugs, until total consumption decreases below the 

threshold limit. 

 

3.8.1 Load management subsystem 

The Load Management Subsystem is implemented in MATLAB and functions as 

the central processing and the decision-making unit. The unit is primarily 

responsible for:  

 Load Profile Integration: Hourly appliance level load profiles are 

imported into MATLAB based on the national survey [32]. Each profile 

is organised as a 24-hour matrix depicting energy consumption in kW 

across various appliance categories, including water heater (geyser)s, 

HVAC systems, stoves, plugs, and lighting.  

 Threshold Evaluation: Compares the total household consumption to 

the optimised load threshold for each of the household categories. If 
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the threshold is exceeded, the subsystem applies corrective control 

actions. 

 Control Logic Module: The subsystem activates a staggered switch-off 

mechanism when the load exceeds the threshold. Appliances are 

ranked by control priority with non-essential loads deactivated first until 

the load returns to within acceptable limits. 

 User Control Module: The user control module monitors household 

energy use and allows appliance operation and control if usage is 

within the threshold, otherwise it restricts the user from having control 

of appliance operation. 

 Utility Grid stress Module: It monitors household consumption during 

the grid stress period (17:00-20:00). If consumption exceeds the 

stricter utility threshold, appliances are further switched off to help 

stabilise the overall power system. 

 Automatic Override Mechanism: Suspends user control when 

simulated system grid constraints are active or consumption exceeds 

the threshold. 

 

3.8.2 Load control subsystem  

The load control subsystem is responsible for simulating the behaviour of the 

real-world electrical components, including measurement, load regulation, and 

feedback. The functional operation is implemented using MATLAB logic and 

state variables. The core functions include: 

 Measurement Simulation: The subsystem uses profile data to 

represent current and voltage conditions. Appliance usage per hour is 

modelled using binary vectors (1=ON, 0=OFF) and energy 

consumption is calculated based on known appliance power ratings. 

 

 Load Switching Logic: Each appliance is associated with a control 

state, which is switched ON or OFF based on decisions received from 
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the Load Management System. These state changes simulate the role 

of relays or solid-state switches in a real-world system. 

 Feedback Mechanism: The Load Control Subsystem transmits 

simulated appliance states and the total load values back to the Load 

Management System at each time step. This feedback loop ensures 

continuous evaluation and closed-loop control. 

 

3.9 Prototype Development 

A prototype was developed in a MATLAB-based environment to validate the 

design and operation of the Adaptable Household Load Management System. 

The prototype includes modular implementation of the Load Management Sub-

system and the Load Control Sub-system discussed in section 3.8. It simulates 

key functionalities including threshold monitoring, appliance prioritisation, 

staggered switch-off mechanism, and autonomous vs user-controlled modes. 

The interactions between the subsystems are executed through software 

modules enabling closed-loop behaviour without the need for physical sensors or 

switching devices.  

 

The choice to simulate the prototype rather than deploying a physical hardware 

implementation was primarily motivated by the need to bypass regulatory and 

compliance constraints that could otherwise delay or complicate the research 

timeline. Simulation-based prototype development allows for controlled testing 

while avoiding regulatory constraints related to electromagnetic compatibility 

(EMC), electrical safety, and embedded systems certification under South African 

standards. Physical implementations involving alternating current (AC) switching 

and power regulation in South Africa are subject to stringent national standards 

including: 

 SANS 10142-1: The South African Wiring Code for Low-Voltage 

Installations enforced by the South African Bureau of Standards (SABS) 

for safety and wiring compliance [35].  
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 NERSA Grid Codes: The National Energy Regulator of South Africa 

(NERSA) mandates compliance with national grid codes for systems 

interfacing with or simulating utility supply behaviour [45]. 

 Electromagnetic Compatibility Compliance (EMC): Hardware-based 

electronic systems must adhere to limits on electromagnetic interference 

as outlined in SABS EMC standards aligned with Comité International 

Spécial des Perturbations Radioélectriques (CISPR), which is an 

international organisation that develops standards for electromagnetic 

compatibility [36]. 

 

Adopting a simulation-based prototype ensures the study remains and complies 

with electrical safety and research boundaries while still offering a functional and 

analytical system for testing and evaluation. The simulated environment allows 

for fast iteration, reproducibility, and control over variable household scenarios 

and simulated grid signals.  

 

While the preceding section outlined the justification and simulation-based 

rationale for prototype development, the following subsection provides a detailed 

account of the additional components, control algorithms, and MATLAB modules 

that distinguish the implemented prototype from the conceptual system design. 

The intention is to demonstrate how the system architecture of Section 3.7 was 

operationalised into an executable and verifiable simulation model within 

MATLAB. 

 

3.9.1 Enhanced MATLAB-Based Prototype Implementation 

 

The MATLAB-based prototype extends the conceptual system design described 

in Section 3.7 into a fully functional and executable simulation environment. 

While the system design establishes the structural and algorithmic framework of 

the Adaptable Household Load Management System, the prototype 

operationalises this framework through the integration of simulation modules and 
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the interaction between the Load Management and Load Control Subsystems. 

The implementation provides a dynamic testing platform capable of representing 

user-controlled and autonomous operation modes under both normal and 

constrained grid conditions. 

The enhanced MATLAB prototype comprises the following functional 

components: 

 Dual-threshold Control Logic: 

Two hierarchical load limits are implemented, (i) a household-specific 

operating threshold that regulates consumption under normal conditions, 

and (ii) a utility-enforced constraint that activates automatically during 

simulated grid stress periods (17:00–20:00). This dual-threshold approach 

allows the system to model both consumer-side management and utility-

imposed demand response. 

 Grid-Stress Detection and Automatic Override: 

The prototype identifies peak-hour intervals using a pre-defined time 

vector and enforces a stricter operating limit. During these periods, the 

system disables user control and initiates automated load shedding 

according to the established priority sequence (geyser → HVAC → stove 

→ plugs). 

 User-Controlled and Autonomous Operating Modes: 

Under normal operating conditions, users retain the ability to manually 

control appliance states provided that the total load remains within the 

allowable threshold. When either the household limit or the utility 

constraint is exceeded, the system automatically transitions into 

autonomous mode, temporarily overriding user control to stabilise load 

demand. 

 Event-Driven Control Functions: 

The prototype executes control decisions at each hourly time step using 

iterative logic implemented in the manageLoadWithGridStress function. 

This function evaluates instantaneous household consumption, applies 
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switch-off actions, and records device states for subsequent performance 

analysis. 

 Dynamic Data Exchange and Feedback: 

Continuous feedback between subsystems is maintained throughout the 

simulation. The Load Management Subsystem communicates threshold 

exceedances and switching commands, while the Load Control 

Subsystem returns updated appliance states and total load values. This 

closed-loop operation enables adaptive system behaviour across varying 

load scenarios. 

 Visualisation and Analytical Interface: 

A graphical output module, implemented in the 

plotLoadManagementWithGridStress function, visualises hourly load 

patterns, threshold compliance, appliance switch-off events, and grid-

stress periods using MATLAB’s plotting environment. Shaded overlays 

highlight grid stress intervals, while data markers differentiate user-

controlled and autonomous operation phases. This visualisation supports 

system validation and comparative analysis across low-, medium-, and 

high-income household configurations. 

 

The inclusion of these executable modules transforms the conceptual MATLAB 

system design into a simulation prototype that demonstrates closed-loop control, 

user-system interaction, and grid-responsive adaptability. The prototype provides 

quantitative and visual validation of system behaviour, enabling repeatable 

experiments under diverse household and grid-stress scenarios without the need 

for physical hardware deployment. 

3.10 Testing and Evaluation Framework  

The testing and evaluation phase assesses the performance, adaptability, and 

responsiveness of the Adaptable Load Management System under simulated 

operating conditions. The evaluation framework utilises a simulation-based 

testing methodology to validate functionality, adherence to load thresholds, and 
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control logic behaviour across various household income configurations within 

the MATLAB environment.  

 

3.10.1 Evaluation objectives 

The key objectives of the evaluation framework are as follows: 

 To validate the correct execution of the staggered switch-off control logic. 

