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ABSTRACT 

A smart grid via demand side management plays a crucial part in decreasing the 

cost of electrical energy. Scheduling of load in smart homes, being a part of demand 

side management, greatly contribute to electricity cost minimization. However, 

electrical energy cost is decreased via scheduling at the cost of increased waiting 

time. This scheduling problem encourages us to decrease the peak-to-average ratio 

(PAR) and electrical energy cost with affordable waiting time slots. In literature, a 

lot of research is conducted on home energy management via load scheduling. 

However, none of the authors catered waiting time, PAR and electricity cost 

parameters simultaneously, neither for single home nor for multiple homes. Thus, in 

contribution 1, an effective home energy management system (HEMS) with 

integrated electric storage scheme is proposed to decrease the PAR and electrical 

energy cost with affordable waiting time slots. The proposed HEMS is based on 

heuristic techniques i.e., genetic algorithm (GA), cuckoo search algorithm (CSA), 

and crow search algorithm. The proposed system is investigated for thirty smart 

homes using critical peak pricing (CPP) schemes and real time pricing (RTP) 

schemes in terms of objectives. Furthermore, feasible regions (cost vs consumption 

and cost vs waiting time) are sketched for single home and multiples to set the upper 

and lower bound of operation.  Simulation results validated that the proposed system 

model outperforms the existing models in term of waiting time, PAR and cost.  

With the emergence of the information and communications technology (ICT), 

most of the society rely on the electricity which increasing the energy demand 

rapidly. In domestic sector more than 80% of electricity is used up due to careless 

behavior of consumers. This creates a challenge for the research community to 

balance the demand with supply. To overcome this challenge, smart grid (SG) 

appeared as a smart way out that enables two-way information exchange between 

utility and consumers. The demand side management (DSM) problem is modeled as 

an optimization problem and can be solved with different metaheuristic techniques 

under flexible pricing schemes. In contribution 2, a novel hybrid algorithm is 

proposed i.e., gray wolf differential evolution (GWDE) algorithm. The purpose of 
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the proposed algorithm is to perform electrical load shifting form high price hours to 

low price hours under the RTP and CPP schemes.  

The simulations are conducted in MATLAB. Simulations results illustrate that 

for RTP pricing scheme the PAR is reduced to 53.02%, 29.02% and 26.55%, for 15 

minutes, 30 minutes, and 60 minutes operational time intervals (OTI), respectively. 

Furthermore, electricity cost is reduced to 12.81%, 12.012% and 12.95%, for 15 

minutes, 30 minutes, and 60 minutes OTI, respectively. On the other hand, electric 

cost and PAR are reduced to 13.04%, 12%, 11.11%   and 47.27%, 22.91%, 22%, 

respectively. 

Microgrid is community based system that interconnects and integrates 

renewable energy sources with smart homes. Microgrid is small generating station 

which close the consumers premises and operates in either of the three modes i.e., 

isolated, islanded, and grid-tied. In contribution 3, an optimization scheme integrated 

with battery bank system is suggested for smart households. The purpose is to 

decrease both PAR and cost, and take full advantage of user comfort. A grid-tied 

microgrid is considered which is a combination of wind turbine and photovoltaic 

panels. The optimization problem is mathematically modeled as multiple knapsack 

(MKP) and is solved with the help of existing (GA, binary particle swarm 

optimization (BPSO), and wind driven optimization (WDO) algorithms) and 

proposed hybrid models i.e., (a) wind driven genetic algorithm (WDGA) a hybrid of 

WDO and GA; (2) wind driven grey wolf optimization (WDGWO) a hybrid of grey 

wolf optimization (GWO) and WDO; and (3) hybrid of BPSO and WDO wind 

binary particle swarm optimization (WBPSO).  Simulations are accompanied to 

validate the proficiency of the recommended model regarding PAR and cost. 

With the advent of SG, together customers and utility companies can get 

advantage from real-time dealings and pricing schemes. In contribution 4, a smart 

electrical energy system common energy source is thought-out. The smart power 

system comprises of several consumers. Each customer is fitted out with energy 

management controller (EMC) and smart meter. The EMC is responsible to provide 

scheduled electricity from utility to household load. The smart meter employs 
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advanced metering infrastructure which is accountable for bi-directional exchange 

of information between consumers and utility. Genetic teaching learning algorithm, 

flower pollination teaching algorithm, flower pollination BAT and flower pollination 

GA are proposed. The purpose is to schedule the household for peak shaving and 

cost minimization with affordable waiting time. The simulation results validate that 

our suggested algorithms abridged the electrical energy cost by 42.411% and PAR 

by 3.5611% without cooperating user comfort. The day-to-day discomfort is decreased 

by 28.18%. 
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CHAPTER 1 

INTRODUCTION 

1.1 PREFACE 

In this chapter, we will discuss the significance of the Smart Grid (SG), the role of SG in 

traditional grid, role of Microgrids (MGs) and other Renewable Energy Sources (RESs), 

optimization techniques and energy consumption after proper scheduling of the appliances in 

the residential sector. The focus of this research is towards the appliances’ scheduling in the 

residential area using heuristics optimization techniques. Later, problem statements and 

research questions regarding existing work are also discussed. 

1.1.1 Why Smart Grid? 

Global warming, world’s growing population, the increase in carbon emissions and 

increasing energy demand make a disturbing situation. This situation is not good for electricity 

generating and distributing houses. Hence, it is necessary for administrations to take any solid 

action against these disturbing situations. To overcome increasing carbon emissions and global 

warming, it is necessary for the utilities to integrate RESs. However, RESs integration is very 

difficult due to high cost (Benzi, Anglani, Bassi, & Frosini, 2011). The current electric grid is 

operating by using fossil fuels and functioning on the centralized methodology; therefore, large 

power generating plants are working at high frequency i.e., 50 Hz or more. Some power stations 

have very high power generating capacity, which are known as high-power plants, functioning 

at very high voltage that is, 400 kV or more. The power generated from big capacity plants is 

consumed by the customers. The high voltage load is supplied to substantial manufacturing 

and low voltage load is supplied to small-scale industries and residential consumers by a 

distribution system consisting of a huge number of supply lines.  

Due to centralized system the power flow is unidirectional in the current power system. 

Electricity users cannot play a key role in the reliability and stability of the electrically powered 

grid, they are considered just as a passive consumers, which can only consume electric power. 

More than 65% of total electric power is misused throughout the distribution, transmission and 

generation of electrical energy according to (Evangelisti, Lettieri, Clift, & Borello, 2015).The 

current power system, which is unidirectional and has no monitoring technologies is the basic 

reason behind electricity power wastage. The newly adopted methodology is dispersed and 

built on two way information exchange. The highly and widely dispersed intelligence for the 

flow of information, power distribution and generation is provided by two-way information 

exchange. To manage their electricity consumption, consumers are provided multiple 
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opportunities by this novel approach. Furthermore, they can easily manage their power 

consumption by reducing electricity bill and can achieve reliable grid operations.  

      With the intention of making a reliable and robust system, smart grid enhancements is 

growing on a daily basis. Due to the too much use of automatic equipment’s the electrical 

energy demand is increasing. Furthermore, the world is now shifting in the direction of 

automation, which is another cause of excessive use of energy. High demand of electricity and 

reduction in fossils fuels lead to a dependence on RES (Mhanna, Chapman, &Verbic, 2016). 

However, the consumers can control the usage of electricity by scheduling and sharing the 

electricity load as well as via coordination of appliances. The power sector is expected to be 

added 38% more in energy consumption by the year 2020, according to the authors in (Energy 

Reports, 2007). Furthermore, a 16% increase in energy consumption is expected for 

commercial and residential sector.  

Recently, a rapid increase in power consumption has been seen throughout the world. 

Recently, carbon emissions is increasing, because most of the energy is generated from fossil 

fuels. Scientists and researchers have discovered the unconventional sources of electrical 

energy generation, i.e., RESs to fulfill the increasing energy demand and reduce carbon 

emissions. Moreover, the integration of RESs causes significant increase in power system 

complexity. However, the present conventional power system susceptibility is increases, if the 

incorporation of RESs is completed on large-scale, as the existing power system is already 

heavily loaded (Guo, Pan, & Fang, 2012). Hence, one of the best way out is the alteration of 

conventional electric grid to smart grid i.e., the merger of cutting-edge Information and 

Communication Technologies (ICTs) with the conventional electric grid (Agnetis, Pascale, 

Detti, &Vicino, 2013). The consistency and constancy of the power system is exploited by these 

technologies. Moreover, the efficient incorporation of RESs and DG is also enabled by these 

technologies.  

1.1.2 SG and it’s Role in Traditional Grid 

      Keeping in view the demand and supply side, the energy generation and consumption 

behavior must be reorganized to meet the growing electrical energy demand of the consumers 

(Logenthiran, Srinivasan, & Shun, 2012). Through the incorporation of the RESs and up-to-

date telecommunication technologies, the main purpose is to substitute the old grid with the 

smart grid. Consumers and utility communicate with each other via Advanced Metering 

Infrastructure (AMI) (Shirazi, & Jadid, 2015). AMI is a metering infrastructure which is 

responsible for bidirectional communication between the consumer’s meter and the utility 

company. This two-way communication take place via ip address. The purpose of AMI is to 
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share real time information of prices at each time slot between the utility company and the 

consumers. This information is useful to make right decisions about the energy utilization in 

peak hours. By following a specific set of rules, the consumer power consumption and demand 

is managed by the utility in a SG, which are called Demand Response (DR) rules (Bradac, 

Kaczmarczyk, & Fiedler, 2014). To efficiently use the electricity resources, the electric utility 

declare multiple incentives for encouraging the consumers as explained in (Teets, 1992). The 

pricing signals widely used are: Inclined Block Rate (IBR), Day-Ahead Pricing (DAP), Flat 

Rate Pricing (FRP), Critical Peak Pricing (CPP), Time of Use (TOU) and Real Time Pricing 

(RTP). The pricing signals received from the utility reaches the smart home via the Energy 

Management Controller (EMC). The EMC generate the schedule using two inputs i.e., load 

demand of the consumer and pricing signal. With these schedules, the appliances are 

synchronized using ZigBee, infrared or Wi-Fi (Mahmood, Javaid, Khan, & Razzaq, 2016).  

Peak formations and consumption cost optimization opportunity is provided by 

bidirectional communication in SG. A lot of research have considered the reduction of cost and 

PAR by the introduction of a smart grid via Demand Side Management (DSM) (Khalid et al., 

2018; Albadi, & El-Saadany, 2008; Avci, Erkoc, Rahmani, & Asfour, 2013; Yang, Zhang, & 

Ma, 2014). However, the storage and generation capability of electricity for future use are not 

considered by any of the mentioned work. By considering various types of electricity users, a 

DSM scheme is proposed by authors in (Ahmad et al., 2017). Maximum user comfort (UC) 

with optimum power consumption is determined using a smart home consisting of dissimilar 

categories of smart appliances in (Aslam et al., 2017). By considering smart buildings 

containing many smart homes with altered energy consumption patterns i.e., electrical load 

demand and power rating, the proposed scheme is investigated. Homebased energy 

management scheme has been suggested, which is very cost efficient and novel in (Sander, 

AlSkaif, & Wilfried, 2018). To minimize carbon emissions and electricity cost the authors has 

integrated RESs in (Sander, AlSkaif, &Wilfried, 2018). To use electricity for future, customers 

are able to stock surplus power in batteries; stored energy is used during high price hours. A 

novel SG based architecture is proposed by authors to minimize power consumption for 

electricity consumers in (Liu, & Hsu, 2018). Furthermore, for electricity generation, the RESs 

is integrated with the grid. The customers are able to store, consume, produce and trade surplus 

electrical energy. For profit earning, the additional energy is vended back to the electric grid. 

Proposed schemes recently developed by most of the authors, discussed the problem from 

energy consumers or electric grid perspective’s.  

Intelligent, smart and new technologies is incorporated by SG, to build an automated and 

advance energy management and distribution system. For the management of data software 

https://www.sciencedirect.com/science/article/pii/S0306261917315337#!
https://www.sciencedirect.com/science/article/pii/S0306261917315337#!
https://www.mendeley.com/profiles/wilfried-van-sark/
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tools which are intelligent along with relays and smart controllers are used. The two-way 

information exchange between the utilities and customers is the best feature of the SG. 

Electrical energy bill, Peak-to-Average Ratio (PAR) reduction and control of the electrical load 

are done by the utility companies and customers due to this exchange of information from both 

sides. Another important advantage is the Renewable Energy (RE) incorporation, customers 

preferences implementation and UC gain. In the subsequent generation electrical power grid, 

the intelligent and new technologies are added up through the whole energy system. At the 

consumer side power consumption helps in the incorporation of new technologies in SG from 

generation, transmission and distribution of electrical energy. To enhance the consistency, 

safety and productivity of the electrical energy system these new technologies are used.  

The above discussed problems can be tackled by the integration of cost efficient RESs, 

using this novel approach in the traditional electric grid. Using efficient and less costly 

resources to generate electricity in the SG, and then using the smart transmission lines to 

distribute the generated electricity to the end users. Electricity consumers which consume along 

with generation of electrical energy from their own indigenous resources, i.e., MG are called 

prosumers. The MG consists of multiple RESs such as hydro power plant, wind turbines and 

solar panel, etc. They are also connected with the electric grid and use power generated locally. 

As compared to load demand, when the generation of electricity is less, the extra electricity 

needed is purchase from neighbors or utilities. When the load demanded is less than the 

electricity they generate from their local MG, then the extra energy is send back to the electrical 

grid for cost reduction or deposited in batteries for upcoming use during peak hours or when 

the local generation is very low. When the energy generation from the local MG is very low, 

the stored energy in batteries are used or when the electricity prices are very low.  

Moreover, the main purpose of load shifting from time slots where bill are high to those 

time slots where price are low is to minimize electricity bill. For this purpose different strategies 

are in consideration such as valley filling and load clipping. Cost can be minimized by shifting 

the load in such a way that appliances operate in low price hours (Veras, Pinheiro, Silva, & 

Rabelo, 2017). However, user comfort is also decreases with the decrease in electricity cost via 

load shifting. Heuristic techniques are used to achieve these objectives. These techniques are 

widely used because of their speedy convergence toward optimal points and low complexity. 

 

1.1.3 Role of RESs and MGs 
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A few kilowatts (kW) of energy is generated by RESs in residential area at present, Hence, 

RESs integration is globally used on a large-scale for energy generation. Additionally, 

integration of storage systems and power generation through RESs are the sources of profit 

gains by selling surplus energy to the neighbors or grid by enabling small-scale industries and 

smart homes. However, end consumers may purchase or sell power back to the electrical grid 

when electricity price is low and high respectively. Moreover, DSM can save approximately 

10-30% of electricity consumption (Tascikaraoglu, Boynuegri, & Uzunoglu, 2014). To find 

electricity consumption cost, various dynamic pricing schemes are used. To condense electrical 

energy usage expense in peak hours and to motivate the consumers these schemes are used. 

CPP, RTP, critical peak rebate (CPR) and ToU are some of the examples of these dynamic 

pricing schemes (Economics, & First, 2012). According to the satisfaction of the consumers, 

they have the option to choose the best electricity price offered by the utility.  

More preference is given to RESs over old-style and fossil fuel-based electrical energy 

generation sources because traditional sources lead to degradation of environment. That is the 

main reason, that power companies are searching alternative forms of energy generation. RESs 

give birth to the Distributed Generation (DG) (Hossain, Kabalci, Bayindir, & Perez, 2014). A 

MG is a small-scale and independent energy generation system that provides energy to the 

consumers. It acts as a lower layer of the SM (Farhangi, 2010). MG have different modes of 

operations: grid-connected, wherever it is required to exchange electrical power with the main 

grid for financial benefits; off-grid, where it cannot import power from the utility company; 

and secluded, where it is very far and not connected to the utility grid.  

There are many articles published related to isolated MG. Stand-alone MG discussed here 

by authors, which comprises of wind turbine, storage and Photovoltaic (PV) source (Cai, H. et 

al., 2013; Dizqah, A. M., Maheri, A., Busawon, K., & Fritzson, P., 2015; Fan, S., Ai, Q., & 

Piao, L., 2018; Fathima, A. H., & Palanisamy, K., 2015; Henao-Munoz, A., Saavedra-Montes, 

A., & Ramos-Paja, C., 2018; Hossain, E., Kabalci, E., Bayindir, R., & Perez, R., 2014; Inam, 

W., Strawser, D., Afridi, K. K., Ram, R. J., & Perreault, D. J., 2015; Iqbal, Z., et al., 2018; 

Isikman, A. O., Yildirim, S. A., Altun, C., Uludag, S., & Tavli, B., 2013; Ismail, M. S., 

Moghavvemi, M., & Mahlia, T. M. I., 2012; Khatib, T., Mohamed, A., Sopian, K., & 

Mahmoud, M., 2011; Liu, H., Mahmoudi, N., & Chen, K., 2018; Liu, W et al., 2018; Liu, Z., 

Chen, C., & Yuan, J., 2015; Lotfi, S., Tarazouei, F. L., & Ghiamy, M., 2013; Menshari, A., 

Salehi, G., and Ghiamy, M., 2018; Mohamed, F. A., & Koivo, H. N., 2012; Pan, T., Liu, H., 

Wu, D., & Hao, Z., 2018; Shi, W., Xie, X., Chu, C. C., & Gadh, R., 2014; Suryoatmojo, H., 

Elbaset, A. A., Pamuji, F. A., Riawan, D. C., & Abdillah, M., 2014; Wang, H. et al., 2018; 

Zakariazadeh, A., & Jadid, S., 2013; Zhang, D., Evangelisti, S., Lettieri, P., & Papageorgiou, 
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L. G., 2016; Zhang, X. et al., 2018; Zhang, Y., Hajiesmaili, M. H., Cai, S., Chen, M., & Zhu, 

Q., 2018). To design control-based load tracking system and voltage regulation policy, the 

model is mathematically formulated. Energy management and control policy is proposed by 

the authors. They have proposed a control and energy management policy. Voltage and 

constant current are used to charge the storage, which lead to enhancement in lifespan of the 

storage according to the strategy mentioned above. Moreover, it is also discussed in this 

research work that the generated power is more than the power demanded (Dizqah, Maheri, 

Busawon, & Fritzson, 2015).  

The continuous increase in the use of electric appliances is due to the increase in population 

which ultimately leads to increase in energy demand. As the electricity generation from 

conventional sources are very costly and also causes carbon emissions, hence, RESs are very 

beneficial for scientists to use it for energy generation and fulfill the growing demand of 

electricity. Therefore, it is compulsory to generate more energy using RESs locally. For that 

reason, it is compulsory to produce extra power on local basis from RESs. Furthermore, to 

create alternative sources of energy generation, we need to optimize the current conventional 

energy sources. Moreover, to improve the current electrical energy sources and to find other 

ways of energy generation, the renewable energy sources should be used. To make power 

sector more efficient, energy scientists are at work on the efficient consumption of renewable 

energy (RE) generation. MG defined the concept that more power could be locally generated 

and that energy could be used in an optimized and reliable way. The energy requirements could 

be fulfilled by the power generated locally by MG, due to which PAR and cost could be 

considerably reduced.  

1.1.4 Optimization Techniques 

In SG, the saving in electrical energy cost and PAR is the main goals of various DSM and 

DR policies. To obtain balance power consumption, load shifting techniques are used from 

hours where price are high to hours where price are low. Research community have been using 

different heuristic techniques for designing an efficient and less costly home energy 

management system (HEMS). The techniques used are Mixed Integer Linear Programming 

(MILP) (Tsui, & Chan, 2012), Dynamic Programming (DP), Multi Parametric Programming 

(MPP) (Oberdieck, & Pistikopoulos, 2016), Integer Linear Programming (ILP) (Hubert, & 

Grijalva, 2011), etc. However, the main reason of not using these conventional techniques are 

that, they cannot handle the load, when the number of electric appliances are increased. These 

techniques also have energy consumption patterns, which cannot be predicted.  Furthermore, 

authors in (Corchero, Cruz-Zambrano, & Heredia, 2014; Graditi, Ippolito, Telaretti, & Zizzo, 
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2016; Ippolito, Telaretti, Zizzo, & Graditi, 2013; Molderink, Bakker, Bosman, Hurink, & Smit, 

2010; Siano, Graditi, Atrigna, & Piccolo, 2013; Pipattanasomporn, Kuzlu, & Rahman, 2012) 

have used mathematical, heuristic and stochastic techniques to reduce energy cost and 

minimize PAR.  

1.1.5 Energy Consumption and its Scheduling Effects on Consumers 

Total global power 50% is consumed by the commercial and residential buildings 

(Vardakas, Zorba, & Verikoukis, 2015). The current electricity system did not includes energy 

sharing and active collaboration by homes and buildings. Current demand of the user affects 

the efficiency of the power system, therefore all the efforts carried out for the management of 

energy is not much effective. Sustainability and electrical energy efficiency for next generation 

is enabled by SG. The collection of houses acts as a networked system; an intelligent 

collaboration, in this type of architecture as talk over above. However, the households acts as 

isolated and passive units in the conventional power grid (Kok et al., 2011). By implementing 

DSM rules and with the cooperation and help of SG technologies, traditional grid investment 

can be decreased or altered. Showing a little flexibility at certain instances the electrical energy 

utilization is reduced by the DR or DSM participants. Electricity customers gain advantages by 

providing some flexibility (Kohlmann, Van, Knigge, Kobus, & Slootweg, 2011).  

By the increase in industrial energy demand and the enormous growth in electric 

appliances, electricity usage and peak electricity demand by consumers has increased, since 

1982. According to the United States department of energy almost 25% of energy consumption 

is increased per year (Leon, Salcedo, Ran, & Martinez, 2015). From 2011 to 2040, the 

electricity sale are expected to increase up to 24%, while keeping in view the United States 

housing sector. (Conti, 2013). The available energy distribution, generation and transmission 

competency of the current grid is expected to be less than the peak electrical energy demand of 

the consumers. Discovering new ways of electrical power generation such as RES, increasing 

distributed generation, decreasing peak load and by enhancing the current capability of the 

transmission system, the above discussed problem can be solved. To fulfill new challenges, 

traditional grid infrastructure expansion is tried by the researchers; however, this job is very 

costly (Leon, Salcedo, Ran, & Martinez, 2015).  

Physical system consideration has also includes some financial benefits. During peak hours 

the peak electrical load reduces energy consumption by eliminating peak power stations. 

Hence, decrease in price of electrical energy is ensured for customers. Peak demand reduction 

of 5% reduces 50% of the highest wholesale price in 2000-2001 during the energy crises of 

California as discussed in (Osborne, & Warrier, 2007). Using smart and intelligent coordination 
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amongst consumer’s appliances scheduling the authors tried to reduce peak load demand. In 

low price hours the scheduling of appliances reduces the peak demand of consumers, and in 

this way, both the utility companies and customers are benefiting (Hansen, Roche, 

Suryanarayanan, Maciejewski, & Siegel, 2015). 

For balancing the energy consumption and reducing the electricity cost, a trend is emerged 

towards the load scheduling of residential homes during 24 hours’ time period. The use of MG 

power consisting of RESs is under attention. Micro-combined heat and power generators, wind 

turbine and PV source are normally used. To turn out to be an enormous scale disseminated 

electrical power generation system, the recent electrical power generation system is in an 

evolution state. By means of the integration of scattered RESs to the existing system this 

transition state will be fulfilled to SG (Koutsopoulos, Tassiulas, & Hellas, 2011; 

Ramachandran, Srivastava, Edrington, & Cartes,  2011). Changing electricity prices is also 

supported by SG and this is conferring to the active standing of demand system and electrically 

powered energy generation. For usage in the perspective of growing electrical power demand 

and growing expenses, resource management, and generation of RE, it is now a promising 

method (Smart Grid Australia, 2010).  

Commercial and residential sector are enabled by the recent technologies of SG and smart 

appliances using its advance features to use power efficiently. Considering the variation in 

electrical energy prices to make their execution, such electrical appliances have the fitness for 

this purpose. Electrical energy consumption cost can be reduced by peak load management. 

Electrical load management characteristics of the smart appliances which know every minute 

details of each appliance can improve the reliability of the electric grid (Zhao, Ding, Cooper,  

& Perez, 2014).  

To improve home-based health-care support, convenience in services, comfort and 

efficiency improvement for electrical energy supervision, the researchers are trying to add 

some intelligence to the existing system (Cook, 2012; Davidoff, Lee, Yiu, Zimmerman, & Dey, 

2006). Considering load management and energy efficiency smart homes energy management 

systems (SHEMS) are discussed in many articles (Kofler, Reinisch, & Kastner, 2012; Giorgio, 

& Pimpinella, 2012; Iqbal et al., 2018; Khan et al., 2018). Considering electricity prices 

variations and load management the reduction of cost is discussed in most of the literature. For 

residential building appliances scheduling and SHEMS as a detailed solution, a novel approach is 

proposed in our research work. Home appliances total electrical energy cost per day is reduced by 

the proposed methodology.  

1.2 PROBLEM STATEMENT 
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In SG, DSM techniques are used to overcome the irregular use of the electricity by the 

consumers. There are multiple cases for the improper usage of the energy from the consumers’ 

side especially in the residential sector. In first case, there can be no local power generation 

station (i.e., MG or other RESs) for fulfilling the consumers’ requirements. In second case, no 

proper scheduling of the appliances is done which are consuming the heavy load. They create 

burden on the utility without EMC for their scheduling. Third, user preferences are not taken 

into consideration. Fourth, feasible cost optimization is not performed. Relating to these 

problems, some existing studies are explored in the subsequent subsections and highlighted the 

detailed descriptions for these problems which are discussed below. 

1.2.1 Sub-problem 1 

There are two increasing international problems i.e., environmental pollution and growing 

electrical energy cost (Fuselli et al., 2013). Currently, a few large electricity generating plants 

are dependent on fossil fuels for electricity generation and hence, power supply systems largely 

depends on these plants. Afterward, with the help of transmission and distribution networks 

the electricity produced by conventional power plants is supplied to the end consumers. More 

than 65% of the power generated is wasted during transmission, distribution and generation 

according to (Evangelisti, Lettieri, Clift & Borello, 2015). Energy controlling systems 

organization and functions to make the most of electricity savings opportunities are provided 

by the evolution of the smart grid.  

Multiple research studies have focused in PAR and cost reduction via DSM techniques 

(Khalid et al., 2018; Albadi, & El-Saadany, 2008; Avci, Erkoc, Rahmani, & Asfour, 2013; 

Yang, Zhang, & Ma, 2014) with the advent of the SG; however, these studies lack the MG 

integration for consumers’ own generation and storage requirements. The authors in (Ahmad 

et al., 2017) have planned a DSM scheme by taking into account dissimilar types of electricity 

customers. This scheme lacks the consumer comfort. Maximum UC and optimum energy 

consumption is determined in (Aslam et al., 2017) in a smart home comprising of various 

elegant appliances. The authors have considered smart buildings with multiple smart homes 

for testing their proposed scheme with various existing energy consumption patterns i.e., load 

demand and power rating. They have proposed a HEM scheme which is much cost efficient in 

(Sander, AlSkaif, & van, 2018). To reduce carbon emissions and electricity bill the authors 

incorporated the RESs in (Sander, AlSkaif, & van, 2018). In addition, the customers are capable 

to store surplus electrical energy for future utilization in the batteries; when electrical energy 

tariffs are far above the ground, stored electrical energy is consumed. The authors of (Liu, & 

Hsu, 2018) have proposed a novel SG architectural model for electrical energy customers. The 
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RESs is also incorporated for electrical energy generation. Motivated to these schemes, there 

is a need to develop an EMC which integrates the local storage (i.e., Energy Storage System 

(ESS)) for consumers cost and PAR reduction. 

1.2.2 Sub-problem 2 

Main focus of the DSM techniques lie in load shifting or load curtailing during the hours 

in which price is high to the hours in which price is low. To shift electrical load during high 

price hours helps effectively in cost reduction by considering the scheduling of the task of 

running the appliances to hours where price are low (Veras, Pinheiro, Silva, & Rabelo, 2017). 

Even though, electricity cost is decreasing by load shifting, however, due to trade-off consumer 

discomfort increases. PAR in the off-peak hours can also increase. Moreover, global 

experimental optimization algorithms are used to attain these objectives, because these 

techniques are very flexible and have very fast convergence towards most favorable points. 

With the intention of attaining these goals, global optimization techniques are typically used 

because of their low difficulty and speedy meeting in the direction of most favorable points. 

Conversion towards the most favorable point means achieving the most optimal and speedy 

results, which in response give the most accurate result of PAR reduction, cost minimization 

and user comfort enhancement.  Due to the favorable point the results of PAR, cost and user 

comfort is positively affected. Established on the aforesaid issues, a new hybrid scheme is 

required to obtain cost minimization and PAR reduction by maintaining the user preferences. 

1.2.3 Sub-problem 3 

The energy demand in the domestic area is also increasing with the rapid increase in 

population. Nearly 40% of the energy is used up by the domestic sector (Lior, 2010). Different 

approaches of power generation have been determined to meet the energy demand of the 

consumers. The current energy demanded by the consumers, cannot be fulfilled by the 

existing power stations. Moreover, due to difficult maintenance procedures the current 

outdated power grid is often exposed to power disruptions.  

Considering RESs integration and ToU pricing scheme, a HEMS model is designed in 

(Javaid et al., 2017a). To optimally consume grid energy and RESs, evolutionary techniques 

are used by their model i.e., Binary Particle Swarm Optimization (BPSO), Genetic Algorithm 

(GA) and Cuckoo Search Optimization Algorithm (CSOA). Electricity bill and high peaks are 

significantly reduced by the proposed HEMS model. However, they have not considered 

minimization of Average Waiting Time (AWT) for enhancing UC. In (Yu, Kim, & Son, 2013), 

scheduling of RESs and sizing of the storage units are studied by the authors in MG. The 
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uncertain nature and their associated load of MG have been considered by the authors. 

However, peak load reduction and UC optimization is not taken into account by them. 

Domestic load scheduling problem is discussed and studied by the authors in (Moon, & Lee, 

2016). The authors have proposed an electrical load scheduling method, to fulfill the 

consumer’s budget. This problem have high computational complexity and difficult to solve. 

The authors have used the global bender decomposition approach to solve the problem easily 

and reduce the computational complexity. Providing optimum electricity load scheduling of 

appliances they solved the optimization problem. These appliances have dissimilar electrical 

energy usage pattern and have different operation characteristics. However, the UC has been 

compromised while satisfying the budget limit and scheduling the operation of appliances. Use 

of optimization techniques and efficient integration of the EMC can solve the problem easily.  

 

1.2.4 Sub-problem 4 

By the increase in industrial energy demand and the enormous growth in electric 

appliances, electricity usage and peak electricity demand by consumers has increased, since 

1982. According to the United States department of energy almost 25% of energy consumption 

is increased per year (Leon, Salcedo, Ran, & Martinez, 2015). From 2011 to 2040, the 

electricity sale are expected to increase up to 24%, while keeping in view the United States 

housing sector. (Conti, 2013). The available energy distribution, production and transmission 

competence of the current grid is expected to be less than the peak electrical energy demand of 

the consumers. Discovering new ways of electrical power generation such as RES, increasing 

distributed generation, decreasing peak load and by enhancing the current capability of the 

transmission system, the above discussed problem can be solved. To fulfill new challenges, 

traditional grid infrastructure expansion is tried by the researchers; however, this job is very 

costly (Leon, Salcedo, Ran, & Martinez, 2015). Physical system consideration has also includes 

some financial benefits. During peak hours scheduling the load can prevent the peak power 

consumption, which ensures the decrement in cost for the consumers. 

1.3 RESEARCH QUESTIONS OF THE THESIS 

This thesis aims to investigate how home load management can help to overcome the 

energy crisis. For this purpose, following research questions are addressed: 
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Q 1: How ESS and local generation (MGs) helps in cost minimization and PAR reduction for 

both customers and utility company? How customers can maintain their comfort 

standards by utilizing the MGs? 

Q 2: When electrical load changing is carry out from high peak hours to low peak hours subject 

to the electrical energy tariff defined by the power company then how optimization 

techniques help in load shifting? 

Q 3: How hybrid metaheuristic algorithms optimize the cost, PAR and UC? 

Q 4: How EMC effects the system cost, PAR and UC after scheduling the appliances in 

comparison to the unscheduled scenario? How EMC is helpful in achieving the monitory 

benefits for the consumers? 

1.4 CONTRIBUTIONS 

In this section, we will talk over the list of contributions against each problem statement 

and research question. 

1.4.1 Contribution 1 

In contribution 1, to handle the smart home appliances scheduling problem, we have 

offered a unique DSM approach for domestic consumers. The approach depends on heuristic 

techniques and embedded in an electrical energy management controlling unit as embedded 

system. PAR and electrical energy cost minimization is the main focus of our research work 

with a minimum consumer waiting time at the same time. To raise the efficiency of the offered 

scheme RESs is integrated with the electrical grid. For simulations implementation, an 

intelligent and smart building is considered that consists of multiple apartments. CPP and RTP 

signals are used along with the heuristic algorithms i.e., CSOA, GA and the Crow Search 

Algorithm (CSA). Using adjustable consumer waiting time, electrical energy cost and PAR 

minimization shows the effectiveness of the simulation results. However, electrical energy 

cost and consumer waiting time have trade-off between them. The electrical energy cost is 

high or low, if the user waiting time is lowest or maximum respectively.  

1.4.2 Contribution 2 

With the intention of reducing the consumer PAR and electrical energy bill, load shifting 

is performed during the high price hours. It effects the user preferences and the PAR which can 

be disastrous for both consumers and utility. In order to resolve these challenges (as highlighted 

in Sub-problem 2), global heuristic optimization techniques are frequently used because of 
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their low difficulty and quick meeting towards best possible points. Founded on the aforesaid 

issues, we made a Hybrid Gray Wolf Differential Evolution (HGWDE) algorithm to gain cost 

reduction and electrical load shifting.  

Efficient utilization of energy resources is a dire prerequisite to implement optimization 

policies for cost-effective consumption of electricity resources, due to the rapid rise of 

electrical energy demand in the residential sector. The problem of sustainability of the 

electrically powered grid is attracting the researchers from around the globe. By giving the idea 

of incentive-based programs and encouraging the consumers, DR is very valuable program. 

Using three classes of appliances i.e., controllable, shiftable and non shiftable, a model has 

been considered in this research work. Each appliance is assigned a class out of 17 appliances 

in-terms of their power ratings and energy consumption pattern. For each appliance there is 

different Length of Operational Time (LOT). PAR, energy consumption, waiting time and 

electrical energy consumption cost are taken into consideration as four parameters to be 

optimized. The pricing signals used are CPP and RTP. To estimate the behavior of our proposed 

scenario, simulations have been carried out using MATLAB.  

1.4.3 Contribution 3 

The work presented in (Corchero, Cruz, & Heredia, 2014; Graditi, Ippolito, Telaretti, & 

Zizzo, 2016; Ippolito, Telaretti, Zizzo, & Graditi, 2013; Molderink, Bakker, Bosman, Hurink, 

& Smit, 2010; Siano, Graditi, Atrigna, & Piccolo, 2013; Pipattanasomporn, Kuzlu, & Rahman, 

2012) have either presented some particular parameters such as PAR and cost reduction etc., 

or present SG technologies advantages is not fully addressed to design an efficient HEMS. 

HEMSs deficiencies reductions were the main motivation for this research work. An optimized 

HEMS is introduced and discussed in this piece of work. With maximum UC, PAR and 

consumers electricity bill are minimized by the proposed HEMS, while simultaneously 

integrating RESs and Battery Bank System (BBS) in the domestic sector. Furthermore, to 

achieve aforesaid objectives, four simulations methods are implemented i.e., BPSO, GA, wind-

driven optimization and grey wolf optimization (GWO) along with the use of RTP scheme for 

electricity cost estimation. Three hybrid heuristic optimization techniques have also been 

proposed: We have also offered hybrid three optimization techniques: Wind-Driven BPSO 

(WBPSO), Wind-Driven GWO (WDGWO) and Wind-Driven GA (WDGA). The work in 

(Iqbal et al., 2016) is extended here. The following are the major contributions of this work: 

• Hybrid three heuristic schemes: WBPSO, WBPSO and WDGWO have been proposed.  

• Considering multiple appliances grid-connected MG system is considered in this work.  

•  PAR and electricity bill has been minimized in our proposed research work.  
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• Consumers can enjoy and use maximum comfort, by implementing our proposed scheme.  

• MG and RES integration has reduced electricity import from the grid.  

1.4.4 Contribution 4 

Using DSM techniques for smart homes residential load is scheduled in contribution 4. A 

general power source is used by considering smart power system for customers. Smart meter 

and energy consumption scheduling unit (ECSU) are used by each consumer. AMI is used to 

connect smart meter and electric grid. Smart meter and electric grid uses AMI for 

communication. The proposed techniques are four, i.e., Flower pollination GA (FGA), Flower 

pollination BAT (FBAT), Flower Pollination Teaching and Learning based Optimization 

(FTLBO) and Genetic Teaching and Learning based Optimization (GTLBO). These suggested 

techniques are used for scheduling problem and the electrical load for decreasing customer 

discomfort, PAR and energy cost. As matched to the current techniques the proposed 

techniques perform superior as illustrated by the simulation results. However, a balance is there 

concerning consumer discomfort and electrical energy price. Moreover, with the increasing 

cost the discomfort reduces and when the cost decreases the discomfort increases. 

 

 

1.5 RESEARCH METHODOLOGY 

1.5.1 Review of Literature 

First of all topics is chosen with the mentor consultations and the literature review is 

conducted. During the literature review high quality articles are studied. These articles are 

listed in the published articles and thesis bibliography. In chapter 2 detailed literature review 

is presented with a comparison tables. The tables shows the comparison of different heuristics 

techniques. 

1.5.2 Problem Identification 

 On the basis of literature review a problem statement is developed. The problem statement 

is divided into sub problems i.e., sub-problem-1, sub-problem-2, sub-problem-3, sub-problem-

4. 

1.5.3 Problem Clarification 
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 After developing the problem statement, it is clearly studied and divided into sub parts. 

Each sub-problem is explained in detail with cited literature. As given in section 1.2 problem 

statement. 

1.5.4 Develop Research Questions  

 It is very necessary to develop the research questions on the basis of literature review and 

problem statement. These research questions are addressed in the contribution section. 

1.5.5 Concepts and Terms Clearly Defined 

    When the research questions is developed and problem statement is defined then 

conceptual and theoretical framework is designed. This theoretical framework or system model 

helped in understanding the system.  

1.5.6 Collect and Analyze Data  

 The collected data is then processed and analyzed. In this case most of the data is of 

appliances and energy price signals. The appliances load is divided in to different categories. 

The different parameters of data appliances and algorithms are given in different tables. 

1.5.7 Conduct Simulations 

 On the basis of the collected data and proposed schemes, hybrid heuristic algorithms are 

developed and simulations are conducted to validate the results. The simulations is conducted 

using Matlab. 

1.5.8 Calculate Results and Graphs 

 After a rigorous simulations of proposed scenario in Matlab, results is calculated.  The 

results calculated is used to make graphs. These results are given in abstract, conclusion and 

chapter 4 simulations and discussions. 

1.5.9 Published the Work 

 After all the above steps, the research work done is published in the form of research 

articles. These articles are given at the end of the thesis. 

1.6 RESEARCH OBJECTIVES 
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Figure 1.1: Pictorial Representation of Contributions. 

In this dissertation the main focus of the carried out research was on the optimization using 

heuristic algorithms. For this purpose hybrid heuristic algorithms are designed which are far 

better than the existing algorithms. This dissertation is based on the following objectives. 

1. To optimize the energy cost or electricity bill 

2. To decrease the PAR 

3. To increase the user comfort or decrease the discomfort 

4. To design a domestic microgrid to fulfill energy demand 

5. To design a HEMS to implement and achieve the above objectives 

These objectives are already highlighted in the problem statement and research questions 

section and explained in detail. These objectives are addressed as  

challenges or problems in the existing literature and need to be solved. The detailed 

discussion on these objectives is provided in the literature chapter. The solutions to these 

objectives are provided in the contributions section. 

1.7 THESIS ORGANIZATION 
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Figure 1.1, shows the pictorial representation of the contributions.The organization of the 

rest of the thesis is as follows: Chapter 2 introduces review of literature and related tables. This 

chapter is further divided into fifteen headings and subheadings i.e., 2.1 introduction, 2.2 

optimization techniques, 2.2.1 heuristic techniques, 2.2.2 hybrid heuristic techniques, 2.2.3 

conventional techniques, 2.3 demand response based techniques, 2.4 pricing schemes based 

techniques, 2.4.1 combined pricing model based techniques, 2.5 renewable energy sources 

integration, 2.6 micro grid based techniques, 2.7 load balancing and peak load shaving based 

techniques, 2.8 appliances scheduling based techniques, 2.9 user preferences based techniques  

, 2.10 electricity price reduction techniques, 2.11 user comfort and peak-to-average ratio 

oriented techniques, 2.12 home energy management system based techniques, 2.13 energy 

storage system based techniques, 2.14 multiple knapsack problem for problem   formulation, 

2.15 energy sharing and trading. 