 To assess the system’s ability to maintain household load within 

predefined thresholds across each income group category.  

 To examine the system responsiveness to the simulated overload grid 

conditions. 

 

3.10.2 Simulation environment 

All tests are conducted using MATLAB leveraging both scripts and graphic user 

interfaces built with MATLAB App Designer. The system is evaluated using real-

world load profiles in Table 8, Table 10, and Table 12 derived from the national 

residential electricity consumption data, including the corresponding 

representations in appendix B.1, B.2, and B.3. These profiles are represented as 

24-hour time-series vectors separated by appliance and income level. 

 

The following components are simulated for each test case: 

 Appliance-level hourly power consumption (kW). 

 Control thresholds for low-, middle-, and high-income households. 

 Hourly evaluation of system load vs threshold. 

 Execution of control actions (appliance switch-off). 

 

3.10.3 Test scenarios 

The system was tested under multiple scenarios to simulate household energy 

demand conditions: 
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 Scenario A- Normal Load: Household load remains below the threshold 

throughout the day. 

 Scenario B- Moderate Load: Load exceeds the threshold during morning 

and evening peaks. 

 Scenario C- Sustained Load: Load remains above the threshold for 

consecutive hours. 

 Scenario D: Grid stress Condition: Simulated grid signal overrides user 

control and activates automatic priority mode. 

 Scenario E: Manual Control Mode: User interacts with the system to 

manually switch appliance states during normal conditions. 

Each scenario is applied to the three household income profiles to test 

adaptability across socio-economic contexts. 

 

3.10.4 Evaluation metrics 

The following performance metrics were used to evaluate the system: 

 Threshold Compliance Rate: Percentage of time steps during which the 

total household loads remained at or below the income specific threshold. 

 Load Reduction Effectiveness: Difference in peak demand before and 

after control intervention. 

 Control Action Count: Total number of switch-off events triggered per 

scenario. 

 Logical Correctness: Verifying whether the control logic preserved the 

priority order of appliances and prevented the deactivation of high-priority 

appliances such as lighting. 

 

3.10.5 Data logging and analysis 

The system logs hourly load values, control actions, appliance states, and mode 

transitions (user vs autonomous). These logs are used to generate plots 

comparing original and managed load profiles, appliance switch-off patterns, and 
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threshold compliance trends. The data is further analysed to quantify energy 

savings and deduce potential tariff cost reduction in real-world deployment.  

 

3.11 Ethical consideration 

This study is based entirely on simulation and does not involve direct interaction 

with human and animal participants. Ethical considerations are observed to 

ensure the responsible use of data, software tools, and research outcomes. The 

following principles are observed throughout the project:  

 

3.11.1 Use of secondary data 

The household load profiles, and appliance usage data utilised in this study were 

derived from a publicly available national household consumption report [32]. The 

dataset on Residential Electricity Consumption in South Africa from 2021 was 

utilised to develop load profiles. No personal, identifiable, or confidential 

information was accessed or used during the research. The dataset was utilised 

exclusively for academic and research purposes, with all analyses performed in 

accordance with fair use and data citation standards. 

 

3.11.2  Regulatory compliance in system design 

Implementation in a simulated environment avoids the need for regulatory 

clearance associated with physical systems. Real-world compliance with SABS 

wiring codes, NERSA grid codes, and EMC standards applies only to hardware-

based deployments. By using MATLAB-based simulation, this study eliminates 

risks and delays linked to certification requirements while still enabling rigorous 

evaluation of control logic and system adaptability 
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3.11.3  Risk avoidance  

Conducting the study in a simulated environment inherently eliminates physical 

risks such as electrical hazards and equipment damage. This is a standard 

characteristic of simulation-based research and is noted here for completeness. 

 

3.11.4  Transparency and reproducibility 

The software code, assumptions, and input parameters utilised in the simulation 

were documented to guarantee transparency and reproducibility. MATLAB 

simulation files were structured to support academic verification and reuse by 

future researchers. 

 

3.11.5  Institutional ethical compliance 

Formal ethical clearance was not required as the research did not involve human 

subjects or animal testing and did not include direct experiments involving private 

households. However, ethical standards concerning academic integrity, 

intellectual property, and responsible data utilisation were maintained 

consistently. 

 

3.12 Chapter Summary 

This chapter outlined the research design and methodology framework adopted 

in the development of the Adaptable Load Management System for different 

household categories in South Africa. The study followed a design science 

approach that incorporates simulation-based modelling to represent real-world 

electricity consumption behaviour across specific household income categories. 

Key processes included the creation of load consumption profiles, the formulation 

of income-based consumption thresholds, the design of a staggered switch-off 

control logic, and the implementation of the system in MATLAB for functionality 

and performance testing. 
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The chapter also detailed the system architecture comprising load management 

and load control subsystems. This included the rationale for employing a 

simulation prototype to address regulatory, time constraints, and safety. A 

systematic testing and evaluation framework was created to evaluate threshold 

compliance, load reduction, and system adaptability across diverse operational 

scenarios. Ethical considerations concerning data utilisation, software integrity, 

and simulation safety were also examined.  

 

The next chapter presents the results and analysis derived from the simulation 

experiments. It evaluates the system’s effectiveness in reducing peak demand, 

enforcing control logic, and responding to household demands, while providing 

insights into its potential for real-world deployment. 

© Central University of Technology, Free State



80 

4 CHAPTER 4: IMPLEMENTATION, TESTING OF SOLUTION, AND 

RESULTS 

4.1 Introduction 

This chapter presents the implementation and performance evaluation of the 

Adaptable Household Load Management System. The implementation is a 

MATLAB-based simulation focusing on the integration of income specific load 

profiles, control algorithms, and system performance under different test 

scenarios. The chapter outlines how the system is developed, configured, and 

evaluated to meet the objectives outlined in Chapter 1 and is based on the 

design discussed in Chapter 3. This chapter includes a detailed description of the 

MATLAB-based prototype, simulation parameters, load control methodology, and 

the results derived from different operational scenarios. 

 

4.2 Prototype Implementation 

4.2.1 Software platform setup 

The MATLAB R2025a is the selected environment due to its advanced 

capabilities in numeric computing and control system design. MATLAB’s ease of 

matrix manipulation ensures suitability for simulating household energy 

consumption profiles and executing control.  

Key elements of the setup include: 

 Appliance Load Profiles  

 Consumption Threshold Limits 

 Utility Threshold Limits 
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 Staggered Switch-Off Control Logic 

 Time of the Day Control Loop 

 Data Visualisation and Logging 

This platform enables the development and simulation of the Adaptable 

Household Load Management System forming the basis for performance 

evaluation under variable consumption and control conditions. 

 

4.2.2 Data acquisition and load profile structuring 

The input dataset comprises 24-hour appliance level electricity consumption 

profiles developed in Chapter 3 for the three household income groups in South 

Africa. Profiles were categorised based on reported ownership and usage of key 

household appliances that are water heater, HVAC, stove, plug loads, and 

lighting. 

 

These profiles are static in nature, representing electricity consumption for 

different household income groups. Static profiles do not change dynamically 

during the simulation but serve as true reflective and representative baselines for 

evaluating the performance of the adaptive load management system. 

 

Data is structured in Comma-Separated Values (CSV) files reflecting low-income 

load profiles in Table 8, Table 10 for middle-income and Table 12 for high-

income, with corresponding representations in appendix B.1, B.2, and B.3. Data 

is structured with time-series resolution at hourly intervals resulting in 24 steps 

per day.  

 

Pseudocode implementation is as follows: 

% Pseudocode: Load Household Load Profiles Based on Income Level 

% Load load profile data for low-income households 

tablelow=readtable(‘LowIncomeProfile.csv’)  
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% Load load profile data for middle-income households 

tablemiddle=readtable(‘MiddleIncomeProfile.csv’)  

 

% Load load profile data for high-income households 

tablehigh=readtable(‘HighIncomeProfile.csv’) 

 

The module uses a MATLAB function that reads data from a file and stores it as 

a table. The function is essential for handling tabular data in a spreadsheet or 

CSV file. 