 Chapter 3 represented proposed system models and solutions which again splits into 

different sections i.e., 3.1 introduction, 3.2 exploiting heuristic optimization for energy 

management of smart buildings, 3.2.1 system model, 3.2.2 classification of load, 3.2.2.1 

deferrable appliances, 3.2.2.2 non-deferrable appliances, 3.2.2.3 base load appliances, 3.2.3 

electricity cost, 3.2.4 electricity storage system, 3.2.5 proposed schemes, 3.2.6 genetic 

algorithm, 3.2.7 cuckoo search optimization algorithm, 3.2.8 crow search algorithm, 3.3 

feasible region, 3.3.1 electricity consumption and electricity cost feasible region using real time 

pricing signals, 3.3.2 electricity consumption and electricity cost feasible region using  critical 

peak pricing signals, 3.3.3 user waiting time and electricity cost feasible region using real time 

pricing signals, 3.3.4 user waiting time and electricity cost feasible region using critical peak 

pricing signals, 3.4 power scheduling in smart homes using HGWDE optimization technique, 

3.4.1 system model, 3.4.2 classification of appliances, 3.4.2.1 shiftable appliances, 3.4.2.2 

controllable appliances, 3.4.2.3 non-shiftable appliances, 3.4.3 proposed scheme, 3.4.4 

enhanced differential evolution, 3.4.5 grey wolf optimization, 3.4.5.1 encircling prey, 3.4.5.2 

hunting, 3.4.6 hybrid grey wolf differential evolution, 3.5 a domestic MG with optimized home 

energy management system, 3.5.1 system model, 3.5.2 problem statement formulation, 3.5.3 

PV generation, 3.5.4 wind generation, 3.5.5 battery bank system (BBS), 3.5.6 energy 

consumption, 3.5.7 electricity cost and energy pricing, 3.5.8 peak-to-average ratio, 3.5.9 

appliances waiting time, 3.5.10 objective function, 3.5.11 system model, 3.5.12 optimization 

techniques, 3.5.13 grey wolf optimization, 3.5.14 genetic algorithm, 3.5.15 binary particle 

swarm optimization, 3.5.16 wind driven optimization, 3.5.17 wind driven genetic algorithm, 

3.5.18 wind driven grey wolf optimization, 3.5.19 wind binary particle swarm optimization, 

3.6 use of heuristic techniques for residential load scheduling and analysis of hybridization, 
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3.6.1 system model, 3.6.2 mapping of load scheduling to multiple knapsack problem, 3.6.3 

constraints and objective function mathematical modeling, 3.6.3.1 model of energy 

consumption, 3.6.3.2 energy cost model, 3.6.3.3 peak-to-average ratio, 3.6.3.4 appliances 

waiting time, 3.6.4 problem formulation and optimization, 3.6.5 proposed system model, 3.6.6 

optimization techniques, 3.6.7 existing optimization techniques, 3.6.7.1 genetic algorithm, 

3.6.7.2 teaching learning based optimization, 3.6.7.3 bat algorithm, 3.6.7.4 flower pollination 

algorithm, 3.6.8 proposed optimization techniques, 3.6.8.1 genetic teaching learning based 

optimization, 3.6.8.2 flower bat, 3.6.8.3 flower teaching learning based optimization, 3.6.8.4 

flower genetic algorithm. 

Results and discussions are provided in chapter 4. These results are divided into further 

sections and each section provide a detail discussion i.e., 4.1 introduction, 4.2 exploiting 

heuristic optimization and energy management of smart buildings, 4.2.1 discussion and 

simulation results, 4.3 power scheduling in smart homes using HGWDE optimization 

technique, 4.3.1 simulations and results, 4.3.2 cost, 4.3.2.1 cost using real time price, 4.3.2.2 

cost using critical peak price, 4.3.3 energy consumption, 4.3.3.1 load using real time price, 

4.3.3.2 load using critical peak price, 4.3.4 peal-to-average ratio, 4.3.4.1 peak-to-average ratio 

using real time price, 4.3.4.2 peak-to-average ratio using critical peak price, 4.3.5 waiting time, 

4.3.5.1 waiting time using real time price, 4.3.5.2 waiting time using critical peak price, 4.3.6 

convergence of the fitness function, 4.3.7 feasible region, 4.3.7.1 feasible region using real 

time price, 4.3.7.1.1 feasible region under 15-min OTI, 4.3.7.1.2 OTI 30-min feasible region, 

4.3.7.1.3 OTI 60-min feasible region, 4.3.7.2 feasible region using critical peak price, 4.3.7.2.1 

OTI 15-min feasible region, 4.3.7.2.2 OTI 30-min feasible region, 4.3.7.2.3 OTI 60-min 

feasible region, 4.3.8 performance trade-off, 4.4 a domestic mg with optimized home energy 

mg system, 4.4.1 simulation results and discussion, 4.4.2 simulation results and discussion, 

4.4.3 RTP scheme, 4.4.4 profile of electrical energy consumption, 4.4.4.1 energy consumption 

with and without RES’s, 4.4.5 cost of electrical energy, 4.4.5.1 integration with and without 

RES’s electricity cost profile, 4.4.6 peak-to-average ratio, 4.4.6.1 PAR with and without RES,s, 

4.4.7 appliances waiting time, 4.4.8 energy generation profile of micro grid, 4.4.8.1 solar panel 

and wind turbine energy generation, 4.5 use of heuristic techniques for residential load 

scheduling and analysis of hybridization, 4.5.1 discussion and results, 4.5.2 power 

consumption, 4.5.3 electricity consumption cost, 4.5.4 user discomfort, 4.5.5 peak-to-average 

ratio, 4.5.6 feasible region for user discomfort and electricity cost, 4.5.7 the performance 

parameters trade-off. 

 After chapter 4 the next section is the thesis summary or conclusion and future work. The 

summary section follows the literature cited section. In addition, at the end of the thesis 

published articles and conference proceedings are provided, related to the thesis. 
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CHAPTER 2 

REVIEW OF LITERATURE 

2.1 INTRODUCTION 

In this chapter, related work from the existing studies is discussed based on the optimization 

techniques, heuristic techniques, hybrid heuristic techniques, conventional techniques, DR 

based techniques, pricing schemes based techniques, combined pricing model based 

techniques, MG based techniques, load balancing and peak load shaving, appliances 

scheduling, user preferences based techniques, electricity price reduction and appliances 

Waiting Time (WT), PAR and UC oriented techniques, HEMS based techniques, ESS based 

techniques, MKP for problem formulation based techniques and energy sharing and trading 

based techniques. 

2.2 OPTIMIZATION TECHNIQUES 

A notable research work have been done in MG, SG, hybrid energy generation and 

macrogrid by research community to optimize PAR, electricity cost and energy consumption. 

Alternative ways of local energy generation are further explored by the researchers and energy 

scientists that are environment friendly, easy to generate and less expensive. The RESs 

integration into domestic sector offers a most efficient and real solutions indicated by some of 

the research work. To make energy more reliable, remove redundancies and addition of 

flexibility are done by the use of distributed energy resources (DERs) and the hybridization of 

RESs with the conventional grid.  

Table 2.1 to 2.17 show summary of the cited literature, while some of the related literature 

has been cited below. In the SG several optimization heuristic techniques have been proposed 

by scientists for obtaining some general objectives such as bill and PAR reduction in the last 

few years. For the inexpensive use of energy a very hard work have been done by energy 

scientists. The current research work on the optimization techniques is presented in this section.  

 

2.2.1 Heuristic Techniques 

      The GA and BFOA were proposed with their amalgam scheme in (Ahmad et al., 2017). To 

calculate the performance of these techniques, CPP, RTP and TOU pricing schemes were used. 

Shifting of electrical load from high to low price hours and PAR minimization was the main 

objectives of this research work.  



  

50 

In (Javaid et al., 2017b), to attain electrical load shifting and cost minimization GA, BPSO 

and EDE optimization techniques were implemented, while RES integration reduced the 

carbon emission. The pricing tariff used is DHP. Prioritizing the operation of consumer’s 

appliances according to the consumers demand and appliances scheduling are the primary 

concerns. By matching electrical load at the consumptions and production units, the electrical 

grid sustainability is ensured by the authors. However, the UC is not optimized. 

To change the power usage pattern in time slots, the relation between electricity load and 

electrical energy price was developed, where the energy price was high (Shayeghi, Ghasemi, 

Moradzadeh, & Nooshyar, 2015). They used Generalized Mutual Information (GMI) and 

Wavelet Packet Transform (WPT) to express the optimization problem using the help of 

multiple input and multiple output model. So as to investigate the electricity pattern of 

dissimilarity, forecasting of the energy prices was performed. For optimization purposes the 

Ant Colony Optimization (ACO) technique was applied.  

For optimization purpose the improved version of PSO i.e., (IPSO) is used in (Yang, Yang, 

Tsai, Chen, & Chen, 2015). Cost minimization is the main goal of IPSO. The objective curve 

and the user load curve is approximately the same as proposed as a result of the IPSO and 

illustrated by simulation results, on the other hand, an opposite relation exists between 

objective curve and electrical energy cost. One and only of the objective function is the 

electrical energy system constancy, and thus UC is compromised because the suggested scheme 

refuse the electrical load in hours where price is high. The comparisons of PSO and GA are 

discussed for computational complexity by the authors in (Peyvandi, Zafarani, & Nasr, 2011). 

Table 2.1 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

BPSO, GA, WDO, 

BFOA, HGPO, MKP 

(Ahmad et al., 2017)  

 

Reduction of PAR 

and cost  

Using HGPO bill and 

PAR is reduced up to  

25.12% and 24.88% 

AWT is not 

considered 

WDO, K-WDO 

(Javaid et al., 2017a)  

 

Control residential 

load 

PAR and cost 

optimized results 

obtained 

UC is not 

considered 

BPSO and neuro 

fuzzy logic (Shayeghi, 

Ghasemi, Moradzadeh,  

& Nooshyar, 2015)  

Using a hybrid 

evolutionary-

adaptive technique 

Using mean absolute 

percentage error 

(MAPE) to forecast 

Computational 

time and MAPE 

have trade-off  
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 to forecast 

electricity price  

 

market price of 

electricity  

IPSO (Yang, Yang, 

Tsai, Chen, & Chen, 

2015)  

Reduction of peak 

load 

Desired objectives 

achieved  

Only inactive 

appliances is 

reflected and 

UC is bargained 

 

PSO and GA 

(Peyvandi, Zafarani, & 

Nasr, 2011)  

Electricity cost 

minimization 

Using GA and PSO 

cost is reduced  

UC is 

compromised 

for cost 

reduction  

 

GA (Jaramillo,                 Operating cost and       Power loss minimized         PAR          

Munoz, Ortiz,                   energy demand                                                increasing                                 

during power loss             minimization                                              

Lopez, & Albarracin,  

2018)                                                                                    

 

MIP and iSSO                      To reduce daily cost   Operating                   PAR and 

(Zhang, Yeh, Jiang,                                                cost reduced              discomfort                                   

Huang, Xiao, & Li, 2018)                                                                          Increased                                          

___________________________________________________________________                                                                    

As compared to GA, PSO has lessor computational complexity for obtaining a desired 

results as illustrated by the simulation results. Genetic algorithm are used for power loss 

minimization (Jaramillo, Munoz, Ortiz, Lopez, & Albarracin, 2018). For minimizing two 

conditions, a fitness function is used. Mismatching between power charge ability and desired 

charge ability and nominal load voltage and changing the top position. The suggested technique 

is for any number of Transformers Connected in Parallel (TCP). 

In this work a decentralized control strategy and a stand-alone MG is proposed. It consists 

of different modules and each modules consists of three port converter, solar and a wind power 

and a battery storage. The economic dispatch of the MG is solved using Mixed-integer 

Programming Problem (MIP) (Zhang et al., 2018). The operation model proposed for 

optimization problem is a day-ahead, which consists of power transmission cost, fossils fuel 

cost and battery storage cost for energy storage. The heuristic technique proposed is an 
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Improved Simplified Swarm Optimization (iSSO) to find a feasible solution. Existence 

of the fittest policy and new update mechanism is presented by iSSO scheme.  Table 2.1 

shows summarized literature review of section 2.2.1. 

2.2.2 Hybrid Heuristic Techniques 

In (Setlhaolo, & Xia, 2014), the authors considered multi-objective optimization problem 

by conducting a Pareto Sets (PS) test using DE. To deal with multifaceted PS shapes is the 

main purpose of this model. Multi-objective Evolutionary Algorithm (MOEA) is designed for 

this purpose and was considered as the mentioned model. 

Electricity prices are changing and this problem is handled in (Osorio, Matias, & Catalao, 

2014). Considering hybrid evolutionary approach a forecasting model was proposed. Ahead of 

time these forecasts were calculated for 168 hours and 24 hours’ time slots. So as to eradicate 

the uncertainty in the electricity tariffs in the markets the hybrid evolutionary approach is 

used which includes a neuro fuzzy logic network and PSO. Table 2.2 represent limitations 

of the listed techniques. 

Table 2.2 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

GA-ANN 

(Setlhaolo, & Xia, 

2014)  

 

For optimized 

energy 

management and 

scheduling of 

smart appliances in 

the residential 

sector  

 

Grid energy usage 

reduction  

 

Not applicable 

for large number 

of appliances  

 

MILP (Erdinc,  

Paterakis, Pappi,  

Bakirtzis, &Catalao, 

2015)  

Techno-economic 

sizing and HEMS 

modeling  

 

Sizing of extra ESS 

and PV  

 

UC is 

compromised 

for cost 

reduction  

 

___________________________________________________________________                                                                      

2.2.3 Conventional Techniques 
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To describe Optimal Power Flow (OPF) in the grid the Ant Colony Optimization (ACO) 

technique is used (Tuaimah, Abd, & Hameed, 2013). To compute the electrical load of each 

time interval was the key objective of OPF, so that, at the user end, the power demand could 

be fulfilled. To solve such problems Newton method, interior point method, Mixed Integer 

Non-Linear Programming (MINLP), MILP, Non-Linear Programming (NLP) and LP method 

are used.  

To balance the load using MILP and to decrease electricity expenditures, a scheduling 

technique is proposed by the authors for domestic consumers in  

Table 2.3 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

MILP (Bradac,  

Kaczmarczyk, & 

Fiedler, 2014) 

 

Residential 

appliances optimal 

scheduling  

 

Minimize cost  Ignored UC  

Heuristic algorithms 

and MILP (Agnetis,  

Pascale, Detti, & 

Vicino, 2013) 

 

Energy 

consumption 

optimization and 

domestic load 

scheduling  

 

Balancing the load  

 

Minimization of 

cost is not 

considered 

 

GA-ANN                For optimized energy   Grid energy usage    Not applicable   for                            

 (Setlhaolo, &            management and             reduction               large number of                                                         

Xia, 2014)                  scheduling of smart                                       appliances                                    

                                    appliances in the 

                                   residential sector  

                                                                                        

ILP (Zhu, Tang,       Load balancing          The load is efficiently  The UC is not  

 Lambotharan,                                               balanced by this            addressed 

Chin, & Fan, 2012)                                       approach 

___________________________________________________________________                                              

(Bradac, Kaczmarczyk, & Fiedler, 2014). PAR and electricity expenditures are efficiently 

reduced by the proposed technique. However, this research work did not consider UC for 

optimization. 
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For climate relaxation level, timeliness and optimal domestic energy consumption, an 

optimization strategy is proposed using a heuristic method in (Agnetis, Pascale, Detti, & 

Vicino, 2013).Their claimed objectives are efficiently achieved by their proposed research 

work. The suggested research work well attained their demanded objectives.  

In (Setlhaolo, & Xia, 2014), using MINLP to decrease electrical energy cost, the authors 

suggested an energy optimization model for residential area using ToU pricing scheme. The 

occupants can save 25% or further electrical energy expenditures by implementing the 

suggested model. On the other hand, PAR is not considered for optimization.  

To maintain a sense of balance between the electrical energy demands and supply in the 

residential area an ILP based scheduling pattern is proposed by the authors in (Zhu, Tang, 

Lambotharan, Chin, & Fan, 2012). For setting ideal execution time and shifting peak electrical 

power demand for appliances which are time-shiftable and power-shiftable accordingly by the 

proposed scheme, which is efficient and confident. A more balanced load consumption is 

obtained when appliances are scheduled in more than one home. The proposed scheduling 

scheme efficiently achieved the claimed objectives as represented by the simulation results. 

However, the UC is not taken into consideration for optimization. Summarized review of this 

section is shown in Table 2.3. 

2.3 DEMAND RESPONSE BASED TECHNIQUES 

Considering corporate sector the authors discussed DR in (Rahimi, & Ipakchi, 2010). To 

maintain a balance between power consumption and generation, certain measures were adopted 

for the management of energy consumption.  Moreover, to cope electrical energy consumption, 

convinced positive methods were implemented to sustain an equilibrium between consumption 

and generation. To implement the scheduling scheme RTP and DAP pricing schemes were 

used.  

The authors proposed an optimization model for balancing electric load such as GA in 

(Yang, Yang, Tsai, Chen, & Chen, 2015). The time horizon taken by them is T, which is equal 

to 24 h. To compute the electrical energy usage and the arrangement of electricity load in each 

time limit, the electricity load profile maker tool was used. However, the execution time was 

compromised and UC is not considered.  

In (Jayabarathi, Raghunathan, Adarsh, & Suganthan, 2016), DSM practices are presented 

for residential sector. The authors considered two directions information between the 

customers and utility company for multiple smart homes, each containing a smart meter. To 



  

55 

schedule the appliances EMC was setup in each home. To assess the performance regarding 

PAR, UC and cost heuristic algorithms such as BFOA, WDO, BPSO and GA were applied. 

However, the authors did not discussed the trade-off parameters.  

The authors did not get a complete advantage from the SG in the above mentioned 

literature. Electricity cost and PAR is minimized by the authors in this work, however, some 

other worked on UC maximization. However, any of the literature work did not considered all 

of the above mentioned parameters for optimization at the same time. Moreover, any of the 

research work also not considered multiple Operational Time Intervals (OTIs). To complete 

the goal of efficient and effective energy usage in the domestic sector, PAR and cost reduction 

with reasonable WT are simultaneously taken into account in this research work. 

An intelligent HEM algorithm is discussed in this work (Pipattanasomporn, Kuzlu, & 

Rahman, 2012). The electrical energy intake of residential appliances through DR investigation 

is managed by the proposed algorithm. The entire household load is controlled below a certain 

threshold level, while using priority to manage the household load. For residential consumers, 

the DR activities performed, give an insight to the consumers for efficient and balanced use of 

energy in the smart home. Problem and motivation is described in the next section in very 

detail.  

In (Zakariazadeh, & Jadid, 2013), Considering MG operational planning model, presented 

by the authors for multiple DR programs. Carbon dioxide emission and cost; two objective 

functions has been defined by the authors for optimization using epsilon restriction multi-

objective optimization. For solving the optimization problem MILP is used by the authors, 

however, PAR and UC is not considered for optimization.  

The researchers discussed the contribution in two layers (Pan, Liu, Wu, & Hao, 2018). To 

optimize the load curve and the maximum load satisfaction, the first layer is optimized. The 

second layer is discussed to optimize the power utilization ratio and make the MG system 

economically feasible and environmentally safe. To enhance the economy of the system and 

optimize the operational state of battery, a control strategy for isolated MG is proposed. To 

explain the scheduling problem of isolated MG Non-dominated Sorting Genetic Algorithm-II 

(NSGA-II) is considered for optimization usage. The scheduling strategy proposed, can 

improve the environmental conservation of the system as well as operational economy. 

Furthermore, MG power supply can be improved and energy wastage can be reduce. 

The authors proposed a hierarchal and energy management framework for MG. This 

framework optimize operation for the uncertainties in energy load and RESs (Fan, Ai, & Piao, 
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2018). There are three scheduling phases: hour-ahead scheduling (HAS), real-time scheduling 

(RTS) and day-ahead scheduling (DAS). To reduce the operation cost of MG and ensure its 

safe operation, an optimization model is developed. To handle the model a decomposition-

based algorithm is used. 

In this paper the strategic behavior of retailer is implemented (Imani, Zalzar, Mosavi, & 

Shamshirband, 2018). The strategic behavior includes, distributed energy sources, forward 

contracts, and DR programs. The aims of these programs is to increase profit and reduce risks. 

The retail price is kept as low as possible. Risk management problem of the retailer companies 

is demonstrated through-level programming methodology. Moreover, for retail electricity 

pricing a complete policy is provided. Furthermore, for a given risk level of turnover 

inconsistency, the retailer maximizes its expected profit. Additionally, the consumers minimize 

their energy consumption cost. The offered optimization problem is solved using MIP. 

Dynamic pricing approach is used for increasing profit and reducing the retailer risk. 

This work presents a coordinated and centralized energy management system for optimal 

grid operation. The optimization is done for Supply Side Management System (SSMS), 

Transmission Line Management System (TLMS) and HEMS. Objective function is 

implemented to reduce the SSMS and HEMS electrical energy  

Table 2.4 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

IPSO (Yang, Yang, 

Tsai, Chen, &Chen, 

2015)  

Reduction of peak 

load 

Desired objectives 

achieved  

Only inactive 

appliances is 

reflected and 

UC is bargained 

 

DSM GA 

(Jayabarathi,  

Raghunathan,  

Adarsh, &Suganthan, 

2016)  

To reduce cost 

 

A lesser cost is 

employed by the user 

with this model 

 

Neglected the 

PAR and UC 

 

 

NSGA-11 (Pan,         Load power             High UC achieved at     Consider  

Liu, Wu, &                consumption            a higher budget         electricity price only 

Hao, 2018)                Forecasting 
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MINLP (Fan, Ai,      To optimize the           Operation cost                PAR not  

& Piao, 2018)           social welfare               minimized                      considered 

 

MIP (Imani, Zalzar,  To find best price        Profit maximized         PAR and UC is      

Mosavi, &                                                                                           ignored 

Shamshirband, 2018) 

 

ExC-GA (Monyei,    To reduce operating     Energy cost                   UC is  

Viriri, Adewumi,       cost and optimize         reduced                         compromised 

Davidson, &              thermal comfort 

Akinyele, 2018) 

___________________________________________________________________                                                     

cost (Monyei, Viriri, Adewumi, Davidson, & Akinyele, 2018). Externally Constrained GA 

(ExC-GA) is used to vary DR load intelligently. Day-ahead and time of use pricing scheme are 

used for comparison. Table 2.4 shows summarized literature  

2.4 PRICING SCHEMES BASED TECHNIQUES 

Energy management in the SG was presented in (Derakhshan, Shayanfar, & Kazemi, 2016) 

using Shuffled Frog Leaping (SFL) and TLBO. Using different pricing scheme four scenarios 

were taken into consideration such as CPP, RTP, TOU and the last one without an electrical 

energy price list. The authors used different electricity prices to perform appliances scheduling. 

In this research paper the authors proposed a novel pricing scheme for MG. The MG deploy 

clustering technique, by  

Table 2.5 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

(Derakhshan,  

Shayanfar, & 

Kazemi, 2016)  

 

The optimization 

of DR programs in 

SGs 

 

Optimization of cost 

 

Integration of 

RES  

 

K-Mean algorithm 

(Liu, Mahmoudi,  

& Chen, 2018)  

To reduce energy 

cost 

 

Cost of power and 

carbon dioxide 

emission abridged 

 

UC is decreased 

 

___________________________________________________________________ 
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assigning real-time charges built on their electrical load behavior pattern, after understanding 

the consumers energy consumption pattern (Liu, Mahmoudi, & Chen, 2018). To cluster load 

curve of consumers k-mean algorithm are used. The load profile of each customers is 

determined in each clusters, in an optimal number of clusters. Real-time tariffs are assigned to 

each user cluster having the most suitable price in that particular cluster, after finding the 

energy consumption profile of each cluster. The summarized points is shown in Table 2.5. 

2.4.1 Combined Pricing Model Based Techniques 

For PAR minimization and cost reduction an appliance scheduling model is suggested 

using GA for domestic consumers in (Shirazi, & Jadid, 2015). For electrical energy assessment 

in this model IBR and RTP signals are used. The proposed model attained the objectives for 

multiple and single smart homes as demonstrated by the simulations results.  

Table 2.6 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

BPSO, GA, ACO,  

MKP (Rahim  

et al., 2016)  

Cost and PAR 

reduction  

 

For PAR and cost 

reduction EMC based 

on GA is very efficient  

 

AWT is not 

considered  

 

GA (Deconinck,  

& Decroix, 2009)  
PAR and electricity 

cost  

Reduction  

Using TOU and RTP 

PAR and cost is reduced  

 

UC is not 

increased  

 

___________________________________________________________________ 

An HEMC is proposed by using heuristic techniques such as ACO, GA and BPSO in 

(Rahim et al., 2016). For DSM model a generic architecture is proposed. For problem 

formulation the authors used multiple knapsack problem (MKP). IBR and TOU combined 

model is used as pricing scheme. The GA centered EMC is more well-organized than ACO 

and BPSO in term of UC maximization, PAR and cost saving. This work reduces the PAR and 

electricity cost; on the other hand, Average Waiting Time (AWT) is not measured.  

In (Deconinck, & Decroix, 2009), an efficient HEMS is presented by the authors in 

residential area for DSM. For cost calculation they combined two pricing scheme i.e., RTP and 

TOU. GA is used in this research work for minimizing peak power creation. Moreover, for 

lessening of PAR and electrical energy cost the combination of RTP and TOU is suitable as 

demonstrated by the simulation results. However, a trade-off is present between electrical 

energy cost and UC. Table 2.6 represents findings, limitations and objectives. 

2.5 RENEWABLE ENERGY SOURCES INTEGRATION 
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In the SG energy cost minimization was targeted by means of GA via incorporation of 

storage units and RESs, i.e., battery units in (Mary, & Rajarajeswari, 2014).When the electrical 

energy price or demand is high, then the stored energy is used in particular time interval. The 

authors supposed the charging and discharging bounds of the batteries, and also, to avoid any 

damage of the battery a hardware controller is installed. In addition, no attention is paid to the 

repairs expenses of storage devices, RES and their cost of installation by the authors.  

The electrical load in commercial, industrial and domestic area is balanced by the proposed 

method in (Bharathi, Rekha, & Vijayakumar, 2017). Through DSM the electricity consumption 

of various datasets is compared with GA (GA-DSM) and without GA DSM. The proposed 

approach GA-DSM achieved the desired objective as demonstrated by the rigorous simulations 

i.e., electrical energy usage is 21.91% decreased during high price hours. On the other hand, 

PAR and UC is not discussed by the authors.  

Another electricity cost reduction scheme is offered by (Samadi, Wong, & Schober, 2016). 

In order to shift the household appliances in dissimilar time slots dynamic programming is 

used, and for the communication of the consumer with surplus power generation, game theory 

technique is implemented. The research work already done indicate that the inhabitants 

generate electrical energy using RES for their household utilization, and surplus electricity 

generated is traded back to the acquaintance or utility company. The authors disregarded the 

process of setting up and repair expenditure of RES.  

An optimized energy management system (OEMS) is offered in (Ahmad et al., 2017), 

including RESs integration and ESS. They also discussed the residential sector. For the 

mathematical formulation of the problem MKP is used. Electricity cost and PAR reduction 

problem is solved using BFOA, WDO, GA and BPSO and PSO and GA hybrid version, i.e., 

HGPO technique. PAR and cost reduction of 21.55% and 19.94% are achieved by the 

incorporation of ESS and RES, respectively. Furthermore, by HGPO algorithm implementation 

PAR and bill reduction of 24.88% and 25.12% are obtained, respectively. For increasing UC 

the AWT is not discussed by this research work.  

Table 2.7 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

GA (Mary, &  

Rajarajeswari,  

2014)  

To decrease PAR 

and electricity  

cost  

Simulations denote that 

they reduced the PAR 

and cost  

 

RES fitting cost 

is ignored  

 

Dynamic  

programming  

Cost reduction  The cost is potentially 

reduced  

RES installation 

and maintenance 
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(Samadi, Wong, &  

Schober, 2016)  

  cost not 

considered  

 

BPSO, GA, WDO,           Reduction of        Using HGPO bill and    AWT is not 

BFOA, HGPO, MKP       PAR and cost       PAR is reduced up to      considered  

(Ahmad et al., 2017)                                      25.12% and 24.88%     

 

GA, BPSO, WDO,          Bill and PAR        Achieved 34% PAR          UC is not 

GBPSO, BFA                  reduction              and 36% cost reduction     considered 

(Javaid et al., 2017b)                                                                                     

 

MINLP (Liu et             To reduce MG       Operating cost reduced         PAR is  

al., 2018)                      operating cost                                                 compromised              

___________________________________________________________________ 

The authors proposed a HEM model in (Javaid et al., 2017b). The incorporation of RES 

with and without RES scenarios are used with TOU pricing scheme. For appliances scheduling 

using the DSM model, CSA, GA, BPSO are used which are evolutionary based algorithms. 

Considering smart homes, smart home with RES integration and old-style homes, the TOU 

pricing scheme is used. In comparison to GA and BPSO with and without RES integration 

6.93% and 43.10% cost saving is achieved by CSA, respectively. Cost is reduced using 

HEMS; however, UC is not maximized.  

In (Ippolito, Telaretti, Zizzo, & Graditi, 2013), a regulator between PV and grid or battery 

storage system with wind generators integrated is proposed by the authors, which act as a 

controller strategy for controlling RESs generation. The ancillary services are provided by the 

connection device. Three steps control strategy is proposed by the authors in this research work. 

Considering the usage of domestic energy for managing the collaboration between DERs and 

RESs, a special methodology is used by the authors. Peak shaving, UC optimization and 

forming virtual power plants are the main objective of this study (Molderink, Bakker, Bosman, 

Hurink, & Smit, 2010).  

The authors developed a MG consisting of storage, renewable generation and residential 

buildings. The building require heating/cooling. An optimization model for MG is developed 

based on MINLP. The optimization objectives are thermal comfort and economy (Liu et al., 

2018). Simulation outcomes display that the suggested approach effectively lowers the 

operating cost and also ensure the thermal comfort level of the customers. Table 2.7 shows 

the summarized literature review of section 2.5. 

2.6 MICRO GRID BASED TECHNIQUES 
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For the best operation of MG a distributed EMS (DEMS) is presented and designed by the 

authors. The problem is considered as an optimum power flow (OPF) problem by the authors 

(Shi, Xie, Chu, & Gadh, 2014). An optimal schedule is computed by local controller and MG 

central controller in this model. The proposed distributed EMS is applied to a real MG 

including wind turbines, BBS, diesel generators and a solar. The distributed EMS is tested 

together both in grid connected and islanded mode as well as it is shown that convergence 

occurs very fast by their proposed techniques. The UC optimization is not considered by the 

authors. In (Liu, Chen, & Yuan, 2015), while discussing the energy scheduling problem, a 

hybrid energy MG model is proposed by the authors. Electric vehicle (EV), combined heat 

energy storage system, wind power and solar is present in their model. Cost optimization is the 

main objective function; which consists of gas, operational, electric power, EV charging 

discharging and storage cost reduction. They used groups, units and swarm information to 

update velocity by proposing a Multi-team PSO (MTPSO). As compared to PSO, MTPSO has 

stable version. However, UC is not taken into account for optimization.  

A residential MG is proposed by authors consisting RESs in (Corchero, Cruz, & Heredia, 

2014). The domestic electrical load is divided into three different types for obtaining a realistic 

and an efficient management. In addition, considering consumers behavior, the anxiety range 

concepts are introduced. A schedule is made for all components of the MG by the designed 

model using day-ahead pricing scheme. Daily cost saving of 10% is shown by the simulation.  

TOU based EMS along with ESS integration is discussed by authors in (Graditi, Ippolito, 

Telaretti, & Zizzo, 2016). Using different battery technologies the technical and economic 

evaluation is carried out. The cost is significantly reduced by the integration of ESS with TOU 

as shown by their simulation results.  

For imported load reduction from external grid and for electric cost a HEM scheme based 

on MILP technique was proposed in (Aslam et al., 2018). The MG integration is done by 

authors consisting of solar panel, wind turbine with EV i.e., mobile storage. Imported load and 

total cost is decreased by the proposed scheme as illustrated by the simulation results.  

In (Boopathy, & Sivakumar, 2014), the authors used supervisory control and data 

acquisition (SCADA) for proposing an independent hybrid power system (HPS). They 

incorporated wind, solar power with diesel generation which enhances power availability due 

to autonomous HPS. DC generation generated by solar panel is converted by an inverter to AC 

electricity. However, for UC optimization, they did not consider AWT. The authors considered 

locational pricing in the market for power losses (Menshari, Salehi, & Ghiamy, 2018).This 

work considered domestic market and upstream market modeling to play a dual role. However, 
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to maximize social welfare, market will simultaneously implement active and reactive power 

respectively. For modeling the uncertainties in power generation, Weibull probability density 

function (PDF) and Beta methods are used. To determine the  

Table 2.8 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

MINLP (Liu et                 To reduce MG           Operating cost reduced     PAR is  

al., 2018)                           operating cost                                              compromised        

 

MTPSO (Liu,                   Lessening of cost     Saving of price achieved    UC is not 

Chen, & Yuan, 2015)                                                                                    debated 

 

SCADA (Boopathy,       A mix power               Power system                 UC is  

& Sivakumar, 2014)       generation model        hybrid design            compromised            

 

GA-PSO (Menshari,       To maximize             Social welfare         uncertainty cost             

Salehi, & Ghiamy,          social welfare             maximized                  is ignored 

2018)  

 

Serial quadratic           To increase profit     Optimal load demand        Network loss 

programming               and discomfort        and generation achieved    and ESS  

(SQP) (Cai, Du,                                                                                     capacity  is  

Yu, Gao, Littler,                                                                                    decreased 

& Wang, 2013)  

 

MEM-DOA (Longe,      To minimize the    Profit and comfort        Cost increased 

Ouahada, Rimer,            operating cost             achieved                  with increased  

Ferreira, & Han,                                                                                comfort 

2017)  

 

ISA (El-Hendawi,          Price arbitrage        Operating cost              PAR increased  

Gabbar, El-Saady,          and power              minimized                     with decreased  

& Ibrahim, 2018)           smoothing                                                     comfort    

 

BED and RED          Energy flexibility       Operating cost and           Cost increased  

(Zhang, Hajiesmaili,                                    energy demand                 with energy  

Cai, Chen, & Zhu,                                        satisfied                            demand  

2018)                                                                                                     satisfaction 

 

Multi-agent Model      DSM of the SG:         Electrical load                 UC is  

(Logenthiran,              appliances load           shifting and cost              bargained   

Srinivasan, &              changing and              optimization  

Vanessa, 2014)           inducements  

 

MILP (Henao-Munoz,   To maximize profit     Operating cost                 PAR is  

Saavedra-Montes, &       and reduce risk           optimized                        ignored 

Ramos-Paja, 2018)  

QPSO (Wang                To reduce                     Daily cost reduced           Daily PAR  

et al., 2018)                   electricity cost                                                       increased 

___________________________________________________________________ 
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system prices, locational marginal pricing methods (LMP) are used. The problem is optimized 

using intelligent GA-PSO hybrid algorithm.  

The authors discussed a statistical model for electric vehicle charging/discharging 

behavior. The initial state of charge (SOC) randomness behavior is described in batteries for 

electric vehicle (Cai. et al., 2013). Serial Quadratic Programming (SQP) is used by authors for 

the ideal charging and discharging schedules of EV. The day-ahead scheduling is used for 

power generation and load demand. In grid-connected process mode, the network loss and in 

islanded process mode the required ESS capacity is decreased respectively. 

The authors proposed MG Distributed Energy Management Optimization Algorithm 

(MEM-DOA) for efficient energy management (Longe, Ouahada, Rimer, Ferreira, & Han, 

2017). According to consumer type this algorithm is used in a distributed fashion in the 

network. Each customers optimizes the trading and energy consumption for profit and 

discomfort. The proposed model gave better user satisfaction, higher cost savings and reduced 

PAR demand on the utility. Abridged investment on peak power plants, environmental benefits 

and grid reliability are some other advantages. 

This work proposes an optimal EMS and a control algorithm for grid-connected MG (El-

Hendawi, Gabbar, El-Saady, & Ibrahim, 2018). The proposed algorithm minimizes the 

operating cost of the MG. The MG is made up of PV, wind turbine and a BSS. To determine 

the optimal hourly scheduling for the MG, Interior Search Algorithm (ISA) is used. The control 

system of the MG includes three stages: local control, supervisory control and EMS. Using real 

case study the proposed model was tested with various load conditions.  

In MG operation economic dispatch is a central problem which efficiently schedules 

various energy resources. The resources are scheduled along these lines to satisfy the energy 

demand, while minimize the operating cost of MG (Zhang, Hajiesmaili, Cai, Chen, & Zhu, 

2018). The authors proposed a peak-aware online dispatch algorithm to solve three challenges. 

It is proved that the proposed deterministic and randomize algorithm perform better as compare to 

existing algorithms. 

A small-scale power dispatch MG is proposed in Colombian area for power supply. An 

energy management system is used to generate power dispatch, based on MILP (Logenthiran, 

Srinivasan, & Vanessa, 2014; Henao, Saavedra, & Ramos, 2018). The MG minimizes the cost 

of operating the grid in the given constrains. The optimization problem is solved using energy 

management system and MILP. The MG consists of PV, wind, diesel generators, battery bank 
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and domestic load. The power dispatch obtained with heuristic algorithm and with proposed 

solution is compared. 

The authors proposed an isolated MG consisting of RESs, Hybrid Energy Storage System 

(HESS) consisting of a typical load and batteries. To optimize the HESS capacity, a Quantum-

behaved PSO (QPSO) algorithm is proposed. Compensation power is corrected considering 

each energy storage rated power (Wang et al., 2018). In addition, a mathematical model is 

derived for minimizing the day-to-day price of HESS. This work consider a remote MG in 

China to confirm the efficiency of the proposed scheme. A comparison is made between QPSO 

and traditional PSO, which demonstrate that QPSO can determine the best solution very 

quicker as traditional PSO. The daily cost by HESS is also low in case of QPSO. Table 2.8 

shows the summarized literature review. 

2.7 LOAD BALANCING AND PEAK LOAD SHAVING BASED TECHNIQUES 

Load balancing and shifting were the main goals of (Logenthiran, Srinivasan, & Vanessa, 

2014). A multi-agent system was designed for this purpose, having each user as single agent. 

Each agent was assigned a specific electrical load which is distributed into time slots. 

According to a specific time slot, for each agent power was transmitted. In this research work, 

industrial, commercial and domestic consumers were considered. In (Islam, Das, Ghosh, Roy, 

& Suganthan, 2012), the EDE technique elementary concepts were discussed. Five test vectors 

were used in place of one trial vector by using the enhanced version of differential evolution. 

Using three arbitrary vectors a new population was generated. The modified vector was created 

in EDE and after comparing fitness with mutant and target vectors, trial vector were created 

for updating population. So as to, increase the performance of the scheduling algorithm having 

different mutation and crossover approaches, the Differential Evolution (DE) technique was 

offered in (Li, & Zhang, 2009). In contrary to (Islam, Das, Ghosh, Roy, & Suganthan, 2012), 

to update the population a single experimental vector was used.  

Table 2.9 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

Multi-agent Model            DSM of the SG:         Electrical load               UC is  

(Logenthiran,                    appliances load           shifting and cost            bargained 

Srinivasan, &                    changing and              optimization  

Vanessa, 2014)                  inducements  

 

WDO, K-WDO                 Control residential     PAR and cost                UC is not 

(Javaid et al., 2017a)         load                            optimized results          considered    

                                                                             obtained  

MIPO, BAB                       PAR and                   PAR and                         PAR is  

(Qayyum et al., 2015)       cost reduction            cost reduction                ignored 
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___________________________________________________________________ 

In (Javaid et al., 2017a), the authors anticipated an accurate optimization model to govern 

domestic customer preferences and electrical energy load. Taking into consideration appliance 

categories, weather conditions and customer preferences, they modeled the customer comfort. 

For electricity cost and UC they used WDO while for the electrical energy cost and PAR 

reduction they used knapsack based problem (K-WDO). Optimized results of UC, PAR and 

electricity cost are achieved as shown by the simulation results. PAR and cost minimization 

and controlling of the residential load by the authors using K-WDO and WDO, but ignore the 

UC.  

The scheduling of appliances operation is described (Qayyum et al., 2015). Mixed integer 

programming optimization (MIPO) technique is offered by the authors. Cost and peak electrical 

load is also minimized. For problem solution and mathematical formulation the branch and 

bound (BAB) algorithm is used. Electricity is exported back to the grid using PV as MG. 

Decrease in PAR is not consider by this work. The techniques discussed here is summarized in 

Table 2.9. 

 

2.8 APPLIANCES SCHEDULING BASED TECHNIQUES 

Balancing load and cost reduction between electricity demand and supply by optimal 

scheduling of home appliances is an interesting research domain focused by the group of people 

for research. So as to, reduce PAR, curtail cost and make best use of UC, many heuristic 

algorithms optimization policy have been proposed in the past few years. (Zhang, Evangelisti, 

Lettieri, & Papageorgiou, 2016), explains the reduction in energy consumption, energy 

consumption cost and PAR. For this purpose, a MILP model is proposed with the incorporation 

of RESs. Contrary wise, the energy cost reduction and electrical energy optimization strategy 

is adopted using GA for residential consumers by (Mohamed, & Koivo, 2012). To tackle the 

energy optimization problem a heuristic-based model is presented for residential sector in 

(Javaid et al., 2017a). The effectiveness of their proposed model is demonstrated by the 

simulation results in term of PAR reduction and electricity expense by scheduling the 

appliances in a smart home in a specified time frame.  

Scheduling of appliances is discussed and hybrid energy generation system (HEGS) is 

proposed by the authors in (Liu, Chen, & Yuan, 2015). The model proposed contains electric 

vehicle (EV), wind turbine, PV and combined heat power energy storage. They reduce cost 
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optimization which includes lowest total operating price, price of gas intake, electric grid 

power, price of storage system and costs of EV charging and discharging. MTPSO is offered 

which is an efficient algorithms for updating velocity using different information. As compared 

to PSO, MTPSO is more stable. This work reduces cost efficiently but ignores UC, as there is 

substitution cost, which is reduced, lead to more compromised UC.  

To optimize operation and scheduling of appliances Cooperative PSO (CPSO) is used by 

the authors in (Zhu, Lauri, Koukam, & Hilaire, 2015). Power shiftable and time shiftable 

appliances are used for scheduling purpose. The objectives obtained are balancing total load 

on the main grid, maximize UC and reduction of electricity cost. This work decreases price 

proficiently using CPSO but did not consider PAR and AWT. 

The scheduling of home appliances is described by the authors in (Yoo et al., 2012). 

Electricity consumption pattern optimization is their main objective. MILP is investigated 

using RESs scheduling for home appliances. Local energy generation is done from RESs, 

which reduces electricity cost and minimize dependence on grid. The extra power produced is 

traded back to the grid, which further reduces the electrical energy price. Even though, HEMS 

integrated with RESs is advantageous for both customers and utility, on the other hand, RESs 

installation cost in a single home or for a consumer is very high. Table 2.10 summarized the 

discussion. 

Table 2.10 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

WDO, K-WDO  

(Javaid et al., 2017a)  
Control residential 

load  

 

PAR and cost optimized 

results obtained  

 

UC is not 

considered  

 

MTPSO (Liu,  

Chen, & Yuan, 2015)  
Lessening of cost  

 

Saving of price achieved  

 

UC is not 

debated  

 

CPSO (Zhu, Lauri,  

Koukam, &Hilaire, 

2015)  

Electricity cost 

reduction  

 

Cost reduction achieved  

 

PAR and AWT 

is not considered  

 

MILP (Yoo et al., 2012)  

 

RESs integration 

with cost and PAR 

reduction  

 

Reduction of cost  

 

For small scale 

domestic user it 

is expensive  

 

_________________________________________________________________________ 

2.9 USER PREFERENCES BASED TECHNIQUES   
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      Authors proposed different DSM programs (Javaid et al., 2017b). They used the enhanced 

differential evolution (EDE), TLBO, GA technique and the anticipated enhanced differential 

teaching-learning algorithm (EDTLA) to administer UC and electrical energy consumption, 

however taking into consideration the individual likings and energy utilization pattern. To get 

monitory benefits shiftable appliances electrical energy consumption profile is considered. The 

incorporation of RESs, reduction of carbon emission, UC maximization and cost reduction is 

also considered. Trade-off between UC and cost is taken into account while PAR is reduced. 

Without the integration of RESs the PAR and electrical energy cost are decreased up to 43% 

and 36%, in that order. With RESs integration, emissions of carbon, PAR, and electricity cost 

reduction is up to 29%, 55% and 67% respectively. Emissions of carbon and cost reduction is 

optimized, however, ignored AWT.  

Table 2.11 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

GA, BPSO,WDO, 

GBPSO, BFA (Javaid et 

al., 2017b)  

 

Bill and PAR 

reduction  

 

Achieved 34% PAR and 

36% cost reduction  

 

UC is not 

considered  

 

MKP (Rasheed  

et al., 2016)  
Cost and UC  

Optimization  
Obtained energy savings 

by 11.77% and 5.91%.  

 

AWT is not 

considered  

 

_________________________________________________________________________ 

Information base energy management algorithm which is a real-time system discussed by 

the authors for reducing PAR and cost, while keeping the UC in constant state (Rasheed et al., 

2016). They classified the appliances into different categories. Maximization of UC, saving of 

cost and preferences of customers are considered. Intelligent Programming Communication 

Thermostat (IPCT) is used to model refrigerator and air conditioner. The discussion is 

summarized in Table 2.11. 

Considering the domestic electrical load usage, the authors suggested a novel Decision 

Support and Management System (DSMS) (Siano, Graditi, Atrigna, & Piccolo, 2013). The 

working of the designed system is similar to Finite State Machine (FSM). Based on consumer’s 

preferences the FSM consists of different scenario.  

2.10 ELECTRICITY PRICE REDUCTION TECHNIQUES 

In (Ullah et al., 2015), for bill minimization and PAR reduction a new scheduling model is 

proposed using heuristic technique in a domestic area. Illustration of the simulation outcomes 
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show the usefulness of the anticipated model using GA and BPSO for problem optimization. 

The discussion is summarized in Table 2.12. 

In the domestic sector energy consumption plays a significant part in decreasing energy 

consumption and electrical energy prices. Using GA and an Artificial Neural Network (ANN-

GA) scheme, scheduling is performed using residential appliances, considering the above fact 

in (Ghasemi, Shayeghi, Moradzadeh, & Nooshyar, 2016). A home with 4 rooms on a weekly 

basis is taken for scheduling. To discover the finest probable solution out of the entire search 

space was the main objective of the authors. Reduction in electricity usage were obtained with 

a 25%, 40% and 10% from the electric grid. However, the authors did not taken into 

consideration the multiple OTIs for optimization problem. 

Using GA and cuckoo search a cost-efficient scheme is proposed by Aslam et al. (2017). 

The electricity cost is efficiently minimized by the proposed scheme, however, UC is not 

measured for optimization.  

For domestic users a Standard DSM (G-DSM) model is provided in (Khan, Javaid, 

Mahmood, Khan, & Alrajeh, 2015). They consider reducing PAR, electricity cost and 

appliances WT. They use GA for scheduling of appliances and consider twenty users. For 

twenty and one home the reduction of cost is 45.85% and 39.39%, respectively. The decrease 

in PAR for twenty and a one user are 45.24%, and 17.17%, respectively. The bill decrease in 

cents is 25.62% on day-to-day basis. They discussed the correlation between price and 

appliances waiting time. The authors reduced PAR and cost but UC is ignored. 

An opportunistic scheduling algorithm is discussed in (Rasheed et al., 2016). Optimal 

Stopping Rule (OSR) and RTP scheme are used. Based on electrical energy consumption 

profile of the customers, priority is assign to the consumers for energy consumption. To reduce 

WT and electricity cost of appliances First Come First Serve (FCFS) algorithm is used. To 

maximize the UC Priority Enabled Early Deadline First (PEEDF) technique is used. FCFS and 

MFCFS save 65.95% and 42.58% cost, respectively, which is 23.34% less than FCFS. 

Furthermore, 48.28% cost saving is achieved by PEEDF which is 5.7% more than FCFS. 

Throughout peak hours RE are used and when the energy is left-over, sell it back to the 

electrical grid. Different algorithms are used to decrease cost and AWT but ignored the UC. 

To optimize electricity cost and carbon dioxide emission an optimization model is proposed. 

Table 2.12 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 
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MILP and PSO  

(Ghasemi, Shayeghi,  

Moradzadeh, &  

Nooshyar, 2016)  

Next-day energy 

reserve scheduling 

model with 

sensitive load in 

SG.  

 

Scheduling of power  

 

Reliable power 

grid customers 

necessities are 

not considered  

 

GA (Khan, Javaid,  

Mahmood, Khan,  

& Alrajeh, 2015)  

 

PAR and electricity 

cost  

reduction  

The PAR and cost are 

reduced by 17.17% and 

25.62%.  

 

UC is not 

considered  

 

MKP (Rasheed  

et al., 2016)  
Cost and UC  

Optimization  
Obtained energy savings 

by 11.77% and 5.91%.  

 

AWT is not 

considered  

 

MILP (Pooranian,  

Abawajy, & Conti, 

2018)  

To reduce energy 

cost  

 

Cost of power and 

carbon dioxide emission 

abridged  

 

UC is decreased  

 

_____________________________________________________________________ 

The authors consider consumers preferences in buildings, equipped with distributed energy 

resources (DERs) (Pooranian, Abawajy, & Conti, 2018). The DER operation and controllable 

and uncontrollable appliances are scheduled. The authors used real-time pricing scheme and 

decrease crowning demand on the grid. The optimization problem is formulated using MILP 

technique in multiple smart homes. The electrical load is scheduled considering the 

environmental and economic perspective. The excessive simulations shows that the proposed 

approach reduced carbon dioxide emission and energy cost.  

2.11 USER COMFORT AND PEAK-TO-AVERAGE RATIO ORIENTED 

TECHNIQUES 

In (Javaid et al., 2017b), authors have discussed HEMC for the domestic electrical load. 

For PAR and bill reduction the algorithms used are i.e., Genetic BPSO (GBPSO), BFOA, 

WDO, BPSO and GA. PAR and cost reduction of 34% and 36% is obtained. For fifty, ten and 

one home the cost is computed. On the other hand, UC and consumer preferences are not 

considered by the authors. 

Table 2.13 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

GA, BPSO,WDO, 

GBPSO, BFA (Javaid 

et al., 2017b)  

 

Bill and PAR 

reduction  

 

Achieved 34% PAR 

and 36% cost reduction  

 

UP is not 

considered  
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NCG (Sheikhi,  

Rayati, Bahrami,  

& Ranjbar, 2015)  

 

PAR and cost 

reduction  

 

PAR and cost is 

reduced  

 

UC is not 

considered  

 

MKP (Mahmood  

et al., 2016)  

Cost and carbon 

footprints  

reduction  

Total cost and peak 

load is reduced up to 

23.11% and 22.9%.  

 

AWT not 

discussed  

 

GA (Khan,  

Javaid, & Khan,  

2018)  

To increase UC  

 

High UC achieved at a 

higher budget  

 

Consider fixed  

electricity price 

only  

___________________________________________________________________ 

Considering natural gas and electricity consumption and modern energy management 

techniques a Smart Energy Hub (SEH) is provided by the authors. SEH is expressed as a Non-

cooperative Game (NCG) (Sheikhi, Rayati, Bahrami, & Ranjbar, 2015). The Nash Equilibrium 

(NE) is also proved by the authors. The SEH proposed minimizes the PAR and electrical energy 

price. Price and PAR is decreased by using NCG but the UC is ignored.  

For enhancement of appliances utility and reduction of electricity cost an accurate 

mechanism of appliance scheduling is offered by the authors in (Mahmood et al., 2016). The 

twenty four hours’ time horizon is separated into 4 sub time intervals each with 6 hours 

duration. For reduction of cost and appliances utility BPSO is used. They also consider UC. 

RSM with power storage is proposed for creating an equilibrium between cost-efficiency and 

appliances function that gives UC increase of 0.185 and 0.149 regarding unscheduled electrical 

load and BPSO on a measure of 0 to 1, respectively. The UC is optimized and cost is reduced, 

but ignore PAR. 

To increase intelligence of Conventional Programming Communication Thermostat 

(CPCT), the authors used GA. They considered electrical energy cost, reduction in PAR and 

maximization of UC. The energy utilization is effectively managed by the proposed algorithm 

via home appliances scheduling. They obtained PAR and energy cost reduction up to 22.77% 

and 22.63%, respectively, using the proposed algorithm. Using GA PAR and electricity cost is 

reduced but did not consider AWT. The authors proposed GA based Evolutionary Creative 

Comfort Algorithm (EACA) to increase UC in three budget scenarios (Khan, Javaid, & 

Khan, 2018).  Table 2.13 concludes the discussion. 

2.12 HOME ENERGY MANAGEMENT SYSTEM BASED TECHNIQUES 
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Considering DSM for HEM and smart home and residential load scheduling an enormous 

amount of research has been done. Some work has been cited below.  

To improve the task of smart household electrical appliances in the HEMS, a DR based 

scheme is offered in (Huang, Wang, Guo, Kang, & Wu, 2016). Two Point Estimation Method 

(2PEM) used with particle swarm optimization was suggested for decreasing computational 

load burden. The proposed scheme GPSO-Latin Hypercube Sampling (LHS) method and 

gradient-based PSO-2PEM outcomes was compared with each other. Compared to GPSO-LHS 

the proposed scheme was more efficient concerning reduced computational electrical load 

burden. On the other hand, the authors did not consider electricity cost and PAR paid by the 

customers. 

In (Han, Choi, Park, Lee, & Kim, 2014), for PAR and electrical energy consumption a 

smart HEM architecture is proposed by the authors. For smart electrical energy generation they 

considered a PV panel in the proposed architecture. For home appliances assessment the 

ZigBee model is used; the information transferred to the home sever is gather by this model 

from home appliances. For PV panel maintenance and assessment a Power Line 

Communication (PLC) design is used; maintenance problem, temperature, electricity 

generation forecasting are the information which is gathered and transmit it to the home-based 

server. The usefulness of the proposed design is shown by the simulation results according to 

the objectives defined.  

Table 2.14 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

GWO and BFOA  

(Hassan et al., 2017)  

Cost and PAR 

reduction  

 

Achieved 10% more 

cost reduction by GWO 

as compared to BFA  

 

UC is ignored  

 

MILP (Erdinc,  

Paterakis, Pappi,  

Bakirtzis, & Catalao, 

2015)  

Techno-economic 

sizing and HEMS 

modeling  

 

Sizing of extra ESS 

and PV  

 

Cost reduction 

and UC are 

disregarded  

 

ANN (Forderer,  

Ahrens, Bao,  

Mauser, & Schmeck, 

2018)  

To minimize the 

operation cost  

 

Energy flexibility  

achieved  

PAR and cost is 

not considered  

 

___________________________________________________________________ 

For load balancing and reduction of cost a HEMS is proposed by the authors in (Hassan et 

al., 2017). By using BFOA and GWO the performance of the proposed HEMS is evaluated. 
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Based on energy consumption pattern the appliances is divided into two classes and then PAR 

and electrical energy price is decreased. To manage power consumption peak and off-peak time 

slots are considered. They used critical peak pricing scheme and achieved 10% more price 

saving by GWO as matched to BFA. PAR and bill is decreased in this work but UC is 

overlooked.  

A comprehensive review of HEMS is provided by Beaudin & Zareipour (2015). For 

reducing and shifting energy consumption and generation in the residential area, HEMS is an 

efficient tool. DR activities are largely depends on HEMS. To create an ideal electrical energy 

usage schedule for home-based appliances HEMS is needed. For this purpose, environmental 

concerns, load profile, energy cost and UC are multiple objectives to be considered. (Somma, 

Graditi, Heydarian-Forushani, Shafie-Khah & Siano, 2018) discusses a Stochastic 

Programming Model (SPM). Using RESs economic and environmental aspects are considered 

by the authors. The uncertain parameters are modeled considering demand and supply for 24 

hours duration using roulette wheel selection method and Monte Carlo method. The 

optimization problem is formulated as a random linear programming problem having multi 

objectives.  

Using MILP techno-economic sizing and HEMS modeling framework is proposed by the 

authors in (Erdinc, Paterakis, Pappi, Bakirtzis, & Catalao, 2015). For smart home appliances 

the sizing of BBS and additional DG are discussed. They compared the everyday electrical 

energy intake demand profile and regular day-to-day power intake profile of domestic 

appliances and investigated the DR activities for it. For different seasons for BBS and DG, 

distributed generation profile, varying load and decreasing cost has been focused by the 

authors. Different sensitivity analysis has been considered by the authors, to validate the 

influence of variation of monetary contribution for a given model for analysis of extended 

term duration has been kept in view. However, AWT minimization for UC optimization is 

not considered by the authors. 

To charge control of vehicle batteries an efficient strategy is described by this paper for 

optimizing the charging/discharging process (Ito et al., 2018). This technique used the 

information from home power load and vehicle state for use of domestic purpose. Dynamic 

programming and semi-Markov model is used to develop future prediction algorithm. The 

prediction algorithm find the future vehicle state. Table 2.14 concludes the review in this 

section. 

This research work offers a new methodology for the representation of reliability and 

flexibility of distributed energy resources. To represent the devices that acts as a surrogate 
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model, ANN are used. The advantage of this approach is the arbitrary energy flexibility 

(Forderer, Ahrens, Bao, Mauser, & Schmeck, 2018). 

2.13 ENERGY STORAGE SYSTEM BASED TECHNIQUES 

Penetrating electrical load demand from the user was talk over in the case of power storage 

in (Soares, Ghazvini, Vale, & Moura, 2016). To scheduled energy consumption and power load 

ahead of time virtual power play was very helpful.  

Table 2.15 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

Shuffled frog leaping 

(SFL) and TLBO 

(Soares, Ghazvini, 

Vale, & Moura, 2016)  

 

The optimization 

of DR programs in 

SGs  

 

Optimization of cost  

 

Integration of 

RES  

 

MPC and OCM  

(Wu, Tazvinga, & Xia, 

2015)  

Reduction of 

electricity bill  

 

Bill reduction and 

energy management  

 

AWT is not 

decreased for 

UC 

improvement  

 

MIP (Isikman,  

Yildirim, Altun,  

Uludag, &Tavli, 2013)  

Energy resources 

proper scheduling 

among consumers  

 

Energy utilization 

maximized  

 

UC is ignored  

 

GMBPLA (Brenna,  

Foiadelli, Longo, & 

Zaninelli, 2016)  

To reduce cost  

 

Load forecasting 

achieved  

 

BESSs cost is 

not considered  

 

Game theory (Tushar, 

Zeineddine,  

& Assi, 2018)  

Energy trading  

 

The cost is reduced  

 

PAR and BESSs 

cost is not 

considered  

 

IPSO (Yang, Yang, 

Tsai, Chen, &Chen, 

2015)  

 

Reduction of peak 

load  

 

Desired objectives 

achieved  

 

Only inactive 

appliances is 

reflected and 

UC is bargained  

 

PMA (Salas,  

Marzal, Gonzalez,  

Figueres, & Garcera, 

2018)  

To minimize 

operating cost  

 

Electricity cost 

optimized  

 

PAR is ignored  

 

___________________________________________________________________ 

Electrical load demand is increased at the same time for electricity distributed generation. 

The Vehicle to Grid (V2G) policy was used for handling the extensive electrical load demand. 

To balance the load among many distribution units MILP with BPSO hybrid technique was 
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proposed in this work. To design a day-ahead model for price forecasting of electrical energy 

that needs a mathematical formulation which is very complex. To perform this validation on 

an experimental basis, thousand electric vehicle stations and 180 distributed units were used.  

An optimum electrical energy management model for battery hybrid system and a grid-

linked solar energy is proposed and discussed by the authors in (Wu, Tazvinga, & Xia, 2015). 

Considering the constraints such as battery capacity limits, solar output and power balance, the 

electricity cost is optimized by the proposed model. To ship the energy flow built on 

indeterminate distribution in real-time the open and close loop method is followed by the 

authors. Robust control performance and cost saving are performed by these two methods. 

Furthermore, the UC is not considered by the authors. Table 2.15 lists the limitations and 

findings. 

An optimization problem based on power scheduling is investigated with energy storage 

and RESs in (Isikman, Yildirim, Altun, Uludag, & Tavli, 2013). Using MIP they have proposed 

a novel solution and formulation for this model and the appliances are categorized into five 

categories. A large number of appliances are not handled by MIP and the problem become 

more complex. However, they also ignored the UC. The author’s presents a control and sizing 

strategy of battery-operated electrical energy storage systems for PV generation farm (Brenna, 

Foiadelli, Longo, & Zaninelli, 2016). The BESS is dispatched for ahead and day-ahead 

markets. A predictive model is developed for forecasting solar irradiation and load power 

consumption. Neural network is used which is feed-forward to establish this model. The neural 

network is educated with the Gutenberg–Margaret Back-Propagation Learning Algorithm 

(GMBPLA).  

The authors proposed a Real-time Decentralized DSM (RDCDSM) for adjusting the real-

time domestic load (Tushar, Zeineddine, & Assi, 2018). Based on predicted customer aggregate 

load, day-ahead energy generation is preplanned. At the time of energy consumption, a 

deviation from the predicted demand results in additional cost of the deviated customers. To 

formulate our problem, game theory with mixed strategy is implemented for cost reduction of 

customers. To avoid demand deviation, customers used RESs and ESSs. RDCDSM helps to 

reduce uncertainties in renewable integration. In this way, the power quality is increased.  

In this work, the authors proposed an optimum operation policy for a hybrid electrical 

energy storage scheme, which is hierarchical in nature (Yang, Yang, Tsai, Chen, & Chen, 

2015). This strategy can be used in distribution network for voltage regulations, price arbitrage 

and PV power smoothing with high PV penetration. To smooth power fluctuation, fuzzy logic 



  

75 

is used. A coordinated control comprised of centralized and local control for lithium-ion battery 

is proposed. The coordinated control perform price abridge and voltage regulation.  

The authors discussed two area: design of a BESS and power management of the MG. MG 

Central Controller (MGCC) performs power management (Salas, Marzal, Gonzalez, Figueres, 

& Garcera, 2018). The key objectives of the electrical power management unit are to reduce 

energy price taken from the grid and to make best use of the battery life following proper 

procedure for battery charging/discharging. In addition, the authors suggested a Power 

Management Algorithm (PMA) for the MG. 

2.14 MULTIPLE KNAPSACK PROBLEM FOR PROBLEM   FORMULATION 

A general cost model was proposed by (Ogwumike, Short, & Abugchem, 2015). An 

Intelligent Decision Support System (IDSS) was used to solve some problems. An excellent 

communication is provided between utility and consumer by IDSS associated with AMI 

provides excellent communication between the customer and utility. The brief points are 

given in Table 2.16. 

To achieve the objective function of UC maximization and cost reduction Knapsack with 

WDO (K-WDO) was implemented (Rasheed et al., 2015). For K-WDO constraints were used 

known as min-max. Power ratings and category are considered to classify the appliances. The 

pricing tariff used for on-peak and off-peak hours used was TOU keeping in view the consumer 

preferences; however, system complexity and PAR were compromised.  

Table 2.16 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

Greedy algorithm  

(Ogwumike, Short, & 

Abugchem, 2015)  

Using a generic 

cost model to 

heuristically 

optimize energy  

 

Cost and user 

frustration minimized  

 

Complexity of 

system 

increased, PAR 

is not discussed  

 

GA, PSO and  

MKP (Mahmood,  

Javaid, Khan, &  

Razzaq, 2016)  

To reduce cost and 

PAR  

 

Valuable model for 

PAR reduction and 

electrical energy price  

 

UC is not taken 

into account  

 

MKP (Rasheed  

et al., 2016)  

Cost and UC  

Optimization  

Obtained energy 

savings by 11.77% and 

5.91%.  

 

AWT is not 

considered  
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MKP (Mahmood  

et al., 2016)  

Cost and carbon 

footprints  

reduction  

Total cost and peak 

load is reduced up to 

23.11% and 22.9%.  

 

AWT not 

discussed  

 

___________________________________________________________________ 

Using PSO and GA the authors had further incorporated an optimization technique for PAR 

minimization and electricity cost saving in (Mahmood, Javaid, Khan, & Razzaq, 2016). For 

problem formulation the MKP is used and three dissimilar pricing scheme, i.e., CPP, RTP and 

TOU are studied for electrical energy price estimation. Their proposed scheme performance is 

validated by the simulation results, and as to other counterparts GA performs superior. 

An energy optimization techniques is proposed by authors in (Rasheed et al., 2016). To 

find the dynamic behaviors of users, weather conditions and electricity prices the household 

appliances are scheduled by the authors. UC and cost optimization is also considered. Using 

MKP the objective function is solved. In case of people presence and no presence the energy 

savings obtained are 11.77% and 5.91%, respectively. The energy cost is reduced but AWT is 

not taken into account for optimization.  

Table 2.17 Summarized literature review 

Technique (s)  Objective (s)  Finding (s)          Limitation (s) 

BPSO, GA (Zhong  

et al., 2014)  

Energy sharing and 

carbon  

footprint reduction  

Cost minimization and 

energy sharing 

efficiency achieved.  

 

UC is not 

considered  

 

Multi-Agent 

(Mahmood et al., 2017)  

 

Cost reduction 

using ESS  

 

36% of electricity cost 

is reduced  

 

UC is not 

considered  

 

 

PMU (Inam,  

Strawser, Afridi,  

Ram, & Perreault,  

2015)  

Electricity cost 

reduction  

 

Peer-to-peer electricity 

cost reduction  

 

UC is reduced  

 

Game theory  

(Tushar et al., 2018)  

P2P energy trading 

to increase UC  

 

Energy trading 

achieved efficiently  

 

PAR and cost is 

ignored  

 

Graph Theory  

(Liu, Guo, Liu, & 

Wang, 2018)  

To minimize 

electricity cost  

 

Social welfare 

optimized  

 

Cost is 

increased with 

social welfare 

optimized  

 

___________________________________________________________________ 
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In (Mahmood et al., 2016), authors have proposed a HEM architecture (HEMA). They 

integrate multiple appliance scheduling and load classification. Their model contains six layers 

and validated by simulation using Matlab. For appliances scheduling the knapsack optimization 

method is used. Cost reduction for appliances are considered in the form of four cases. 

Electricity theft control and fault identification have also been considered by the authors. The 

carbon footprints are calculated considering users awareness. For an unscheduled electrical 

load 22.9% peak load reduction using person presence controller (PPC), 23.15% for the 

scheduled electrical load with PPC and for the scheduled electrical load with UC index the 

decrease is 25.56% as shown by the simulation results. Total cost saving of 23.11%, 24% and 

25.7% has been seen, in that order. The authors decreased carbon emissions and electricity price 

but did not consider AWT.  

2.15 ENERGY SHARING AND TRADING 

An Incentive-Driven Distributed Energy Sharing System (iDES) a DEMS proposed by the 

authors. Communication overhead of appliances reduction is considered and among different 

appliances the effective load sharing is ensured (Zhong et al., 2014). Considering different 

incentives a new pricing scheme is used. Battery storage system residual power level, power 

demand and supply alteration, storage system and renewable energy cost means the price of load 

sharing. Carbon footprints is reduced and energy is efficiently shared by the authors but ignored 

the UC.  

The authors offered a power distribution hub which acts as multi-agent system in 

(Mahmood et al., 2017). The recommended hub improves electrical power management and 

consumption of ESS. Considering no benefits on both sides, the power is shared among the 

neighbors. Off-peak, mid-peak and on-peak expenses are taken by the authors. They considered 

three scenarios for their model i.e., with sharing the power of BESS, with BESS and without 

BESS. 21% and 6% energy savings are attained for standard and without sharing ESS energy 

intake from the utility company. 36% of electricity cost is abridged if matched with standard 

electricity charge and 9% for allocation of BESS. Electricity cost is reduced using multi-agent 

concept and ESS by the authors but ignored the UC.  

In (Inam, Strawser, Afridi, Ram, & Perreault, 2015), peer-to-peer energy sharing concept 

is introduced by the authors for individuals who can meet the expense of non-renewable and 

renewable electrical energy generation sources such as wind mill, generator and a solar panel 

to the individuals who lack access to main grid or individuals who cannot pay for such sources 

of electricity generation. For creating a marketplace for self-sufficiency and electricity in the 

power market by the customers itself, the above concept was very helpful. Using a power 
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management unit (PMU) an ad hoc MG is introduced. However, PAR is not optimized by the 

authors.  

The authors used game theoretic approach for energy management (Tushar et al., 2018). 

P2P energy trading is an efficient and feasible solution for energy management. The authors 

discussed some features and testbed of P2P.  

Energy trading among peers, i.e., P2P has arisen as a next-generation energy supervision 

strategy for the SG (Tushar et al., 2018). Hence, enable each prosumers to participate with 

other prosumers of energy and grid in power trading. The decision process of the participants 

is very difficult especially consumers with different interests and motivating the consumers to 

participate in energy trading process. To ensure an efficient operation of electric power grid, 

such a decision making method need to be built on solid statistical and mathematical principles.  

When electric network and thermal network integrates into Community Energy Internet 

(CEI) with Combined Heat and Power (CHP) to progress the electrical energy system 

economically (Liu, Guo, Liu, & Wang, 2018). An energy sharing network is proposed for 

prosumers, equipped with Heat Pump (HP) and PV-Thermal (PVT). In addition, a social 

welfare optimization model is introduced, which consists of CHP system, utility grid and 

PVT-HP prosumers. The public well-being optimization problem is solved using language 

multiplier technique. A distributed algorithm is also used for problem solution. Six 

residential buildings are used in the study. Table 2.17 lists the summarized points. 

2.16 CONCLUSION 

The literature studied in this chapter cover optimization techniques such as heuristic 

techniques, hybrid heuristic techniques and conventional techniques. Demand response based 

techniques and pricing schemes based techniques i.e., combined pricing model based 

techniques. Furthermore, integration of renewable energy sources and microgrid based 

techniques are also discussed. In addition, load balancing and peak load shaving based 

techniques, appliances scheduling based techniques, user preferences based techniques, 

electricity price reduction techniques, user comfort and peak-to-average ratio oriented 

techniques, home energy management system based techniques, energy storage system based 

techniques are also discussed in detail. Multiple knapsack problem for problem formulation, 

energy sharing and trading are explained in detail. After studying all these techniques a sound 

knowledge is gathered to answered the research questions asked in this thesis. The literature 

answer that how ESS and local generation (MGs) helps in cost minimization and PAR 

reduction for both customers and utility company? How customers can maintain their comfort 

standards by utilizing the MGs?. The literature review answered the second question is when 

electrical load changing is carry out from high peak hours to low peak hours subject to the 
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electrical energy tariff defined by the power company then how optimization techniques help 

in load shifting?. The third question answered by this literature is how hybrid metaheuristic 

algorithms optimize the cost, PAR and UC. This literature review also answered the fourth 

question that is how EMC effects the system cost, PAR and UC after scheduling the appliances 

in comparison to the unscheduled scenario? How EMC is helpful in achieving the monitory 

benefits for the consumers?. Most of the limitations are listed in the tables in the chapter, review 

of literature. 
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CHAPTER 3 

MATERIALS AND METHODS 

3.1 INTRODUCTION 

With reference to the problems identified in section 1.2 in chapter 1. This chapter proposed 

various solutions regarding the energy optimization in residential area. We model various types 

of the appliances in a home by categorizing them based on the consumers’ preferences. Various 

heuristics optimization techniques, i.e., CSA, SA, GWO, EDE, BPSO, WDO, GA and their 

hybrid techniques are applied for designing the EMCs. These techniques are also used to 

improve the power consumption patterns of the residential users based on their demands 

because these techniques gives the best optimal solution within the feasible computational time. 

Effects of integrating the local MGs and RESs are also tested and verified in various cases for 

fulfilling the consumers’ requirements and optimization of the cost and comfort of the 

consumers. We have presented four solutions for the HEM after considering multiple 

household appliances. 

3.2 EXPLOITING HEURISTIC OPTIMIZATION FOR ENERGY MANAGEMENT 

OF SMART BUILDINGS 

In section 1.2.1, for related optimization problem, the proposed system model overview is 

discussed. This research work examines a proposal of upcoming SGs that focus on the decrease 

of electrical energy expenditures for customers in a domestic region. The proposed system 

makes electrically powered grid steady and minimizes the total highest load throughout 

electrically powered grid operation. 

3.2.1 System Model 

DSM authorize a consistent and an efficient operation in the SG. Demand side control 

accomplishments and DSM are the key functions for energy consumers. A system model is 

designed having a single power grid, a building consisting of thirty smart flats and an electrical 

power system. ESS or utility grid are used to meet the electricity demand of the consumers. 

The set of all electricity consumes in a building is denoted by  , power rating of appliances 

and LOT of each consumer u   are different regarding his/her own living pattern. To send 

the extracted data of consumers demand to the utility company a smart meter is used in every 

smart home for computing the hourly energy usage of each electrical energy end user u. Price 

information between the consumers and utility is also exchange by the smart meter.  
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For the purpose of implementation a whole day is considered as time horizon and it is distributed 

into twenty four hours functioning time slots. These time slot is one hour as described below.  

T = {t1, t2, t3, t4 …t24}                            (3.1) 

       Established on the desires of the electricity consumers the home appliances are categorized 

into base load (ab), non-deferrable (and) and deferrable (ad) appliances where ab, and, adAn (i.e., 

the set of all appliances is represented by An). Each appliance is attached to the internet via 

EMC. Subject to the obtainability of the time slot the EMC schedule the appliances, is an 

entrenched computing device. Considering the original preliminary time and the minimum 

concluding time, its runtime period between these two periods must be completed. Figure 3.1, 

describe the execution pattern for each specific appliance, where η suggests the time interval 

when the appliance twitches its running, β displays the minimum finishing time and α 

demonstrates the original starting time. The waiting time of appliance is shown by the 

difference between α and η and is denoted by τn. On behalf of each appliance the minimum 

finishing time and the original starting interval are defined by the energy consumers, illustrated 

in Table 3.1. Figure 3.2 illustrate the proposed system model.  

 

       Figure 3.1: Status of appliances execution pattern. 

According to the consumer’s requirements, the electricity consumers has done the home 

appliances categorization. According to their requirements, the electricity consumers has 

categorized the home appliances and this categorization varies from season to season i.e., 

refrigerator is a non-deferrable appliance in the summer season. However, in winter season, 

the refrigerator operation is different. Likewise, the classification of home appliances is 

discussed in detail and the proposed system mathematical formulation is shown in Section 

3.2.2. 

Table 3.1: Parameters of appliances 
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Appliance 

Class 

Appliance Power 

Rating 

(kWh) 

Earliest 

Starting 

Time (h) 

Finishing 

Time (h) 

LOT (h) 

Base Load 

Appliances 

Cooker hub              3–4               6                  10             1–3 

Cooker oven            4–5              15                 20              1–3 

Microwave              1.7–2.5         6                  10              1–3 

Laptop                    0.1–0.2         18                 24              2–4 

Desktop                  0.3–0.5         18                 24              3–5 

Vacuum cleaner     1.2–2             9                  17              1–3 

Electrical car          3.5–5            18                  8               3–5 

Deferrable 

Appliances 

Dish washer            1.5–2            9                   17              2–4 

Washing machine   1.5–2             7                  12              2–3 

Spin dryer                2.5–3.5        13                 18              1–3 

Non-deferrable 

Appliances 

Interior lighting       0.84–1         16                 24               6–8 

Refrigerator             0.3–0.5        12                 42              2–24 

3.2.2 Classification of Load 

Two scenario has been considered in our work to assess the suggested system performance. 

A single smart home is taken to implement our proposed system, and then multiple smart 

households (smart appliances) are taken to check the performance of the suggested system. 

With different categories n number of appliances are present in each home. According to the 

electricity consumer preferences, in a twenty four hours’ time limit i.e., tT, these smart 

appliances are scheduled. Twelve different elementary appliances are studied for domestic 

appliance scheduling optimization problem in a smart building consisting of many smart 
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households. Usually, the following appliances are present in each smart home as point out in 

(Zhang, Evangelisti, Lettieri, & Papageorgiou, 2016). 

  

 

 

 

 

 

Figure 3.2: Proposed HEMS architecture 

3.2.2.1 Deferrable appliances 

The smart appliance that can be moved or interrupted in a given time slot in twenty four 

hours in term of their need are called deferrable appliances, in this research work. This class 

contains spin dryer, dish washer and washing machine. The combination of deferrable 

appliances is denoted by Ad and all the appliances in the deferrable class is denoted by adAd. 

Each appliance power rating in this class is indicated by 𝜆d  in Equation (3.2). Deferrable 

appliances total electricity utilization Ɛd in a daytime is displayed by the subsequent specific 

formula: In Equation (3.2), d  denotes the everyday electrical energy consumption. 

1

( )( )
d d

T

d d d

t a A

t  
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                          (3.2) 

Considering all deferrable appliance, the total cost paid by the consumers can be given as 

follow:  

( ( ) ( ))
d

d d

t

A d d

a A

t t     
ò

                      (3.3) 
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. The one day cost of total electricity consumed for all the deferrable appliances paid by the 

consumers can be specified by the following equation: 
d

Total

a represents the everyday price for 

a single customer in Equation (3.4). 

            
1

( ( ) ( ))( )
d

d d

T
Total

A d d

t a A

t t   


   
ò

                     (3.4) 

Status of appliances which are deferrable in the form of zero or one is denoted by ( )d t . 

1
( )

0

d

d

d

If a is ON
t

If a is OFF



 


                           (3.5) 

Moreover, for deferrable appliances of several smart homes the total electricity cost and 

electricity consumption can be given by Equations (3.7) and (3.6), respectively. 
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                                                 (3.6) 
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                                                     (3.7) 

      In Equation (3.6), d  denotes the everyday electrical energy consumption and 
d

Total

a

represents the everyday price for a single customer in Equation (3.7). 

3.2.2.2 Non-deferrable appliances 

An appliance which cannot be interrupted or shifted during execution is considered as non-

deferrable appliance. For the finishing point of their execution these appliances need a proper 

time slot. Interior lighting and refrigerator are assumed as non-deferrable appliances. Each 

appliance in this classis denoted by nd nda A . The following mathematical formula represents 

the total energy consumption nd  per day and each appliance power rating is nd : 

1

( ( ))( )
nd n

T

nd nd nd

t a A d

t  


  
ò

                                 (3.8) 

As these appliances have non-shiftable and un-interruptible behavior, since for the required 

slot of these appliances the maximum cost is paid by the consumers due to the high prices of 

the utility. An upturn in PAR is the main reason behind these high prices. The utility charges 
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higher prices for maintaining the sense of balance between generation and consumption. For 

all non-deferrable appliances the electricity cost per day can be calculated by the following 

Equation (3.9). 

  
1

( ( ) ( ))( )
nd

nd n

T
Total

A nd nd

t a A d

t t   


   
ò

                                     (3.9) 

Over an individual time slot, the non-deferrable appliances cost can be calculated according 

to Equation (3.10). 

( ( ) ( ))
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                                               (3.10) 

The ON/OFF status of these appliances is denoted by ( )nd t . 
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If a is OFF



 


                                                  (3.11) 

For   number of consumers against these appliances the total electricity cost and energy 

consumption per day can be calculated by Equations (3.13) and (3.12), respectively. 
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3.2.2.3 Base load appliances 

The base load appliances is the third category of smart appliances which comprise regular 

for each smart home. For these type of appliances the operation time interval cannot be 

interrupted or modified. For this reason, the base load appliances has to be scheduled between 

initial beginning and least finishing time by the scheduler and this range of time is defined by 

the consumers. In this category each appliance is represented by b ba A . The electrical energy 

consumption and power rating of these electrical smart appliances can be represented by b and

b  correspondingly. Electrical energy usage for each day is described by Equation (3.14). 

    
1

( ( ))( )
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                                                     (3.14) 
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Equation (3.15) and (3.16) represents the energy cost per hour and total electrical energy 

cost for twenty four hour time period and for a particular smart home remunerated by 

customers, respectively. 

 ( ( ) ( ))
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                                                        (3.15) 
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                                                 (3.16) 

For multiple smart home the total energy consumption and electricity cost paid the end 

users regarding base load appliances for twenty four hours are described in Equations (3.17) 

and (3.18), respectively. 
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      Base load appliances ON/OFF status in term of zero or one can be represented by ( )b t . 

 
1

( )
0

b

If base load appliance is ON
t

If base load appliance is OFF



 


             (3.19) 

3.2.3 Electricity Cost 

The consumed electricity price is paid by consumers which is calculated against the tariff 

imposed by the utility. Per unit cost of energy can be calculated on the basis of different pricing 

schemes provided by the utility for consumer’s motivation to cope their electrical energy usage. 

RTP, IBR, CPP, and ToU are some of the pricing schemes used by consumers. For electricity 

cost estimation CPP and RTP signal are used in our work, which are represented in Figure 3.3. 

On behalf of each time interval t Tò the pricing signal is represented by ( )t . The product of 

the price signal   and the complete electrical load that is used up in the specific time interval 

‘t’ for all classes is the aggregate electrical energy cost per hour. Intended for single and 

multiple smart homes considering individual time slot the total electricity cost is denoted by 

Equations (3.20) and (3.21). 

 , ,
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t t                                                 (3.20) 
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                                                                                (3.21) 

Equations (3.22) and (3.23), respectively, calculate the total cost of energy for one day for 

all kind of appliances pertaining to single and multiple smart home. 
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3.2.4 Electricity Storage System 

      On behalf of the storage of electrical energy an ESS is assume which have a small capacity. 

To determine the performance of HEMS the integration of ESS is performed. A distinct kind 

of electrical energy load which is deferrable known as ESS is a distinct kind of deferrable 

electrical energy load. Keeping in view the charging and discharging of ESS the load can be 

moved using some time slot. To improve the efficiency of ESS maximum and minimum storage 

level is considered. Equation (3.24) describe that the charging level of ESS essentially be less 

than or corresponding to the 90%charging level. 

 

 

 

 

 

 

 

 

 

 

 Figure 3.3: Pricing signals. CPP, Critical Peak Pricing. 
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The minimum and maximum storage level is considered as ten percent and ninety percent, 

respectively, of the aggregate ESS size. When the electrical energy tariff is small and the 

charging limit is lower than 90% then ESS charging begin as explained in Equation (3.25). 

When the electrical energy tariff is maximum and power storage level is extra than 10% the 

discharging of ESS begin as stated in Equation (3.26). 

 ( )ch

tES ES max                                                        (3.24) 

( )ch

tESS ESS upl                                                      (3.25) 

 ( )dis

tES ES min                                                         (3.26) 

Taking into account the discharging and charging of electrical energy, in ESS the kept 

electrical energy as shown by Equation (3.27), at time ‘t’. Because of discharging and charging 

of ESS there are losses of electricity; therefore, ESS performance is taken into account. 

 
( )( ) ( 1) . . ( ) . ( ) /ESS ch dis ESSSE t SE t k ES t k ES t                     (3.27) 

The stored electrical energy at time ‘t’ in kWh is denoted by SE, the time unit (h) is indicated 

by k, the effectiveness of ESS is denoted by 
ESS , at time ‘t’ the charging of ESS is indicated by

( )chES  and from ESS the discharging at time ‘t’ is denoted by disES  

3.2.5 Proposed Schemes 

      Smart meter is linked with an EMC and smart home in SG. Bidirectional announcement 

between customers and power distribution company is permitted by the smart meter and EMC. 

To reduce cost, it substantially encourages the customers to transfer electrical energy load from 

high tariff hours to low tariff hours. In contrast if consumers move their load in off-peak hours, 

accordingly hours in which price are low will be converted into peak hours. This issue can be 

solved through optimization and in past a number of techniques are applied to address this 

problem. However, such techniques are failed to ultimately reduce PAR and energy cost with 

consumer waiting time. Consequently, the key goals of the research work are to minimize PAR 

and cost with consumer WT. Some meta-heuristic methods are used to address this problem 

which is GA, CSA and CSOA, a short-term summary of CSOA, CSA and GA and a method of 

these algorithms in this research work is presented in this section. 

3.2.6 Genetic Algorithm 
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      GA technique which is also known as global exploration algorithm is the most effective 

and distinguished among all other meta-heuristic methods. GA is useful and effective for 

complicated and huge problems because of higher convergence and merging rate. GA explores 

accurate and optimized explanation of any problem. GA functions on the principle of hereditary 

inhabitants like chromosomes. GA provides solution in form of binary numbers (0, 1), however 

other encoding schemes can also be used.GA mostly used for solving optimization problems 

related to calculations, GA search problem space using three main steps. The primary step is 

to prepare arbitrary population, second is assessment of suitability and in last reproduce the 

first-hand population. Reproduction step includes three tasks, assortment, crossover and 

modification. 