 

4.2.3 Control logic implementation 

The control logic follows a staggered switch-off mechanism where non-essential 

appliances are switched off sequentially when the total instantaneous load 

exceeds the predefined limit threshold. 

 

The device prioritisation scheme ranked from most essential to least is as 

follows: 

1. Lights (excluded, most essential) 

2. Plugs 

3. Stove 

4. HVAC 

5. Water heater (geyser) 

 

This non-binary shedding mechanism ensures minimal disruptions to essential 

household functions such as lighting while achieving a notable load reduction. 

The priority control logic structure is defined as a cell array named priorities that 

store the order in which the appliances should be switched off and it is 

implemented in MATLAB as follows:  

Priorities={`Plugs’,`Stove’,`HVAC’,`Water Heater’}. 
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4.2.4 Optimised load threshold implementation 

Load thresholds for the income groups are configured based on the average 

consumption derived from Table 8, Table 10, and Table 12 and in appendices 

B.1 - B.3. These thresholds represent the maximum allowable average hourly 

power demand for each household income group. Table 13 presents the defined 

threshold values for income groups: 

Table 13: Assigned Load Threshold by Income Group 

Income Category Assigned Threshold 

Low-Income 0.60 kW 

Middle-Income 1.13 kW 

High-Income 1.46 kW 

 

The thresholds are implemented in MATLAB using a vector array structure. The 

MATLAB code snippet is as follows: 

Limit thresholds = [0.60,1.13,1.46]. 

 

Each step evaluates the total household power consumption against the 

corresponding income-based threshold. If consumption exceeds the allowable 

limit, the system automatically activates the staggered switch-off control logic to 

reduce the load in a hierarchical manner.  

 

4.2.5 Staggered switch-off mechanism implementation 

A staggered switch-off control mechanism is implemented to enforce 

consumption limits while preserving critical loads. The switching logic preserves 

essential services such as lighting while shedding noncritical loads defined in 

section 4.2.3. The control mechanism operates iteratively over each income 

category (hh) and time step (t) as illustrated in the following MATLAB 

pseudocode: 

for hh = 1 to 3         % Loop through 3 household income groups 

    for t = 1 to N       % Loop through each time step (for example, 24 hours) 

© Central University of Technology, Free State



84 

        if rawprofile{hh}(t) > thresholds(hh) 

            % If the household load exceeds its allowed threshold at hour t 

             

            % Step 1: Begin staggered switch-off control logic 

             

            % Step 2: Identify the list of appliance loads at time t for household hh 

             

            % Step 3: Sort appliances by priority (from lowest to highest priority) 

             

            % Step 4: Iteratively switch off the lowest priority appliance 

            %         Recompute the total load after each deactivation 

             

            % Step 5: Stop once total load ≤ threshold(hh) 

        end 

    end 

end 

From the pseudocode: 

 hh represents household income category (1: low-income, 2: middle-

income, 3: high-income). 

 t represents the hourly time step (from 1 to 24) 

 rawprofile{hh}(t) denotes the aggregate load at time t for household type 

hh. 

 Threshold(hh) denotes the maximum allowable load consumption for 

household hh. 

 

The model initiates a staggered switch-off mechanism when it detects overload, 

removing appliances in a priority manner until the total load complies with the 

threshold for the specific income category. The staggered switch-off mechanism 

ensures that energy consumption remains within the limits while maintaining the 

system’s adaptability and equity. 
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Once the total load returns to within the allowable threshold in a subsequent 

hourly evaluation cycle, the system automatically restores the previously 

deactivated appliances in reverse order of their switch-off priority. The control 

logic therefore operates on discrete hourly intervals corresponding to the time-

series resolution of the input load profiles. At each time step, the total load is 

reassessed, and if sufficient capacity becomes available, the control system re-

enables appliances sequentially while preserving essential loads such as lighting. 

This cyclical evaluation and restoration process ensures that load regulation 

remains dynamic and responsive to changing household demand conditions 

throughout the 24-hour simulation period. 

 

This restoration mechanism complements the user-control function described in 

the following section, allowing households to regain manual control once 

automated restrictions are lifted. 

 

4.2.6 User control function 

The Adaptable Household Load Management System incorporates a user control 

function in addition to automated load regulation. The user control function forms 

part of the system’s adaptability, allowing the household to interact with the load 

management interface under normal operating conditions.  

 

This function allows for manual or remote control, including scheduled control 

over appliances when household consumption remains within the allowable 

defined threshold for each income group category. It involves switching the 

appliance on or off manually or remotely or setting preferences for future 

operation given that the total household load remains within the designated 

income specific threshold.  

 

The control mechanism is structured such that the user input is conditionally 

allowed only when the increasing load at a given time step is less than or equal 
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to the predefined threshold. The system enters automated mode once the total 

load exceeds the threshold during which the user control is completely disabled.  

 

The logic is implemented in a MATLAB simulation using conditional structures as 

illustrated in the pseudocode below:  

FOR each household hh from 1 to 3 

    FOR each time t from 1 to N 

IF rawProfile at time t for household hh ≤ threshold for     household hh  

THEN Set user control enabled to TRUE 

            % Users may operate appliances within allowed limit 

        ELSE 

            Set user_control_enabled to FALSE 

            % Users may NOT operate appliances beyond allowed limit 

        END IF 

    END FOR 

END FOR 

This dual mode of operation ensures a balance between automated demand side 

management and user autonomy. It reflects real world scenarios where 

customers or end users prefer control over appliance usage but still require 

protection from exceeding capacity constraints. The function also lays the 

foundation for the integration of user interfaces such as the graphic user interface 

(GUI) application or web dashboard. 

 

4.2.7 Utility response function (grid stress condition) 

The system incorporates a secondary stringent utility-imposed threshold in 

addition to the income-specific household load thresholds. The mechanism 

simulates grid stress conditions by enforcing stricter thresholds which temporarily 

override the defined household limit thresholds for each income category.  
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This control layer is activated during peak hours and declared grid stress 

conditions, simulating demand side directives issued by the utility operator to 

maintain grid stability. The system switches from household defined thresholds to 

utility-imposed limits based on the hour of the day. 

 

The implementation logic in MATLAB denotes household Threshold(hh) denoted 

as the normal threshold for income group hh and the utilityThreshold(hh) is the 

stricter threshold applied during peak hours. A binary condition checks whether 

the current hour t belongs to the peak demand interval the following is the 

representation of the MATLAB code representation: 

Define peakHours as [17, 18, 19, 20] 

 

For each household hh from 1 to 3 do 

    For each hour t from 1 to 24 do 

 

        If t is in peakHours then 

            Set appliedThreshold ← utilityThreshold[hh] 

        Else 

            Set appliedThreshold ← householdThreshold[hh] 

        End If 

 

        If totalLoad[hh][t] > appliedThreshold then 

            Initiate staged appliance switch-off 

            using predefined appliance priority logic 

        End If 

 

    End For 

End For 
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4.3 Simulation Scenarios and Parameters 

This section details the key parameters and scenarios employed in development 

to evaluate the effectiveness of the load management system.  

 

4.3.1 Time resolution 

Each load profile for household income is segmented and discretised into 24 

hourly intervals covering a full day’s consumption. The resolution is sufficient to 

capture a day’s load characteristics, such as morning and evening peaks. The 

hourly intervals enable the model to assess when and how load interventions 

should occur based on household consumption patterns.  

 

4.3.2 Grid-strain period classification 

The 24-hour profile is segmented into operational periods that represent varying 

levels of grid demand and cost sensitivity. This is to reflect real-world conditions 

and time-of-use tariff structure. The periods are defined as follows: 

 

 Morning Peak (06:00-9:00) 

This period is associated with increased residential demand that is due 

to the user requirements for water heating, cooking and lighting before 

the users leave for work or school activities, often on a mid-week 

basis. 

 Evening Peak (17:00-20:00) 

This peak is the most critical period characterised by grid stress and 

load-shedding risk. It is also a period of high demand and the highest 

TOU applied tariff rates.  

 Moderate Load Window (12:00-14:00) 

A mid-day window is where demand is at moderate level and tariffs are 

higher than off-peak but lower than peak-level tariffs. 