      To represent ON and OFF states of home appliances binary values 1, 0 are used in this case, 

GA begins exploring solution from arbitrarily modified chromosomes which represent all 

number of home appliances. Random population that is created for a precise time represents 

position of appliances in a certain home. A fitness function is evaluated for PAR, cost and 

waiting time. Mutation and crossover operators are used to replicate novel population (solution 

set). After evaluating fitness values only two percent are selected via crossover and first-hand 

offspring are generated. Equation (3.28) represents crossover possibility of GA.  

 0.9cp                            (3.28) 

      New population is modified by applying mutation operator by one or more bits shifting. In 

natural genomic process possibility of mutation is very low, so Equation (3.29) describes 

paramount mutation probability. Searching for best optimized solution complete process is 

restarted and factors of GA are described in Table 3.2. 

 1m cP P                        (3.29) 

        Table 3.2: GA parameters. 

Parameters                  Values             Parameters                   Values  

Population size               200                   Mutation                       0.10% 

Number of iterations      500                    n                                      12 

Crossover                       0.90% 

 

3.2.7 Cuckoo Search Optimization Algorithm 

      Nature inspired technique CSOA is used to determine ideal resolution of any complex 

problem. Some distinctive kinds of cuckoo types reproduction patterns and topographies of 
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random walk are used to build CSOA as described in (Yang. & Deb. 2009). Some birds lay 

their eggs in another birds ‘cases termed as host nests, amount of host nests is constant. Eggs 

in host nests are determined by host birds for breeding and determining possibility of host is 

Pa=|0, 1|. Three elementary rules are employed by CSOA to provide best optimal solution. 

 A single bird put only one egg in randomly selected nest at time t 

 Next production nomination is selected based on higher quality of eggs 

 Eggs placed by the birds are discovered by hosts birds and quantity of host nets is 

constant 

      In our work, local solution of the problem is explored by CSOA in form of 0, 1 in. The 

pattern of eggs in hosts nests is represented by (0, 1) that represents ON and OFF position of 

the domestic appliances accordingly. The objective function is PAR, cost reduction with lowest 

WT and it is used to assess possible solution for every egg. Reproduction is carried out by the 

cuckoos after evaluating local possible solution. Host cuckoos discover best feature eggs (local 

most suitable solution) with probability rate 0.250. 

      Nests having best feature eggs (native solution) are chosen for reproduction phase. Levy 

flights are used to generate innovative resolutions X (t+1) on behalf of a cuckoo (Yang. & Deb. 

2009), to find over all best solution. 

 
( 1) ( ) ( ),t t

i iX X Levy                                       (3.30) 

      Birds search food randomly by nature. Probability distribution of step intervals is very high 

in a Levy flight which is random. It is performed for generating randomness and looking for 

best solution. CSOA steps continue until best suitable solution is found, factors of CSOA are 

described in Table 3.3. 

        Table 3.3: CSOA parameters. 

Parameters                    Values          Parameters                   Values 

Number of host nests      50                   Discovery rate                0.250 

Number of iterations      2000                 n                                     12 

3.2.8 Crow Search Algorithm 

      CSA offered in (Askarzadeh. 2016) is established on very intelligent behavior of crows 

which have prevalent intellect compared to the size of their body. Crows remember faces of 

other crows and save food at different spots and remember the spots for several months. Crows 

also can obtain information of locations where other crows hide their food, when owner birds 
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leave they steal the food. Crows are expert thieves so they predict the behavior of other crows 

and hide food at very secure locations. CSA parameters are shown in Table 3.4. Four basic 

principles of CSA are described below. 

 Crows use intelligence to  follow other crows for locating food 

 Crows remember  food locations for a long time 

 Crows protect their saved foodstuff from others being lifted by a possibility p 

      In our work, large memory of crows is used to find hide food places, in start it is randomly 

initialized and CSA starts searching for these random locations iteratively. Crows awareness 

probability is considered as 0.10. Home appliances status is represented by 0 and 1 (OFF and 

ON). By the side of any location once crow discovers foodstuff, appliances is turned ON 

agreeing to the fitness function and it is the paramount solution, conversely, it is turned OFF 

when there is no solution found. A global best solution is found after finding all hiding location 

comparing it with all local solutions. 

         Table 3.4: CSA parameters. 

Parameters                   Values            Parameters                   Values 

Flock size                       100                  Awareness probability   0.10 

Number of iterations      100                     n                                     12 

Fight length                    2 

 

3.3 FEASIBLE REGION 

A set of all points that cover an area, that according to the objective function cover all 

potential solutions are called the feasible region. In other words, feasible region is the set of all 

values of a particular problem which satisfy all the constraints of that particular problem. 

Feasible region is used to find the boundaries of a problem. It is necessary to be used in this 

work to find the highest and lowest boundary of cost and PAR against each other. It confines 

the system parameters such as cost, PAR and user comfort to lie in the feasible region, which 

is connected by a set of points. It means the region or points lying outside the feasible region 

does not contains our problem solution and we have to find the solution only inside the feasible 

region. In this way, it limits the solution space and the solution can be easily found. Decreasing 

PAR and electrical energy cost is the main target in this optimization problem. Moreover, two 

main factors are considered when calculating electricity cost i.e., electricity price and electricity 

consumption. These two are provided by the power company in a particular time sphere. The 

electricity tariff offered by the utility cannot be modified by the end consumers. To achieve our 
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target we have control over load shifting only from hours where tariff is high to the hours where 

electrical energy tariff is very low. The four situations for electricity calculation using pricing 

signals are discussed as follow: 

• Lowest price, lowest load. 

• Highest price, lowest load. 

• Highest price, highest load. 

• Lowest price, highest load. 

The electricity cost is also affected by the consumer WT. Therefore, consumer WT and 

electricity cost are used to compute the feasible region. The electrical energy cost is low, when 

consumer WT is highest, and electricity cost is high, when WT is lowest. In case of consumer 

WT and electricity cost feasible region lies in the following circumstances: 

• Lowest cost, lowest waiting time. 

• Highest cost, lowest waiting time. 

• Lowest cost, highest waiting time. 

• Highest cost, highest waiting time. 

3.3.1 Electricity Consumption and Electricity Cost Feasible Region Using Real Time 

Pricing Signals 

Figure 3.4b represents the feasible region for multiple smart home considering electricity 

cost and RTP pricing scheme. The feasible region of electrical energy consumption cost using 

several smart homes is demonstrated by a region which is enclosed by these points, p1(12, 

97.2), p2(12, 328.2), p3(262, 7165.7), p4(262, 2122.2), p5(213, 5823) and p6(262, 5823; where 

for minimum electricity rate and lowest electrical energy consumption, the lowest electrical 

energy price for a particular time period ‘t’ is shown by p1(12, 97.2); highest electrical energy 

price for a specific time period ‘t’ and the minimum electrical energy consumption against the 

maximum cost is represented by p2(12, 328.2); moreover, using the lowest and highest 

electricity rates, where the maximum number of appliances show their status off, then the 

electricity consumption cost is represented by p1(12, 97.2) and p2(12, 328.2), respectively. 

      However, considering highest and lowest electricity rates, against the same electrical 

energy consumption the highest and lowest electricity consumption is represented by p3 (262, 

7165.7) and p4 (262, 2122.2), accordingly. Through load scheduling the electricity cost need 

not surpass the unscheduled electrical energy price which is 5823 cents for any time interval 

‘t’.  
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(b) 

Figure 3.4: Feasible region for cost and electricity consumption using RTP. (a) Feasible 

region for a single home; (b) Feasible region for multiple homes. 

  Considering electrical energy consumption cost, the 5823 cents threshold is implemented, the 

pentagon of p1 (12, 97.2), p2 (12, 328.2), p4 (262, 2122.2), p5 (213, 5823) and p6 (262, 5823) 

show the electrical energy consumption cost feasible region; where the p4 (262, 2122.2) and 

p6 (262, 5823) show the lowest and highest electrical energy cost with the similar electrical 

energy usage and the highest electrical load limit is 262 kW for unscheduled electrical energy 

usage by consumers. Therefore, the electrical load limit which is given in p4 (262, 2122.2) 

must not be more than the scheduled scenario electrical energy usage in a specific time interval 

‘t’. 
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Figure 3.4a represents the feasible area of electrical energy consumption and cost for only 

one smart home. Electricity cost and electricity consumption feasible region for one smart 

home in Figure 3.4a is shown, which represent an area that is the combination of these points: 

p1 (0.3, 2.43), p2 (0.3, 8.20), p3 (8, 218.8), p4 (8, 64.8), p5 (5.9, 104.27) and p6 (8, 104.27). 

Here, p1 (0.3, 2.43) and p2 (0.3, 8.20) signify the lowest and highest electrical energy cost with 

lowest electrical load 0.3 kW, and p3 (8, 218.8) and p4 (8, 64.8) denote the lowest and highest 

electrical energy cost with highest electrical energy consumption. For the limit of the highest 

electrical energy cost for any time period in case of scheduled load, electrical energy cost must 

not upturn. Point p6 (8, 104.27) represent the highest electrical energy cost limit i.e., 104.27 

with highest electrical energy consumption of 8 kW. 

3.3.2 Electricity Consumption and Electricity Cost Feasible Region Using Critical Peak 

Pricing Signals 

The feasible area for electrical energy usage and price against multiple and single smart 

home using CPP pricing scheme is demonstrated in Figure 3.5(a, b). The feasible area of 

electrical energy consumption and cost is a region that is enclosed by these points: p1(0.3, 

2.43), p2(0.3, 16.50), p3(8, 440), p4(8, 64.8), p5(3.75, 206.64) and p6(8, 206.64) in Figure 3.5a 

for a single smart home, the lowest and highest electrical energy cost with lowest and highest 

electrical energy usage is represented by the points p1(0.3, 2.43) and p4(8, 440), respectively. 

Considering electricity cost the threshold of 206.64 cents is implemented, then for electricity 

cost the pentagon of the feasible region is shown by these points: p1 (0.3, 2.43), p2 (0.3, 16.50), 

p4 (8, 64.8), p5 (3.75, 206.64) and p6 (8, 206.64). Electrical energy cost is the similar with 

dissimilar electrical energy consumptions as clearly shown by the points p5 (3.75, 206.64) and 

p6 (8, 206.64). Therefore, the threshold limit must not be exceeded by the electrical energy 

price for any specific time slot t which is 206.64 cents in the scheduled case. 
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(a) 

 

 

 

 

 

 

 

 

 
(b) 

Figure 3.5: Feasible region for cost and electricity consumption using CPP. (a) Feasible 

region for a single home; (b) Feasible region for multiple homes. 

Considering multiple smart homes and CPP scheme the feasible area for electrical energy 

consumption and price is represented in Figure 3.5b. Figure 3.5b show the feasible region by 

combining these points p1 (12, 97.2), p2 (12, 660), p3 (262, 14,410), p4 (262, 2122.2), p5 (215, 

11,835) and p6 (262, 11,835). Keeping the same electrical load i.e., 12 kW the lowest and 

highest electrical energy price is denoted by the points p1 (12, 97.2) and p2 (12, 660).The 

highest electrical energy load i.e., 262 kW with lowest and highest electrical energy cost is 

shown by the points p3 (262, 14,410) and p4 (262, 2122.2). However, with highest load 262 

kW, the electricity price limit, which is 11,835 cents, the electrical energy price for any specific 

time interval ‘t’ need not surpass the demarcated limit. 

3.3.3 User Waiting Time and Electricity Cost Feasible Region Using Real Time Pricing 

Signals 

Figure 3.6b elaborates practical area of electrical energy cost and consumer WT for several 

homes. An area which covers the points p1 (0. 104), p2 (0.6654), p3 (1.92.111), p4 (1.92.2590), 

p5 (0.63.5823) and p6 (0.5823) illustrate the practical area of electricity cost with multiple 

smart homes, whereas with no WT, points p1 (0.104) and p2 (0.6654) display lowest and 

highest electrical energy cost.  
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(b) 

Figure 3.6: Feasible region for cost and WT RTP. (a) Feasible region for a single Home; (b) 

Feasible region for multiple homes. 

      However, using the identical WT which is 1.92(h), p3 (1.92.111) and p4 (1.92.2590) 

correspond to the lowest and highest electrical energy cost. The point p2 (0.6654) illustrates 

maximum uneasiness because for zero WT, the consumer pays the highest electricity cost of 

6654 cents. Consequently, by applying the highest electrical energy cost boundary i.e., 5823 

cents in specific time slot ‘t’, p2 (0.6654) has omitted from practical area. On the other hand, 

p5 (0.58. 5823) and p6 (0. 5823) demonstrate the similar electrical energy cost at different 

WTs. This indicates deferrable electrical appliances can decrease sound electrical energy cost 

by decreasing their electrical energy requirement all over high price hours without increasing 

consumer WT.   
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      For single smart home, Figure 3.6a illustrates the practical area of electricity cost with user 

WT. With concatenation of six points p1 (0, 2.43), p2 (0.218.8), p3 (1.66.2.43), p4 (1.66.63.24), 

p5 (1.22, 10427) and p6 (0,104.27) practical area of electricity cost and user WT is created. 

Without WT on point p2 (0.218.8), minimum WT with minimum and highest electrical energy 

cost of 218.8.27 cents. Figure 3.6a demonstrates that P2 (0.218.8) is wipe out from reasonable 

area after applying highest electrical energy cost limit that is 104.27 cents. Point p5 

(1.2.104.27) and p6 (0.104.27) indicates the similar electrical energy cost with dissimilar 

consumer WT. Consequently the electrical energy customer can reduce the electrical energy 

cost via highest consumption in hours where electricity price are low.            

 

3.3.4 User Waiting Time and Electricity Cost Feasible Region Using Critical Peak Pricing 

Signals 

      The reasonable area of user WT and electrical energy cost for multiple and single smart 

homes by means of CPP scheme is illustrated in figure 3.7(a, b) correspondingly. Using CPP 

scheme and a particular smart home the feasible region is presented in Figure 3.7a enclosed by 

these points: p1 (0, 2.43), p2 (0, 440), p3 (1.66, 2.43), p4 (1.66, 65.40), p5 (1.04, 206.64) and 

p6 (0, 206.64). The lowest price of 2.43 cents and highest price of 440 cents with no WT is 

represented in this region by the points p1 (0, 2.43) and p2 (0, 440). However, the lowest and 

highest price with highest WT of 1.66 hours is shown by the points p3 (1.66, 2.43) and p4 

(1.66, 65.40). 
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Figure 3.7: Feasible region for cost and WT using CPP. (a) Feasible region for a single home; 

(b) Feasible region for multiple homes. 

Electrical energy price need to be less than the demarcated limit, subsequently employing the 

highest price limit of 206.64 cents. Due to the higher price associated to points p5 (1.04, 

206.64) and p6 (0, 206.64), when the point p2 (0, 440) is excluded, the electrical energy price 

limit is 206.64 cents with the WT of 0 and 1.04 hours. The electrical energy price is minimized 

with affordable WT, as clearly demonstrated by the above discussion.  

Using CPP signals and multiple smart homes the feasible region against consumer WT and 

electrical energy price is represented in Figure 3.7b, an area enclosed by the following points, 

p1 (0, 104), p2 (0, 14,440), p3 (1.92, 111), p4 (1.92, 5208), p5 (0.54, 11,835) and p6 (0, 11,835). 

However, due to the high price with zero WT the point p2 (0, 14,440) is negated by applying 

a limit on the electrical energy price. With zero and 0.54 hours WT, the threshold limit is 11,835 

cents as represented by points p5 (0.54, 11,835) and p6 (0, 11,835). The following five points: 

p1 (0, 104), p3 (1.92, 111), p4 (1.92, 5208), p5 (0.54, 11,835) and p6 (0, 11,835) show the 

feasible region of consumer WT and electrical energy price, once point p2 (0, 14,440) is 

excluded. With affordable WT the consumers can clearly reduce their electrical energy price.  

3.4 POWER SCHEDULING IN SMART HOMES USING HGWDE OPTIMIZATION 

TECHNIQUE 
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In this section, proposed solution 2 is described with reference to the sub-problem 2 (i.e., 

section 1.2.2), which is described in the chapter 1. The solution is discussed in detail as given 

below. 

3.4.1 System Model 

Figure 3.8 explains the elementary structural design of the proposed scheme. Seventeen 

appliances are considered in a single smart home (Javaid et al., 2017a). The power ratings of 

each appliance is different. To achieve the objective function these appliances are scheduled 

using optimization techniques. For the exchange of information between utility and customers 

a HEM system is incorporated.  

 

 

 

 

 

 

 

 

 

 

 

 

 

    Figure 3.8: Proposed system model. 
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(a) RTP  Signal 

 

 

 

 

 

 

 

 

 

 

 

 

 

 (b) CPP Signal 

                  Figure 3.9: Pricing schemes. 

IBR, adjustable time pricing, TOU, DAP, RTP and CPP are the several electrical energy 

pricing signals which are demarcated by the utility. High price hours are those time intervals 

in which the electrical load demanded from the users have the highest value. In on-peak hours 

the electrical energy prices are typically higher than normal hours. This model presents a 

bidirectional flow of information. First, consumers receive the electricity price information. It 



  

101 

is decided by the EMC that which appliance should be turned on, while considering the price 

of electrical energy. In peak hours high power rating appliances cannot be turned on. To induce 

automation and to decrease electrical energy bill, incorporation of EMC is done. Using SM the 

electrical load demand is transmitted to the utility once the final judgment has done, and via 

utility the requested power is sent to the consumers in the end. Figure 3.9 (a, b) give CPP and 

RTP schemes for twenty four hours. On behalf of these two price tariff data are gathered from 

(Vardakas, Zorba, & Verikoukis, 2016; Ogunjuyigbe, Ayodele, & Akinola, 2017). 

3.4.2 Classification of Appliances 

Considering the electrical energy consumption profile and working behavior, the 

appliances are divided into different classes. Each classification particulars are specified below. 

3.4.2.1 Shiftable appliances 

Deferrable appliances are also known as shiftable appliances. These appliances cannot be 

interrupted or disturbed during their operation, however, they can be moved from one time slot 

to another for the purpose of load shifting. These appliances cannot be stopped until they 

complete their operation time slot. Uninterruptable appliances example are dishwashers and 

washing machines. D specify the whole sum of appliances. A group of total number of 

appliances contains a subcategory called shiftable appliances. The group of shiftable appliances 

is denoted by P sD  as shown in Equation (3.32). The symbol  and ( )P h  denote each 

appliance power rating, where the status of sD  and power rating of appliance at a  

Table 3.5: Parameters of appliances. 

Appliance 

Class 

Appliance Power 

Rating 

(kWh) 

Earliest 

Starting 

Time (h) 

Finishing 

Time (h) 

LOT(h) 

Shiftable 

Appliances 

Washing Machine      1.4             6              10                  1–3 

Dish Washer              1.32           15             20                  1–3 

Hair Straightener       0.055         18             8                    1–2 

Hair Dryer                 1.8             18             8                    1–2 

Microwave                1.2             18             8                    3–5 

Telephone                  0.005          9            17                   1–24 

Computer                   0.15           18           24                   1–3 

Oven                          2.4              6            10                    2-4 

Cooker                       0.225         18           24                    3-5 
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Iron                            2.4             18           24                    1-2 

Toaster                       0.8             9             17                    1-2 

Kettle                         2               18             8                     1-2 

Printer                        0.011        18            24                    1-2 

Non-Shiftable 

Appliances 

Television                 0.083          9             17                    6–1 

Refrigerator              1.666          24             1                    1-24  

Controllable 

Appliances 

Air Conditioner        1.14            16           24                     6–8 

Lightning                  0.1              1             24                  12–20 

specific time interval is displayed by t Tò .The ON and OFF status of appliances as one and 

zero is shown in Equation (3.33), respectively. 

3.4.2.2 Controllable appliances 

These appliances are also sometimes known as interruptible appliances. For example, 

heating system, lighting and air conditioner are controllable appliances and their execution time 

cannot be changed. The group of controllable appliances is denoted by cD . Equation (3.32) 

show the cost for controllable appliances. 

 

3.4.2.3 Non-shiftable appliances 

These appliances are also known as base appliances. These appliances running time and 

electrical energy consumption cannot be changed. These appliances includes telephones, 

refrigerators and televisions. The group of non-shiftable appliances is denoted by P nsD  as 

shown in Equation (3.32). 

    , ,s ns cP D D D                                                      (3.31) 

  
1

( )
H

P P

h P D

P h


 


                                            (3.32) 

1, if appliance is ON 
( )

0, otherwise
P h


 


                         (3.33) 

Table 3.5 presents the power rating and classification of each appliance.  
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3.4.3 Proposed Scheme 

For DSM various meta-heuristic optimization techniques are deliberated in this section. 

Implementation of these algorithms are done on one household with seventeen appliances. 

Depending upon the energy consumption patterns, each particular appliance has its dissimilar 

power ratings. Generation, transmission, distribution and consumption are four elementary 

steps of electrical energy. Domestic, corporate and industrial sector consumes the electrical 

energy. To attain efficient electrical power scheduling in the domestic sector is our key goal. 

Numerous researchers proposed diverse optimization techniques on behalf of DSM in the 

domestic area. HGWDE is an optimization method that is suggested in this regard. It is a blend 

of the best features of GWO and EDE i.e., two different meta-heuristics techniques for 

optimization of electrical power usage. The goal of all these algorithms is to assess the 

performance of our suggested scenario as compared to the present schemes.  

3.4.4 Enhanced Differential Evolution 

In 1995, Storn offered EDE for the first time that is an advance form of DE. The 

abovementioned is an algorithm based on population that randomly generates the primary 

population. Early production of the population, mutation, crossover and assortment are the four 

key steps of EDE. Using Equation (3.34), the population is created randomly. 

 , ( ( ))i j j j jX l rand U l                                                  (3.34) 

In order to form a modified vector by three vectors 1rx , 2rx , 3rx  a random function is 

generated. Rand is a Matlab function for generating random number between 0 and 1. It is used 

for generating random population. However, in this case generates a random modified vector 

from the three vectors as discussed above. The target vector is the first vector generated. 

Equation (3.35) describe the mutant vector below: 

 , 1 1, 2, 3,( )i G r G r G r GV x F x x                                                   (3.35) 

The scaling factor is denoted by F. It is also called mutant factor or weighting factor. Its 

range is from 0 to 1 or 0 to 2. It is a control parameter in the EDE, which control the mutation. 

Its value directly affects the randomly generated population or new vectors. In other words, 

how the mutated vectors will be, depends on its value. Three experimental vectors are made 

after making the mutual vector. To compare with the target vector, a best trial vector is chosen, 

therefore, the best trial vector is used for best off-spring generation. Equations (3.36)–(3.38) 

show the first three experimental vectors.  
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, , 1

, , 1

, ,

( ) 0.3j i G

j i G

j i G

V if randb j
U

x Otherwise






 


                       (3.36) 

, , 1

, , 1

, ,

( ) 0.6j i G

j i G

j i G

V if randb j
U

x Otherwise






 


                     (3.37) 

, , 1

, , 1

, ,

( ) 0.9j i G

j i G

j i G

V if randb j
U

x Otherwise






 


                    (3.38) 

Equations (3.39) and (3.40) create the fourth and fifth trial vectors. Rand and randb are two 

Matlab functions, both different from each other. Rand represent uniformly distributed random 

number while randb represent normally distributed random numbers. Randb is normally 

denoted by randn. Rand generates a random number array uniformly distributed between 0 and 

1, while randb generates normal or gaussian random numbers with a standard deviation of 1 

and a mean 0. 

 , , 1 , ,( )j i G j i GU randb j x                                             (3.39) 

      , , 1 , , , ,( ) (1 ( ))j i G j i G j i GU randb j v randb j x                      (3.40) 

Algorithm 1 presents the EDE pseudo code. The maximum iteration is shown by Max.iter; 

the total population is denoted by POP, which according to HEMS is the aggregate number of 

possible solutions; and the aggregate time slots is represented by h. The crossover ratio is 

denoted by CR. The ratio of crossover is taken as 0.9, 0.6 and 0.3. Target, trial and mutant 

vectors are represented by x,  and , respectively. Table 3.6 show EDE in terms of HEM. 

                Table 3.6: EDE mapping on HEM. 

EDE Parameters           HEM Parameters                Values 

Population                        Possible solution                  50 

Number of dimensions     Number of appliances          17 

Gradient of problem         Scheduling                          vary 

3.4.5 Grey Wolf Optimization 

The hunting nature and well-ordered management of wolves motivates GWO that is a 

heuristic optimization technique. Alpha , beta  , delta   and gamma  are the four stages 

of headship. Smartest leaders of the collection are considered as Alpha, their responsibility is 

to control new wolves on hunting policies. In the hierarchical level after alpha and delta there 

comes beta, while gamma is the weakest member of the group. Therefore for abilities of 
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leadership, it is never under consideration. In HEM, to attain the objective function of cost 

reduction, alpha   is in use as the rightest member. By using Equation (3.41), primary 

population is randomly created. 

 ( , ) ( , )X i j rand POP D                                                (3.41) 

      Entire population of gray wolves is denoted by POP and D is the whole number of 

appliances. Distance from prey i.e., objective function of respective exploration agent is 

assessed by coefficients A and C. 

3.4.5.1 Encircling prey 

Before hunting the prey is encircled by the gray wolves. The subsequent equations are 

thought-out to mathematically model the encircling behavior of grey wolves from (The Wind 

Power Program and the UK NOABL Wind Speed Database, 2018). 

 ( 1) ( )pX t X t A D                                                     (3.42) 

( )| ( ) |p tD C X X t                                                      (3.43) 

The location of prey is denoted by pX , while at the tht  iteration the location of the gray 

wolf is denoted by X, as shown in Equation (3.42). According to Equations (3.44) and (3.45) 

the vectors A and C are computed below: 

 12A a r a                                                            (3.44) 

22C r                                                                  (3.45) 

where the arbitrary vectors within the array of [0, 1] are denoted by 1 2r andr . The value of 

a  is reduced from 2 to 0, after several repetitions. To express the heaviness for the attraction 

of prey, between two and zero the rate of C is arbitrarily occupied. By modifying the value of 

A and B vectors, regarding the current position, different spaces around the best agent can be 

reached. 

Algorithm 1: EDE 

1: Input: Make ready all constraints Max: iter, CR, POP, h 

2: Output: Create primary population by means of Equation (3.34) 

3: for hour = 1: Hour do 
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4:  Compute , 1 1, 2, 3,( )i G r G r G r GV x F x x     in eq. (3.35) 

5:  for iteration = 1:Max.iteration do 

6:   Compute initial trial vector using CR 0.3 

7:   if () 0.3rand  then 

8:    j j   

9:   else 

10:    j jx   

11:   end if 

12:   Compute 2nd trial vector using CR 0.6 

13:   if () 0.6rand  then 

14:    j j   

15:   else 

16:    j jx   

17:   end if 

18:   Compute 3rd trial vector using CR 0.9 

19:   if () 0.9rand  then 

20:    j j   

21:   else 

22:    j jx   

23:   end if 

24:  Create 4th and 5th trial vector by means of Equations (3.39) and (3.40) 

25:   Discover the finest trial vector 

26:   newX   best of j  

27:   Match trial vector using target vector 

28:   if ( ) ( )new jf X f X then 

29:    j newX X  

30:   end if 

31:  end for 

32: end for 

3.4.5.2 Hunting 
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The   mainly guide the hunting process, however,  and   are the subordinate 

members. The finest information about the location of prey is possessed by  that is why the 

other two members follow the lead of an . In order, that further followers of the cluster 

updates its position such as gamma   pertaining to the best solution, the best solutions are 

obtained which are three in number. Conferring to Equation (3.46) the wolves position is 

updated  

1 2 3
1

3
t

x x x
X 

 
                                                     (3.46) 

1 2,x x and 3x are determined by using Equations (3.47)–(3.49). 

              1 1 ( )x x A d                                                          (3.47)  

2 2 ( )x x A d                                                         (3.48) 

3 3 ( )x x A d                                                           (3.49) 

      At the tht iteration the best solutions attained are ,x x  and x ; Using Equation (3.44) 

1 2 3, ,A A A are obtained, whereas using Equations (3.50)–(3.52), , ,D D D    are found: 

 1D C x x                                                            (3.50) 

 2D C x x                                                            (3.51) 

 3|D C x x                                                            (3.52) 

where using Equation (3.45) 1C , 2C and 3C  are computed. The variable a  gradation is the last 

step; the trade-off between exploitation and exploration is control by this variable while in each 

iteration taking the value from zero to two as given in Equation (3.53). 

 
2

2
.

a t
Max iter

                                                       (3.53) 

      The product of the electrical power rating of each appliance and the ON/OFF position of 

the piece of equipment is demonstrated in the objective function using Equation (3.54) below: 
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 ( )D DFitness h                                                     (3.54) 

The maximum iteration is represented by Max: iter as shown in Algorithm 2, the total 

population is denoted by POP, the total of appliances is shown by D and the objective function 

as fitness function. The finest solution or best contributor in the hunting behavior is considered 

as , while the 2nd and 3rd ideal solutions are  and , respectively. To evaluate the finest 

hunting front-runner, fitness of  ,   and  is compared with the fitness of the objective 

function. According to Equations (3.50)–(3.52) the ultimate positions are updated as shown. 

3.4.6 Hybrid Grey Wolf Differential Evolution 

      The detail of offered scheme is talked over in this segment. In EDE algorithm’s populace 

is created by four stages: mutation, initialization, selection and crossover. Out of five vectors, 

the populace is rationalized by picking the finest trial vector. The trial vector is then matched 

with the target vector. From all the available vectors, the best trial vector is considered to show 

the effectiveness of EDE selection procedure. There are three basic steps in GWO: updating 

the position of wolves in the prey, hunting and encircling prey. The leader in the pack is 

considered as α. According to α, all the exploration agents of the group bring up-to-date their 

position. No comparison exists among α, β and δ in GWO evolution. There is a chance that δ 

and β are nearer to prey as compare to first one α. EDE crossover needs to be performed to 

make the comparison clearer in all the search values agents. When among all the search agents, 

the best search agent is found and selected; the position of the best search engine is updated 

respective to GWO. As HGWDE has all the best properties of GWO and EDE so HGWDE is 

further adopted.  

      The complete detail of all the stages of HGWDE is illustrated in Algorithm 3. The 

HGWDE stages are classified as surrounding prey, initialization, finest agent selection and at 

the last updating the best selected search agent position. Population of wolves (Xi = 1, 2,..., n) 

has been generated with the help of Equation (3.32) and the selection is made in accordance of 

given steps in Algorithm 3. Three random vectors are used to generate a mutant vector v in 

accordance with equation (3.35) and α, β and δ are assigned as values of three vectors 

respectively. The equation (3.35) is used to calculate the appropriate values of δ, β, and α vector 

v. The equation as below given used by performing crossover. 

        
j j

new

if fitness of

Otherwise

  





 


                            (3.55) 
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j j

new

if fitness of

Otherwise

  





 


                       (3.56) 

j j

new

if fitness of

Otherwise

  





 


                           (3.57) 

      After performing selection, the search agents position is updated relatively in accordance 

with the GWO steps that are already mentioned in the equation (3.46). Mapping the parameters 

of HEM and HGWDE are mentioned in Table 3.7. 

Algorithm 2 GWO 

1: Input: Make ready all constraints , , , , ,Maxiter POP D     

2: Output: Arbitrarily generate primary population of gray wolves ( 1,2,..., )Xi i n  

3: ( , ) ( , )X i j rand POP D  

4: while iteration < Max.iteration do 

5:  for i=1: POP1 do 

6:   Compute ( )D DFitness h    by means of Equation (3.54) 

7:  end for 

8:  if fitness score  

9:   score = fitness 

10:   Pos = ( ,:)X i  

11:  end if 

12:  if fitness score  and fitness score then 

13:   score = fitness 

14:   Pos = ( ,:)X i  

15:  end if 

16:  if fitness score  and fitness score  and fitness score then 

17:   score = fitness 

18:   Pos = ( ,:)X i  

19:  end if 

20:  for i = 1: POP do 

21:   for j = 1: D do 

22:    Create r2 and r1 arbitrarily between 1 and 0 
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23:  Compute suitability constants A and C via Equations (3.44), (3.45) 

24:    Inform values of , ,   using Equation (3.50)–(3.52) 

25:   end for 

26:  end for 

27: end while 

      The details discussion on all the steps of Algorithm 3 is given. In first step the proposed 

technique is initiated by initializing the desired parameters. In next step the population 

generation is performed and after generating the population the counter value is set to 

maximum number of iterations. To perform crossover, suitability of mutant vector is compared 

with α, β and δ by means of EDE. Further GWO is used to update the search agents position. 

The end step is repeated again and again to satisfy the given termination criteria. 

Table 3.7: Hybrid gray wolf differential evolution (HGWDE) mapping on HEM. 

HGWDE parameters              HEM parameters                           Values 

Population                                  Possible solution                                  50 

Wolves in each pack                  Number of appliances                          17 

Minimum distance from prey     Min (cost)                                           vary 

Status of leader                           status of appliance                            1 or 0 

Algorithm 3 HGWDE 

1: Input: Prepare all constraints , , , , ,Maxiter POP D     

2: Output: Arbitrarily generate primary population of gray wolves ( 1,2,..., )Xi i n  

3: ( , ) ( , )X i j rand POP D  

4: while iteration <Max.iteration do 

5: for i = 1: POP1 do 

6:   Create a , 1 1, 2, 3,( )i G r G r G r GV x F x x    via Equation (3.35) from EDE 

7:   Compute suitability of mutant vector as `price jcost   

8:   Arbitrarily create , ,    

9:         Calculate fitness of , ,   as the fitness function via Equation (3.54) 

10:  if fitness of ( ) scorej  then 

11:    position j   

12:  end if 

13:  if j score   and j scoreupsilon  then 
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14:    ( )position j   

15:  end if 

16:  if j scorex   and fitness j scorex   and fitness j scorex  then 

17:    position j   

18:  end if 

19:  for i = 1: POP1 do 

20:   for j = 1: D do 

21:     Produce r2 and r1 arbitrarily between 1 and 0 

22:  Compute suitability constants by means of Equations (3.44) and 

(3.45) 

23:  Inform values of , ,   using Equations (3.50)–(3.52) 

24:   end for 

25:  end for 

26: end for 

27: end while 

3.5 A DOMESTIC MG WITH OPTIMIZED HOME ENERGY MANAGEMENT 

SYSTEM 

In this section, we have discussed our proposed solution 3 according to the identified sub-

problem 1.2.3 explained in the problem statement of the chapter 1. The details of the system 

components and their problem formulation is described below. 

3.5.1 System Model 

This section contains the problem formulation and the components of the contribution 3. 

3.5.2 Problem Statement Formulation 

By describing fitness function using few limits, the optimization problem is mathematically 

formulated in this section. The mathematical formulation detail description is presented as 

follow. 

3.5.3 PV Generation 

A smart home is proposed consisting of PV generation system on rooftop. PV generation 

i.e., solar energy is chief as compared to other RESs and is available everywhere. Other sources 

of RESs includes wind, biomass, tidal, geothermal and biogas. A huge amount of solar 

radiation is received by the earth and most of the populated area have an insulation level of 
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150-300 watts/m2 (Solar Energy, 2017). Equation (3.58) show the generated energy from a 

PV panel given in (Lotfi, Tarazouei, & Ghiamy, 2013; Ismail, Moghavvemi, & Mahlia, 

2012; Daud, & Ismail, 2012). 

( ) [1 ( )]PV out N PV T c ref

ref

G
P P K T T

G
                          (3.58) 

where PV outP   presents the total electricity generated by PV, G shows solar irradiation 

(watts/m 2 ), solar radiation considering reference conditions i.e., ( refG  = 1000\watts/m 2 ) is 

denoted by refG , the cell temperature at reference conditions is ( 25refT   C), the temperature 

coefficient is denoted by TK  (in this research work, a value of 3.7 10 3(1/ )TK C     is 

assumed) and the cell temperature is depicted by cT  which is computed by the Equation (3.59), 

(Daud, & Ismail, 2012). 

    (0.0256 )c ambT T G                                                      (3.59) 

where, ambT  denotes the ambient temperature. 

3.5.4 Wind Generation 

RE promising source is wind which is used for energy generation. The prominent nations 

in electrical power generation using wind turbine are India, Denmark, Spain, Germany, China 

and USA. The following Equation (3.60) give the power from the wind, (Fathima, & 

Palanisamy, 2015; Sinha, & Chandel, 2015). 

30.5 rs coffP A V P                         (3.60) 

where, wind turbine rotor swept area in m2 is shown by rsA ,   represent the air density in 

kg/m2, V show the average wind velocity in m/s and the electrical power constant is denoted 

by coffP . The effectiveness of a wind turbine is shown by power coefficient maximum value of 

which is 0.59. Wind speed is directly related to wind output power obtained from wind turbine 

as can be given by Equation (3.61) taken from (Liu, Kong, Liu, Peng, & Wang, 2015). 
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   Figure 3.10: Wind speed and power output of wind turbine  
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                                  (3.61) 

where, the cut-in, cut-out and rated wind speeds are denoted by cut inv  , cut outv   and ratedv , 

respectively. ratedP  represent the rated output power of wind turbine. Figure 3.10 show the 

relationship between wind speed and output power of wind turbine (Wang, Palazoglu, & El-

Farra, 2015), (Wang, Palazoglu, & El-Farra, 2015; The Wind Power Program and the UK 

NOABL Wind Speed Database, 2018). 

3.5.5 Battery Bank System (BBS) 

Equation (3.62) represent the computation of BBS ( )WhC  capacity in time interval t (Khatib, 

Mohamed, Sopian, & Mahmoud, 2011). 

( ) ( ) / ( )Wh L V BC t E AD DOD                    (3.62) 

where, the allowable depth of discharge is denoted by DOD, the daily electrical energy 

consumption is shown by LE , the number of autonomy days is represented by AD, voltage and 

BBS efficiency is denoted by V and B , respectively. Equation (3.63) represent the charging 

and discharging of energy via the BBS for the duration of the time interval from t-1 to t 

(Suryoatmojo, Elbaset, Pamuji, Riawan, & Abdillah, 2014). 
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( ) ( 1).(1 ) ( )B B BATC t C t P t                                               (3.63) 

Where, at time slot t and (t-1), the available power in BBS is denoted by ( )BC t and ( 1)BC t 

, respectively. The BBS self-discharge rate is shown by the symbol   and in the proposed 

study it is assumed as 0.002. In time interval t the power from battery bank is denoted by 

( )BATP t . As given by Equation (3.64), during charging operation of the BBS, the value of ( )BC t  

remains between ( )BminC  and ( )BmaxC . 

 ( )Bmin B t BmaxC C C                                                  (3.64) 

where lowest and highest permissible electrical energy level in the BBS is denoted by 

BminC  and BmaxC . Additionally, commercial grid charges the BBS during low price hours, 

while during high price hours the charged electricity is used taken from own MG.  

3.5.6 Energy Consumption 

      It is assumed that one time slot and over-all time limit is represented by t and T, 

respectively. The total time horizon is twenty four hours. S symbolize the group of appliances 

in smart home and α show each appliance in the set. Each appliance ingests an aggregate of 

energy Eα (t) in time interval t such that t ε T.  

 1 2 3, , , , . ... nS                                                     (3.65) 

      Equations (3.66)-(3.69) represents the daily power consumption and the aggregate 

electrical energy usage per day by all appliances, respectively (Ahmad et al., 2017). 

24

, 1, 2, 24,

1 1

( ) { }
SN

NDL NDL NDL NDL NDL

t sn SN t sn SN t sn SN t sn SN

t sn

E E E E E    

 

          (3.66) 

24

, 1, 2, 24,

1 1

( ) { }
SI

IL IL IL IL IL

t si SI t si SI t si SI t si SI

t si

E E E E E    

 

                  (3.67) 

24

, 1, 2, 24,

1 1

( ) { }
SM

MRL MRL MRL MRL MRL

t sm SM t sm SM t sm SM t sm SM

t sm

E E E E E    

 

             (3.68) 

24

, , ,

1 1 1 1

( )
SN SI SM

total NDL IL MRL NDL IL MRL

t sn SN t si SI t sm SM

t sn si sm

E E E E E E E      

   

            (3.69) 

      Where 1, 2, 24,

MRL MRL MRL

t sm SM t sm SM t sm SME E E    , 1, 2, 24,

IL IL IL

t si SI t si SI t si SIE E E     and 

1, 2, 24,

NDL NDL NDL

t sn SN t sn SN t sn SNE E E    are the electrical energy usage of MRL, IL and NDl piece of 
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equipment, in that order, represented by  . 𝐸{𝛼}
{𝑡𝑜𝑡𝑎𝑙}

 is the aggregate electrical power intake of 

MRL, IL and NDL appliances. 

3.5.7 Electricity Cost and Energy Pricing 

Considering per unit electrical energy price many pricing scheme are defined. Some of the 

existing pricing schemes are critical peak pricing with rebate (CPP-R), hourly pricing (HP), 

locational marginal pricing (LMP), non-critical peak (NCP), real-time market price (RTMP), 

TOU pricing, CPP, peak pricing (PP) and RTP (javaid, khan, Ullah, Mahmood, & Farooq, 

2013; Wolak, 2018). However, TOU or DAP pricing schemes are used mostly for appliances 

scheduling. 

The total time horizon is divided into multiple time intervals using TOU scheme. RTP 

scheme are used in this research work. This scheme varies from slot to slot and remains 

constant during one specific time slot. The total cost of all appliances and cost for each 

appliance of each class (MRL, IL and NDL) are computed by Equations (3.70)–(3.73), 

respectively. 