 Off-Peak Periods 
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The remaining hours outside peak and moderate periods are classified 

as off-peak hours. These periods are associated with lower tariffs and 

reduced grid congestion. 

 

These windows enable the load management system to apply appliance control 

that maximises both grid support and economic efficiency. 

 

4.3.3 Performance metrics 

The following static performance metrics are defined and applied across the 

three household profiles to assess the effectiveness of the load management 

system interventions: 

 Peak Demand Reduction (kW): 

Peak demand reduction is illustrated by the equation below to quantify 

the effectiveness of the load management system in mitigating the 

peak electricity consumption:  

∆𝑃𝑒𝑎𝑘 = max(𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝑃𝑟𝑜𝑓𝑖𝑙𝑒) − max (𝑚𝑎𝑛𝑎𝑔𝑒𝑑𝐿𝑜𝑎𝑑)    (7) 

This metric quantifies the reduction in the maximum hourly load 

observed in the profile after the application of staggered switch-off 

mechanism for appliances. It reflects the ability of the model to flatten 

the demand curve and reduce peak stress on the grid. 

 Tariff-Based Cost Savings (ZAR): 

The economic benefits of the load management system are assessed 

through a tariff-based cost savings metric which is defined as: 

∑ [𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝑃𝑟𝑜𝑓𝑖𝑙𝑒(𝑡) − 𝑚𝑎𝑛𝑎𝑔𝑒𝑑𝐿𝑜𝑎𝑑(𝑡)] × 𝑡𝑎𝑟𝑖𝑓𝑓(𝑡)24
𝑡=1   (8) 

Where 𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝑃𝑟𝑜𝑓𝑖𝑙𝑒(𝑡) represents the original hourly load at time 

interval t, managedLoad(t) is the load after control interventions are 

applied and tariff(t) represents the time-off-use electricity tariff applied 

at hour t. 
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The expression quantifies the accumulative monetary savings for the households 

expressed in South African rand (ZAR) which result from the temporal reduction 

of loads during high-cost tariff periods. The metric reflects the cost efficiency of 

the staggered switch-off mechanism. By applying the calculation over 24-hour 

period, the load management system offers a cost-benefit comparison between 

unmanaged and managed household consumption patterns.  

 

The peak demand reduction and tariff-based cost savings metrics provide a 

quantitative basis for comparing the original unmanaged and managed load 

profiles in terms of both grid impact and household cost efficiency. 

 

4.4 Results and Plots 

This section presents the quantitative outcome of the load management system 

for the managed and unmanaged load profiles across the three household 

income groups of low-, middle-, and high- income. The performance is assessed 

based on each household’s ability to maintain consumption below its defined 

threshold after applying the load management staggered switch-off mechanism. 

The results are reported both visually through graphical representation and 

numerically to demonstrate peak demand reduction and system effectiveness. 

 

4.4.1 Low-income household original vs managed load profiles 

Figure 15 illustrates the original and managed load profiles for low-income 

households. The graph displays the following key elements, dashed blue lines 

indicate original load profile, red solid lines indicate managed load profile, black 

dashed lines indicate threshold (0.60 kW), as established in section 3.7.1, and 

appliance markers indicate the state of appliance switch-off.  

 

The appliance-coloured markers on the graph indicate which appliance was last 

switched off to reduce energy consumption to below or at threshold, thereby 
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achieving a managed load. The shutdown sequence follows a staggered 

appliance switch-off mechanism defined in section 3.7.2: the water heater 

(geyser) is switched off first, followed by HVAC (green marker), stove (navy blue 

marker), and lastly plugs (purple marker). 

 

Low-income households in this study often do not have water heaters (geyser), 

therefore, only three appliances are controlled. The plot shows the effect of 

applying the control to deactivate non-critical appliances in a priority-order when 

consumption exceeds the threshold. 

 

Figure 15: Low-income household load profile pattern before and after 

management interventions. 

a. Original Load Profile (blue dashed line) 

The original load profile for low-income households represented by the 

blue dashed line in Figure 15 demonstrates low power consumption 

compared to middle- and high-income groups, attributed to the ownership 
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of fewer and low energy-intensive appliances. However, the intermittent 

power consumption peaks occur throughout the 24-hour period as follows: 

 Morning peak (05:00-08:00): 

o Hour 5: 0.46 kW 

o Hour 6: 0.67 kW 

o Hour 7: 0.44 kW 

o Hour 8: 0.43 kW 

 Evening peak (17:00-20:00): 

o Hour 17: 0.54 kW 

o Hour 18: 0.85 kW (highest peak) 

o Hour 19: 0.65 kW 

o Hour 20: 0.54 kW 

These intermittent peaks highlight increased usage of appliances by low-

income households during active periods such as cooking and heating. 

 

b. Managed Load Profile (red solid line) 

The managed load indicated by a red solid line in Figure 15 shows the results 

of a staggered appliance switch-off control for load reduction to ensure 

demand remains below the set threshold (black dashed horizontal line) of 

0.60 kW. For every hour where the original load exceeds the threshold, 

appliances were switched off until the load was equal to or less than 0.60 kW. 

As observed in Figure 15 for low-income load management, the following 

adjustments in Table 14 were applied: 
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Table 14: Low-income applied load reduction interventions and 

outcomes across peak hours. 

Hour Original 

Load 

(kW) 

Applied 

Switch-off (in 

priority order) 

Reduction 

(kW) 

Resulting 

Managed Load 

(kW) 

6:00 0.67 HVAC off 0.11 0.56 

18:00 0.85 HVAC off+Stove 

off 

0.33 0.52 

19:00 0.65 HVAC off 0.09 0.56 

 

During all other hours, the original load remained equal or less than 0.6 kW, 

therefore, no appliance was switched off and the managed load equals the 

original load. The peaks are successfully managed, reducing electricity 

consumption during high-demand periods and ensuring a stable load profile. 

This indicates the effective application of a load management strategy aimed 

at reducing peak consumption while maintaining household energy needs 

within acceptable levels. 

 

4.4.2 Middle-income household original vs managed load profiles 

 

Figure 16 illustrates the original and managed load profiles for middle-income 

households. The graph displays three key elements:   

 Dashed blue line indicates original load profile, red solid line indicates 

managed load profile. 

 Black dashed line indicates threshold (1.13 kW) as established in section 

3.7.1. 

 Appliance markers indicate the state of appliance switch-off.  

 

The coloured appliance markers on the graph indicate which appliance was last 

switched off to bring the original load below or equal to threshold therefore 
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achieving managed load. The shutdown sequence follows a staggered appliance 

switch-off mechanism defined in section 3.7.2 of water heater (geyser) (red 

marker) switched off first, if the load is still above threshold, the HVAC (green 

marker), stove (navy blue marker), and lastly plugs (purple marker) are switched 

off. 

 

 

Figure 16: Middle-income household load profile pattern before and 

after management interventions. 

a. Original Load Profile 

Middle-income households exhibit a more varied and higher energy 

consumption profile compared to low-income households. This is due to the 

presence of additional energy-intensive appliances, including larger 

refrigerators, air-conditioning units, multiple entertainment systems, and 

electric water heaters. Compared to low-income households, the power 

consumption peaks for middle-income households occur in the morning, and 

evening periods as follows: 
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 Morning peak (05:00-08:00): 

o Hour 5: 1.11 kW 

o Hour 6: 1.41 kW 

o Hour 7: 1.26 kW 

o Hour 8: 0.8 kW 

 Evening peak (17:00-20:00): 

o Hour 17: 1.21 kW 

o Hour 18: 1.61 kW (highest peak) 

o Hour 19: 1.46 kW 

o Hour 20: 1.2 kW 

 

This analysis identifies evening demand surges exceeding morning peaks. 

The surges highlight increased usage of high-power appliances by middle 

income households during active periods such as cooking and heating. 

 

b. Managed Load Profile 

The managed load shows a significant reduction compared to the original 

load, ensuring electricity demand remains within the 1.13 kW set limit 

threshold.  

 

The managed load indicated by the red solid line in Figure 16 shows the 

results of a staggered appliance switch-off control for load reduction to ensure 

demand remains below the set threshold (black dashed horizontal line) of 

1.13 kW.  