24

( , )

1 1

( ) ( ) ( )( ( ) )
SN

ndl rtp

ps ndlsn t ndlsn

t sn

E t E Y t PS t 

 

                        (3.70) 

            

24

( , )

1 1

( ) ( ) ( )( ( ) )
SI

il rtp

ps ilsi t ilsi

t si

E t E Y t PS t 

 

                                (3.71) 

            

24

( , )

1 1

( ) ( ) ( )( ( ) )
SM

mrl rtp

ps mrlsm t mrlsm

t sm

E t E Y t PS t 

 

                      (3.72) 

( ) ( ) ( ) ( )total ndl il mrl

ps ps ps psE t E t E t E t                                                 (3.73) 
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where ( )rtpPS t is RTP signal in time slot t. ( )ndlsnY t , ( )ilsiY t  and ( )mrlsmY t are the ON/OFF 

state of NDL, IL and MRL appliances as displayed in Equation (3.74)–(3.76), respectively. 

( )ndl

psE t , ( )il

psE t  and ( )mrl

psE t are the electrical energy prices of NDL, IL and MRL appliances in 

time interval t, in that order. ps display the price signal, while sn , si , sm , ndlsn , ilsn

, and mrlsn  denote NDL, IL and MRL appliances and SN, SI and SM denote the group of 

appliances of NDL, IL and MRL, respectively. 

3.5.8 Peak-to-Average Ratio 

Balancing of PAR is compulsory to get balance of demand and supply concerning 

customers and utility company. For price savings the PAR is very essential, achieving system 

stability and rising system capacity of spinning reserve. The PAR also helps in decreasing 

transmission line losses, peak power plants cost and peak load demand, growing of electrical 

equipment lifetime, etc. Let the highest and regular electrical load of the smart home be 

indicated by PL  and AL , in that order. At that time, the PAR of the required electrical load PAR  

can be assumed in Equation (3.77) (Liu et al., 2014). 

 t T tP
PAR

A t

t T

Tmax LL

L L





  


                                                   (3.77) 

where tL  is a total load of all consumers. 

3.5.9 Appliances Waiting Time 

Let the AWT of all smart appliances is denoted by wtt . an AWT term i.e., wT is used for 

the minimum waiting time, LOT, maximum waiting time, stop time and start interval of 

appliances   such that 0 w mwT T  . Now, Equation (3.78) displays the AWT  as given in 

(Rasheed et al., 2015). 

 

o st

w w
wt

mw l

T T
t

T T

 



 


                                                      (3.78) 

where, wtt is appliance   waiting time, 
o

wT is the appliance   ON time, the start time 

of appliance is denoted by
st

wT , the appliance   LOT is lT and maximum waiting time is 

mwT . If on time and start time are equal the AWT is zero, i.e., ( )o st

w wT T  . Conversely, if these 
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both times are different, i.e., ( )o st

w wT T  , then to run the appliances the user has to be in waiting 

state. 

3.5.10 Objective Function 

      The basic objectives of this study were the reduction of PAR, AWT for maximum UC and 

cost. By appropriate management of smart appliances, these objectives can be achieved. For 

both customers and utility minimization of PAR is essential, to reduce the job time of backup 

generators and peak energy generating plants. In a residential area a single smart home is 

supposed having electricity consumers along with HEMS, and power is consumed from own 

MG and as well as commercial electricity grid. Furthermore, any liberalized electricity market 

is not affected by our proposed scheme. Using MKP the optimization problem is formulated. 

An appliance from the group of appliances is carefully chosen for a specific time interval to be 

ON or OFF. The ON/OFF state and power rating of each appliance is shown by a single and 

unique value and weight, respectively. Based on defined objective function, EMC decides to 

allow any smart appliance in a particular time slot to perform its operation (see Equation 

(3.79)). Equation (3.79) explains the total electrical energy consumption by appliances i.e., the 

constraints used in Equation (3.80)-(3.82) essentially be fulfilled by the over-all weight 

(aggregate power usage). 

Objective function: 

( ) ( ) ( ) ( ) ( ) ( ) ( )(( ( ) ) )ndl il mrl PV WD rtpmin E t E t E t E t E t BS t P t         (3.79) 

Subject to: 

( ) ( ) ( ) ( ) ( ), 1 24nim PV WD

ugE t E t E t E t BS t t       (3.80) 

( )nim NDL IL MDL

req req reqE t E E E   (3.81) 

0 sch maxt t t  (3.82) 

Where, considering time slot t ( )mrlE t , ( )ilE t  and ( )ndlE t  are the electrical power usage of 

MRL, IL and NDL appliances, in that order. The available energy from battery, wind and PV 

is denoted by ( )BS t , ( )WD t and ( )PVE t in time slot t, respectively. The total electrical energy 

consumption in specific time slot by all appliances is denoted by ( )nimE t . The utility grid 
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available energy which consumers can import in time slot t is represented by ( )ugE t . In 

unscheduled case the minimum amount of energy consumed is shown by
min

unschE . The upper and 

lower limit of scheduling horizon is denoted by maxt and 0t , respectively. The appliances 

scheduling time is represented by scht . To bring the balance between demand and supply of 

energy constraint is defined in Equation (3.81). 

3.5.11 System Model 

Each electrical energy customer has a HEMS, in the proposed system model. To meet the 

load requirements the consumers in the smart home uses energy from the electric grid, BBS 

and RESs. Wind turbine and PV are used as RESs here, while the supposed power rating of the 

system model modules are displayed in Table 3.8. To reduce the PAR, electrical energy 

expenses and maximize UC, the appliances are scheduled. Furthermore, the consumers 

classified the appliances into three categories i.e., NDLAs, which cannot be moved to 

alternative time interval; as it has boundary conditions of beginning and completion points to 

fully explains its time extent and it is presumed that customer cannot fully get satisfaction over 

these kind of appliances; and ILA, the electrical load of specific customers that based on the 

settlement, can be removed for a short period by the supply undertaking, which resulted its 

operation to be suspended in the mid. It has a task of interruptible appliance having various 

orders of execution to be interruptible. MRLA should be run at all the time with immediate 

effect. These appliances are non-deferrable, non-interruptible and not shiftable.  They should 

be run at every cost as tabulated in Table 3.9. Additionally, an AC system is playing a pivotal 

role as all appliances are considered to be connected to an AC system in this work. 

The suggested system model is depicted in Figure 3.11 which include smart scheduler unit 

(SMSU), EMC, smart meter, appliances and BBS, DC/AC inverters, solar charge controller, 

wind power generation system, PV and AMI. Mutual communication between utility and 

consumers is possible only when it is integrated AMI and functions as main pillar for the SG. 

The duty of AMI comprises the electricity rates and demand of hourly load between smart 

meter and utility.  Smart home and utility are interconnected mutually with smart meter which 

are acting as a gateway of communication between them. The receiving of price signals, 

sending of energy consumption data, reading and processing are the prime functions of SM. 

RESs is the very substitute source of local power generation to fossil fuels, which include hydro 

and wind turbines, fuel cells and PV system, while in this study, it only include wind turbine 

and PV.  

Table 3.8: Components of system model. 
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Rating            Component           

230 W             Solar panel  

10 kW            Wind turbine                   

1.2 kWh                Battery                   

 

           Table 3.9: Classification of appliances. 

Must-run loads       Interruptible loads   Non-deferrable loads   

Electric clock          Out-door lightings         Washing machine            

Television                Refrigerator                   ESS                                                    

Personal computer   Pool Pump                     Desktop PC                      

Heated towel rails    Iron                                Exhaust fan                                                      

Optional lightings    PEV                               Fan                                                                 

Fans                         Water heater                  Home lightings                

PV panel generates DC electricity, and then it is converted into AC by converter. A BBS 

can work both source of energy and sink and thus in the residential area it is considered an 

optimum solution. Consequently, in the suggested system model, BBS electrical power is used 

for exploiting wind system energy and PV with efficiency and to decrease PAR and the price 

of electricity.  

      An SMSU is programmed in such a way to use heuristic algorithms and works in between 

EMC and smart meter. SMSU produces the prime electrical energy consumption behavior for 

all appliances and then for further processing it transports the appliances scheduling profile to 

the EMC. EMC controls operation and BBS of all appliances based on the made scheduled by 

SMSU. Thus EMC is the essential of heart of the suggested system of model. 
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   Figure 3.11: System model block diagram. 

3.5.12 Optimization Techniques 

In section 3.5.10, objective function of appliances scheduling is discussed. The objective 

function is solved with the following algorithms: GWO, GA, WDGWO, WDGA, BPSO, 

WDO, and WBPSO. The aforesaid, heuristic algorithms are adopted because they provide 

optimal performance and alternate ways for solving complex problems.  

3.5.13 Grey Wolf Optimization 

      The mechanism of hunting and leadership hierarchy of wolves is represented by GWO 

algorithm. The GWO technique is proposed by Mirjalili, Mirjalili, and Lewis, 2014. For 

leadership hierarchy the number of grey wolves are four i.e., delta, omega, alpha, and beta. 

There are four main steps of GWO techniques i.e., attacking, encircling, searching and hunting 

prey. Grey wolves all the time live in a group with typical size of 12–15. In Equation (3.83) 

and (3.84), encircling prey mathematical model is given. 

 | ( ) ( ) |pD C X t X t                                (3.83) 

 ( 1) ( )pX t X t A D                              (3.84) 

where, the coefficient vectors are displayed by A and C , the current iteration is presented 

by t, pX represent the victim location vector, and X show the grey wolf location vector. 

Equations 3.85 and 3.91are used for search agents position updating. 

 1| |D C X X                                       (3.85) 
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 2| |D C X X                                      (3.86) 

 3| |D C X X                                       (3.87) 

 1 1 ( )X X A D                                      (3.88) 

 2 2 ( )X X A D                                     (3.89) 

 3 3 ( )X X A D                                      (3.90) 

 
1 2 3( 1)

3

X X X
X t

 
                                (3.91) 

In n-dimensional exploration space, the location of the search agents is updated using these 

equations. According to  ,   and   the position is updated. Table 3.10 show the GWO 

parameters. 

3.5.14 Genetic Algorithm 

GA technique belong to heuristic algorithms and is motivated from the genes of living 

beings. GA working is iterative based and provides different solutions after each iteration 

(Logenthiran, Srinivasan, & Shun, 2012).  The GA chromosomes are binary encoded and 

arbitrarily initialized. The chromosomes indicate ON/OFF position of household appliances 

and number of genetic material corresponds to the amount of household appliances, which is 

indicated in Equation (3.92).  

Chromosomes length = Number of household appliances       (3.92) 

   Table 3.10: GWO parameters. 

Parameters                        Value                Parameters                        Value 

Total iterations                      50                    Arbitrary vectors r2, r1          1,0 

Size of population                 200                   n                                            18 

                                          2 to 0 

    Table 3.11: GA parameters. 

Parameters                        Value             Parameters                        Value 

Number of iterations             50                 Crossover probability             0.9                  

Size of population                 200                n                                            18  
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Mutation probability             0.1                                               

Population is initialized and GA fitness function is considered as our objective function. After 

mutation and crossover phases new population is generated. In Table 3.11., control parameters 

of GA are listed. And overall novel generation would be created when probability of crossover 

is considered to be 100%. And when probability of crossover is taken as 0% then the novel 

produced generation will be a precise duplication of the parentages. However, for optimization 

problems, early meeting to the sub optimal solution is kept away from bigger crossover ratio, 

which shows 90% is the finest crossover ratio, as specified by equation 3.93 below. 

Crossover probability = 0.9*(3.93) 

      The process of mutation is employed to create results randomly. From its original state in 

a chromosome, one or more than one genes are mutated. The probability of mutation can be 

studied by the following equation: 

Probability of mutation = 1-Probability of crossover (3.93) 

      The population generated and its suitability can be matched with the aforementioned 

individuals after mutation and crossover process. 

3.5.15 Binary Particle Swarm Optimization 

Consisting of four main steps, a discrete variant of PSO is BPSO i.e., initial velocity and 

position of the particles, and global and local preeminent locations amongst the particles. The 

population is arbitrarily generated and dispersed in exploration space by the PSO. Velocity and 

position is updated by BPSO by using Equations (3.95) and (3.96), respectively (Tuaimah, 

Abd, & Hameed, 2013; Zhu, Tang, Lambotharan, Chin, & Fan, 2012). 

1 1 2 2( ) ( 1) ( ( 1)) ( 1)) ( ( 1) ( 1))id id bestid id bestid idV t V t c r P t X t c r g t X t           (3.95) 

where, the location and speed, in the d-dimension at time slot t and t-1 for particle i is 

denoted by ( )idX t , ( 1)idX t  , ( )idV t , and ( 1)idV t  , respectively. The preeminent locations 

attained by particle i and group in d dimension in time interval t and t-1 are denoted by

( 1)bestidP t  and ( 1)bestidg t  , respectively. The two acceleration coefficient is denoted by 1c and

2c . The arbitrary numbers 1r  and 2r are defined between 0 and 1. To define the position of 

particles the sigmoid function is given below. 
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                     (3.96) 

where, the particle velocity is shown by 
1t

iV 
. Table 3.12 describes the parameters of BPSO. 

3.5.16 Wind Driven Optimization 

WDO fits to the family of heuristic algorithms. It is little bit different from BPSO because 

it works atmospheric air parcels motion. On the other hand, it is also different from additional 

heuristic optimization methods because of the presence of forces i.e., friction force, 

gravitational force, coriolis, and pressure gradient force. The aforesaid forces are 

mathematically modeled in Equations (3.97) and (3.100). The equations are borrowed from 

(Bayraktar, Komurcu, & Werner, 2010) article. 

     Table 3.12: BPSO parameters. 

Parameters                        Value            Parameters                        Value 

Final weight constant             0.4              Number of iterations             50                 

Local pull                               2                 Size of swarm                        200               

Global pull                              2                Highest velocity                     4                  

n                                             18               Lowest velocity                    -4                   

Initial weight constant           2 

 

 2CrF                                      (3.97) 

 GvF g                                   (3.98) 

 prgF                                    (3.99) 

 FrF                                       (3.100) 

where, earth rotation and Coriolis force is denoted by   and CrF , respectively. Velocity 

of wind is represented by  is, the force of gravitation is displayed as GvF , density of air is  ,  

air finite volume is denoted by  , acceleration of gravity is shown by the symbol g, prgF  

indicate the pressure gradient force, pressure gradient is shown by delta , friction force is 

shown by FrF  and friction coefficient by . The air parcel’s position and velocity is denoted 

by Equations (3.101) and (3.102) (Bayraktar, Komurcu, & Werner, 2010). 
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                           (3.101) 

and 

       1 1

p p p

i i ix x                                                                 (3.102) 

where the new and current velocity of the air parcels is represented by 1

p

i  and
p

i , 

respectively. The existing and new locations of the air parcels are denoted by
p

tx and 1

p

ix  , 

respectively. The global best position is shown by gbestx . c, g, , T and R are Coriolis force, 

gravity, friction coefficient, temperature and universal gas constant, respectively. Air parcels 

variable value is denoted by r. 

  Table 3.13: WDO parameters. 

Parameters                           Value               Parameters                         Value 

Total iterations                         50                   vmax                                       0.3  

Size of population size            200                  Universal gas constant            3         

dimMin                                    -5                     n                                              18                                  

dimMax                                    5                     Coefficient of friction             0.4 

vmin                                        -0.3                  Gravity                                    0.2 

By assessing the fitness function and bring up-to-date the velocities WDO create a random 

solution, creating an innovative population. The objective function of the previous and updated 

generation is compared for obtaining a suitable pattern of appliances. The fitness function in 

WDO is term as pressure, i.e., in BPSO, PSO and GA. Table 3.13 illustrate the WDO 

parameters. 

3.5.17 Wind Driven Genetic Algorithm 

WDGA is hybrid version which is come into existence by combining steps of GA and 

WDO. At first, WDO steps from initialization of population to selection are implemented as it 

is and only velocity update step is replaced key steps of GA, which are crossover and mutation. 

The reason of velocity step replacement with crossover and mutation is twofold: time 

complexity and slow convergence. The proposed WDGA evaluate initialized population 

subjected to our objective functions i.e., cost and PAR as shown in Equation (3.79). In 

population matrix, the 1 and 0 shows status of ON and OFF appliances, respectively. The 

proposed hybrid technique is algorithm 4 and its control factors are listed in Table 3.14. 
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   Table 3.14: WDGA parameters. 

Parameters                           Value      Parameters                           Value 

Number of iterations                50            Gravity                                       0.2 

Size of parcels                          200          Coefficient of friction                0.4 

Dimensions                          [-1, +1]        Crossover rate                            0.9 

Highest velocity                   0.4               Mutation rate                              0.1 

Universal gas constant             3.0 

3.5.18 Wind Driven Grey Wolf Optimization 

       WDGWO is hybrid of GWO and WDO algorithms. This hybrid technique is developed 

subjected to performance improvement in terms of cost and PAR. At first, all the steps of GWO 

are implemented as it is and only position of search agents’ step is replaced by velocity update 

step of WDO due better generation of new population. The initial generated population is based 

on four grey wolves i.e., delta, omega, beta, and alpha. The velocity update step is applied to 

generate best population subjected to our objective function. The process iteration is repeated 

again and again so as to accomplish global and best solution. The Algorithm 5 shows the 

pseudo code of the WDGWO and their control factors are recorded in Table 3.15. 

Table 3.15: Parameters of WDGWO. 

Parameters                           Value        Parameters                           Value 

Number of iterations                 50           Gravity                                     0.2 

Size of population                     200         Coefficient of friction                0.4 

Dimensions                           [-1, +1]                                                    2 to 0 

Highest velocity                     0.4              Random vectors r1, r2             0, 1 

Universal gas constant            3.0             n                                              18 

3.5.19 Wind Binary Particle Swarm Optimization 

      We proposed WBPSO technique, which is a hybrid of WDO and BPSO. The proposed 

hybrid WBPSO technique is more efficient than individual algorithms because in it the benefits 

of both WDO and BPSO are combined. The pseudocode of WBPSO is demonstrated in 

Algorithm 6. The steps of WBPSO are similar to the steps of BPSO but only extra step of 

velocity update is added. The random solutions are generated, when stopping criteria is 

completed. The arbitrary solutions are different from aforementioned solutions. In this work, 

BPSO is used population generation and local best selection subjected to our objective 

functions. 
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     Table 3.16: WBPSO parameters 

Parameters                        Value          Parameters                     Value 

Initial weight constant            2                n                                              18 

Lowest velocity                     -4               Constant of friction                0.4 

Highest velocity                    0.4              Gravity                                    0.2 

Dimensions                          [-1, +1]        Global pull                                2 

Size of Population                  200            Local pull                                 2 

Number of iterations              50              Final weight constant              0.4 

On the other hand, WDO is novel solution generation. Finally, over-all best solution is selected, 

which have minimum PAR and electrical energy cost. WBPSO constraints are listed in Table 

3.16.  

Algorithm 4: WDGA 

1: Input: Group of appliances   or populace 

     2: Output: GA parameters initialization: peak hour, off peak hour, t = 0, H, vmax, vmin, no of 

Iteration WDO parameters initialization: dimMin, dimMax, dim, param.rt, param.g, 

param.alp, param.c 

3: for 1 24t   do 

4:  for 1h H  do 

5:   for 1p P  do 

6:    Generate population randomly 

7:    Calculation fitness  

8:    Choose finest population, pop1 save in pop2 

9:    Appliance status check using off-peak hour and peak hour 

10:    if t == peak hour then 

11:     Move to BBS and RESs OR hold for off peak hour 

12:     if Energy use == high then 

13:      LOT of all apps check till it is 0 

14:     end if 

15:    end if 

16:   end for 

17:   Create novel population 

18:   Substitute the genomic operators by particles pressure 

19:   Calculate and discover air parcels (populace) pressure 

20:   for 1K swarm  do 
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21:    for 1h n  do 

23:  x (K, h) = (dimMax - dimMin) * ((x (K, h) +1). /2) + dimMin 

22:     Pres (K, h) = sum 
2( ( , ) )x K h  

23:    end for 

24:   end for 

25:   In pop2 save air parcels value  

26:   Find and check velocity of air parcels  

27:   Vel = min (vel, maxV); and vel = max (vel, -maxV) 

28:   Update and find positions of air parcel  

29:   x = x + vel; and x = min(x, 1.0) and x = max (x, -1.0) 

30:   Discovering finest particle in population 

31:   Globalpres, indx = min (pres); and globalx = x (indx, :) 

32:   Discover min place for this reiteration 

33:   Minpres, indx = min (pres); and minpos = x (indx, :) 

34:   Rank the air parcels: sortedpres rankind = sort (pres) 

35:   Sort the air parcels pressure, velocity and position 

36:   Pres = sortedpres 

37:   Bring up-to-date the global best 

38:   Better = minpres < globalpres 

39:   if Solution = better then 

40:    Globalpres = minpres 

41:    Globalpos = minpos 

42:   end if 

43:   Save the position and velocity value in pop3 

44:   Choose from pop3 and pop2 

45:   New position and velocity of air parcels 

46:   if Solution == infeasible then 

47:    Bring up-to-date the result 

48:    Bring up-to-date the solution in pop3 and pop2 

49:   end if 

50:   Bring up-to-date the pop preeminent solution 

51:  end for 

52: end for 

Algorithm 5: WDGWO 

1: Input: Group of appliances  or population 
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2: Output: GWO parameters initialization: Max iter, Np, D, alpha, beta, delta, search agents 

3: WDO parameters initialization: dimMin, dimMax, dim, param.rt, param.g,   param.alp, 

param.c 

     4: Arbitrarily prepare the situation of exploration agents, i.e., locations = rand (Np,    D) 

5: Assess the search agents position  

6: while maxiter iter do 

7:  for 1: ( ,1)i size positions do 

8:   For each search agent compute the fitness function  

9:   Fitness = sum (electrical energy price * positions) 

10:   Bring up-to-date alpha, beta and delta 

11:   if Fitness alpha score  then 

12:    Alpha score fitness   

13:    ( :1)Alpha pos positions i   

14:   end if 

15:   if Fitness alpha score and fitness beta score    then 

16:    Beta score fitness   

17:    ( :1)Beta pos positions i   

18:   end if 

                        19:  if Fitness alpha score andfitness beta score and   

fitness delta score  then 

20:    Delta score fitness   

21:    ( :1)Delta pos positions i   

22:   end if 

23:  end for 

24:  2 *((2) / )a l Max iter   ; a value linearly from 2 to 0 

25:  for 1: ( ,1)i size positions do 

26:   for 1: ( , 2)j size positions do 

27:    r2, r1 arbitrarily prepare the value between 1 to 0 

28:    Vel = maxV * 2 * (rand (Np, D)-0.5) 

29:    for 1i Np  do 

30:     for 1j D  do 

31:      Velot (i, j) = vel (i, j) 
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32:  Vel (i, j) = (1 - alp) * vel (i, j) - (g * positions (i, j)) + abs 

(1 - 1/i)*(((positions (i, j) - positions (i, j))).* RT) + (c * 

velot (i, j) / i) 

34:  if ((vel (i, j) < vmax) and (vel (i, j) > vmin)) then 

35:       Velot (i, j) = vel (i, j) 

36:      else if (vel (i, j) <vmin) then 

37:       Vel (i, j) = vmin 

38:      else if (vel (i, j) > vmax) then 

39:       Vel (i, j) = vmax 

40:      end if 

41:      Bring up-to-date the location  

42:      Sig (i, j) = 1/ (1+exp (-vel (i, j))) 

43:      if rand (1) < sig (i, j) then 

44:       Positions (i, j) = 1 

45:      else 

46:       Positions (i, j) = 0 

47:  Update the positions and find the optimal solution 

48:      end if 

49:     end for 

50:    end for 

51:   end for 

52:  end for 

53: end while 

Algorithm 6: WBPSO 

1: Input: LOT, electrical energy price, flock size, Total of particles, maxt , 

2: Output: Appliance energy usage rating, vmin, vmax, no of iteration, c2, c1,  param.g,    

3: param.RT, param.c, param.alp, dimMax, dimMin, dim, arbitrarily create the particles 

4: Velocities locations and: gbestP   

5:  for 1t   to swarmsize do 

6:   Initialize (swarmsize, tbits) 

7:   ()velP randomvelocity  

8:   ( )posP randomposition swarmsize  

9:   lbest posP P  
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10:  end for 

11:   for h = 1 to 24 do 

12:    Authenticate constraints 

13:     for i = 1 to M do 

14:      if ,( ) ( )i lbest if f p  then 

15:       ,lbest i ip   

16:      end if 

17:   if , ,( ) ( )lbest i gbest if P f P then 

18:    , ,gbest i lbest iP P  

19:   else 

20:    , ,gbest i gbest iP P  

21:   end if 

22:   Reduce one from the LOT of the occupied appliance 

23:   if costE > maxcostE then 

24:    if 
RESs hTOT loadE E then 

25:     Alter the electrical load to BBS and RESs  

26:    else 

27:     use the electrically powered grid energy 

28:    end if 

29:   end if 

30:   Return ,gbest iP  

31:   Vel = maxV * 2 * (rand (swarm, n)-0.5) 

32:   for i = 1: swarm do 

33:    for j = 1: n do 

34:     Velot (i, j) = vel (i, j) 

35:  Vel (i, j) = (1 - param.alp) * vel (i, j) - (param.g * pres (i, j)) + 

abs (1- 1/i) *(((pres (i, j) - pres (i, j))).*param.RT) + (param.c * 

velot (i, j) /i) 

37:     if ((vel (i, j) < = vmax) and (vel (i, j) >= vmin)) then 

38:      vel (i, j) = vel (i, j) 

39:      elseif (vel (i, j) < vmin) 

40:      vel (i, j) = vmin 

41:      if (vel (i, j) > vmax) then 
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42:       vel (i, j) = vmax 

43:      end if 

44:     end if 

45:     Sig (i, j) = 1 / (1 + exp (-vel (i, j))) 

46:     if rand (1) < sig (i, j) then 

47:      x (i, j) = 1 

48:     else 

49:      x (i, j) = 0 

50:     end if 

51:    end for 

52:   end for 

53:   Velocity check: vel = min (vel, maxV); vel = max (vel, -maxV) 

                        54:  Bring up-to-date air parcel locations: x = x + vel; x = min (x, 1.0); x = max (x, 

-1.0) 

55:   Calculate population: (pressure) 

56:   Discovering preeminent particle in population 

57:   Globalpres, indx = min (pres); globalx = x (indx, :) 

58:   Minimum place for this repetition 

59:   Minpres, indx = min (pres); minpos = x (indx, :) 

60:   Rank the air parcels 

61:   Sorted-pres rank-ind = sort (pres) 

62:   Sort the pressure, velocity and air parcels position 

63:   Pres = sorted-pres 

64:   Bring up-to-date the global best 

65:   Better = minpres < globalpres 

66:   if Better then 

67:    Globalpres = minpres 

68:    globalpos = minpos 

69:   end if 

70:  end for 

71: end for 

3.6 USE OF HEURISTIC TECHNIQUES FOR RESIDENTIAL LOAD SCHEDULING 

AND ANALYSIS OF HYBRIDIZATION  
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We have discussed the solution 4 according to the sub-problem 4 (i.e., section 1.2.4) 

defined in the chapter 1. System model and the relevant descriptions are elaborated in the 

subsequent subsections. 

3.6.1 System Model 

Proposed model specifications include the following: 

1. In the predefined time slots operational flexibility is shown by the power elastic loads. 

The scheduling time limit ranges from lowest to highest power and the appliances operate 

between these two ranges. For instance, keeping in view the lowest and highest power ranges 

the refrigerator and air conditioner can manage their power consumption within these two 

ranges. 

 2. In the operating time limit flexibility is shown by time elastic load. These appliances 

can be non-interruptible or interruptible in nature. Washing machine and clothes dryer can be 

interrupted or delayed when required, hence these are known as interruptible appliances. On 

the other hand, Toaster and electric kettle are non-interruptible appliances and can only be 

deferred before it starts the task of running. 

3.6.2 Mapping of Load Scheduling To Multiple Knapsack Problem 

The problem of appliances scheduling is mapped to MKP in this section. MKP is a 

combinatorial problem in computer science and engineering, i.e., to choose an item from a 

group of items. Many optimization problems are mapped through this standard mathematical 

technique. Single knapsack have generalized form with multiple instances of each item i.e., 

MKP. A group of n items and m knapsacks are present in MKP. In this group each item has 

two characteristics, i.e., the weight and value of the item. A capacity constraint is defined for 

every knapsack that show the maximum weight it can support. Every single knapsack has a 

size limitation that denotes the highest mass that it can upkeep. To find the instance of the item 

which can be filled in the knapsack is the main goal of the multiple knapsack. The items are 

added in the knapsack in such a way to maximize its value. The scheduling problem is mapped 

to multiple knapsack in the following way:  

• t is the time interval which relate to m knapsack.  

• n objects corresponds to the total number of appliances which reside inside the knapsack.  

• The weight of each object denote the energy usage of appliances.  

• The value of the item is the price of consumed energy in particular time interval.  
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• The knapsack capacity show the highest amount of electrical energy that can be taken from 

the electrical grid. 

Electrical energy cost can be restricted as ensured by it for the consumers, and this limit 

also ensure that the load more than the capacity of the grid should not be put on the grid as is 

done for the utility company. This limit of power consumption is considered for only one home 

in the provided model. 

3.6.3 Constraints and Objective Function Mathematical Modeling 

PAR, UC and electrical energy consumption cost mathematical modeling are describe as 

follow:  

3.6.3.1 Model of energy consumption 

During scheduling time horizon the energy consumed by home appliances is the electrical 

energy consumption. Two types of appliances are discussed i.e., time elastic appliances
t

eA  and 

power elastic appliances 
p

eA . Equations (3.103-3.109) give the energy consumed per day 

and for a particular time slot as follow:  
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Using the Equation 3.110 the daily aggregated electrical energy usage of all appliances is 

computed: 

 .pe te

T T TE E E                                     (3.110) 

3.6.3.2 Energy cost model 



  

134 

Different kind of tariffs such as CPP, CPR, TOU and RTP is offered by the utility for cost 

calculation of electricity to benefit both consumers and utility (Boopathy, & Sivakumar, 2014).  

 

 

 

 

 

 

Figure 3.12: Functional Model 

However, as shown by federal regulatory energy commission for 2009 dynamic pricing 

schemes gave 60% of the benefits (Primer, 2014). The utility charge the consumers for the 

energy they consumed using the pricing schemes. For the computation of the electrical energy 

cost, a combined pricing scheme is used which consists of IBR and RTP in this work, because 

by using RTP there is chances of high peaks in demand during low price hours. Most of the 

load burden during low price hours will cause peaks to arise in these hours having variation in 

pricing scheme in each time slot. Equations 3.111 and 3.112 show the energy consumption cost 

calculation paid by the customers to the utility: 
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The over-all price, i.e., TC  of the customer electrical power usage can be computed via the 

Equation 3.113: 

.pe te

T T TC C C                                         (3.113) 

3.6.3.3 Peak-to-average ratio 

To decrease the peaks in consumer’s demand which causes PAR reduction, the electrical 

load is moved from hours where price is high to the hours where price is low and for this 
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purpose the utility gives different motivations to consumers. The proportion of average and 

peak demand of the customers throughout the scheduling time interval is termed as PAR. For 

both consumers and utility it is useful for the reason that it bring equilibrium in the demand 

curve and attempts to accomplish the space concerning supply and demand. Equation 3.114 

show the formula for the calculation of PAR as follow: 
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3.6.3.4 Appliances waiting time 

The interval of time before which the appliances pause to start its task is called the 

appliances waiting time. The customers discomfort is defined by the waiting time of the 

appliances. 

For example, the appliance has larger waiting intervals if the operation of the appliance is 

started at a later time. On the other hand, there is a balance between electrical energy price and 

consumers waiting time. The consumers pay low price when waiting during high tariff and pay 

more in case of no waiting time. Equation 3.115 display the formula through which waiting 

time can be calculated: 
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The appliances waiting time for electricity customers is expected to be much smaller. 

Electricity cost and appliances waiting time are reduced in this research work. 

3.6.4 Problem Formulation and Optimization 

The capability provided by the utility is expected to be use by the consumes from the 

perspective of optimization. To decrease the electrical energy price and enhance the average 

utility functions by utilizing the available energy by consumers in a manner to attain the wanted 

objectives. To decrease PAR and electrical energy price is the objective function of the 

consumers electricity load scheduling. The objective function is implemented in such a manner 

that the comfort of the consumers is not cooperated. Equations 3.116, 3.117 (a-c) displays the 

objective function which acts as an optimization problem: 

  min , , ,T iC w PAR                             (3.116) 

subjected to; 
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 ,TE Capacity                                   (3.117a) 
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The capacity is defined by the constraint in Equation 3.117a, which make certain the 

control of aggregate electricity domestic use and electric grid is not burdened with load. 

Equation 3.117b show that scheduled and unscheduled load is equal and the proper scheduling 

of domestic load is also ensured by this equation. The completion constraints in in Equation 

3.117c make sure that in a specified time interval the appliances operation is completed. 

Equation 3.117c also shows that the scheduled and unscheduled load comparison fair. 

3.6.5 Proposed System Model 

Proposed electrical power system is composed of demand and supply side having multiple 

consumers, shown in Figure 3.13. Each of the consumer premises has energy consumption 

scheduling unit (ECSU), remote control, in-home display (IHD) control and smart meter. 

ECSU is responsible for energy consumption control and coordination between consumer and 

utility company through network connectivity as shown in Figure 3.14.  

Electricity consumers, through user interface, enter the control parameters of ECSU like 

length of running time, beginning time, and last time etc. Whereas, ECSU receives the pricing 

information from utility company that is forwarded to managing unit to control the 

consumption behavior of household appliances. Managing unit schedules the operation 

behavior of the home appliances though optimization techniques, on the basis of historical data, 

pricing signal, and data received from scheduling unit. Afterwards, optimal consumption 

schedule is shared with utility company, as displayed in Figure 3.12.  

T is the aggregate scheduling time which is composed of various on-peak time slots, off-

peak time slots, and mid-peak time slots, where T = {1, 2, 3… T}. Based on consumer’s electric 

consumption pattern, day-ahead RTP signal is generated by utility company that defines different 

prices to electric consumption in different time slots.     
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     Figure 3.13: Abstract view diagram of power flow   

Two types of load demand is defined i.e., inelastic electrical load and elastic electrical load. 

The elastic electrical load is further categorized into two groups: power elastic appliances and 

time elastic appliances. Moreover, appliances which are elastic in nature can be non-

interruptible or interruptible. The interruptible appliances operation can be interrupted, 

deferred and adjusted or moved to off-peak time intervals, while the operation of non-

interruptible appliances can be held up only when required. Conversely, the inelastic electrical 

load is price inflexible in behavior. These appliances thorough explanation is given below. 

      Considering the group of appliances are represented by: { , }t p

e eA A A , so that,

{ , }t n in

e te teA A A . 
t

eA  shows the group of time elastic appliances and 
p

eA shows the group of power 

elastic appliances. On behalf of every appliance i , the latest location, ( , )i n n

t t tS r w and the 

location at the subsequent time interval, 1

i

tS  is defined and discussed. The task of running the 

interruptible appliances can be attuned, regulated and broken up in the time elastic appliances, 

if required. The starting and the next location during subsequent time interval for interruptible 

appliances can be demonstrated as given by the Equations 3.118 and 3.119:  
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      As discussed above, the appliances which are non-interruptible can only delay on the 

consumer necessity in time elastic appliances. Similarly, the early position and subsequent time 
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interval position considering appliances which are non-interruptible can be demonstrated by 

the equations below. 

   { , 1},i o o
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      The power elastic appliances tolerate flexibility in their execution time having elasticity in 

their power rating. Equation 3.122 indicates as modeled equation of the location of appliances 

which are power elastic at the subsequent time interval as below. 
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      The inelastic appliances are starting operation suddenly and immediately and continuously 

must be power on whole day time. The position at next time slots and the original position are 

denoted as in the Equations 3.123 and 3.124:  
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   Figure 3.14: System architecture 

      RTP scheme is selected due to more flexibility and tolerance for scheduling appliances as 

matched with the TOU pricing scheme, CPR and CPP in the middle of the several pricing 

schemes as debated below. Collective RTP and IBR pricing signals are taken into account, in 

order to avoid making of peaks in hours where price of electricity is minimum. It is assumed 

that consumer’s consumption has been not controlled by the utility and by providing price 

flexibility, it may only influenced the load. By adopting combined IBRs with RTP, making of 

peaks for the duration of hours where price is low and load synchronization can be sidestepped, 

whereas marginal price (MP) is directly proportional to the electrical load.  This collective 

concept of pricing tariff support the consumers to change the electrical load from hours in 

which price is taken as higher to hours, in which price is low so as to reduce cost of electricity 

and PAR. Price of electricity depend upon time and total load by taking this combined concept 

of pricing scheme. Assuming ( )tL  which represents the expense of electrical load at time slot 

t, as a function of customer energy use during that time interval as given by means of Equation 

3.125:        
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                          (3.125) 

Where tR  is the electrical energy expense, after the overall energy use is less than the limit 

of IBRs during time interval t, and tb  is the electrical energy expense during time interval t, 

when the aggregate energy use is more than the limit of IBRs. 

3.6.6 Optimization Techniques  

In order to schedule appliances, various heuristics and mathematical techniques have been 

applied. The main purpose and objective of applying these various techniques for optimization 

process are to decrease PAR, the electrical energy bill and energy balancing keeping in view 

the demand and supply. Moreover, other objectives include UC, optimization of electrical grid 

permanency and to bring excellence in power generation. One of the main characteristics 

considering heuristics algorithms is to reduce the operational and computational time. 
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Conclusively, theses heuristics techniques give an exact and realistic result to the problem.  The 

algorithms which are used in this study are discussed below. 

3.6.7 Existing Optimization Techniques 

       A brief discussion of each algorithm include FPA, BAT, TLBO and GA are given in this 

section: 

3.6.7.1 Genetic algorithm 

GA is an adaptive experimental procedures based on the evolutionary thoughts of natural 

choices and inheritance. GA can be employed to solve optimization problems and to represent 

smart application of an arbitrary search.  Within the search area, it is tending to an improved 

performance, to transfer random exploration. GA gives a large number of benefits over many 

other optimization methods by performing a search in an enormous state space, multi model 

state space or n-sided surface. GA can simulate the survival of the fittest to resolve a problem 

over successive generations among individuals. (Ramachandran, Srivastava, Edrington, & 

Cartes, 2011). 

   Table 3.17: GA parameters. 

Parameters                           Value         Parameters                           Value 

Number of iterations               500           Probability of crossover          0.9 

Size of population                   200           Number of appliances             11 

Mutation Probability               0.1 

      Each individual has specific chromosomes with genes over it which can be changed 

in order to make off-springs with the best features and appearances than their forefathers. 

GA feasible results are denoted as a twofold string of ones and zeroes, on the other side, 

additional programming can also be feasible (Smart Grid Australia, 2010).  The stretch of 

chromosomes and the genes pattern of chromosomes is representing the total of appliances and 

ON/OFF state of appliances respectively. The ON/OFF or switching conditions of appliances 

are started in special time interval when once the population is generated, and then suitability 

of each candidate solution is estimated which is related to the fitness function introduced for 

the optimization problem. Crossover and mutation process is carrying out in order to produce 

new population (off-springs) better in characteristics than their parents after estimating the 

suitability of each applicant solution. Table 3.17 describes the parameters of GA. 

3.6.7.2 Teaching learning based optimization 



  

141 

      Teaching learning-based optimization (TLBO) technique was designed by (Zhao, Ding, 

Cooper, and Perez, 2014). It is computationally efficient because it does not require tuning 

parameters. In TLBO, two interacting partners exist i.e., instructor and student. The instructor 

is thought-out as a skillful and knowledge being.  The instructor will share its information and 

skill with student to improve performance.  The student’s knowledge quality is evaluated on 

the basis of their results. Furthermore, the learners’ can develop their understanding by healthy 

debate.  

This technique was originally offered by (Zhao, Ding, Cooper, & Perez, 2014). The 

parameters of TLBO do not require any tuning for performance enhancement hence it is very 

efficient computationally. TLBO comprises of an instructor and a learner. Instructor is thought-

out as the most well-informed individual. The instructor shares its information with the learners 

to increase their productivity or performance (Cook, 2012).  

TLBO technique is motivated by training and learning (knowledge) background. It has two 

stages i.e., (i) teacher stage, (ii) and student stage.  At first stage, the teacher is considered as a 

best solution and left over population is thought-out as learners. The instructor shares its 

information with the learners to raise their level by changing student’s knowledge.  In Equations 

(3.126 - 3.128), the major difference between student and teacher knowledge is given.   

( ),i i new factor iMD r Mean T Mean                     (3.126) 

[1 (0,1) 2 1 ],{ }factorT round rand                  (3.127) 

, , .new i old i iX X MD                                            (3.128) 

Between teachers and students the mean difference of knowledge is represented by iMD , in 

particular topic the best student result is presented by newMean . The random number between 

zero and one is indicated by ir . A teaching factor is presented by factorT and with equal 

opportunity determined arbitrarily. It is an experimental step having the value zero or one. 

Equation (1b) decide the value of the teaching factor. In the population the informed value of 

,new iX is selected if it is improved than the ,old iX . 

In the learner stage, the learners intermingle with one another and the learner with a smaller 

amount of information, gain understanding from the learner with additional awareness. From 

the initial populace two students, i.e., s1 and s2 are arbitrarily carefully chosen such that
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1, 1,total s i total s iX X  . However, Equations 3.129 and 3.130 describe the optimization problem 

as below. 

, 1, , 1, , 1, , 2, , 1, , 1,( ), ,fnew s i new s i i new s i new s i new total s i new total s iX X r X X ifX X         (3.129) 

, 1, , 1, , 2, , 1, , 2, , 2,( ), .fnew s i new s i i new s i new s i new total s i new total s iX X r X X ifX X         (3.130) 

The result , 1,fnew s iX is carefully chosen, if its outcomes are improved than the current one, 

or else rejected. These carefully chosen valuations are prearranged as input to the instructor 

stage in the subsequent repetition. This procedure relapses until the stopping conditions are 

touched. 