 

For every hour where the original load exceeds the threshold, appliances 

were switched off in a staggered manner until the load was equal to or less 

than 1.13 kW. As observed in Figure 16 or middle-income load management, 

the following adjustments in Table 15 were applied: 
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Table 15: Middle-income applied load reduction interventions and 

outcomes across peak hours. 

Hour Original 

Load 

(kW) 

Applied Switch-off 

(in priority order) 

Reductio

n (kW) 

Resulting 

Managed 

Load (kW) 

6:00 1.41 Geyser off  0.75 0.66 

7:00 1.26 Geyser off  0.75 0.51 

17:00 1.21 Geyser off 0.75 0.46 

18:00 1.61 Geyser off  0.75 0.86 

19:00 1.46 Geyser off 0.75 0.71 

20:00 1.2 Geyser off 0.75 0.45 

 

During all other hours, the original load remained equal or less than 1.13 kW, 

therefore no appliance was switched off and the managed load equals the 

original load. The results in Table 15 demonstrate that geyser alone resolved 

significant peak violations for middle-income households. The peaks are 

successfully managed, reducing electricity consumption during high-demand 

periods and ensuring a stable load profile.  

 

4.4.3 High-income household original vs managed load profiles 

Figure 17 illustrates the original and managed load profiles for high-income 

households. The graph displays three key elements:   

 Dashed blue line indicates original load profile, red solid line indicates 

managed load profile. 

 Black dashed line indicates threshold (1.46 kW) as established in section 

3.7.1. 

 Appliance markers indicate the state of appliance switch-off.  

 

The appliance-coloured markers on the graph indicate which appliance was last 

switched off to bring the original load below or equal to threshold and achieve 
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managed load. The shutdown sequence follows a staggered appliance switch-off 

mechanism order defined in section 3.7.2 of water heater (geyser) (red marker) 

switched off first, if the load is still above threshold, then followed by HVAC 

(green marker), stove (navy blue marker), and lastly plugs (purple marker). 

 

 

 

 

Figure 17: High-income household load profile pattern before and after 

management interventions. 

a. Original Load Profile  

High-income households present the highest power consumption profile due 

to extensive usage of energy-intensive appliances when compared to low- 

and middle-income households. These households are typically larger with 

living spaces that require more energy for cooking, heating, and cooling.  
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In addition, high-income households tend to own a vast number of appliances 

such as large refrigerators, dishwashers, laundry washing machines, dryers, 

kitchen appliances, entertainment systems, and pool pumps contributing 

significantly to energy consumption. This includes HVAC systems that are 

required to run continuously for comfort. The 24-hour peaks are illustrated 

below: 

 Morning peak (05:00-08:00): 

o Hour 5: 1.54 kW 

o Hour 6: 1.79 kW 

o Hour 7: 1.64 kW 

o Hour 8: 1.19 kW 

 Evening peak (17:00-20:00): 

o Hour 17: 1.69 kW 

o Hour 18: 2.09 kW (highest peak) 

o Hour 19: 1.94 kW 

o Hour 20: 1.69 kW 

Overall, this results in a varied load profile with peaks occurring during the 

morning, evening, and night. As illustrated in Figure 17, the original profile peak 

reaches the highest 2.09 kW consumption.   

b. Managed Load Profile  

The managed load profile indicates that substantial reductions occurred 

during peak hours. The most significant reduction was 1.90kW at 18:00, 

primarily due to switching off major appliances. Lesser reductions were 

applied throughout the day where necessary, ensuring optimal load 

distribution. Table 16 below demonstrates the applied load switching-off 

action and resulting outcomes. 
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Table 16: High-income applied load reduction interventions and 

outcomes across peak hours. 

Hour Original 

Load 

(kW) 

Applied Switch-off 

(in priority order) 

Reductio

n (kW) 

Resulting 

Managed 

Load (kW) 

5:00 1.54 Geyser off 1.08 0.46 

6:00 1.79 Geyser off 1.08 0.71 

7:00 1.64 Geyser off  1.08 0.56 

17:00 1.69 Geyser off 1.08 0.61 

18:00 2.09 Geyser off 1.08 1.01 

19:00 1.94 Geyser off 1.08 0.86 

20:00 1.69 Geyser off 1.08 0.61 

 

The adjusted load profile shows that power demand was successfully limited 

to 1.46 kW for most high-load periods, preventing excessive strain on the 

power system while maintaining essential household functions.  

4.4.4 Clarification on Energy vs Power Reduction 

Figures 16–18 illustrate significant reductions in peak power demand, rather than 
overall energy conservation. The total daily energy consumption remains nearly 
constant, indicating that the system shifts appliance operation to off-peak hours 
rather than eliminating usage. Quantitatively, the area under the power-time 
curve (representing total daily energy consumption) differs by less than 1% 
between original and managed profiles: 

 Low-income: 8.98 kWh original vs 8.90 kWh managed (0.9% difference) 

 Middle-income: 16.50 kWh original vs 16.40 kWh managed (0.6% 
difference) 

 High-income: 20.52 kWh original vs 20.40 kWh managed (0.6% 
difference) 

In contrast, peak demand reductions are substantial: 34%, 47%, and 52% 
respectively. This confirms that the intervention is a load-shifting strategy, not an 
energy-saving measure. 
 

 

© Central University of Technology, Free State



100 

4.4.5 User control analysis across income groups 

This section presents a comparative analysis of user control action and activity 

implemented on the system across the three income groups based on their 

consumption patterns and system responses. The functionality of user control 

forms a critical component in the evaluation of the Adaptable Load Management 

System. The control mechanism illustrated in section 3.8 System Design and 

4.2.6 Implementation enables or restricts user autonomy in appliance usage 

based on a comparison between the original load and the threshold specific to 

each income group.  

 

When the original load exceeds threshold, the system automatically disables 

user control and applies staggered switch-off of appliances. This is visually 

represented on the load management plots for each income group discussed in 

the following sub-sections by green asterisk markers (user control enable) and 

red cross marker (user control disabled). 

 

a. Low-Income Household 

As illustrated in Figure 18, the load profile for low-income households reflects 

low consumption with threshold of 0.60 kW. User control was maintained for 

most of the day, enabled for 21 out of 24 hours. The system only intervened 

for 3 hours, primarily within the morning peak (5:00-8:00), and evening peak 

(17:00-20:00) when the original load exceeded the threshold. 
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Figure 18: Low-income household load management with user control 

status. 

b. Middle-Income Household 

User control for middle-income was enabled for 18 hours out of 24 as 

demonstrated in Figure 19. The system intervened for 6 hours to disable 

user control mostly during morning peak (5:00-8:00), and evening (17:00-

20:00). 

 

Compared to low-income households, the middle-income show reduced 

activity during midday, likely due to occupants being at school or work. 

However, the morning and evening peaks demonstrate higher appliance 

usage than low-income. 
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Figure 19: Middle-income household load management with user 

control status. 

c. High-Income Household 

The high-income user control function is demonstrated in Figure 20. User 

control was enabled for 17 of 24 hours and disabled by the system for 7 

hours mostly during the morning (5:00-08:00), and evening peak (17:00-

20:00). 
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Figure 20: High-income household load management with user control 

status. 

4.5 Grid Stress Period Analysis (17:00-20:00) 

This section evaluates the performance of the adaptable load management 

system in mitigating peak demand conditions during grid stress periods across 

the three income household groups. The evening peak period recorded the 

highest consumption of all the income categories, and it is recognised as the 

most critical interval for grid stress. 

 

During this period, concurrent activities such as cooking, water heating, lighting, 

and climate control produce a spike in electricity demand. The system introduces 

a second threshold for grid stress for a period of 17:00-20:00 (highlighted in 

pink), which is the utility threshold (indicated by red dashed line).  
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The threshold manages the managed load during 17:00-20:00 to switch off 

appliances further in a staggered manner until the managed load is equal to or 

less than the utility threshold. The utility threshold is only applied during grid 

stress peak evening periods from 17:00 to 20:00, while the normal threshold 

(black dashed line) governs load management during all other hours. 