3.6.7.3 BAT Algorithm 

      BAT is an exploratory technique for optimization purposes. It came into existence in 2010 

by Xin-She Yang. It uses the echolocation procedure of microbats as motivation.  Loudness 

rates and the pulse variation discharge enable bat technique to find specific place using sound 

waves. The detail explanation of bat echolocation concept is as follows: 

      Each bat hovers with arbitrary speed iv at site ix . There is a continuous variation in sound 

intensity, loudness, pulse emission rate and frequency as bat explore its prey via arbitrary walk. 

Finest prey can be found, while some thresholds and ending conditions are encountered.  In bat 

algorithm the balance between exploration and exploitation is maintained using controlling and 

tuning parameters (Davidoff, Lee, Yiu, Zimmerman, & Dey, 2006). 

3.6.7.4 Flower pollination algorithm 

The process of pollination among flowers are considered to be an interesting phenomenon 

on the globe. FPA is encouraged by the fertilization method among flowers in almost all 

flowering plants. The purpose of the flowers fertilization is to achieve the best reproduction of 

plants and survival of the fittest, which is in fact, an optimization process among flowering plants.  

Pollination occurs in two ways which are biotic and abiotic. Most of pollination process occurs 

through biotic which is about 90% in the flowering plants. In biotic process, insects and animals 

act as pollinators which carry and scatter the pollen grains among the plants. Pollinators is a vast 

process in the nature, also known as pollen vectors. 

About 200,000 pollinators are estimated to be existed on the globe including animals, birds, 

bats and all types of insects. Thus, biotic and cross pollination is a pollination process globally. 
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The pollinators carry with them pollen grains attached with their feet to various places due to 

random and irregular flights and movements. While, local pollination occurs via abiotic and 

self-pollination process. The overall and native pollination process is handled by a control 

possibility p  [0, 1]. Native pollination has p as a fraction of the whole pollination procedure 

by considering physical activity and wind. 

3.6.8 Proposed Optimization Techniques 

In this section, a short-term review of the offered techniques including FGA, FTLBO, 

FBAT, and GTLBO is proposed. In this study, 4 fundamental heuristic algorithms are 

employed which are BAT, FPA, TLBO and GA. Four hybrid techniques, i.e., FGA, FBAT, 

FTLBO, and GTLBO are recommended. 

3.6.8.1 Genetic teaching learning based optimization  

In order to merge the parameters of GA and TLBO, results a hybrid technique of GTLBO. 

In finding of an ideal solution along with the utilization process, the performance of TLBO is 

better to advent the paramount solution in local exploration space, and very poor performance 

in search mode conversely. TLBO is designed for quick and local searching, while searching 

time becomes too long in global search. Therefore, there should be an equilibrium between 

exploitation and exploration in order to find out the best optimum solution. GA gives best 

results in terms of global exploration (exploration mode) and good merging ratio. GA have an 

ability to search out in huge places without trapping into native optima. Utilization modes and 

search are the two important faces that are taking into concern, in scheming the algorithm. 

To overwhelm the unevenness between exploitation and exploration approach of TLBO, 

crossbreed technique is suggested to relate the crossover and mutation operator of TLBO and 

GA. Initially hybrid techniques functions as TLBO.  Crossover and mutation are applying after 

bring up to date the residents in student mode and then novel vectors are amalgamated to the 

inhabitants to estimate the best fitness. This procedure is carried on till the stopping criteria 

meet. The hybrid procedures get the benefits of both exploitation and exploration mode of GA 

and TLBO. The suggested method is capable to keep up equilibrium between overall researches 

and indigenous by put on mutation and crossover operator of TLBO and GA along with results 

into improved merging rate. 

Algorithm 7: GTLBO 

1: Input: Prepare number of learners, number of topics, i.e., variables, d, end criteria 

2: Output: Compute the average of each variable or topics 

3: Discover the paramount solution and greatest variable value 
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4: while ending state not met do 

5:  for each student X, of the lecture do 

6:   Training phase = round (1+rand (0, I)) 

7:   for j = 1: d do 

                                    8:  ijNewX  = ijX  + rand (0, 1)   (teacher (j) - teaching phase   mean (j)  

9:   end for 

10:   Accept inewX if ( )if newX  is improved than ( )if X  

11:  end for 

12:  for each student iX  of the lecture do 

13:   Arbitrarily choose one student kX , such that i k  

14:   if ( )if X  better ( )kf X then 

15:    for j = 1: d do 

16:     (0,1) ( )ij ij ij kjnewX X rand X X     

17:    end for 

18:   else 

19:    for j = 1: d do 

20:     ijnewX  = ijX +rand (0, 1)  ( )kj ijX X  

21:    end for 

22:   end if 

23:   Execute GA crossover process on ijnewX  

24:   Implement modification process on the novel population 

                        25:  Use fitness function to take fresh population as input after crossover and 

mutation 

26:   if off-spring is improved than aforementioned population then 

27:    Agree to take new population 

28:   else 

29:    Transfer to the subsequent repetition and recap the process 

30:    Till finish criteria gotten or initial student stage end 

31:   end if 

32:   From training stage one agreed outcomes and run 2nd knowledge stage 

33:   Execute crossover and transformation task and run fitness function 

34:   Reiterate the procedure for each knowledge stage 
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35:   Admit inewX if ( )if newX  is improved than ( )if X  

36:  end for 

37:  Bring up-to-date the instructor and the average 

38: end while 

3.6.8.2 Flower BAT 

FPA and BAT both makes a hybrid algorithm, i.e., FBAT. Initially, the population is 

generated arbitrarily in order to find the best solution using fitness function. The BAT position, 

frequency and velocity stages are substituted by key stages of FPA after evaluating the 

population that is native pollination is initiated and arbitrary flowers are searched in the vicinity 

of community. At that time novel solutions are checked based on their fitness, if it is improved, 

that best solutions are updating based on the existing solutions with current global solutions. 

In this way, the search space is updating accordingly. 

The performance of FBAT; a hybrid technique, is increased than BAT and FPA in regard 

of PAR, discomfort reduction and cost. The daily cost reduction using FBAT, BAT and FPA 

are 25.23%, 12.32% and 3.87% respectively which shows that the everyday price saving by 

FBAT is higher than BAT algorithms and FPA. Further, the PAR and daily discomfort 

reduction by BAT and FPA are 48.36%, 2.46% and 30.91%, 5.55% respectively, and 27.16% 

and 22.18% by taking FBAT into consideration. The daily cost and PAR are decreased due to 

FBAT as matched with BAT and FPA, but the fact is that the daily discomfort is going to be a 

reduced amount of by FBAT as matched with BAT and FPA because of adjustment between 

daily discomfort and cost. 

Algorithm 8: FBAT 

1: Input: Size of population, frequency q, number of appliances d, no of iteration, velocity v,  

2: Output: Highest and lowest frequency, possibility switch 

3: Adjust the population/solutions 

4: Produce population 

5: Discover the early preeminent solution 

6: Make ready the finest solution 

7: Announce constants of fitness function 

8: Assess the population 

9: BAT frequency replaced by FPA parameters, position and velocity computation method 

10: for j = 1: Niteration do 

11:  for i = 1: n do 
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12:   Local pollination will begin 

13:   if rand > p1, then 

14:    L = Levy (d); 

15:    dS = L.*(Sol (i, :)-gbest) 

16:    Snew (i, :) = Sol (i, :) + dS 

17:   else 

18:    Epsilon = rand 

19:    Discover arbitrary flowers in the neighbourhood 

20:    JK = randperm (n) 

                                    21:  Snew (i, :) = Snew (i, :) + epsilon * (Snew (JK (1), :) - Snew (JK (2), :)) 

22:    Check if the simple limits are adequate 

23:    Sol1 (i, :) = simplebounds (Sol1 (i, :), Lb, Ub) 

24:    Create a novel coordination vector 

25:   end if 

26:   Assess novel results by testing their fitnesses 

27:   Fnew = Fun (Snew (i, :)) 

28:   If suitability increases (improved solutions set up), bring up-to-date the   population 

29:   if ( )Fnew F i , then 

30:    Sol (i, :) = Snew (i, :) 

31:    F1 (i) = Fnew 

32:   end if 

33:   Bring up-to-date the present global best 

34:   if Fnew <= f min, then 

35:    gbest = Snew (i, :) 

36:    fmin = Fnew 

37:   end if 

38:   bring up-to-date finest value from fmin 

39:  end for 

40: end for 

3.6.8.3 Flower teaching learning based optimization 

The efficiency of FTLBO is far enhanced than TLBO and FPA, which is the hybrid of 

TLBO and FPA techniques as it is clear in simulation section. The PAR, daily discomfort and 

daily cost reduction by FTLBO, TLBO and FPA are 45.06%, 33.38%, 40.75%, 12.96%, 3.33%, 

26.74%, and 5.55%, 30.91%, 3.87%, respectively which shows that PAR reduction and  the 

daily cost  by FTLBO is higher as matched to TLBO and FPA. In order to take day-to-day 
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discomfort into consideration, the efficiency of FTLBO is superior than TLBO and FPA as 

FTLBO decreased the day-to-day discomfort much less as compared to FPA due to balance 

concerning discomfort and electricity cost. The price of discomfort is going to increase by 

30.91% as the price due to FPA is decreased a very little as compared to FTLBO. 

By innovating the FTLBO, all procedure steps of TLBO including random generation and 

population initialization, population estimation or solutions, best fit curve and selection for the 

subsequent generation are taken into consideration. However, after starting the local pollination 

the main steps of FPA are used instead of the key steps of TLBO (training and student phase); 

and for this purpose in the neighborhood of FPA the flowers are randomly investigated. To 

find out the best alternative solution, the viability and fitness of the introduced new solution is 

checked. Based on the global best explanations the resulted best solution are chosen for the 

following generation. 

Algorithm 9: FTLBO 

1: Input: Adjust number of learners, number of topics, i.e., variables, d, finish criteria, size of 

population, possibility switch 

2: Output: Compute the average of each variable or topics 

3: Discover the preeminent solution and finest variable value 

4: while ending situation not happened do 

5:  Training stage, create novel populace and admit new 

6:  if improved than preceding 

7:  for each student iX  of the lecture do 

8:   Arbitrarily choose one student kX , such that i k  

9:   TLBO training and student stages replaces the FPA bounds  

10:   for j = 1: Niteration do 

11:    for i = 1: n do 

12:     Local pollination will begin 

13:     if rand > p1 then 

14:      L = Levy (d) 

15:      dS = L.* (Sol (i, :) - gbest) 

16:      Snew (i, :) = Sol (i, :) + dS 

17:     else 

18:      Epsilon = rand 

19:      Discover arbitrary flowers in the neighbourhood 

20:      JK = randperm (n) 
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21:  Snew(i,:) = Snew(i,:) + epsilon *(Snew(JK(1) ,:) - 

Snew(JK(2),:)) 

22:  Check if the simple parameters are adequate 

23:      Sol1 (i, :) = simplebounds (Sol1 (i, :), Lb, Ub) 

24:      Create a novel coordination vector 

25:     end if 

26:     Assess novel solutions by inspecting their fitnesses 

27:     Fnew = Fun (Snew (i, :)) 

28:  If suitability increases (improved solutions created) and bring 

up-to-date the novel populace 

29:     if ( ))Fnew F i then 

30:      Sol (i, :) = Snew (i, :) 

31:      F1 (i) = Fnew; 

32:     end if 

33:     Bring up-to-date the present global best 

34:     if Fnew fmin then, 

35:      gbest = Snew (i, :) 

36:      fmin = Fnew 

37:     end if 

38:     bring up-to-date the preeminent value 

39:     fmin 

40:    end for 

41:   end for 

42:  end for 

43:  Bring up-to-date the trainer and the average value 

44: end while 

3.6.8.4 Flower genetic algorithm 

FGA is prepared from GA and FPA, in which, completely the procedure is followed of GA 

with the exception of two key steps including mutation and crossover, which in repetition 

results into new solutions. The FPA pollination process are replacing these steps which is 

discussed already in the section of FTLBO and GTLBO. 

Algorithm 10: FGA 
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1: Input: Prepare populace, size of population, number of repetition, crossover and modification 

rate, number of appliances, possibility switch 

2: Output: Create a key arbitrary populace 

3: while Completion state not happened  do 

4:  Repetition   Maximum repetition 

5:  Repetition = repetition + 1 

6:  Describe fitness function; 

7:  Compute the suitability of each individual via fitness function 

8:  Choose the entities which are acceptable among the populace created 

9:  TLBO training and student stages replaces the FPA parameters  

10:  for j = 1: Niteration do 

11:   for i = 1: n do 

12:    Local pollination will begin 

13:    if rand > p1 then 

14:     L = Levy (d) 

15:     dS = L.* (Sol (i, :) - gbest) 

16:     Snew (i, :) = Sol (i, :) + dS 

17:    else 

18:     Epsilon = rand 

19:     Discover arbitrary flowers in the neighborhood 

20:     JK = randperm (n) 

22:  Snew (i,:) = Snew (i,:) + epsilon * (Snew (JK(1) ,:) - Snew 

(JK(2),:)) 

21:     Check if the simple limits are OK 

22:     Sol (i, :) = simplebounds (Sol (i, :), Lb, Ub) 

23:     Create a novel coordination vector 

24:    end if 

25:    Assess novel solutions by testing their fitnesses 

26:    Fnew = Fun (Snew (i, :)) 

                                    27:  If suitability increases (improved solutions created), bring up-to-

date the novel populace 

28:    if ( ))Fnew F i then 

29:     Sol (i, :) = Snew (i, :) 

30:     F1 (i) = Fnew 

31:    end if 

32:    Bring up-to-date the present global best 



  

150 

33:    if Fnew <= fmin then 

34:     gbest = Snew (i, :) 

35:     fmin = Fnew 

36:    end if 

37:    best 

38:    fmin 

39:   end for 

40:  end for 

41:  Preferred populace, which are nominated after FPA fertilization procedure 

43: end while 

          3.7 CONCLUSION 

Chapter 3 presents proposed system models and their solutions. First of all it discusses 

contribution 1 i.e., exploiting heuristic optimization for energy management of smart buildings 

and its system model. The load is classified into deferrable, non-deferrable and base load 

appliances. Electricity cost is calculated and electricity storage system i.e., ESS is used as 

storage. The proposed schemes discussed are GA, CSOA and CSA. Feasible region is defined 

for electricity cost and electricity consumption and user waiting time. The second contribution 

is power scheduling in smart homes using HGWDE optimization technique and its system 

model is also presented. The load here is classified into shiftable, non-shiftable and controllable 

appliances. The proposed scheme used are EDE, GWO and HGWDE for problem optimization. 

The third contribution presents a domestic MG with optimized home energy management 

system and its system model in detail. It also discusses problem statement formulation, PV 

generation, wind generation, battery bank system, energy consumption, electricity cost and 

energy pricing, peak-to-average ratio, appliances waiting time and objective function. The 

optimization techniques used are grey wolf optimization, genetic algorithm, binary particle 

swarm optimization, wind driven optimization, wind driven genetic algorithm, wind driven 

grey wolf optimization, wind binary particle swarm optimization. The fourth contribution is 

the use of heuristic techniques for residential load scheduling and analysis of hybridization 

while its system model is also presented. The load is scheduled using MKP while constraints 

and objective function mathematical modeling are also discussed. Furthermore, the proposed 

system model is also described in detail. The optimization techniques used are GA, TLBO, 

BAT algorithm, FPA, GTLBO, FBAT, FTLBO and FGA. These contributions and models 

fully answer the research questions listed in chapter 1, section 1.3 and these research questions 

is validated by the simulations in the chapter 4. The related limitations in the proposed methods 

are a large number of appliances load, a large delay in the operation time of appliances that 
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cannot be handled by some heuristic techniques. The results of the heuristic algorithms are very 

fast but random. These results are not very accurate. The discomfort caused by the scheduling 

of appliances or decrease of electricity cost cannot be avoided every time. 
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CHAPTER 4 

RESULTS AND DISCUSSION 

4.1 INTRODUCTION 

In this section, the proposed solutions from chapter 3 are evaluated and verified through 

simulation results using various performance parameters. Performance parameters considered 

in the proposed schemes are: energy consumption, electricity cost, UC and PAR. UC is 

measured in terms of the WT of appliances. The considered parameters are optimized using 

the heuristic techniques in different scenarios: by considering the local generation (MGs) and 

other RESs in consideration with BESS. 

As the work performed in this thesis presents microgrid and home energy management 

design and optimization by hybrid heuristic techniques. There were no real test bed or 

laboratory for microgrid smartgrid or home energy management system. To build a test bed or 

lab was extremely costly and impossible at the university where this work is performed. It is 

decided to build a customize simulator for the validation of this work, however, the feasibility 

showed that a large time will be consumed which was not affordable. Therefore, the Matlab 

software was compared with the customized software and some other simulators, which stands 

best in term of time and cost for the validation\simulation of the proposed work performed in 

this thesis. 

4.2 EXPLOITING HEURISTIC OPTIMIZATION AND ENERGY MANAGEMENT 

OF SMART BUILDINGS  

In this section, the effects of the suggested solution 1 are confirmed through simulation 

results which are described as under. 

4.2.1 Discussion and Simulation Results  

For simulations two scenarios are considered, to display the rightfulness and usefulness of 

the anticipated work. (i) HEMS without ESS integration and (ii) HEMS with ESS integration 

are suggested to display an optimum scheduling for both multiple and single homes. Using 

heuristic techniques randomness is one of the basic factors to be handled; consequently, the 

average of the results of ten run is taken. Considering PAR reduction with minimum consumers 

WT and electrical energy cost, the performance of the suggested work is validated. To analyze 

the performance of the suggested scheme three heuristic techniques are used. A smart building 
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model is designed consisting of thirty apartments. Each apartment consists of twelve appliances 

having different energy consumption profile i.e., power rating and length of operation time. 

Furthermore, as shown in Section 3.4.1 these appliances are divided into different classes 

on the bases of their energy consumption profile and operation. From all consumers different 

framework of these appliances may be obtained i.e., least finishing time, initial starting time 

and LOT. Table 3.1 presents all parameters of these appliances used in the simulations. In 

handling electrical load the appliances which are non-deferrable has no important role, for the 

reason that these appliances essentially accomplish their task in time and they are also not 

programmed. In PAR and electricity cost reduction base load and deferrable appliances play a 

key role by changing electrical load from those time intervals where electrical energy price is 

high to those where price is low.  
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Figure 4.1: For multiple and single homes per hour electrical energy consumption. (a) For a 

single smart home without ESS per hour electrical energy load; (b) for 30 smart homes without 

ESS per hour electrical energy load; (c) with ESS for a single smart home per hour electrical 

energy load ; (d) with ESS for 30 smart homes per hour electrical energy load. 
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(d) 

Figure 4.2a–d Using RTP signals per hour electrical energy price. (a) For a single smart home 

without ESS per hour electrical energy price; (b) for 30 smart homes without ESS per hour 

electrical energy price; (c) with ESS for a single smart home per hour electrical energy price; 

(d) with ESS for 30 smart homes per hour electrical energy price. 

The time limit is comprised of twenty-four time intervals per day, which begins from 8 

a.m.–8 a.m. the following day. Figure 4.1(a- d) show the smart building and single smart home 

total per hour electrical energy usage without ESS and with ESS integration, respectively. 

Electricity usage is high during high price hours, as clearly demonstrated before the 

implementation of our proposed scheme. However, the electricity consumption is decreased 

after the implementation of the suggested pattern as matched to the unscheduled usage during 
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the time intervals where price are high. Figure 4.1(c, d) explains that the integration of ESS 

with HEMS further minimize the electrical energy usage as compared to HEMS without ESS 

integration. To move electrical load from hours where price is high to those hours where price 

is low the proposed scheme perform better and the overall electrical energy consumption is 

also not disturbed. 

Regarding load balancing CSOA show supremacy compared to unscheduled case, CSA 

and GA as represented in Figure 4.1(a-d).Additionally, for the duration of the hours in which 

electrical energy price is high, no peak is created. Considering single and multiple homes in a 

smart building using RTP signal in scheduled and unscheduled load the per hour electrical 

energy price for HEMS without ESS and with ESS integration using CSA, GA and CSOA is 

shown in Figure 4.2(a-d), correspondingly. The overall cost of electricity per day is reduced 

due to the reduction of electrical energy cost hourly. The RTP signal is used to display the 

reduction in cost using multiple and single smart home in Figure 4.2(a-d), respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a) 

The system reduces the electrical energy cost without ESS using RTP signals and CSOA, 

CSA and GA for one home by 12.33%, 14.44% and 12.57% and for multiple (30) smart homes 

by 14.97%, 13.12% and 11.95%. Furthermore, using RTP signal and one home the electricity 

price decrease by ESS using CSOA, CSA and GA is 23.30%, 22.30% and 22.34%, 

respectively. Using RTP signal and multiple homes the electrical energy price decrease with 

ESS using CSOA, CSA and GA is 23.02%, 21.11% and 16.61%, correspondingly. After the 
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incorporation of ESS the electrical energy price is abridged as compared to using without ESS 

as demonstrated by the simulation results.  
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(d) 

Figure 4.3a–d Aggregate electrical energy price with RTP signals. (a) For a single smart home 

without ESS aggregate electrical energy price; (b) for 30 smart homes without ESS aggregate 

electrical energy price; (c) with ESS for a single smart home aggregate electrical energy price; 

(d) with ESS for 30 smart homes aggregate electrical energy price. 
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(d) 

Figure 4.4a–d Using CPP signals per hour electrical energy price. (a) For a single smart home 

per hour electrical energy price w/o ESS; (b) for 30 smart homes per hour electrical energy 

price w/o ESS; (c) for a single smart home per hour electrical energy price with ESS; (d) for 

30 smart homes per hour electricity price with ESS. 

Figure 4.4 (a-d) show the hourly electrical energy price for multiple and one home with 

and without ESS integration and using CPP signal, respectively. The proposed system with 

ESS integration perform better than HEMS without ESS integration as shown by the results. 

On behalf of one and multiple homes via CPP the total cost per day is represented in Figure 

4.5(a-d). Using CSA, GA and CSOA the electrical energy cost is minimized compared to 

unscheduled energy consumption as demonstrated by the results. Additionally, the aggregate 

electrical energy price of HEMS with integration of ESS is reduced as compared with the 

HEMs without ESS integration.  

Considering single smart home and CPP signals electricity price decreased without ESS by 

CSOA, CSA and GA is 22.05%, 25.44% and 22.94%, respectively, and after the integration of 

ESS, the cost reduction is 38.97%, 36.76% and 35.29%. For multiple smart home and using 

CPP signals electricity cost reduction using CSOA, CSA and GA is 29.38%, 25.09 and 22.07%, 

respectively. For multiple smart home and using CPP signal the electricity cost reduction is 

41.78%, 40.74% and 31.34% using CSOA, CSA and GA. For one and multiple home the results 

is presented in Tables 4.1 and 4.2, correspondingly. Using CSOA the proposed model is 

superior as compared to other techniques demonstrated by the results.  

           Table 4.1: For a single smart home results summary 

Technique                  Electricity cost       Electricity cost saving 
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Pricing scheme             RTP         CPP              RTP             CPP 

CSOA with ESS           405            415              23.30%       38.97% 

CSOA without ESS      459            520              13.06%       23.41% 

CSA with ESS              412           430               22.30%      36.76% 

CSA without ESS         464           522               11.98%       23.12% 

GA with ESS                410           440               22.34%      35.29% 

GA without ESS           465           524.03          11.93%       22.83% 

Unscheduled                 528           679.17           0%                0% 
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(d) 

Figure 4.5 a–d Aggregate electrical energy price with CPP signals. (a) For a single smart home 

aggregate electrical energy price without ESS; (b) for 30 smart homes aggregate electrical 

energy price without ESS; (c) for a single smart home aggregate electrical energy price with 

ESS; (d) for 30 smart homes aggregate electrical energy price with ESS. 
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(b) 

Figure 4.6: Multiple and single homes PAR with RTP signals. (a) single smart home PAR; 

(b) thirty smart homes PAR. 

 

 

 

 

 

 

 

 

 

 

 

(a) 

 

 

 

 

 



  

166 

 

 

 

 

 

 

 

 

 

(b) 

Figure 4.7: Multiple and single homes PAR with CPP signals. (a) Single smart home PAR; 

(b) thirty smart homes PAR. 

             Table 4.2: For thirty smart homes results summary 

Technique                  Electricity cost       Electricity cost saving 

Pricing scheme            RTP         CPP          RTP             CPP 

CSOA with ESS          20435     22300         23.02%      41.78% 

CSOA without ESS     22356     27150         15.78%      29.12% 

CSA with ESS             20940     22700         21.11%      40.74% 

CSA without ESS        23450     29752         11.66%      22.93% 

GA with ESS               22135     26300         16.61%      31.34% 

GA without ESS          23467     30752         11.59%      19.72% 

Unscheduled                26546     38306         0%             0% 

The reduction in the degree of PAR, the constancy of the electrically powered grid is 

maximizing and make certain the constant grid operations and create consistency as well.  

Results of PAR using RTP pricing scheme are depicted in Figure 4.6 (a, b) which clarifies that 

our suggested model reduce the PAR as matched to unscheduled.  Similarly, taking account 

GA, CSOA and CSA, PAR is reduced about 15.90%, 16.10% and 22.72%, respectively for 

individual houses while PAR reduction goes to 21.72%, 22.34% and 30.35% in case of multiple 

smart houses. 

The PAR results considering CPP signals, showing supremacy of our proposed scheme is 

clear from the Figure 4.7 (a, b). The above discussion shows that CSOA is transferring load 

with more efficiency as compared with other counterparts.  
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As the reduction in the cost and PAR occurs, the WT goes upward as it is clear from the 

figure 4.8 (a, b). However, the user WT goes downward by our proposed scheme’s efforts. This 

shows a tradeoff between cost of electrical energy and consumer WT for single and multiple 

smart houses as in table 4.1 and 4.2 respectively, while on the other side, the offered scheme 

gets the required balance between price of electrical energy and consumer WT. These 

appliances cannot be disturbed or change to any other time slot, and hence the non-deferrable 

appliances WT is minimum. Observations shows that interior lighting and refrigerator which 

are turned ON for 18th-24th hours and 24 hours respectively are considered non-deferrable 

appliances, and thus, there is no WT for non-deferrable appliances. 

 

 

 

 

 

 

 

 

 

 

(a) 

 

 

 

 

 

 

 

 

 

 

 



  

168 

(b) 

   Figure 4.8: Appliances WT: (a) WT for a single smart home; (b) WT for 30 smart homes. 

From various simulations and observations, it is indicated and determined that GA is 

preferable and greater for acquiring the burgeoning populace because of the high rate of 

merging. GA is the primary and classical technique, by which best solution is determined. 

Similarly, on the other side, maximum no. of population are also visible in terms of peak 

performance by CSOA, because of having less numbers of factors when it is fine-turned in 

CSOA than GA. 

4.3 POWER SCHEDULING IN SMART HOMES USING HGWDE OPTIMIZATION 

TECHNIQUE 

The results of the proposed solution 1 are discussed through simulations in this 

section. 

 

4.3.1 Simulations and Results 

EMC enabled smart home is considered in this study with different OTIs and different 

pricing schemes. Appliance related data such as, LOT, OTI, power rating etc. are taken from 

(Javaid et al., 2017a). Results of prominent scheduling techniques are compared with our 

proposed scheduling technique for different OTIs. Simulation results show significant decrease 

in PAR and electricity cost.   

4.3.2 Cost 

Cost is calculated using both RTP and CPP schemes and their effects on the consumers’ 

budget are analyzed through simulations. 

4.3.2.1 Cost using real time price  

      Anticipating different OTIs i.e., 15 minutes, 30 minutes and 60 minutes, cost is estimated 

for the proposed scheme via simulations in Matlab. From simulated results, it is found that 

electricity cost is reduced considering state of the art electrical energy management systems 

underlying GWO and EDE. Considering all schemes, initial data is kept same and smart 

appliances are scheduled developing a balance between cost and electrical energy usage.  
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(a) Cost with RTP 

 

 

 

 

 

 

 

 

 

 

 

 

 

(b)  Cost with CPP 

    Figure 4.9: Aggregate price after scheduling with CPP and RTP. 

The key objective is to move electrical load from on peak hours onto lower peaks.  Figure 4.9a 

depicts the cost and electricity consumption behavior of all three techniques where OTI is set 

as 15 minutes. Considering unscheduled case, there are peaks emerging which are disruptive 

for grid. On the demand side, these peaks depicts the higher electricity costs for certain hours. 

Via scheduling appliances, these peaks are trimmed off. There is a minor difference in 

performance of GWO and HGWDE, however, the suggested system outperforms the rest of 

state of the art techniques and normalize the energy consumption throughout the day.  
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Considering OTI as 30 minutes, GWO performs worst in terms of cost initially, while 

HGWDE bears minimum cost throughout 24 hours’ time span as depicted in simulation results 

presented in figure 4.9b.  

Figure 4.10a illustrates the total cost of a day under RTP scheme. For unscheduled case, 

cost is 500.4826 cents. EDE and GWO bears the electricity cost of 420.5380 and 426.0507 

cents respectively for 15 minutes OTI. Proposed scheme reduced the bill to 416.7467, which 

is more efficient than unscheduled, EDE and GWO respectively. For 30 and 60 minutes OTI, 

almost similar pattern is observed as can be comprehended in Figure 4.9a, b. 

4.3.2.2 Cost using critical peak price  

The key objective to implement optimization schemes is to reduce electrical energy price 

in DSM. Different pricing strategies are used to assess the performance over electricity bill 

minimization. Figure 4.10 depicts cost of variable OTIs using CPP whereas, cost for 15-min 

OTI appears in Figure 4.10. Apart from critical peak periods where price approaches to its 

maximum possible value, electricity price shows a flat line throughout the year using CPP 

(Waterloo North Hydro, 2017). During the time slots 40-65, a critical period can be 

experienced. However, a peak is formed at around 181.50 cents for unscheduled case. After 

scheduling, to be exactly, a considerable amount of 83.05 has been saved. The cost for 30-min 

OTIs in presented in Figure 4.10b where cost variation is shown over 48 different time slots. 

This cost pattern shows similar trend as observed in above Figure 4.10a. While in case of 

HGWDE, a single peak of 56 cents is formed in starting time of the day and none otherwise.  

 

 

 

 

 

 

 

 

 

(a) OTI 15-min cost 
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(b) OTI 30-min cost 

 

 

 

 

 

 

 

 

 

 

 

(c) OTI 60-min cost 

   Figure 4.10: RTP cost per time slot. 

The next Figure 4.10c, which represents 60-min OTIs, shows a peak of 765.5 cents when in 

unscheduled case. This huge cost reaches back to 202.45 cents when a hybrid scheme is applied 

for scheduling. This is evident that the performed scheduling is efficient for cost minimization 
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up to a substantial level. The aggregate price against all employed optimization strategies is 

presented in Figure 4.9b. When HGWDE is used for scheduling with 15-min OTIs, total cost 

remains 1085.90 cents, which is far better than unscheduled cost of 1300.980 cents. Hence, it 

can clearly be observed that our suggested system outperforms both current schemes, i.e. EDE 

and GWO in term of total electricity cost. Figure 4.9b presents cost decline for 30-min and 60-

min OTIs, whereas, a brief comparative analysis is also made for price under dissimilar OTIs 

using RTP and CPP which is provided in Table 4.3. 

Table 4.3: Different techniques for cost comparison of 24 h 

Technique           Cost (cents) using CPP              Cost (cents) using RTP                  

                        15 min     30 min     60 min           15 min     30 min     60 min 

HGWDE            1164.490 1085.90 1056.7890       416.7467 658.6506 712.7298        

GWO                 1190.5123 1200.96 1080.409       426.0507 727.1436 717.9405        

EDE                   1178.0462 1164.490 1190.690     420.5380 743.1959 831.2135        

Unscheduled      1200.1562 1300.890 1085.648     500.4826 743.4876 822.1562        

 

4.3.3 Energy Consumption 

Energy consumption is optimized via heuristics techniques in consideration of the RTP and 

CPP schemes. 

4.3.3.1 Load using real time price 

Figure 4.11 illustrates energy consumption for different OTIs in all available time slots. 

The electrical energy usage pattern for 15-min OTIs is delivered in Figure 4.11b. The figure 

shows that costs during the starting and ending time of the day are comparatively lower, this is 

why the electrical load is moved to these lower energy consumption slots. In this way, our 

proposed hybrid algorithm effectively achieves load reduction from peaks. 

The electricity load pattern for 30-min OTIs is presented in Figure 4.11b. Our proposed 

hybrid algorithm which is HGWDE, appears with optimized result pattern as compared to 

competitors, i.e. GWO and EDE. HGWDE flattens peaks and distributes loads smoothly which 

in result decreases overall cost. Although, EDE and GWO minimize and reduce peaks 

appeared in unscheduled case, however, our scheduling scheme performs better than 

both of these in terms of cost and load distribution.  

Similarly, Figure 4.11c shows the third case which is load pattern for 60-min OTI. As 

during the starting and ending time of the day, RTP shows low pricing hours, a major portion 
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of load is shifted in these starting and ending hours. The minimal load is distributed over 

evening time slots to reduce electricity cost as the prices are higher. There occurs a tradeoff 

between cost and UC so user suffers from wait to operate an appliance to reduce cost. 

Therefore, a load consumption of 56.3107 kWh is calculated in both scheduled and 

unscheduled cases when using 15-min OTIs. Likewise, the load is 57.7655 and 64.5660 kWh 

recorded for 30-min and 60-min OTIs respectively. 

 

 

 

 

 

 

 

 

 

 

(a) OTI 15-min load 
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(b) OTI 30-min load 

 

 

 

 

 

 

 

 

 

 

 

 

(c) OTI 60-min load 

(d)  Figure 4.11: RTP electrical load per time slot. 

 

 

 

 

 

 

 

 

 

 

 

(a) OTI 15-min load 
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(b) OTI 30-min load 

 

 

 

 

 

 

 

 

 

 

(c) OTI 60-min load 

   Figure 4.12: CPP electrical load per time slot  

4.3.3.2 Load using critical peak price  

In this unit, by using multiple OTIs the recommended scheme is assessed under CPP in a 

unique manner. The load patterns after the implementation of different optimization techniques 

are displayed in Figure 4.12. For the sake of analysis, 96-time slots are considered while load 

stairs against each one are illustrated in Figure 4.12 (a) and the electrical load is moved to the 
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time slots in which electrical energy tariffs are low to facilities consumers. In CPP, at the 

starting and ending time slots, prices are almost constant whilst critical peak are observed in 

the period that starts from 40th to 65th-time slots, as presented in the Figure 3.10 (b). 

It is easily analyzed that the phenomena of the electrical load shifting in both HGWDE and 

GWO are quite comparable, apart from the starting load peaks in which GWO’s peaks are 

much higher than GWO. In the 30th slot of OTI, HGWDE excludes the peaks; however, the 

other schemes are much complex as matched to the suggested scheme as shown in Figure 4.12 

(b). It is also noticeable that GWO’s starting peak is extraordinary tall in parallel to all the other 

methods. 

The load distribution for all the structures using OTI 60-min is shown in Figure 4.12 (c). 

Here, the electrical load supply pattern for all OTI remains the same by HGWDE. It is verified 

that the aggregated load remains the same before and after scheduling procedure, as in 15th to 

30th and 60th min in OTI, total load for HGWDE, GWO and EDE is 64.5660 kWh, 57.7655 

kWh and 56.3107 kWh, in that order. Thus, it is determined that electrical energy usage 

leftovers the same, whereas, the electrical load is shifted towards the low price hours to 

accomplish the intended objective function regarding electricity price reduction. 

4.3.4 Peal-to-Average Ratio 

PAR is the ratio between total load consumed in twenty four hours and the mean electrical 

load during this time frame.  PAR reduction is our objective which reduces the fluctuations in 

the demand curve and plays an important role in grid stability.  Several techniques are available 

to propose by researchers in literature to tackle this issue, peak clipping and valley filling are 

commonly used techniques.  In this way, the electrical energy price will be abridged by 

bargaining UC   

4.3.4.1 Peak-to-average ratio using real time price  

Figure 4.13a represents the PAR using RTP pricing signal. It can be observed in this figure 

that PAR in case of the unscheduled case is 10.9697. On the other hand, EDE and GWO 

algorithms have decreased it, by optimizing the load consumption, to 8.1722 and 5.6750 

respectively. Highest PAR reduction is achieved by our proposed algorithm HGWDE which is 

equal to 5.1530. The percentage reduction of PAR by HGWDE, GWO and EDE is up to 

53.02%, 48.26% and 25.50%, respectively. When the OTI is assumed to be of 30 min, the PAR 

of an unscheduled load is recorded equal to 6.0257 and after scheduling with GWO and EDE 

PAR is reduced to 5.8424 and 5.9335. The hybrid scheme outperforms this case also and 
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reduces the PAR to 3.6558. In case of 60 min of OTI, the PAR of a scheduled load is 2.5369, 

4.3509 and 3.6558 by HGWDE, GWO and EDE, respectively. Whereas, the PAR of 

unscheduled load, in this case, is also higher than scheduled load and it is equal to 5.0244. 

From these results, it can be concluded that the performance of our proposed algorithm 

HGWDE is better than both EDE and GWO as it achieves the minimum value of PAR.    

4.3.4.2 Peak-to-average ratio using critical peak price 

Appliance scheduling, using CPP as pricing scheme, has been carried out using EDE, GWO 

and HGWDE with varying OTIs, shown in figure 4.13b. With OTI as 15 min, unscheduled 

PAR is 10.9697. On the other hand, it is reduced to 5.5415, 5.626, and 8.1722 with HGWDE, 

GWO, and EDE, respectively. 49.4835%, 48.71% and 25.50% PAR reduction is achieved with 

HGWDE, GWO, and EDE, as compared to unscheduled case.    

With OTI as 30 min, for unscheduled case PAR is 5.86 and after carrying out scheduling 

of appliances with HGWDE, GWO and EDE, PAR is reduced to 4.02, 4.8165 and 5.2536, 

respectively. Results shown in table 4.4 indicate that HGWDE outperforms other techniques 

as compared to scheduling algorithms with different OTIs and dissimilar pricing signals.   

 

 

 

 

 

 

 

 

 

 

 

 

(a) PAR with RTP 
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(b) PAR with CPP 

    Figure 4.13: Using CPP and RTP different OTIs PAR. 

Table 4.4: Different techniques comparison of PAR for 24 h. 

Technique          CPP with multiple OTIs              RTP with multiple OTIs               

                           15 min     30 min     60 min           15 min     30 min     60 min 

HGWDE             5.5415   4.0263      3.6209              5.1530     3.6209     2.5369               

GWO                  5.626      4.8165     3.9335              5.675       5.9335     4.3509              

EDE                    8.1722    5.2536     3.8424              8.1722     5.8424     3.6558              

Unscheduled     10.9697   5.8034     5.0257              10.9697    6.0257     5.0257             

4.3.5 Waiting Time 

There is a direct relation between UC and electrical energy price (Muralitharan, Sakthivel, 

& Shi, 2016). As the electricity cost increases, UC also increases and vice-versa. Whereas, UC 

and waiting time have inverse relation. As we decrease waiting time, UC is increased and vice-

versa. This relation is only meant for scheduled case, because for unscheduled case there is no 

waiting time.  

 

4.3.5.1 Waiting time using real time price 

Waiting time, displayed in figure 4.14a, of 60, 30 and 15 min OTIs for HGWDE, GWO 

and EDE is computed as 10.4 h, 9.7 h and 4.3 h, respectively. Results show that smaller the 

OTI, smaller the waiting time. If operating time of a toaster is 12 min and we use 15 min OTI, 

then only 3 min are wasted from the 15 min OTI. Whereas, in case of 60 min OTI, 48 min will 
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be wasted because during these 48 min we cannot turn ON any other appliance. So, longer OTI 

contribute to longer waiting time.   

4.3.5.2 Waiting time using critical peak price 

      While minimizing cost, simulations results show that WT is a trade-off parameter. Figure 

4.14b represents all WT implemented schemes for optimization using CPP.HGWDE, GWO 

and EDE for WT is calculated as 6.48h, 4.22h and 3.38h respectively. HGWDE has maximum 

WT as it is observed that means user compromises its comfort to reduce the electricity bill. 

Table 4.5 represents WT for GWO, EDE, and HGWDE. 

 

 

 

 

 

 

 

 

 

 

 

 

(a) WT using RTP 
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(b) WT using CPP 

   Figure 4.14: Appliances AWT using CPP and RTP. 

      Results show that waiting time is reduced if OTI is decreased. For example a toaster has 12 

min operating time and one time slot is 15min then only 2 min are wasted, during that period 

of time no other appliance can be switched on. If a kettle has operating time of 5min and OTI 

is set to 60 min then fifty five min will be unused. The 60 min interval is set aside for the 

teakettle; thus in result not any appliance can be switched on in that time slot and waiting time 

will rise consequently. 

   Table 4.5: WT comparison of different techniques for 24 h 

Technique      CPP with multiple OTIs               RTP with multiple OTIs                  

                        15 min     30 min     60 min           15 min     30 min     60 min 

HGWDE         6.4814 h 6.1335 h 4.3408 h           10.4249 h 12.7007 h 3.8793 h         

GWO              4.2293 h 5.7853 h 3.3346 h            9.7494 h 10.0262 h 2.2397 h           

EDE                3.3826 h 4.8012 h 2.8158 h            4.3781 h 4.5394 h 2.6560 h            

4.3.6 Convergence of the Fitness Function 

       Fitness function convergence of the suggested scenario is shown in Figure 4.15. X-axis 

represents the total of repetitions and Y-axis displays value of the fitness function. As shown 

in figure at 30th iteration solution starts to converge which describes that optimizer has reached 

to maximum global value. HGWDE convergence behavior is plotted for every iteration. Cost 

value decreases constantly from 0 to 5 iterations and slightly variation is seen in the graph after 

that.50 iterations are taken as a whole. A curve running straight is attained which shows ideal 

convergence point of resolution. 