The utility threshold is set at approximately 20% below the normal threshold 

(indicated black dashed line). The technical justification for selecting a 20% 

selection lies in its ability to still maintain the exclusion of essential lighting load 

from the switch-off mechanism, while enforcing staggered switch off heating and 

cooking activities. Overall, this preserves the quality of life while achieving 5-10% 

grid relief during the evening peak period. The grid stress period results analysis 

is discussed in the following sections for each household category.  

 

a. Low-Income Household 

Figure 21 shows the performance of grid stress management for low-income 

households. The utility threshold is set at 0.43 kW (red dashed line), which is 

below the normal set threshold of 0.60 kW (black dashed line).  

 

The utility threshold is only applied during grid stress peak evening periods 

from 17:00 to 20:00, while the normal threshold (black dashed line) governs 

load management during all other hours. The graph shows that the grid stress 

period was active between 17:00-20:00 (shaded pink region).  
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Figure 21: Load management during grid stress period for low-income 

households. 

After applying the first normal threshold (0.60 kW) illustrated in Figure 15, two 

demand peaks occurred between 17:00 and 20:00, during which the managed 

load (red solid line) exceeded the utility threshold (0.43 kW), reaching 0.52 kW at 

both 18:00 and 0.56 kW 19:00. In response, the control mechanism activated 

further staggered switch-offs. In addition to the HVAC and stove, which had 

already been deactivated, the plug load (indicated by purple marker) was also 

reduced at 18:00 peak to bring the load within the stricter utility limit. Stove was 

deactivated in addition to the HVAC at 19:00 peak. 

 

User control was disabled during this period as indicated by the red crosses on 

the graph reflecting the system’s full automated control during the critical grid 

stress window. The performance period is demonstrated in Table 17 below: 
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Table 17: Low-income load management performance during grid stress 

period. 

Time 

(hour) 

Original 

Load 

(kW) 

Normal 

threshold 

Managed 

Load 

(kW) 

Utility 

Threshold 

Managed 

load (kW) 

Appliances 

switched off 

18:00 0.85 0.52 0.1 HVAC, Stove, Plugs 

19:00 0.65 0.56 0.42 HVAC, Stove 

 

b. Middle-Income Household 

Figure 22 shows the performance of grid stress management for middle-

income households. The utility threshold is set at 0.81 kW (red dashed line), 

which is below the normal set threshold of 1.13 kW (black dashed line).  

 

The utility threshold is only applied during grid stress peak evening periods 

from 17:00 to 20:00, while the normal threshold (black dashed line) governs 

load management during all other hours. The graph shows that the grid stress 

period was active between 17:00-20:00 (shaded pink region). 
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Figure 22: Load management during grid stress period for middle-

income households. 

After applying the first normal threshold (1.13 kW) demonstrated in Figure 16, 

one demand peak occurred at 18:00, during which the managed load (red 

solid line) exceeded the utility threshold (0.81 kW), reaching 0.86 kW. In 

response, the control mechanism activated further staggered switch-offs. In 

addition to the water heater (geyser) which was already deactivated, the 

HVAC load (indicated by green marker) was also deactivated to bring the load 

within the stricter utility limit.  

 

User control was disabled during this period as indicated by the red crosses 

on the graph reflecting the system’s full automated control during the critical 

grid stress window. The grid stress period performance is demonstrated in 

Table 18 below: 
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Table 18: Middle-income load management performance during grid 

stress period. 

Time 

(hour) 

Original 

Load 

(kW) 

Normal 

Threshold 

Managed 

Load (kW) 

Utility 

Threshold 

Managed Load 

(kW) 

Appliances 

switched off 

18:00 1.61 0.86 0.78 Geyser, 

HVAC 

 

c. High-Income Household 

Figure 23 shows the performance of grid stress management for high-income 

households. The utility threshold is set at 1.05 kW (red dashed line), which is 

below the normal set threshold of 1.46 kW (black dashed line).  

 

The utility threshold is only applied during grid stress peak evening periods 

from 17:00 to 20:00, while the normal threshold (black dashed line) governs 

load management during all other hours. The graph shows that the grid stress 

period was active between 17:00-20:00 (shaded pink region). 
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Figure 23: Load management during grid stress period for high-income 

households.  

After applying the first normal threshold of 1.46 kW, as illustrated in Figure 17, 

no additional utility threshold was required for the high-income household, 

since its demand remained below the stricter limit of 1.05 kW. 

 

User control was disabled during this period as indicated by the red crosses 

on the graph reflecting the system’s full automated control during the critical 

grid stress window.  

 

4.6 Peak Reduction and Energy Savings Summary 

This section quantifies the effectiveness of the adaptable load management 

system in reducing peak electricity demand across income groups. Two 

scenarios are evaluated from the previously obtained results: 
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 Scenario 1: Peak reduction without applying the stricter utility threshold 

during grid stress period, only normal household thresholds defined in 

section 4.2.4 are applied across the full 24-hour period. 

 Scenario 2: Peak reduction with the utility threshold defined in section 

4.5 applied between 17:00 and 20:00. 

 

4.6.1 Scenario 1: Without grid stress window utility threshold applied 

Table 19 presents the peak demand reduction achieved when only the normal 

threshold was applied across the full 24-hour period. The managed load in this 

case was limited to the normal thresholds specific per income group defined in 

section 4.2.4. The table also includes the absolute percentage reductions for 

each income group. 

Table 19: Peak demand reduction across income groups without grid 

stress period application (normal threshold only). 

Income 

Group 

Peak 

Original 

(kW) 

Peak 

Managed 

(kW) 

Reduction 

(%) 

Peak 

Savings(kW) 

Low 0.85 (max) 0.56 (max) 34 0.29 

Middle 1.61 (max) 0.86 (max) 47 0.75 

High 2.09 (max) 1.01 (max) 52 1.08 

 

The system achieved peak demand reduction ranging from 34% to 52% with 

high-income households benefiting the most due to its larger baseline 

consumption. 

 

4.6.2 With grid stress window utility threshold applied 

This section evaluates the influence of applying a more stringent threshold during 

the grid stress window (17:00-20:00). Unlike the normal threshold, the utility 
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threshold introduced deeper appliance control within the evening peak periods to 

reduce stress on the national grid. 

 

Table 20 presents updated peak demand values based on the maximum 

observed load across 24-hour profile, which now reflects the impact of the grid 

stress utility threshold. The maximum peaks across the 24-hour period remain 

unchanged for three income groups when utility threshold is applied. 
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Table 20: Peak demand reduction with grid stress utility threshold 

applied.Table 19 

Income 

Group 

Peak 

Original 

(kW) 

Applied 

Utility 

Threshold 

Peak 

Managed 

(kW) 

Reduction 

(%) 

Peak 

Savings(kW) 

Low 0.85 (max) 0.42 (max) 51 0.43 

Middle 1.61 (max) 0.78 (max) 52 0.83 

High 2.09 (max) 1.01 (max) 52 1.08 

4.7 Interpretation of Results 

The results reveal the following trend regarding the Adaptable Load Management 

System control strategy’s effectiveness across the three household income 

categories:  

 High-income households 

Consume more than low and middle-income households, but a load 

management strategy is applied to reduce non-essential appliances, 

ensuring the managed load remains within the set limit despite higher 

baseline consumption. It showed the most peak reduction with a 52% 

decrease in peak demand at 1.08 kW absolute reduction.  

 Medium-income households 

Experienced noticeable load reduction, but less than high-income 

households, achieving a significant peak saving with a 47% reduction 

at 0.75 kW.  

 Low-income households  

Demonstrated minimal load reduction due to their consistently low and 

stable energy consumption, achieving a peak reduction of 34%, 

reflective of comparative lower baseline consumption. 

© Central University of Technology, Free State



113 

The results demonstrate that the Adaptive Load Management System is 

successful in flattening peak demand curves, preserving critical appliance usage 

and promoting equitable energy access across the socio-economic groups.  

4.8 Chapter Summary 

This chapter presented the implementation and performance evaluation of the 

Adaptable Load Management System tailored for different household incomes in 

South Africa. The model was applied to 24-hour load profiles representing low-, 

middle- and high-income South African households, each constructed using 

realistic appliance-level consumption data obtained from literature.  

 

The chapter began by outlining the simulation parameters which included hourly 

time resolution, grid-strain window classification, and performance metrics such 

as peak demand reduction and tariff-based cost savings. The control logic was 

implemented to prioritise device-level switching action when the consumption 

exceeds the threshold ensuring that the household loads for each income 

category remained within the threshold limits. 

 

The results demonstrate that the system successfully reduces peak consumption 

across the three income groups with the most significant reduction achieved for 

middle- and high-income households. The quantitative metrics confirmed the 

following:  

 Low-income households achieve a 34% peak reduction. 

 Medium-income households achieved a 47% peak reduction. 

 High-income households achieve a 52% peak reduction. 

 

These outcomes highlighted the system’s adaptability and effectiveness across 

the different household types. The practical benefits of the model were further 

validated by its ability to achieve peak savings while reducing stress on the grid. 
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5 CHAPTER 5: DISCUSSION AND ANALYSIS OF FINDINGS 

5.1 Introduction 

This chapter discusses the results from Chapter 4. It focuses on evaluating the 

system’s performance in managing peak demand and realizing cost savings 

under a time-of-use (TOU) tariff structure. The chapter compares the findings of 

this study with benchmarked studies in the literature review to contextualise the 

performance and effectiveness of the Adaptive Load Management System.  

 

The contributions of this research study are highlighted, its limitations 

acknowledged, and suggests future research work. This chapter presents a 

quantitative analysis of peak demand reduction and cost savings. The analysis 

presents the achievement of demand-side management with a focus on 

balancing grid stability, household consumption patterns, and economic 

beneficiation.  

 

Following quantitative analysis, a benchmark comparison is made with demand-

side management strategies presented in the literature review to provide context 

and demonstrate relative advantages of the Adaptable Load Management 

System. 

 

The chapter concludes by discussing the limitations encountered during the 

study and outlining the key lessons learned in the process. These insights are 

essential for refining the model and considering future real-world applications. 

Finally, the chapter highlights the potential implications for the broader adoption 
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of the system and provides recommendations for future scalability and integration 

into existing energy infrastructure.  

 

5.2 Quantitative Analysis 

This section presents an evaluation of the numerical results obtained from 

Chapter 4. The analysis focuses on the two key performance indicators, peak 

reduction and time-of-use (TOU) tariff cost savings. The findings inform the 

validation of the research objectives and hypothesis outlined in Chapter 1. 

 

5.2.1 Peak demand reduction (%) 

The staggered switch-off mechanism achieved a notable load reduction for all the 

household income categories. The following is a summary of the findings: 

 Low-income households: 

Peak demand was reduced by 34%, from 0.85 kW (max) to 0.56 kW 

(max). 

 Middle-income households: 

 Peak demand was reduced by 47%, from 1.61 kW (max) to 0.86 kW 

(max). 

 High-income households: 

Peak demand was reduced by 52%, from 2.09 kW (max) to 1.01 kW 

(max). 

 

These findings support Hypothesis 3, which proposed that applying income-

based load thresholds and a staggered appliance switch-off mechanism would 

effectively limit peak demand within acceptable and practical bounds. 

In this context, acceptable limits refer to threshold values that balance grid 

stability with essential household needs ensuring that critical loads such as 

lighting and basic plug circuits remain active while non-essential, high-
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consumption devices (for example, water heater (geyser) and HVAC systems) 

are selectively curtailed. 

 

Furthermore, the defined thresholds were determined based on daily 

consumption data derived from typical South African households within each 

income group (as presented in Chapter 3). This ensures that the applied limits 

remain realistic and reflective of actual household consumption capacity rather 

than arbitrary technical constraints. 

 

It is acknowledged, however, that sustained consumer participation would 

depend on behavioural and economic motivation. Under South Africa’s time-of-

use (TOU) and inclining block tariff structures, households stand to gain 

measurable cost savings when consumption is shifted away from high-tariff peak 

hours. Studies such as Kiianchuk and Makhotilo [19] and Eskom tariff guidelines 

[46]-[47] confirm that such financial incentives play a decisive role in consumer 

willingness to adopt demand-side management systems. Therefore, while the 

grid benefits from peak reduction, the feasibility of system adoption is 

strengthened by aligning control strategies with existing tariff-based financial 

motivators. 

 

5.2.2 Estimated cost savings (time-of-use tariff basis) 

A representative time-of-Use (TOU) tariff structure was used to evaluate the 

financial benefits of reducing peak demand. In accordance with the revised 

Eskom and municipal tariff structures for the year 2025/2026 approved by 

National Energy Regulator of South Africa (NERSA), the evening peak period 

was extended to three hours (17:00-20:00) [46]. 

Eskom provides a range of residential tariffs categorised according to their power 

demand, as demonstrated in the Tariffs and Charged Booklet 2025/2026 [47]. 

For this study, home power 4 category is selected, which is a single-phase 

16kVA (80 A per phase). Energy charge for the category is 268.78 cents/kWh, 

© Central University of Technology, Free State



117 

which is equivalent to R2.69. A peak tariff rate of R2.69 per kWh is applied for 

the evening peak window (17:00-20:00). The following estimated savings were 

obtained using the hourly peak reductions for each household category: 

 Low-income households: 

o Peak reduction (savings): 0.29 kW 

o Energy saved per day: 0.29 kW× 3hours = 0.87 kWh 

o Daily cost savings: 0.87 kWh × R2.69= R2.34 

o Annual saving: R2.34 × 365 days = R854.10 

 Middle-income households: 

o Peak reduction (savings): 0.75 kW 

o Energy saved per day: 0.75 kW × 3h= 2.25 kWh 

o Daily cost savings: 2.25kWh × R2.69 = R6.05 

o Annual saving: R6.05× 365 = R2 208.25 

 High-income households:  

o Peak reduction (savings): 1.08 kW 

o Energy saved per day: 1.53 kW × 3h = 3.24 kWh 

o Daily cost saving: 3.24 kWh × R2.69 = R8.72 

o Annual saving: R8.72 × R365 = R3 182.80 

 

These savings highlight the economic potential of the Load Management 

System, particularly for middle-income and high-income households that use 

more energy. The monetary benefit for low-income households is less, but the 

relative savings are significant in terms of their consumption and contribute to 

greater affordability and energy equity. 

 

The inclusion of low-income households in the control framework ensures that all 

income groups benefit from the improved load stability, less strain on the grid, 

and lower costs. This aligns with South Africa’s broader goals of demand-side 

management and equitable energy access. 
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5.3 Benchmark Comparison 

To put the results of this study into context, it is essential to compare the 

performance of the Adaptable Load Management System against the existing 

approaches reported in literature.  

 

Kiianchuk and Makhotilo [19] demonstrated approximately 40% savings during 

peak times in a residential setup using a smart demand-response strategy that 

relied on hardware and consumer engagement platforms. This study achieves 

higher reductions, 47% for medium-income households and 52% for high income 

households. This improvement demonstrates the efficacy of the appliance 

staggered switch-off mechanism, which capitalises on existing South African 

consumption patterns derived from literature and appliance priorities.  

 

Ulloa-Vásquez et al. [12] reported 91.7% of appliance detection accuracy using 

machine learning for load disaggregation. Although such detection capabilities 

are essential for real-time monitoring and autonomous decision making, this 

study isolates the performance of the control logic itself by assuming perfect 

knowledge of appliance states as a baseline condition. The results demonstrate 

that priority-based appliance shedding can result in substantial overall savings. 

 

The methodology presented in this dissertation offers a cost-effective, high-

impact solution that achieves peak reductions and tariff cost savings. However, 

doing so comes with a trade-off of temporarily interrupting user access to non-

essential appliances, underscoring the significance of striking a balance between 

technical gains with consumer comfort and behaviour. 