4.3.7 Feasible Region 

Area bounded by a group of particular points is plotted for the feasible area and dappled area 

under region, plotted to represents the fitness function which is realistic solution of the problem 

to be optimized. Considering particular limitations of the system max and min costs are plotted. 

4.3.7.1 Feasible region using real time price  

In this section, feasible regions of the problem are computed based on the performance 

parameters. 
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 Figure 4.15: Evolution of the cost function. 

4.3.7.1.1 Feasible region under 15-min OTI 

To determine just how much price of electricity is decreased by governing the usage of 

electricity, feasible region is plotted. For proposed scheme RTP is used as pricing scheme. Max 

and min cost relative to max and min load is main objective of calculations. To correlate 

minimum and maximum of pricing signal and load four individual points are estimated. The 

proposed pricing scheme varies from 8.150 cents/kWh to 27.34 cents/kWh. Table 4.6 shows 

possible scenarios for min and max calculation of these points. 

      Total area considering the points P5 (11.42, 96.95), P4 (11.42, 28.75), P2 (8.17, 70) and P1 

(3.38, 28.75) is obtained. Possible solution area is shown by region under these points, although 

it is not defined for the feasible solution. Point P3 (11.42, 70) is paired to calculate feasible 

region for obtaining desired area. This means that to obtain objective function of minimum cost 

electrical energy price should be not more than seventy cents. P5, P4, P3, P2 and P2 points are 

used to obtain overall feasible area. Considering RTP the feasible area for 15-min OTI is 

displayed in Figure 4.16a. 
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(a) Feasible region for 15-min OTI 

 

 

 

 

 

 

 

 

 

 

 

(b) Feasible region for 30-min OTI 
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(c) TI 60-min feasible region 

   Figure 4.16: Using RTP and multiple OTIs feasible region. 

            Table 4.6: Using RTP 15-min OTI 

Cases                          Price (cents)    Load (kWh)     Cost (cents) 

Min price, Min load           8.100           0.4177                3.38 

Min price, Max load          8.10             3.54                    28.75 

Max price, Min load          27.35           0.4177                11.42 

Max price, Max load         27.35           3.54                    96.95 

4.3.7.1.2 OTI 30-min feasible region 

When the total cost in regard to unscheduled case is taken into consideration for 48 time 

slots, then it is explained that how probable points are determined employing the lowest and 

highest number of groupings of energy consumption and price. The key goal is to evaluate the 

overall minimum and highest cost versus lowest and highest power or electrical load. Thus, to 

decrease the whole usage of energy will lead to achieve more efficiency and more efficiency 

means price decrease to acquire best financial objectives and satisfaction for the customer. 

Expense of electricity is defined as ranges from 8.100 cents/KWh to 27.35 cents/KWh and the 

lowest and highest electrical load ranges are from 0.83 KWh to 2.34 KWh as evident from the 

table 4.7. Using Points P5 (19.01, 24), P4 (19.01, 64.19), P2 (13.20, 45), and P1 (6.67, 24), the 

total covered area is shown, whereas, point P3 (19.01, 45) is plotted which shows the feasible 

region; means that the cost of electricity should be lesser than 45 cents which represent the 

objective and goal of minimum cost and maximum efficiency, so by reducing energy 
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consumption, all five points as a whole shows our feasible area for reducing cost. The possible 

area for 30 minutes OTI considering RTP is evident from the Figure 4.16 (b) 

          Table 4.7: Using RTP and 30-min OTI 

Cases                            Price (cents)    Load (kWh)     Cost (cents) 

Min price, Min load        8.100                 0.8355                6.76 

Min price, Max load       8.100                 2.34                   19.0107 

Max price, Min load       27.35                 0.8355                22.8509 

Max price, Max load      27.35                 2.34                    69.1904 

4.3.7.1.3 OTI 60-min feasible region 

      For sixty minutes OTI the feasible area is evaluated in the similar method as discussed 

above, on the other hand, for our objective function, the total acquired area and the feasible 

area are dissimilar. The complete area is acquired under 4 points as P5 (45.70, 48.851), P4 

(45.70, 164.94), P2 (33.01, 120) and P1 (13.53, 48.85) which displays the unscheduled price, 

but after scheduling, comparatively the cost is decreased to a large extent. If feasible region is 

plotted after scheduling, it will show the cost reduction; a sub area of complete area. The lowest 

and highest loads are ranging from 0.83kWh to 2.34kWh, while the price of electricity is 

described by the utility company, ranging from 8.100 cents/kWh to 27.35 cents/kWh which is 

clear from the values of different points in table 4.8. Point P3 (45.70, 120) is plotted and marked 

in order to represent our needed efficient point of feasible region to elaborate the actual region. 

The possible area for sixty min OTI considering RTP into account, is depicted in Figure 4.16 

(c). 

           Table 4.8: Using RTP and 60-min OTI. 

Cases                            Price (cents)    Load (kWh)     Cost (cents) 

Min price, Min load        8.100                 1.67                  13.531 

Min price, Max load       8.100                  6.03                  45.7019 

Max price, Min load       27.35                 1.67                   48.851 

Max price, Max load      27.35                  6.03                  164.947 

4.3.7.2 Feasible region using critical peak price 

The effects of the CPP scheme are calculated and visualized in this section. 

4.3.7.2.1 OTI 15-min feasible region 
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       CPP pricing scheme is modified and feasible region is evaluated. Price of electricity and 

unscheduled load maximum and minimum values are determined by using feasible region. 

Table 4.9 describes four of the possible scenarios for consideration P5 (22.1479, 51.544), P4 

(22.1479, 239.7415), P2 (13.8, 150) and P1 (4.7615, 51.544) and these facts are used to find 

optimal solution of our problem space. Though, our optimal objective function is obtained at 

Point P3 (22.1479, 150) which cuts overall area over y-axis at 150 cents and it shows maximum 

cost in scheduled scenario. For 15 min OTI and considering CPP the feasible area is displayed 

in Figure 4.17a. 

          Table 4.9: Using CPP 15-min OTI  

Cases                            Price (cents)    Load (kWh)     Cost (cents) 

Min price, Min load        11.4                   0.4177               4.76178 

Min price, Max load       11.4                   1.9428                22.14792 

Max price, Min load       123.4                 0.4177                51.544 

Max price, Max load      123.4                 1.9428                239.74152 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a) OTI 15-min feasible region  
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(b) OTI 30-min feasible region 

 

 

 

 

 

 

 

 

 

 

 

   (c) OTI 60-min feasible region 

   Figure 4.17: Using CPP and multiple OTIs for feasible region. 

4.3.7.2.2 OTI 30-min feasible region  

      To estimate effect of cost a number of distinct feasible regions are calculated by modifying 

OTI.OTI is set to 30 min in this scenario that means every 60 minutes is distributed into two 
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interval of time. CPP scheme is applied to calculate maximum minimum unscheduled loads. 

Table4.10 elucidates correlation of electricity price and minimum-maximum load. Four of the 

probable groupings are obtained P5 (26.755, 103.1007), P4 (26.755, 289.61), P2 (18.08, 170) 

and P1 (9.52, 53). At point P3 (26.755, 170) overall region is cut out, which describes objective 

function area. In result cost should be less than 170 cents after scheduling. Figure 4.17b shows 

CPP for 30-min OTI feasible region. 

4.3.7.2.3 OTI 60-min feasible region  

       During 24 time slots the feasible area is calculated for sixty min OTI which is illustrated 

in Table 4.11. Here, P3 (68.7543, 500) is the desired feasible area when the schedule cost was 

at most 500 cents which is mentioned in Figure 4.17c. 

          Table 4.10: Using CPP 30-min OTI  

Cases                            Price (cents)    Load (kWh)     Cost (cents) 

Min price, Min Load        11.4                   0.8355                9.5247 

Min price, Max Load       11.4                   2.3470                26.7558 

Max price, Min Load       123.4                 0.8355                103.1007 

Max price, Max Load      123.4                 2.3470                289.6198 

          Table 4.11: Using CPP 60-min OTI 

Cases                            Price (cents)    Load (kWh)     Cost (cents) 

Min price, Min load        11.4                   1.6710                19.0494 

Min price, Max load       11.4                   6.0310                68.7534 

Max price, Min load       123.4                 1.6710                206.2014 

Max price, Max load      123.4                 6.0310                744.2254 

 

 

4.3.8 Performance Trade-off 

The objective of HEM is reducing electricity cost with the tradeoff of consumer’s comfort 

which decreases whenever this is high deviation in scheduled time and user’s desired time for 

powered on the appliances.  In Figure 4.9 (a, b), it is attested that HGWDE results in minimum 

cost with the tradeoff of maximum AWT. 

4.4 A DOMESTIC MG WITH OPTIMIZED HOME ENERGY MG SYSTEM 
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The proposed solution 3 is verified through simulations and discussed in this section. 

4.4.1 Simulation Results and Discussion 

Results of proposed solution 3 are evaluated through simulation in this section. 

4.4.2 Simulation Results and Discussion 

The detailed simulation outcomes (simulated in MATLAB) for testing the efficacy of 

integrated microgrid, temperature and wind speed while generating electricity using PV panel 

and wind turbine. For performance analysis, our proposed schemes, i.e., WBPSO, WDGWO 

and WDGA are simulated in comparison with GA, GWO, BPSO and WDO algorithms using 

energy cost, PAR and AWT parameters. 

4.4.3 RTP Scheme 

RTP signal (cents/kWh) with time slot is illustrated in Figure 4.18 which is 10 cents/kWh 

in slot 1, 10.4 cents/kWh in slots 2.5-4.5 and reach to its peak, i.e., above 25 cents/kWh in slot 

8. However, this price is decreased to 20–10 cents/kWh in slots 10–16 and afterwards stability 

is observed, i.e., keeps below 10 cents/kWh. 

4.4.4 Profile of Electrical Energy Consumption  

This section discusses aggregate electrical energy usage of all appliances. This parameter 

can be demarcated by describing certain verges. The simulated thresholds are (a) high peak 

electrical load= 15kW, (b) peak electrical load = 12-14 kW, (c)  

 

 

 

 

 

 

 

 

 

 

 

  Figure 4.18: RTP pricing scheme. 
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moderate electrical load = 5-8 kW, (d) minimum electrical load = 3-5 kW and (e) negligible 

electrical load = 1-2 kW. Table 4.12 enlists the per hour electrical energy consumed with and 

without RES incorporation, whereas, the division of energy consumption from grid and RESs 

is 66 % and 34% respectively. Similarly, cost of each hour with and without RES is given in 

Table 4.13. Moreover, this table illustrates per hour difference and percentage wise price 

decrease for the asserted scenarios. 

  Table 4.12: With and without RESs electrical energy consumption 

Techniques Total energy Imported energy Difference (kW) Reduction (%) 

demand (kW) from utility (kW)      

WBPSO scheduled + RESs 156.5000     103.5+53    53.0000            33.860% 

WDGWO scheduled + RESs  156.5000    103.5+53      53.0000       33.860% 

WDGA scheduled + RESs    156.5000      103.5+53     53.0000        33.860% 

GWO scheduled + RESs     156.5000        103.5+53     53.0000        33.860% 

WDO scheduled + RESs      156.5000       103.5+53     53.0000        33.860% 

BPSO scheduled + RESs     156.5000       103.5+53      53.0000        33.860% 

GA scheduled + RESs          156.5000      103.5+53      53.0000        33.860% 

Unscheduled + RESs         156.5000         103.5+53      53.0000        33.860% 

WBPSO scheduled                  156.5000   156.5000      0.0000           0.0000% 

WDGWO scheduled                156.5000   156.5000      0.0000          0.0000% 

WDGA scheduled                   156.5000   156.5000       0.0000          0.0000% 

GWO scheduled                      156.5000   156.5000      0.0000          0.0000% 

WDO scheduled                      156.5000   156.5000      0.0000          0.0000% 

BPSO scheduled                      156.5000   156.5000      0.0000          0.0000% 

GA scheduled                          156.5000   156.5000      0.0000          0.0000% 

Unscheduled                            156.5000   156.5000      0.0000          0.0000% 

 

 Table 4.13: With and without RESs per hour price 

Technique      Cost (cents/hour)   Difference (cents/hour)     Reduction (%) 

WBPSO scheduled + RESs 32.8900              40.2200                    55.0100% 

WDGWO scheduled + RESs 41.2500            30.0250                    42.1200% 

WDGA scheduled + RESs   54.0355              29.0770                    34.9800% 

GWO scheduled + RESs  53.6400                  24.2725                    31.1500% 

WDO scheduled + RESs  51.5500                  44.8125                    46.0500% 

BPSO scheduled + RESs 44.0948                   20.2608                   31.4800% 

GA scheduled + RESs    55.9129                    28.7713                   33.9700% 
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Unscheduled + RESs  72.8857                        31.0643                   42.6205% 

WBPSO scheduled    73.1100                         0.0000                      0.0000% 

WDGWO scheduled  71.2750                        0.0000                      0.0000% 

WDGA scheduled    83.1125                          0.0000                      0.0000% 

GWO scheduled        77.9125                         0.0000                      0.0000% 

WDO scheduled        96.3625                         0.0000                      0.0000% 

BPSO scheduled       64.3556                          0.0000                      0.0000% 

GA scheduled           84.6842                          0.0000                      0.0000% 

Unscheduled            103.9500                         0.0000                      0.0000% 

   Table 4.14: With and without RESs aggregate cost of one day 

Technique               Cost (cents/day) Difference (cents/day) Reduction (%) 

WBPSO scheduled + RESs     900.5800            574.12000                38.9300% 

WDGWO scheduled + RESs   810.0805            664.6195                 35.5200% 

WDGA scheduled + RESs      1196.9000           977.8000                 44.9600% 

GWO scheduled + RESs         1287.4000          582.5000                  31.1500% 

WDO scheduled + RESs         1237.4000          1020.3000                45.1900% 

BPSO scheduled + RESs         1058.3000          486.2000                 31.4700% 

GA scheduled + RESs             1341.9000          690.5000                 33.9700% 

Unscheduled + RESs               1781.0814          713.7186                 40.0722% 

WBPSO scheduled                  1474.7000          0.0000                      0.0000% 

WDGWO scheduled                1870.6000          0.0000                     0.0000% 

WDGA scheduled                   2174.7000           0.0000                     0.0000% 

GWO scheduled                      1869.9000           0.0000                     0.0000% 

WDO scheduled                      2257.7000           0.0000                     0.0000% 

BPSO scheduled                      1544.5000           0.0000                    0.0000% 

GA scheduled                          2032.4000           0.0000                    0.0000% 

Unscheduled                            2494.8000           0.0000                    0.0000% 

 

4.4.4.1 Energy consumption with and without RESs 

The electricity usage consumption behavior predicts the profile of consumers. This profile 

is well explained in figures 4.19-4.21 using both with RES and without RES integration. 

Heuristic algorithms, when performed to identify the electricity usage consumption patterns 

for unscheduled WDO, GA, and RES integration can be seen in figure 4.19. While Figure 4.20 

explains the electrical energy usage profile based on the RES integration along with 

unscheduled WDO, GWO and WDGWO.  The electricity usage consumption patterns based 
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on unscheduled WDO, BPSO and WBPSO can be shown in figure 4.21. The hybrid approach 

which uses WDO and GA i.e., WGDGA for electricity usage consumption is demonstrated in 

Figure 4.19. This figure moreover demonstrates that after RES integration electricity usage 

profile keeps on changing each passing hour. The unscheduled electrical power/load remains 

high and peaks to the point of 15KW in the time window of 6-13. The time window 4-6 is 

depicted in subplots of figure 4.19 and it shows that the peak power load optimized by GA 

without integration of RES is 14 KW. Yet with integration of RES it falls down to 10 KW. 

Likewise WDO managed power load in time window of 01, 11 and 15 is marginally same or 

to some extent it is a little high of 14KW. Conversely after the integration of RES power load 

significantly falls below 14 KW. Both subplots shown below are the electricity utilization 

patterns when WDGA-RES and WDGA are used to automate the usage.  

The electricity utilization pattern can be seen in Figure 4.20 hen WDO, GWO and their 

hybrid approach WDGWO is used. Both the subplots show unscheduled power load similar.  

On the other hand momentous power load reduction is seen in both subplots when GWO and 

GWO-RES is utilized along with RES integration. Figure 4.20 explains both subplots and 

reduction in power can be observed when WDO is used. Further subplots depict the electricity 

usages patterns by WDGWO-RES and WDGWO. WDO, unscheduled and BPSO the hybrid 

of both i.e., WBPSO represents the electricity usage patterns in Figure 4.21. In both the cases 

the unscheduled power load is similar; oppositely BPSO electricity usage patterns can be 

understood below in both subplots.  Without incorporation of RES peak power load is 8 KW 

which falls significantly to 6KW in the presence of RES integration.  

 

 

 

 

 

 

 

 

 

   (a) Without RES integration 
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   (b) With integration of RES  

   Figure 4.19a-b: WDGA electrical energy consumption profile. 

The electricity usage consumption is shown significantly optimized in the case of WDO. Figure 

4.21 represents both WBPSO-RES and WBPSO. All the mix approaches of techniques, i.e., 

WDGA, WBPSO and WDGWO do better to reduce the load in contrast to their parent 

algorithms.    

 

 

 

 

 

 

 

 

 

 

(a) Without RES integration 
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   (b) With integration of RES  

   Figure 4.20a-b: WDGWO electrical energy consumption profile. 

 

 

 

 

 

 

 

 

 

   (a) Without RES integration 

 

 

 

 

 

 

 

 

 

 

   (b) With integration of RES  
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   Figure 4.21a-b: WBPSO electrical energy consumption profile. 

4.4.5 Cost of Electrical Energy  

Different algorithms such as WDGWO, WBPSO and WGDO suggest cost of electricity 

based on total hourly usage, which is shown in Figure 4.22-4.25. This cost is estimated with 

both RES integration and without RES integration. However with RES and without RES 

integration electricity cost based on one day can be depicted with figure 4.41. Total 24 hours 

cost along with hourly schedule is shown in tables 4.13 and 4.14.    

 

 

 

 

 

 

 

 

   (a) Without RES integration 

 

 

 

 

 

 

 

 

 

 

 

   (b) With integration of RES  

   Figure 4.22a-b: WDGA electrical energy price. 
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   (a) Without RES integration 

 

 

 

 

 

 

 

 

 

 

   (b) With integration of RES  

   Figure 4.23a-b: WDGWO electrical energy price. 
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     (a) Without RES integration 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

   (b) With integration of RES  

   Figure 4.24a-b: WBPSO electrical energy price. 

 

 

 

 

 

 

 

 

 

 

   (a) Integration of RESs with and without WDGA 
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   (b) Integration of RESs with and without WDGWO  

 

 

 

 

 

 

 

 

   (c) Integration of RESs with and without WBPSO  

     Figure 4.25a-c: Aggregate electrical energy price. 

4.4.5.1 Integration with and without RESs electricity cost profile 

The price profile of electrical energy is evident from the Figure 4.22 which depicts about 

the unscheduled price and price after scheduling, the electrical load by WDGA, WDO, GA. 

The unscheduled price is lowest and maximum during time interval 15 to 24 and 8 to 10 

respectively. The cost of GA is minimum that is below 50 cents and maximum during time 

slots 2-3, 6-7, 16-18, 20-24 and 9-10, 13-15 respectively. Similarly, the price of WDO 

throughout time slots 16-24 and 8-10 is minimum and maximum respectively. The cost is going 

down by WDGA-RESs, WDO-RESs and GA-RESs with smooth level curve as clear from the 

Figure 4.22.  The cost is goes down from 100 cents for using 24 hours. Similarly the cost of 

WDGA is lower than its parent algorithms as depicted in Figure 4.22 and is maximum for time 

slots 14 to 15 that is 100 cents and decreased to 45 cents considering time slots 11 to 14. 
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The cost of electricity profile considering WDGWO and WDGWO RESs into account is 

depicted in Figure 4.23. The consideration of unscheduled cost is both high including RES and 

without RES integration during time slot 7-13.  Figure 4.23 compares the results in terms of 

price for WDGWO, GWO and WDO and after incorporation of RESs that is WDGWO-RESs, 

WDO-RESs and GWO-RESs.  The price for WDGWO and WDGWO-RESs is between 0-

200 cents and 0-100 cents respectively. 

The price of BPSO, WBPSO and BPSO-RESs are evident from the Figure 4.24 as well as the 

price of WDO-RESs and WDO which displays great lessening in price when RES is to be 

incorporated. The price of WBPSO-RESs and WBPSO is greater than BPSO and WDO and 

shows the same behavior in terms of cost.  Thus Figure 4.25 explains the phenomenon of total 

cost employing WBPSO-RESs, WDGWO-RESs, WDGA-RESs, WBPSO, WDGWO and 

WDGA in terms of one day i.e., 24 hours.  The unscheduled cost in all sub plots are same but 

taking considering WBPSO-RESs, WDGA-RESs, WDGWO-RESs, WBPSO, WDGA and 

WDGWO decrease the cost to large extent compared with parent algorithms due to hybrid 

features, as table 4.14 depicts the statistics of cost with and without RES incorporation.  

4.4.6 Peak-to-Average Ratio 

The suggested algorithms performance, including WBPSO, WDGA and WDGWO 

calculated regarding PAR can be studied in this segment as represented in Figure 4.26. From 

Figure 4.26 it is crystal clear that PAR is reduced to a great extent in regard of scheduling by 

these techniques as matched with unscheduled electrical energy intake of electricity. 

 

4.4.6.1 PAR with and without RESs 

Figure 4.26 depicts the PAR as without integration of RES. The PAR is maximum in regard 

to unscheduled load, and in the situation of scheduling the electrical load employing WBPSO, 

WDGA, BPSO, GA, WDGA, GWO and WDO, the PAR goes to minimum as matched with 

the unscheduled case. The PAR employing WDGA is more than BPSO and less than WDO 

and GA, because BPSO has decreased the PAR to great extent compared with all the additional 

algorithms. Similarly the PAR employing WDGWO is in a lesser amount than GWO and 

WDO. The main part of the electrical load is transported into RESs and a minor share of 

electrical load is remaining on the electrical grid after the integration of BBS and RESs, which 

reduced the PAR further as represented in Figure 4.26. 
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(a) WDGWO with and without RESs 

The PAR in regard to unscheduled case is maximum and is minimum in case of BPSO-RESs, 

WDO-RESs, GWO-RESs and GA-RES when compared with the circumstance in which 

integration of RESs is not occur. The PAR in the suggested techniques are further reduced 

including WBPSO, WDGWO and WDGA as matched with the BPSO-RESs, WDO-RESs, 

GWO-RESs and GA-RESs, which is clearly illustrated from the table 4.15 that how PAR is 

abridged with and without integration of RES. 

 

 

 

 

 

 

 

 

 

 

   (b) WDGA with and without RESs 
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(c) RESs integration with and without WBPSO 

   Figure 4.26a-c: RESs with and without PAR integration. 

Table 4.15: RESs with and without PAR integration.  

Technique                                 PAR                  Difference         Reduction (%) 

Unscheduled                              5.2915                    0.0000                0.0000% 

GA scheduled                            4.6095                    0.0000                0.0000% 

BPSO scheduled                        2.7294                    0.0000                0.0000% 

WDO scheduled                        5.2915                    0.0000                0.0000% 

GWO scheduled                        4.2426                    0.0000                0.0000% 

WDGA scheduled                     3.2915                    0.0000                0.0000% 

WDGWO scheduled                 2.6095                    0.0000                0.0000% 

WBPSO scheduled                   1.6518                    0.0000                 0.0000% 

Unscheduled + RESs                5.2915                    0.0000                 0.0000% 

GA scheduled + RESs              1.8199                    2.7896                 60.5100% 

BPSO scheduled + RESs          2.0211                    0.7083                 74.0400% 

WDO scheduled + RESs          2.5024                    2.7891                  47.2900% 

GWO scheduled + RESs          1.6265                    2.6161                 38.3300% 

WDGA scheduled + RESs       1.2474                    2.0441                  62.1000% 

WDGWO scheduled + RESs   1.3251                    1.2844                  49.2200% 

WBPSO scheduled + RESs     1.3427                    0.3091                  81.2800% 

4.4.7 Appliances Waiting Time 

The AWT of appliances is displayed in Figure 4.27. All the appliances are scheduled with 

the suggested algorithms, i.e., WBPSO, WDGWO and WDGA. The AWT is almost three hours 

using BPSO, GA and GWO, while the AWT is nearly two hours which is lesser than GWO 

and the AWT is further reduced by using the proposed techniques and less than WDO and 
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GWO. The suggested algorithms performance is increased as matched with the parents 

algorithms as shown.  

 

 

 

 

 

 

 

 

  Figure 4.27: WBPSO, WDGWO and WDGA appliances waiting time 

4.4.8 Energy Generation Profile of Micro Grid 

MG power generation is discussed in this section. Wind power generation and PV 

comprises the MG as discussed below. 

4.4.8.1 Solar panel and wind turbine energy generation  

Figure 4.28 depicts the wind turbine electrical power generation. Figure 4.29 shows the 

wind turbine power generation which depends on wind speed. Maximum electrical power will 

be generated, having high wind speed; while, a smaller amount of energy will be generated 

with low wind speed. During high wind speed from time slots 11-22, i.e., the energy generated 

is high when the wind speed is above 10-15 m/s, i.e., 1.5–3.5 kWh. During time slots 1-6 and 

21-24, the power production is below 0.5 kW because in these time interval the wind speed is 

extremely slow, as displayed in Figure 4.29. The electrical energy generation is maximum, i.e., 

above 3 kWh, because for the duration of time interval 12 the wind speed is maximum as shown 

in Figure 4.29. Table 4.16 shows the association between wind speed and wind production.  
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(a) Electricity generation via wind turbine 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

   (b) Electricity generation via PV panel 

   Figure 4.28a-b: Hourly electricity generation. 

Figure 4.28 displays the PV panel electricity generation per hour. The energy is generated 

only the day time because the energy generated from PV panel depends only on external 

temperature and solar radiation. As shown in Figure 4.29, during time slots 5-18 the energy is 

generated from PV, i.e., on average only 13 hours out of 24 hours. Depending on geographical 

location, panel tilt angle, temperature and sunlight, only 4-5 hours peak power is generated. 

Throughout time slots 5–18 the day temperature is high as can be seen in Figure 4.29, hence 

the high generation is observed. Temperature is less than 20 °C and there is no solar irradiation 



  

203 

during time slots 1–4 and 19–24, therefore the generation of PV is zero. The influence of 

temperature on PV generation is shown in Table 4.16. 

 

 

 

   Table 4.16: Temperature and wind speed effects on PV and wind generation  

Wind generation (kWh) Wind speed (m/s) PV generation (kWh) Temp (°C) 

 0.1470                                0.8000                   0                                  18.0000 

 0.1929                                1.0500                   0                                  21.0000 

 0.2205                                1.2000                   0                                  23.0000 

 0.2205                                1.2000                   0                                  25.0000 

 2.1131                                11.5000                 0                                  27.0000 

 1.2495                                6.8000                   0                                  28.5000 

 0.7901                                4.3000                   0.1831                         29.0000 

 2.4990                                13.6000                 0.7123                         29.2000 

 2.5725                                14.0000                 1.1918                         29.5000 

 1.9661                                10.7000                 1.6314                         29.8000 

 1.7640                                9.6000                   2.0132                         30.0000 

 2.3704                                12.9000                 2.3126                         29.0000 

 3.2156                                17.5000                 2.4600                         28.0000 

 2.9400                                16.0000                 2.3946                         27.0000 

 2.8481                                15.5000                 2.2306                         26.0000 

 1.8945                                10.3100                 1.9714                         25.5000 

 1.3331                                7.2550                   1.5535                         25.0000 

 1.1111                                6.0470                   1.0475                          24.0000 

 0.4447                                2.4200                    0.5988                         22.0000 

 0.2205                                1.2000                    0.0622                         21.0000 

 0.2021                                1.1000                    0                                  20.0000 

 0.1838                                1.0000                    0                                  19.0000 

 0.1103                                0.6000                    0                                  18.5000 

 0.1838                                1.0000                    0                                  18.0000 
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   Figure 4.29: Wind speed and wind generation relationship. 

4.5 USE OF HEURISTIC TECHNIQUES FOR RESIDENTIAL LOAD SCHEDULING 

AND ANALYSIS OF HYBRIDIZATION 

Contribution 4 is validated through simulations and discussed in this section. 

4.5.1 Discussion and Results 

In this section, suggested algorithms are being discussed on the basis of simulation 

results’ performance. Electrical load scheduling has been performed under DAP as 

displayed in Figure 4.40, as per the day-to-day information of FERC (Boopathy, & 

Sivakumar, 2014). Twenty four hours is a time horizon, however per hour time intervals 

has been selected for appliances scheduling. This research problem is framed as an 

optimization problem with the objectives to reduce electrical energy usage price and 

consumer discomfort. The optimization problem is being resolved by using four current 

optimization algorithms: TLBO, BAT, FPA and GA four suggested hybrid algorithms: 

FGA, FBAT, FTLBO and GTLBO. Electricity scheduling on appliances outcomes of GA, 

TBLO, BAT, FPA and hybrid algorithms and results shows that the Power Flexible 

Appliances are functioning at low electrical power at high charges while Time Flexible 

Appliances has postponed their operations behavior on off-peak hours. An assessment of above 

stated techniques are illustrated in Table 4.17. 

4.5.2 Power Consumption 
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Electrical power usage is depending on power rating and the appliances operational period. 

Electrical power usage during the on-peak hours is minimizing the electricity cost, but on the 

other hand consumers discomfort should be increased. Figure 4.40 illustrates that 6:00-10:00 

pm is hours in which price is high, where 1:00-6:00 am is hours where electrical energy expense 

is low. To accomplish the goals, electrical energy usage should be deceased at on-peak hours 

and increased at off-peak hours. BAT, FPA, TLBO, GA and the hybrid algorithms are using for 

the electrical hourly consumption on all appliances as displayed in Figure 4.30. 

      The peak electrical power usage per hour of  BAT, FPA, TLBO and GA and the hybrid 

algorithms: FGA, FBAT, FTLBO and GTLBO are 4.7 kW, 3.1 kW, 2.6 kW, 2.10 kW, 5.5 kW, 4.7 

kW, 2.2 kW and 2.3 kW as shown in Figure 4.31 and 4.32, correspondingly,  

 

 

 

 

 

 

 

 

  Figure 4.30: Appliances energy consumption. 
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(a) FTLBO, FPA and TLBO 

 

 

 

 

 

 

 

 

 

  (b) FGA, FPA and GA 

   Figure 4.31: Appliances power consumption per hour. 

however, FGA takes the highest hourly electrical power usage of 2.42 kW which is maximum 

amongst all the algorithms. The laundry machine is scheduled to function at 0100 hours with 

already 2 power flexible appliances in function, which results in peak formation as represented 

from FGA in Figure 4.3(b). Results clears that FTLBO out performs all the techniques for 

obtaining usage of lowest peak electrical power as depicted in Figure 4.31 (a). 

      The intake of electrical energy of each appliance is illustrated in Figure 4.30. Observations shows 

that electrical toaster are consuming about 0.2 KW for two hours from 6-7 am; electrical kettle is  

consuming 0.3 KW during 8 am, 5 and 8 pm; clothes dryer, 0.8 KW during 5-6am; washing machine 

is 0.7 KW from 1-2am; refrigerator is using 0.5 KW and 0.3 KW during 8-12am and 1-7am 

respectively and similarly Air conditioner is spending about 1.5 KW and 0.8 KW from 8am to 8 pm 

and 9pm to 7 am respectively as explained in Figure 4.30. 

In unscheduled case, the energy usage of appliances on hourly basis for the FPA, GA 

and TLBO and their crossbreed; FGA and FTLBO, in that order, are shown in the Figure 

4.31. An acme of unscheduled energy usage is 3.5 KW at 8 am, while in the rest of hours, 

low peak consumption of power is 1.6 KW. Similarly, by TLBO, the maximum power 

consumption during 11 pm is 2.6 KW and it is low of 1.3 KW in the remaining hours. 

Similarly, FPA has the maximum energy usage of 3.9 KW during 7 am and lowest of 1.6 

KW in the leftover hours. The FTLBO has energy usage at acme of 2.2 KW during 12 to 

1 am and during rest of hours it is below than 1.5 KW. Figure 4.32 (a) displays that that 
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the GA electrical power usage is lowest in other time slots while during 1 to 2 am it is 

2.2 KW. Similarly, FGA shows the highest power usage during 8 to 10 am. The energy 

intake by FGA and FTLBO is more than GA, equal to TLBO and less FPA as represented 

clearly from the Figure 4.31. 

The hourly consumption of power by unscheduled case, FPA, BAT, TLBO and GA 

and their hybrid that is FBAT and GTLBO respectively as illustrated in Figure 4.32. The 

highest power at 8 pm is 3.5 KW in unscheduled case and minimum of about 1.6 KW in 

the outstanding hours as depicted in Figure 4.32(a) and 4.32(b). In case of GA, peak 

energy usage is 2.2 KW for the duration of 1 am to 2 am and 1.1 kW is the lowest 

consumption. Conclusively, GTLBO represent the peak energy burning up of 2.3 KW 

during 1 am, and TLBO represents highest 2.6 KW and lowest power consumption during 

11 pm and 9 am – 4 pm. The consumption of power by BAT is lowest and highest of 1.7 

KW and 3.5 KW respectively for the duration of the remaining of hours. The maximum 

energy utilization is 3.5 KW during 7 am by FBAT and it is 1.6 KW in the outstanding 

hours. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

   (a) GTLBO, TLBO and GA 
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   (b) FBAT, FPA and BAT 

   Figure 4.32: Power consumption of appliances per hour. 

4.5.3 Electricity Consumption Cost 

      The prime goal of electrical power scheduling is also electrical price reduction where 

appliances are scheduling in such a way to decrease the price of electrical energy of users. 

Although, with the reducing of electrical cost, the consumer’s discomfort is increasing because 

of balance between electricity price and discomfort. Figure explains about every day utilization 

price after scheduling appliances through all procedures of optimization. The study shows the 

lowest cost in all time slots by FGA and GA. 

 

 

 

 

 

 

 

 

(a) FTLBO, FPA and TLBO 
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  (b) FGA, FPA and GA 

   Figure 4.33: Appliances electricity cost per hour 

Figure 4.31 illustrates the power consumption pattern that how the cost reduction occurs and 

the reason for it using FGA and GA and shows the power consumption on hourly basis of FGA 

and GA which is minimum as matched with BAT, FPA, TLBO and the hybrid algorithms. 

      Electricity cost based on hourly demand of all appliances are given in Figure 4.32 and 

Figure 4.33 which shows the high unscheduled cost of $ 1/KW from 7 to 10 am and 5 to 8 pm. 

A higher cost of about $0.84/KW is shown by TLBO during 7 to 11 pm and it is lower during 

1 to 6 am, because of off peak hours. Because of the hours in which price is low, the expenditure 

by FPA is higher and lower during 6-11 pm, 7 am and 1 to 6 am respectively.  

 

 

 

 

 

 

 

   (a) GTLBO, TLBO and GA 
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   (b) FBAT, FPA and BAT 

   Figure 4.34: Appliances electrical energy price per hour 

     Same case is with FTLBO, however, comparing it with unscheduled case FPA and TLBO 

for all hours, it reduce the price of electricity. The GA cost is higher from 7 am, 8 am, and 5 to 

11 pm because of on-peak hours and lower from 1 to 6 am because of the hours in which price 

is low. The decrease of cost is higher than the FPA and in regard of unscheduled case, however, 

not higher than FGA. FGA has lower and higher price due to hours where price is low and 

hours where price is high during 6 to 11 pm, 5 to 7 am respectively. The FGA cost is lower in 

all hours and higher during 8 to 10 am. Similarly, FGA minimizes the electricity cost more as 

matched with FPA and GA. 

    Cost reduction on hourly basis by FPA, BAT, GTLBO, TLBO, FBAT and GA are illustrated 

in Figure 4.32. Power of $0.9/KW is the maximum unscheduled cost during 8 pm and $0.2/KW 

is the minimum during 4 am because of off-peak hours. GTLBO, TLBO and GA represent the 

higher cost from 6 to 11 pm and lower cost from 1 to 6 am because of the hours in which price 

is high and low, respectively. Thus Figure 4.32 (b) illustrates that how GTLBO have more 

efficiency in regard of cost reduction than TLBO and GA and similarly FBAT is more 

proficient and better in regard of price decrease than FPA, BAT. The everyday expenditure 

decrease by BAT, FBAT and FPA which are 12.32%, 25.23% and 3.87%, in that order are 

tabulated in Table V. 

4.5.4 User Discomfort 

Two main reasons lead to the initiation of discomfort; suspending the task of appliances 

with appliances which have time flexibility and operating of appliances ahead of starting time 

from the suitable moment for the customers. Figure 4.36 explains the discomfort per hour 

instigated through power flexible appliances. The user discomfort is going to be on maximum 

from 6 to 11 pm because of the hours where price is high, whereas, consumers discomfort is to 

be minimum from 12 to 7 am because of off-peak hours. 
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      From Figure 4.35 (a) to 4.35 (d), complete daily discomfort is discussed which clarifies 

that GTLBO has lower user discomfort while BAT has the maximum customer discomfort. A 

comparison between parent and proposed hybrid techniques are made, which shows that 

proposed techniques performs better than their parents   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a)  GTLBO, TLBO and GA 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(b) FBAT, FPA and BAT 
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(c) FTLBO, FPA and TLBO 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(d) FGA, FPA and GA 

    Figure 4.35a-d: Appliances daily discomfort. 
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   Figure 4.36: Hourly discomfort of appliances 

techniques in regard of user discomfort. The discomfort per hour by GTLBO, TLBO, GA and 

in unscheduled case is indicated in Figure 4.36 (a) which shows that the discomfort per hour 

by TLBO, GTLBO and GA is higher throughout hours in which price is high and lower at 

hours in which price is low. 

   Table 4.17: Comparison of heuristic techniques 

Technique Daily cost (%) Daily discomfort (%)  Peak power consumption (%)  PAR (%) 

BAT                   12.32               48.36                    2.46                        2.46 

FPA                    3.87                 30.91                   38.27                       5.55 

TLBO                 26.74               3.33                     12.96e                     12.96 

GA                      37.95               7.56                     9.87                        9.87 

Existing mean    20.22                22.54                   15.89                      7.71 

FGA                  64.49                12.72                   33.95                       33.95 

FBAT                25.23                22.18                   27.16                       27.16 

FTLBO              40.75               33.38                    45.06                      45.06 

GTLBO             39.17                44.45                   32.09                       32.09 

Proposed mean  42.41                28.1825               34.565                    34.565 

4.5.5 Peak-to-Average Ratio 
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(a) GTLBO, TLBO and GA 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(b) FBAT, FPA and BAT 
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(c) FTLBO, FPA and TLBO 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(d) FGA, FPA and GA 

Figure 4.37: Peak-to-Average Ratio. 

      The PAR which is unscheduled and scheduled is displayed by Figure 4.37 which shows 

that in unscheduled scenario the PAR is 1.62, whereas, the PAR by FGA, FTLBO, FBAT, 

FPA, BAT, GTLBO, TLBO and GA are 1.07, 0.89, 1.18, 1.53, 1.58, 1.41 and 1.46 respectively. 

Observation shows that PAR by the suggested algorithms FGA, FBAT, FTLBO and GTLBO 

is 1.07, 1.18, 0.89 and 1.10 respectively, which is lower than their parent algorithms and among 

all the techniques FTLBO has the lowest PAR. Figure 4.32 shows the higher PAR in the case 
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of BAT which is caused by highest energy usage. Similarly, BAT have highest peak power 

consumption which results into high PAR. 

4.5.6 Feasible Region for User Discomfort and Electricity Cost  

The feasible area between electrical energy price and consumer discomfort is shown in 

figure 4.38. The unscheduled case’s total cost is $16.62. Conceivable points are being 

computed by means of a lowest and highest groupings of user discomfort and price. The cost 

calculation is based on the aggregate highest and lowest price against highest and lowest 

customer discomfort. Cost reduction on complete electrical energy intake is a resultant on 

growing customer discomfort. To attain the best consumers financial goals, there is a trade-off 

between electrical energy price and consumer discomfort.  

 

 

 

 

 

 

 

 

   Figure 4.38: Feasible region. 

Electricity prices are demarcated by the utility company usage ranges from $11.30/kWh–

$11.53/kWh. Users lowest and highest discomfort ratio is between 1.6 and 3.8, in that order. 

Entire enclosed region is attained under points P3 (4.6191, 1036.8), P2 (2.8334, 1072), P1 (0, 

1269.8). For feasible area representation P3 (4.6191, 1036.8) point is plotted, that’s mean the 

electrical energy price must be less than $11.53 to attain the fitness function of the nominal 

consumer’s discomfort level. 

Table 4.18: Performance trade-off 

Technique      Discomfort       Cost ($)    Technique    Discomfort        Cost ($) 

BAT                     1.84             16.29           FGA              2.33                  6.59 

FPA                      1.76             17.86           FBAT            1.06                 13.89 

TLBO                   2.50             13.61           FTLBO         1.58                 11.01 
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GA                       2.83              11.53           GTLBO        1.32                 11.30 

 

4.5.7 The Performance Parameters Trade-off 

      Outcomes display a balance between consumer electrical energy consumption price and 

discomfort. Possible region for electrical energy consumption price delivered in system model 

subdivision displays that highest bill saving can be attained by scheduling highest electrical 

load throughout the hours where price is low. An association between consumer electricity 

price and discomfort is demonstrated by feasible area portrayed in Figure 4.66. Customer 

discomfort critically affects electrical energy consumption price, i.e., by decreasing consumer 

discomfort, energy usage price rises with the upturn of customer discomfort, the energy usage 

price reduces. Table 4.18 displays performance balance between consumer discomfort and 

electrical energy price. Cost is reducing about 37.95% by GA, whereas, in case of day-to-day 

discomfort it is very little of about7.56%. Thus PAR and peak power consumption is reduced 

to 9.87%. TLBO is reduced to 26.74% and the daily discomfort’s reduction occurs about 

3.33%, whereas, PAR and PPC are reduced to 12.96%. 