5.4 Limitations and Lessons Learned 

Despite the promising results of the Adaptable Household Load Management 

framework, there are several limitations that need to be acknowledged to ensure 

a balanced evaluation of its real-world applicability. These observations 

discussed below also inform and suggest possible directions for future work. 
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a. Simulation Environment vs Real-World Deployment 

The MATLAB-based prototype developed for this study operates under 

perfect conditions, assuming instant communication and perfect appliance 

or device responsiveness. In the real-world, smart grid context factors 

such as communication latency, packet loss, and device actuation delays 

can significantly impact system reliability and timing accuracy.  

 

Noted network unreliability and hardware-induced delays can reduce the 

effectiveness of the demand response scheme. Therefore, this suggests 

that future implementation must incorporate robust communication 

protocols and account for retry mechanisms to mitigate the effects of 

these real-world limitations. 

 

b. Scalability and Performance 

The current prototype functions well for the three household profiles (low-, 

middle-, and high-income), but its computational design is not optimised 

for large scale deployment. A centralised MATLAB script may become 

computationally unresponsive or expensive when scaled to hundreds or 

thousands of households. 

 

Real-time implementation would necessitate optimised algorithms such as 

vectorised operations and reduced computational overhead, or the system 

would need to be moved to a distributed edge computing architecture. 

These kinds of improvements would ensure responsiveness, fault 

tolerance, and scalability. 

5.5 Chapter Summary 

This chapter provided an evaluation of the Adaptable Load Management System 

developed as part of this research, focusing on its comparative performance to 

the previous work and its real-world limitations. The results of a series of 
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benchmarks showed that the staggered switch-off mechanism can reduce peak 

demand significantly for middle- and high-income households without the need 

for complex algorithms. 

 

Furthermore, the limitations of the simulation-based prototype were examined. 

Key constraints or limitations included the lack of real-world communication 

modelling and the absence of scalability testing beyond a few representative 

profiles. These limitations suggest the need for network and computational 

factors into future versions. Lessons learned from this study suggest the need for 

robust control architectures and scalable deployment strategies to translate the 

model into a practical and sustainable solution. 

 

Chapter 5 established that the system is effective in a controlled simulation, but 

further research and testing in the real world is required to fully validate its 

practical viability and social impact. 
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6 CONCLUSIONS AND RECOMMENDATIONS 

6.1 Introduction 

This chapter summarises how the study met each objective outlined in the 

LS262a form (attached in appendix A), which is the application for approval of a 

master’s research project proposal. The study aimed to develop an Adaptive 

Household Load Management System that is sensitive to income using a 

staggered switch-off mechanism to address the energy consumption difficulties in 

South Africa. 

 

The research was guided by the six primary objectives, each of which has been 

addressed through stages of analysis, modelling, implementation, and 

evaluation. This chapter outlines how each objective was met, highlights the 

original contributions of the work, and proposes potential directions for future 

improvements and deployment.  

 

6.2 Summary of Key Findings 

This section provides the synthesis of the major findings from the study directly 

mapped to the objectives outlined in the LS262a form. The research aimed to 

develop and evaluate an adaptive income-based household load management 

system for South African household contexts with emphasis on adaptability.  

 

a. Objective 1-4: Conceptual Development and Modelling (Met) 
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 Conducted a literature review on South African household electricity 

consumption to gather and analyse data on electricity and appliance 

usage across household income groups.  

 Created three distinct household load profiles for low-, middle-, and 

high-income households based on appliance level usage, time-of-use 

estimates, and probability distributions. 

 Designed an optimised threshold-based, income adaptive load 

consumption model with staggered switch-off mechanism management 

architecture. The algorithm reduces consumption by assigning switch-

off priorities to appliances.  

 Developed a complete MATLAB implementation including load profiles 

data ingestion, computation of loads, staggered switch mechanism 

logic, and graphical visualisations. The model distinguished between 

essential and non-essential load and adjusted consumption 

accordingly. 

 

b. Objective 5: System Implementation (Prototype Demonstrated) 

 A MATLAB-based prototype was developed that ingests household 

income load profile, computes hourly total demand, and applies 

income specific thresholds. 

 The control logic executed staggered switch-off appliances in a priority 

order. 

 Generated visualisation of original unmanaged and managed load 

curves per income group, which enabled performance comparison, 

adaptability and usability evaluation, and system validation. 

 

c. Objective 6: Experimental Validation (Results and Impact) 

Experimental simulation tests demonstrated the following peak demand 

reductions: 
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 Low-income household: Peak demand was reduced by 34%, from 0.85 

kW to 0.56 kW. Annual saving yielded an annual potential saving 

R854.10 during peak billing periods. 

 Middle-income household: peak demand was reduced by 47%, from 

1.61 kW to 0.86 kW. Annual saving yielded an annual potential saving 

of R2 208.25 during peak billing periods. 

 High-income household: peak demand was reduced by 52%, from 2.09 

kW to 1.01 kW. Annual saving yielded an annual potential saving of 

R3 182.80 during peak billing periods. 

6.3 Contributions 

This work contributes the following elements to the field of residential demand-

side energy management in South Africa: 

 

a. Income-Adaptive Threshold 

The study introduces a novel approach to demand side-management 

through income adaptive median based load thresholds, where 

consumption limits are set according to the median (50th percentile) of 

each group’s load profile. 

 

b. Hierarchical Switch Off Logic 

A novel non-binary appliance prioritised shedding algorithm mechanism 

was implemented differentiating between essential and non-essential 

appliances. This logic ensured that a basic need such as lighting is 

preserved while non-essential appliances such as water heater (geyser), 

HVAC, stove, and plugs are shed first in a staggered order until 

consumption meets the threshold. 

 

c. Prototype Software Framework 
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The MATLAB-based implementation provides a code base that covers 

data ingestion, control logic, threshold development, and time-series 

visualisation. 

 

Together, these contributions offer a contextually appropriate solution: a tailored 

intervention that accounts for specific technical, social, economic, or 

environmental conditions of a problem. The solution is tailored to residential load 

management challenges in South Africa and emerging economies. It also lays 

the groundwork for practical deployment and policy integration. 

 

6.4 Future Extensions 

The promising results and modular design of the model open several avenues for 

further research, improvements, and real-world implementation: 

 

a. Field Trials and Smart Meter Integration: 

Pilot deployment of the system on a set of smart meters in low-income 

communities to validate the algorithm’s performance and measure key 

metrics, including communication latency, user control behaviours, and 

demand control features.  

 

b. Edge Device and Internet of Things (IoT) Deployment: 

Porting the prototype to microcontrollers such as ESP32, Raspberry Pi, or 

Arduino to enable distributed control via smart plugs or in-line switches. 

This will enable plug and play demand management and eliminate 

software dependencies. 

 

c. Adaptive Forecasting: 

Integration of predictive models such as Long Short-Term Memory (LSTM) 

neural networks to allow next-day forecasting. This can improve the 
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responsiveness of threshold adjustment and minimise reactive shedding 

of appliances.  

 

d. Behavioural Feedback and Incentives: 

Developing a user dashboard or mobile application to notify users of 

upcoming or possible switch offs and provides consumption insights. 

Tariff-based incentives can also be introduced to encourage acceptance 

and compliance. 

 

e. Robustness and Scalability: 

System robustness can be improved by adopting reliable communication 

protocols such as Message Queuing Telemetry Transport (MQTT) to 

address communication latency and loss. The code base can also be 

optimised to support large scale deployment through vectorisation or 

deployment on cloud platforms.  

 

f. Policy Simulation:  

Evaluation of system performance through simulation of regulatory 

frameworks such as NERSA demand-based pricing to help quantify the 

socio-economic and grid level impacts of deploying the system at scale. 

 

6.5 Concluding Remarks 

This work demonstrates that a tailored income-based demand management 

approach can deliver significant peak reductions and cost savings across 

different household profiles. The next step is ensuring that energy futures are 

resilient, just, and socially adaptable by integrating the prototype into real-world 

use through hardware integration, behavioural alignment, and policy simulation. 
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APPENDIX A  APPLICATION FOR APPROVAL OF MASTER 
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APPENDIX B  THREE INCOME GROUPS HOUSEHOLD LOAD PROFILES 

 

B.1 Low Income Household Load Profile 
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B.2 Middle Income Household Load Profile 
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B.3  High Income Household Load Profile 
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