      The cost reduction of FPA is 3.87% and thus the reduction in discomfort is higher of 

about 30.91% which is higher because of the utilization of load considering the hours in 

which price is high. The reduction in PAR and PPC is about 5.55% and 38.27%, in that 

order. The discomfort is reducing the cost up to 48.36% while BAT up to 12.32%. 

Similarly, the reduction in the cost of PAR and PPC is about 2.46%. 

 

 

 

 

 

 

 

 

 

 

(a) 15 minute OTI cost 
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(b) 30 minute OTI cost 

 

 

 

 

 

 

 

 

 

 

 

  (c) 60 minute OTI cost 

    Figure 4.39: Using RTP cost per time slot. 
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    Figure 4.40: DAP signal 

 

      The cost reduction by discomfort is reducing up to 44.45% and by GTLBO it is 39.17%. 

Similarly, the PAR and PPC are reducing up to 32.09%. In case of FTLBO, cost reduction 

is equal to 40.75% and consumers discomfort is reduced to 33.38% whereas PAR and PPC 

are decreased to 45.06%. FBAT price reduction and consumer discomfort is 33.38% 

whereas, PAR and PPC by 27.16%. The price decrease through FGA is higher of about 

64.49% owing to which day by day consumer discomfort is going to be decreased, that is,  

PAR and PPC are reducing about 33.95%. The hybrid techniques are performing best in 

regard of obtaining minimum electricity cost, PAR, PPC and consumer discomfort as 

evident from the assessment given in Table 4.17. 

4.6 FUTURE DIRECTIONS 

There are few limitations in this dissertation, which need to be highlighted as the future 

directions or extensions. These limitations are discussed in the below paragraphs. 

The potential future direction is to explore other options and heuristics targeting PAR and 

cost minimization. An MG (the user can produce electricity via RES) would be integrated with 

HEMS such that load can be minimized for residential customers over an electric. 

Further task is to experiment with multiple heuristic optimization approaches for decrease 

of electrical energy price and PAR through RES. Moreover, a model for evaluating the concept 

of cloud would be implemented to schedule smart home appliances instead of EMC. 

The same appliances will be employed in the future; however, a mix of renewable energy 

schemes such as wind turbines, battery bank, PV and diesel generator would be used. Battery 

electric vehicle and plug-in hybrid electric vehicle may be integrated with a distant electrical 

grid. Hybrid system techno-economic analysis will also be carried out to satisfy the budget 

limit and optimize electrical energy cost.  
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To implement the above scenario for optimizing the results and appliances scheduling, fog 

computing model will be used in the future. Furthermore, considering single home the above 

scenario is implemented, hence, using integration of RESs for multiple smart homes it will 

further be simulated. 

This dissertation only discussed HEMS and standalone microgird for local generation, 

however as a future extension industrial and commercial sector will be keep in view with a 

heavy load. A microgrid will be considered in future to generate local energy and sell surplus 

energy to the grid as well for cost saving. 

The concept of energy sharing among smart homes and local microgrids will also be 

introduced to reduce the electricity cost and peak load on the consumers. The extra energy 

generated by one smart home will be lend to another smart home when in need and vice versa. 

Due to this concept the PAR will always be low and there will be less Burdon on the main 

grid. 

In this dissertation 60 minutes, 30 minutes and 15 minutes time slots are taken for the price 

signal. However, in future variable time slots will also be considered for price signal such as 

45 minutes, 25 minutes, 20 minutes, 10 minutes, 5 minutes etc. as a future extension to get 

precise energy calculation. In this dissertation CPP, RTP, DAP and TOU tariff are used. There 

are some other price signals in the market, which will be implemented in the future to evaluate 

the real performance of the proposed model.  

In this dissertation PV, ESS, wind turbine and domestic microgrid (local generation) are 

used for energy generation, however, their techno-economic analysis (cast calculation) is not 

performed, which will be carried out as a future direction. 

Coordination among appliance in a smart home is another research direction as a future 

research extension. The appliances in a smart home will all be connected with each other and 

will be communicating with each other. In this way each appliance will fulfill their duty cycle 

efficiently. 

A blockchain technology will be used as a future direction along with heuristic algorithms 

to optimize cast, PAR and user comfort. The coordination of demand and supply via 

blockchain will be used to improve efficient use of energy. For real-time control and 

monitoring of the energy blockchain technology will be considered, which will lead to the 

efficiency of energy supply.  
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As a future direction or extension, the smart home, HEMS and domestic microgird 

designed in this dissertation will be implemented in real smart home, HEMS with a domestic 

microgrid consisting of PV, wind turbine and ESS. First it will be implemented on a single 

smart home and then multiple smart home will be considered. This project will be very costly, 

however, it will depends on the funding provided by the university or the higher education 

commission. 
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SUMMARY 

Key enabling technologies such as SG, DSM and DR have potential to sustain a balance 

between demand of electric power and its supply. The aspects of enhancing smooth operational 

capacity through DSM and DR have been employed to minimize cost of electricity in electric 

power grid so that end user can be facilitated (as elaborated in section 3.2). Firstly, a scheduling 

based on heuristic approach has been suggested for domestic appliance scheduling optimization 

problem using CSOA, CSA and GA while adhering to a couple of electricity tariff schemes: 

CPP and RTP for HEMS regarding DSM. Major goal of stated approach is to curb the price of 

electrical energy, PAR and user WT. In order to measure the performance of stated approach, 

a solitary residential unit and multiple houses in a building was used as a test-bed. Moreover, 

ESS was incorporated for an efficient process of the electric grid for curbing the cost. RTP and 

CPP signals have been used for having feasible regions in multiple smart homes depicting the 

behavior of scheduling problem in term of electricity cost, its usage and customer WT. It is 

evident from results that proposed approach has potential for electricity load scheduling 

intelligently such as transforming from higher price hours to low price hours (with minimal 

PAR and user WT). Cost of electricity has been further compacted through integration with 

ESS. Besides, the proposed approach effectiveness of CSOA sovereignty is evident from 

perspective of PAR and cost decrease having a tradeoff among cost of electrical energy and 

consumer WT. The CSOA performance is better than GA and CSA because CSOA attempts to 

acquire more global optimization time instead of the local solution while having a few number 

of aspects for fine-tuning compared to GA. 

In order to maintain a level of constancy in grid (as discussed in section 3.4), the traditional 

grid is revolutionized into a SG. The pivotal aspects to maintain a balance among demand and 

supply of power are DSM and DR. DSM ensured lowering the end-user cost of electricity and 

seamless grid operations. Electricity cost and PAR reduction approaches based upon multi-

OTIs in residential sector has been proposed. HGWDE has been put forth with two pricing 

phenomenon: RTP and CPP. Proposed approach has been evaluated by employing it through 

various appliances under a diverse range of prices. All the Feasible regions have been computed 

for OTI that states the scheduling impact of appliances keeping in view the WT cost and 

electrical energy. There are four performance factor considered for measuring the impact of 

proposed approach. We may conclude that our approach schedules load of electricity, high 

price hours to low price hour. So, PAR and price minimization are attained with acceptable 

degree of WT. Moreover, it may be asserted that HGWDE shows better results than 

contemporary approaches with trade-off between electrical energy cost and WT. 
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The control and monitoring of day-to-day power consumption may assist in preventing 

energy consumption and reduce electrical energy PAR and cost. Approaches regarding HEM 

are recommended to diminish the PAR and electrical energy cost while having a maximum UC 

in domestic area. PV panel and wind turbine were integrated for having a low-priced electrical 

energy generation with reduced cost. Prevalent heuristics were implemented in order to attain 

the targeted goals such as: GWO, WDO, BPSO and GA. Also, some hybrid approaches were 

proposed: WBPSO, WDGWO and WDGA. A comparative analysis of proposed technique and 

contemporary ones is also provided where our hybrid techniques have shown encouraging 

results than existing ones regarding energy price and PAR minimization. After MG integration, 

electrical energy cost was abridged by 53.39%, 35.60% and 35.02%, using WBPSO, WDGWO 

and WDGA, correspondingly. The minimization of PAR is done using WBPSO, WDGWO and 

WDGA by 18.89%, 61.43% and 61.30%, in that order. 

As described in section 3.6 for smart home using DSM domestic electrical load scheduling 

is a general method. The user discomfort, PAR and electricity cost are reduced by means of 

ECSU. Considering the proposed scheme appliances which are time elastic and power elastic 

are thought-out for scheduling. IBR and RTP signals are together used to avoid the making of 

peaks for the duration of the hours where electricity price is low. Heuristic techniques such as 

FPA, BAT, TLBO and GA are implemented using Matlab in this research work to decrease 

user discomfort, PAR electrical energy cost. The day-to-day user discomfort, PAR and 

electrical energy cost are decreased up to 7.56%, 9.87%, 37.95% by GA, 3.33%, 12.96%, 

26.74% by TLBO, 30.91%, 5.55%, 3.87% by FPA, 48.36%, 2.46%, 12.32% by BAT, in that 

order. Furthermore, 4 hybrid simulation techniques: FGA, FBAT, FTLBO and GTLBO are 

suggested by uniting the preeminent characteristics of FPA and GA, FBAT and FPA, TLBO 

and FPA, TLBO and GA. The day-to-day user discomfort, PAR and electricity cost are 

decreased by suggested algorithms: up to 44.45%, 32.09%, 39.17% by GTLBO, 33.38%, 

45.06%, 40.75% by FTLBO, 22.18%, 27.16%, 25.23% by FBAT, 12.72%, 33.95%, 64.49% 

by FGA, correspondingly. Hybrid algorithms performance are improved than their parents 

algorithms as displayed by the simulation results in terms of decreasing user discomfort, PAR 

and electrical energy cost. Furthermore, that the performance of recommended techniques: 

FGA, FBAT, GTLBO, FTLBO are better than GA and FPA, BAT and FPA, TLBO and FPA, 

TLBO and GA. Trade-off is made between electrical energy price and consumer discomfort, 

while reducing user discomfort, PAR electricity cost compromise by the suggested algorithms. 

Moreover, with the increasing cost of electricity the consumer discomfort is decreasing. 

Among the parent algorithms the FGA consumer discomfort is lowermost, i.e., 1.76 and 

electrical energy price is highest, i.e., $17.86. Additionally, among the proposed techniques 
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the FBAT consumer discomfort is lowermost, i.e., 1.06 and electrical energy price is highest, 

i.e., $13.89. 
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Abstract: Microgrid is a community-based power generation and distribution system that interconnects smart homes 

with renewable energy sources (RESs). Microgrid efficiently and economically generates power for electricity 

consumers and operates in both islanded and grid-connected modes. In this study, we proposed optimization schemes 

for reducing electricity cost and minimizing peak to average ratio (PAR) with maximum user comfort (UC) in a 

smart home. We considered a grid-connected microgrid for electricity generation which consists of wind turbine and 

photovoltaic (PV) panel. First, the problem was mathematically formulated through multiple knapsack problem 

(MKP) then solved by existing heuristic techniques: grey wolf optimization (GWO), binary particle swarm 

optimization (BPSO), genetic algorithm (GA) and wind-driven optimization (WDO). Furthermore, we also proposed 

three hybrid schemes for electric cost and PAR reduction: (1) hybrid of GA and WDO named WDGA; (2) hybrid of 

WDO and GWO named WDGWO; and (3) WBPSO, which is the hybrid of BPSO and WDO. In addition, a battery 

bank system (BBS) was also integrated to make our proposed schemes more cost-efficient and reliable, and to ensure 

stable grid operation. Finally, simulations were performed to verify our proposed schemes. Results show that our 

proposed scheme efficiently minimizes the electricity cost and PAR. Moreover, our proposed techniques, WDGA, 

WDGWO and WBPSO, outperform the existing heuristic techniques. 

 

Keywords: microgrid; heuristic algorithm; energy management; demand side management; demand 

response 
 
 
 

 

1. Introduction 

 
Recently, increasing energy consumption has been observed around the globe. Presently, most power is 

produced from fossil fuels that increase carbon emissions. To minimize carbon emissions and fulfill the inevitably 

increasing electricity demand, scientists have explored the alternative sources of energy generation, i.e., renewable 

energy sources (RESs). Moreover, complexity of power system is significantly increased due to the penetration of 

RESs. However, the large-scale installation of RESs to the existing conventional power system will increase the 

vulnerability of already heavily loaded power system [1]. For this purpose, the transform of the current electric power 

system to the smart grid, i.e., the unification of advanced information and communication technologies (ICTs) with 

conventional power grid, is one of the best solutions [2]. These technologies not only exploit the 
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stability and reliability of the power system but also enable the smart grid to efficiently incorporate 

the RESs and DG.  
RESs have gained prominence over traditional and fossil fuel-based energy sources, which also 

contribute to environmental degradation. Therefore, policy makers and researchers are being 

compelled to think about changing the form of energy generation. The DG emerges with the 

emergence of RESs [3]. A microgrid is considered as a lower layer of the smart grid, and is an 

independent small scale power generation system that supplies power to the electricity consumers 

[4]. Microgrid operates in three different modes: grid-connected mode, where it is needed to sell power 

back or purchase to/from main grid; off-grid mode, where power is not available from the utility grid; 

and isolated mode, where utility grid is in far and remote areas.  
Numerous articles have been published about isolated microgrid.The authors discussed stand-

alone microgrid consisting of photovoltaic (PV) source, wind turbine and storage that are 

mathematically formulated to design voltage regulation policy and control-based load tracking 

system. They proposed a control and energy management policy. According to this strategy, the 

storage can be charged by constant current and voltage which increases its lifespan. It was also 

considered in this study that the power demand is less than the generated power [5].  
The burgeoning population continuously increases the use of electric appliances which results 

in increasing power demand. To fulfill this increasing demand of electricity, RESs become lucrative 

for scientists because the conventional sources of electricity generation are costly and cause high 

carbon emissions. Hence, it is necessary to generate more power locally from RESs. In addition, we 

have to optimize the existing power sources to create alternative methods of power generation. To 

achieve this end, researchers are working on the utilization of renewable energy generation in power 

sector to make it more efficient. A smart grid is a simple conventional electric grid with the use of ICTs 

integrated, while microgrid is part of a smart grid. According to the concept of a microgrid, the power 

could be used in a reliable and optimized way and more energy will be locally generated. The power 

of a microgrid will fulfill the energy requirement along with the considerable reduction in cost and 

peak-to-average ratio (PAR). 
 

In smart grid, the common goals of different demand response (DR) and demand side 

management (DSM) strategies are the reduction in electricity bill and PAR. Load shifting schemes 

are used to achieve balance energy consumption. To design an effective home energy management 

system (HEMS), different algorithms are used by research community, e.g. mixed integer linear 

programming (MILP) [6], dynamic programming (DP), multi parametric programming (MPP) [7], 

integer linear programming (ILP) [8], etc. However, these algorithms have unpredictable energy 

consumption patterns and cannot handle a large range of different home appliances. Furthermore, 

authors in [9–14] focused on electricity cost reduction and PAR minimization through stochastic, 

mathematical and heuristics techniques.  
The work presented in [9–14] either focused on specific area (cost reduction, PAR minimization, 

etc.) or failed to gain full benefit from the smart grid technologies to present efficient HEMS. The 

motivation for this work was to reduce the deficiencies of existing HEMSs. This work introduced an 

optimized HEMS. The proposed HEMS minimized the consumer’s electricity cost and PAR with 

maximum user comfort (UC) while integrating battery bank system (BBS) and RESs simultaneously 

in the residential sector. Moreover, the RTP tariff was used for electricity cost calculation and we 

implemented four heuristic techniques, grey wolf optimization (GWO), binary particle swarm 

optimization (BPSO), genetic algorithm (GA), and wind-driven optimization (WDO), to achieve 

aforesaid objectives. We also proposed three hybrid optimization algorithms: wind-driven GA 

(WDGA), wind-driven GWO (WDGWO) and wind-driven BPSO (WBPSO). Part of this work was 

already published in [15]. The main contributions of this work are as follows: 
 
• We proposed three hybrid schemes: WDGA, WDGWO and WBPSO.  
• This work considered the grid-connected microgrid system with multiple appliances.  
• Our proposed work minimized the electricity cost and PAR. 
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• By implementing our proposed schemes, user can enjoy maximum comfort.  
• Imported electricity was also reduced by integrating microgrid. 

 
The reminder of the paper is organized as follows: literature review is provided in Section 2. 

Motivation and problem statement is discussed in Section 3. Section 4 explains the mathematical 

formulation of the problem using a mathematical technique called MKP. Energy generation using PV, 

wind and BBS charging and discharging are discussed in Sections 4.1–4.3, while Sections 4.4–4.8 

discuss the energy consumption, energy pricing and electricity cost, PAR, appliances waiting time 

(AWT) and objective function, respectively. Section 5 presents the proposed system model, while the 

optimization techniques, GWO, GA, BPSO, WDO, WDGA, WDGWO and WBPSO, are described in 

Section 6. In Section 7 simulation results and discussion are provided. Section 8 presents conclusion 

and future work. 

 
2. Literature Review 

 
In the literature, significant amount of work has been done in smart grid, microgrid, macrogrid 

and hybrid energy generation to optimize energy consumption, energy consumption cost and PAR. 

Researchers are further working to introduce alternative methods for local energy generation that are 

less expensive, easy to generate and environment friendly. Some research work indicated that the 

combination of RESs into residential sector provides the most cost effective solutions. This 

hybridization of RESs and use of distributed energy resources (DERs) make energy more flexible, 

reliable, and sustainable and removes redundancies. Some related work has been cited below and a 

summary of the cited work is presented in Table 1.  
The authors proposed a residential microgrid consisting of RESs in [9]. To obtain an efficient and 

realistic management, the domestic load was divided into three different types. They introduced the 

anxiety range concepts for consumers behavior. The designed model generates a schedule for all 

components of the microgrid when operating day-ahead and results show daily cost saving of 10%. 

The authors discussed the time-of-use (TOU) based energy management system along with ESS 

integration in [10]. The economic and technical evaluation is carried out using different battery 

technologies. Their experimental results show that the integration of ESS with TOU significantly 

reduce the cost.  
In [11], a controller strategy was proposed that acts as a controller between grid and PV or wind 

generators with battery storage system. The connection device provided the ancillary services. In this 

paper, the authors proposed a three-steps control strategy. The methodology managed the 

collaboration between RESs and DERs, keeping in view the use of domestic energy. The main 

objectives of this study were: user comfort, peak shaving and forming virtual power plants [12].  
This work proposed a new decision support and management system (DSEMS) keeping in view 

the residential load consumption [13]. The designed system acts as finite state machine (FSM). The 

FSM consists of different scenarios based on consumers preferences. The work in [14] discussed an 

intelligent home energy management algorithm. The algorithm manages the power consumption of 

domestic appliances with DR analysis. The household load is managed using priority and the total 

domestic load is constrained below a certain threshold level. The work provide an insight for 

performing DR activities for residential consumers. In the next section, the motivation and problem is 

explained in detail.  
Marc Beaudin et al. provided a comprehensive review of HEMS in [16]. HEMS is an efficient tool for 

shifting and reducing the energy production and consumption of a residential area. HEMS plays an 

important role for demand response. By considering multiple objectives, i.e., user comfort, energy costs, 

load profile and environmental concerns, HEMS creates an optimal energy consumption schedule for home 

appliances. A stochastic programming model (SPM) was presented in [17]. The authors considered the 

environmental and economic aspects using RESs. Using Monte Carlo method and roulette wheel 

mechanism the uncertain parameters are modeled for 24 h duration considering demand 
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and supply. The authors formulated the optimization problem as a stochastic multi-objective linear 

programming problem.  
In [18], the authors presented an efficient HEMS for DSM in residential area. They used the 

combination of two pricing schemes for cost calculation: time of use (ToU) and real-time price. To 

minimize peak creation, GA is used in this work. Simulation results show that the combination of TOU 

and RTP is favorable for cost and PAR reduction. However, there exists a trade-off between the UC 

and electricity cost.  
The authors in [19] described the scheduling of home appliances. Their objectives was to 

optimize electricity consumption pattern. For appliances and the RESs scheduling, MILP was 

investigated. They generated electricity locally from RESs and it reduced the electricity cost and the 

excess energy generated is sold back to the commercial grid to further minimize the electricity cost. 

Although RESs combined with HEMS is useful for both the consumers and the utility, the installation 

cost of RESs is expensive for a single home or consumer.  
The authors of [20] proposed an optimal energy management model for a grid-connected solar 

power and battery hybrid system is discussed. Their model optimizes the electricity cost while keeping 

in view constraints such as power balance, solar output and battery capacity limits. They used the 

open and closed loop method to dispatch the power flow in real-time based on uncertain distributions. 

These two methods led to great cost saving and robust control performance. Furthermore, the authors 

did not consider UC. 
 

Table 1. Summarized literature review. 
 
 

Technique(s) Objective(s) Finding(s) Limitation(s) 
 

    
 

GA [18] Electricity cost and PAR reduction 
Cost and PAR is reduced using 

UC is not considered 
 

RTP and TOU  

   
 

    
 

MILP [19] 
PAR and cost reduction with 

Cost is reduced 
Expensive for small scale 

 

RESs integration residential users  

  
 

    
 

OCM and MPC 
Electricity bill reduction 

Optimal energy management AWT for UC is not taken 
 

[20] solution and cost saving into account  

 
 

    
 

MIP [21] 
Optimal scheduling of energy 

Maximizes energy utilization UC is not considered 
 

resources among users  

   
 

    
 

SCADA [22] A hybrid power generation model Design of hybrid power system UC is not considered 
 

    
 

MILP [23] 
HEMS modeling and Used single step methodology to UC and cost reduction 

 

techno-economic sizing size additional PV and ESS are ignored  

 
 

    
 

PSO and GA [24] To minimize electricity cost Cost is reduced using PSO and GA 
To reduce cost UC 

 

is compromised  

   
 

    
 

MILP [25] Reduction of CO2 emission and cost CO2 emission and cost 
UC and PAR are not considered  

minimization 
 

   
 

    
 

PCPM [26] Design of a distributed EMS 
EMS is designed using optimal 

PAR and UC are not addressed 
 

operation of microgrids  

   
 

    
 

MTPSO [27] Cost reduction Cost reduction achieved UC is not discussed 
 

    
 

IPSO [28] Peak load reduction They achieve desired objectives 
UC is compromised and only 

 

passive appliances is considered.  

   
 

    
 

PMU [29] To reduce electricity cost 
Cost is reduced by peer-to-peer 

UC is decreased 
 

electricity sharing  

   
 

    
 

    
 

 

A power scheduling problem with RESs and energy storage was investigated in [21]. They 

prioritized the appliances into five classes and proposed a novel formulation and solution for this 

model using mixed integer programming (MIP). MIP made the problem more complex and could not 

handle many appliances. They also ignored the UC.  
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In [22], authors proposed an autonomous hybrid power system (HPS), they used supervisory 

control and data acquisition (SCADA) for this purpose. In autonomous HPS, they integrated diesel 

generation with wind and solar power, which increases the availability of power. Solar generates DC 

electricity which is converted to AC via inverter. However, they did not consider minimization of AWT 

for maximum UC.  
The authors in [23] proposed a framework for the HEMS modeling and techno-economical sizing 

using MILP. The sizing of additional DG and BBS are discussed for smart home appliances. They 

investigated the DR activities for daily energy consumption demand profile as compared to normal 

daily energy consumption profile of household appliances. They focused on decreasing cost, varying 

load and distributed generation profile for different seasons for DG and BBS. They also considered 

different sensitivity analysis keeping in view the impact of variations of economic input for the provided 

model for a long-term analysis. However, the authors did not consider minimization of AWT for UC 

maximization. The authors in [24] discussed the comparison of GA and particle swarm optimization 

(PSO) for computational complexity. Their results illustrate that PSO have lesser computational 

complexity to attain a desired result as compared to GA. 
 

In [25], authors presented an operational planning model of microgrid considering multiple DR 

programs. They defined two objective functions, cost and CO2 emission, which have been optimized 

using epsilon constraint multi-objective optimization. The authors used MILP and did not consider 
PAR and optimization of UC.  

Authors presented and designed a distributed energy management strategy (DEMS) for the 

optimal operation of microgrid. They considered the problem as an optimal power flow problem [26]. 

In this model, the microgrid central controller and the local controller compute an optimal schedule. 

They applied the proposed distributed energy management system (EMS) to a real microgrid 

consisting of solar, wind turbines, diesel generators and a BBS. They tested the distributed EMS in 

both islanded and grid-connected mode and showed that their proposed algorithm converges quickly. 

The authors did not consider UC optimization.  
In [27], authors proposed a hybrid energy microgrid model and discussed energy scheduling 

problem. Their model consisted of solar, wind power, combined heat energy storage system and 

electric vehicle (EV). The objective function was cost optimization, which includes operational, gas, 

electric power, storage and EV charging–discharging cost reduction. They proposed a multi-team 

PSO (MTPSO) and units, groups and swarm information are used to update velocity. MTPSO has 

stable conversion as compared to PSO. However, the authors did not consider UC.  
In [28], the improved version of PSO (IPSO) was used for optimization. The goal of IPSO is to minimize 

cost. Results illustrate that the user load curve and the objective curve nearly become the same by the 

proposed IPSO. On the other hand, electricity price and the objective curve have an inverse relationship. 

Power system stability was one of the objective functions, and the proposed scheme rejected the load in 

peak hours and thus the UC was compromised. In [29], the authors introduced the concept of peer-to-peer 

energy sharing by those who can afford renewable and non-renewable electricity generation sources such 

as solar panel, generator and a windmill to those who cannot afford such sources of renewable energy 

generation or lack access to main grid. This would create a marketplace for electricity and self-sufficiency 

in power market. To this end, an ad hoc microgrid was introduced using a power management unit (PMU). 

However, the authors did not reduce PAR. Sheraz et al. proposed a cost-efficient scheme using cuckoo 

search and GA in [30]. Their proposed scheme efficiently minimized the electricity cost but UC is not taken 

into account. A MILP based HEM scheme was proposed in [31] for electric cost and imported load reduction 

from external grid. They integrated microgrid which consists of wind turbine and solar panel with electrical 

vehicle (mobile storage). Simulation results show that their proposed scheme reduces the total cost and 

imported load. 

 
3. Motivation and Problem Description 

 
With the rapid growth in population, the electricity demand in residential area is also increasing. The 

residential sector consumes almost 40% of the electricity [32]. To meet the energy demand, various 

methods of power generation have been explored. The existing and outdated power systems cannot meet 

the current power demand required by consumers. It is too old and cannot withstand the 
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pressure of peak power demand. Increased population has rendered the whole power transmission and 

distribution system incapacitated, fragile and worn out. In addition, the existing old power system is often 

subjected to power interruptions due to cumbersome maintenance procedures. 
 

The authors designed a HEMS model considering ToU pricing scheme and RES integration in [33]. Their model 

uses evolutionary algorithms, i.e., cuckoo search, BPSO and GA, to optimally consume RESs and grid energy. The 

proposed HEMS model significantly reduced high peaks and electricity cost. Furthermore, the simulation results show 

that cuckoo search shows supremacy as compared to other counter parts. However, they did not consider minimization 

of AWT for enhancing UC. 
 

In [34], the authors studied the sizing of the storage units and the scheduling of RESs in microgrid. They considered 

the uncertain nature of the microgrid and associated load. The authors made a hybrid of chaos optimization algorithm and 

BPSO, i.e., chaos BPSO (CBPSO), which shows enhanced global search capability compared to BPSO. Their results show 

that CBPSO reduces the electricity cost and microgrid network losses efficiently. However, the authors did not consider 

peak reduction and UC maximization. 
 

The authors in [35] provided study of domestic load scheduling problem. To satisfy the budget of the 

consumers, the authors proposed a load scheduling algorithm. They considered ToU pricing scheme to manage 

the total energy consumption . Mixed integer nonlinear programming (MINLP) was used for problem 

formulation. However, this problem was difficult to solve and had high computational complexity. To reduce 

the computational complexity and solve the problem easily, they introduced the generalized bender 

decomposition approach. They solved the optimization problem providing optimal load scheduling of appliances 

having different operation characteristics and energy consumption pattern. However, by scheduling the 

appliances and satisfying the budget limit, the UC was compromised. 
 

Many techniques such as MILP [36], DP [37], convex programming (CP) [38], linear programming (LP) 

[39], ILP [40] and bacterial foraging algorithm (BFA) [41] are used to design an efficient HEMS. However, in 

some cases, these techniques cannot handle many appliances and their convergence rate is also very slow. 

Moreover, with these techniques, the maximization of UC, use of dynamic pricing schemes and integration of 

RESs with the system are almost ignored. Therefore, in this work, we used GWO [42], GA [42], BPSO [43], 

WDO [44] and the proposed hybrid techniques, i.e., WDGA, WDGWO and WBPSO, to design an efficient 

HEMS in term of low cost, energy consumption pattern, and minimum PAR with maximum UC. 

 
4. Formulation of the Problem Statement 

 
In this section, we have mathematically formulated our problem by defining an objective function along with 

few constraints. The detailed description of the formulation is presented as follows. 

 
4.1. PV Generation 

 
The smart home we proposed is equipped with a rooftop PV generation system, as solar energy is less 

costly than other RESs (biomass, wind, biogas, tidal and geothermal) and available everywhere. The Earth 

receives a huge amount of solar radiation and most of the areas with population have insulation levels of 150–

300 watts/m
2
 [45]. The output power from a PV panel is given in Equation (1) [46–48]. 

P
PV-out 

=
 
P

N-PV    
(
 

G )  [1 + KT (Tc-Tref )] (1) 
 

G 
 

 re f  
  

where total electricity generated by PV is presented by PPV-out, G shows solar irradiation (W/m
2

), Gref is solar 

radiation at reference conditions (Gref = 1000 W/m
2

), the cell temperature at reference conditions is (Tref = 25 C), 

KT is the temperature coefficient (in this work, a value of KT = 3.7 10 3(1/ C) is adopted) and Tc depicts the cell temperature  

which is calculated by the Equation (2), [48]. 
 

Tc = Tamb + (0.0256×G) (2) 
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where Tamb represents the ambient temperature. 

 
4.2. Wind Generation 

 
Wind is a very promising source of renewable energy. USA, China, Germany, Spain, Denmark 

and India are the leading countries in power generation from wind using wind turbine. Power from the 

wind can be given by the following Equation (3), [49,50]. 

                                                          (3) 

where Ars shows the rotor swept (blade) area of wind turbine in m
2
, the air density is represented by 

s in kg/m
2
, the average wind velocity is shown by V in m/s and Pcoff is a power coefficient which 

shows the efficiency of a wind turbine (maximum value of 0.59). The output power available from wind 
turbine depends on wind speed and can be given by Equation (4) taken from [51]. 
 

 
  

where vrated, vcut-out and vcut-in are the rated, cut-out and cut-in wind speeds, respectively. The 

rated output power of wind turbine is shown by Prated. Wind turbine power output and wind speed is 
given in Figure 1 [52].  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 1. Wind turbine power output and wind speed [52,53]. 

 

4.3. BBS 
 

The capacity of the BBS (CWh) is calculated by Equation (5) in time slot t [54]. 

 

CWh(t) = (EL ×AD)/(hV × hB×DOD) (5) 
 

where DOD shows the allowable depth of discharge, EL is daily energy consumption, AD is a number of 

autonomy days, and hV and hB are the voltage and BBS efficiency, respectively. Energy charging and 

discharging by the BBS during the time period from t-1 to t can be given by Equation (6) [55]. 
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CB(t) = CB(t -1).(1-ƛ) + PBAT (t) (6) 

 

where CB(t) and CB(t-1) show the available power (which may consumed by consumer) in BBS at 

time slot t and (t-1), respectively. The symbol l denotes the self-discharge rate of the BBS and it is 

assumed as 0.002 in our study. PBAT (t) is the power from battery bank in time slot t. The value of CB(t) 

remains between (CBmin) and (CBmax ) during charging operation of the BBS, as given by Equation (7). 

 

where CBmin and CBmax are minimum and maximum allowable energy levels in the BBS. 
Furthermore, the BBS is charged from own microgrid and commercial grid when electricity prices are 
low, and charged electricity is used in high price hours. 

 

4.4. Energy Consumption 

 
We assume that t represents a single time slot and T represents total time horizon, which is 24 

h. Set of appliances in home is denoted by S and each appliance is denoted by a and consumes an 

amount of energy Ea(t) in time slot t such that t € T. 
 

S = {a1, a2, a3, . . . , an}. 

 

The daily energy consumption by non-deferrable load (NDL), interruptible load (IL) and must-run 

load (MRL)a and the total energy consumed in whole day by all appliances are calculated in Equations 

(8)–(11), respectively [56]. 

 

 

where 
ENDL 

  
+ ENDL 

 
+...+E

NDL
 

 ,  
EI L + E

IL
 +...+E

IL
 

 and 
 

EMRL 

t1,sn2SN   t2,sn2SN  t24,sn2SN   t1,si2SI t2,si2SI   t24,si2SI  
 

+ EMRL 
   

+...+EMRL are the energy consumption of NDl, IL and MRL appliances, 
 

t1,sm2SM t2,sm2SM    t24,sm2SM               
 

respectively, denoted by a. E
total

 anda is the total energy consumption of NDL, IL and MRL appliances. 
 
4.5. Energy Pricing and Electricity Cost 

 
Many pricing schemes in existence are defined per unit energy cost. Some of the pricing schemes are 

RTP, peak pricing (PP), critical peak pricing (CPP), TOU pricing, real-time market pricing (RTMP), non-

critical peak (NCP), locational marginal pricing (LMP), hourly pricing (HP), and critical peak pricing with 

rebate (CPP-R) [57,58]. However, most of the work on appliances scheduling consists of the DAP or TOU 

pricing scheme. In TOU scheme, the time is divided into multiple time slots. In this work, we use RTP 

scheme, which remains constant for one time slot and varies from one slot to another slot. The electricity 

cost against each class (NDL, IL and MRL) of appliances and total electricity cost of all appliances are 

calculated by Equations (12)–(15), respectively. 
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where PS
rtp

(t) is RTP signal in time slot t. Yndlsna(t), Yilsia(t) and Ymrlsma(t) are the ON/OFF state of NDL, IL 

and MRL appliances as shown in Equation (16)–(18), respectively. E
ndl

ps (t), E
il
ps(t) and E

mrl
ps (t) are  

the electricity prices of NDL, IL and MRL appliances in time slot t, respectively. ps show the price 

signal, while sna, sia, sma, ndlsna, ilsna, and mrlsna represent NDL, IL and MRL appliances and SN, 

SI and SM represent the set of appliances of NDL, IL and MRL, respectively. 
 
4.6. PAR 

 
PAR balancing is necessary to bring equilibrium of demand and supply between consumers and 

utility. The PAR is very important for cost savings, achieving stable system and increasing spinning 
reserve system capacity. The PAR also helps in reducing peak load demand, peak power plants cost, 
transmission line losses, increasing of electrical equipment life, etc. Let the peak and average load of 

the smart home be denoted by LP and LA, respectively. Then, the PAR of the demanded load GPAR 

can be given in Equation (19) [59]. 

  
4.7. AWT 

 

Let Utawt denote the AWT of all smart appliances. Taw is an AWT term which introduces the 

start time, stop time, maximum waiting time, length of operation time (LOT), and minimum waiting 

time of appliances a such that 0 Taw Tmw. Now, the AWT a can be given by Equation (20) [60]. 

  

where Utawt is appliance a waiting time, Ta
o

w is the appliance a ON time, Ta
st

w is the appliance a 

start time, Tl is the appliance a LOT and Tmw is the appliance a maximum waiting time.  
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The AWT is 0 if start time and on time are equal, i.e., (Ta
o

w = Ta
st

w). On the other hand, if the earliest 

starting time of any appliance and ON time (when any appliance starts execution) is different, i.e., (Ta
o

w 

6= Ta
st

w), then consumer has to wait to perform the operation of the appliance. 
 
4.8. Objective Function 

 
The reduction in electricity cost, PAR and AWT for maximum UC were the basic objectives of this 

study which are achieved by proper management of smart appliances. PAR reduction is important for both 

utility and consumers to minimize the operation time of peak power plants and backup generators. We 

supposed that there is single smart home (electricity consumer) in a residential area 
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with HEMS and is consuming electricity from commercial grid and owned microgrid. Furthermore, our 

proposed schemes did not affect any liberalized electricity market. We formulated the optimization 

problem using MKP. From a set of appliances, we selected an appliance for a particular hour to be 

ON or OFF. Each appliance has a single unique weight and value, which shows the ON/OFF state 

and power rating, respectively. To allow any smart appliance to perform its operation in particular time 

slot, EMC decides based on defined objective function (Equation (21)). The constraints must be 

satisfied by the total weight i.e., the total energy consumed by appliances is explained in Equation 

(21) and the constraints in Equations (22)–(24).  
Objective function: 

 

 

where E
ndl

 (t), E
il
 (t) and E

mrl
 (t) are the energy consumption of NDL, IL and MRL appliances in time slot 

t, respectively. E
PV

 (t), W D(t) and BS(t) are the available energy from PV, wind and battery in time slot t, 

respectively. E
nim

(t) is the total energy consumption caused by all smart appliances in particular time slot 

t. Eug(t) is the available energy from utility grid that a consumer can import in time slot t. Eunsch
min

 is the 

minimum amount of energy consumed in unscheduled case. t0 and tmax are the lower and upper limit of 

scheduling horizon, respectively. tsch shows the scheduling time of appliances. In Equation (23), 
constraint is defined to bring balance between the energy of demand and supply. 

 
5. System Model 

 
In proposed system model, each electricity consumer has a HEMS. The smart user uses RESs, 

BBS, and energy from the electric grid for meeting their load requirements. Here, the RESs consists 

of PV and wind turbine and Table 2 shows the assumed rating of the system model components. The 

appliances are scheduled to minimize electricity expenses, PAR and maximum UC. Furthermore, the 

appliances are categorized into three classes by consumers, i.e., NDLAs, which cannot be shifted to 

another time slot; NDLAs have start and end points to describe its time-span and we assumed that 

consumer cannot compromise in these type of appliances; and ILA, the load of particular consumers 

that, according to the agreement, can be cut off by the supply undertaking for a limited period. Its 

operation can be suspended in the middle. The interruptible appliance has a task having various 

sequences of operation which can be interrupted. MRLA must be run immediately at any time. These 

appliances are not shiftable, non-deferrable and non-interruptible. They must be run at any cost, as 

presented in Table 3. Furthermore, all appliances considered in this work are connected to an 

alternating current (AC) system. 
 

The proposed system model is shown in Figure 2 and consists of smart meter (SM), energy 

management controller (EMC), smart scheduler unit (SMSU), advanced metering infrastructure (AMI), PV 

and wind power generation system, solar charge controller, DC/AC inverters, appliances and BBS. 
 

Bi-directional communication between consumers and utility is only possible by integrating AMI, and 

works as a backbone for the smart grid. The responsibility of AMI includes the hourly load demand and the 

electricity rates between utility and SM. Utility and smart home communicate with each other via SM, which 

acts as a communication gateway between them. The processing, reading, and sending of energy 

consumption data and receiving of pricing signals are the main function of an 
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SM. RESs are the real alternative sources of local power generation to fossil fuel. RESs mainly consist of 

PV system, fuel cells, hydro and wind turbines, while, in our case, they consist of PV and wind turbine. PV 

panel generates electricity which is DC and then converted to AC via converter. A BBS works as a both 

sink and source of energy and is considered as a suitable solution for RES integration in the residential 

sector. Therefore, in the proposed system model, BBS power is used to exploit the PV and wind system 

energy efficiently and to alleviate the electricity cost and PAR. An SMSU is programmed using heuristic 

algorithms and works in between the SM and EMC. The optimal energy consumption pattern for all 

appliances is generated by SMSU and then it sends the scheduling pattern to the EMC for further 

processing. EMC control the BBS and operation of all appliances according to the generated scheduled by 

SMSU. EMC is the core of the proposed system model. 

 
Table 2. Power rating of system model components. 

 
Component Rating 

  

Battery 1.2 kWh 

Wind turbine 10 kW 

Solar panel 230 W 
  

 
Table 3. Appliances classification. 

 
 

Non-Deferrable Loads Interruptible Loads Must-Run Loads 
   

Home lightings Water heater Fans 

Fan PEV Optional lightings 

Exhaust fan Iron Heated towel rails 

Desktop PC Pool Pump Personal computer 

ESS Refrigerator Television 

Washing machine Out-door lightings Electric clock 
    

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Block diagram of system model. 
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6. Optimization Techniques 

 
The objective function for optimization of appliances scheduling discussed in Section 4.8 was 

solved using nature-inspired algorithms such as GWO, WDGWO, GA, BPSO, WDO, WDGA and 

WBPSO. Therefore, we adopted heuristic technique to solve our optimization problem. Furthermore, 

heuristic algorithms provide alternative ways for solving complex problems and have better 

performance as compared to other techniques. 
 
6.1. GWO 

 
GWO algorithm represents the hunting mechanism and leadership hierarchy of grey wolves which is 

proposed in [61]. To understand the leadership hierarchy, there are four types of wolves, i.e., alpha, beta, 

delta and omega. To perform optimization, four main steps are implemented in GWO, i.e., hunting, 

searching, encircling and attacking prey. Grey wolves always live in a pack with average size of 12–15. 

Encircling prey can be mathematically given in Equation (25) and (26) below. 

 
 
where A and C are coefficient vectors, t represents the current iteration, the position vector of the 

prey is represented by Xp, and the position vector of a grey wolf is shown by X. To update the 
position of the search agents, Equations (27)–(33) are used. 

With the help of these equations, a search agent updates its position in n-dimensional search 

space. The position is updated according to alpha, beta and delta. The parameters used for GWO 

are given in Table 4. 

Table 4. Parameters of GWO. 
 
 

Parameters Value 
  

Total iterations 50 

Population size 200 

~a 2 to 0 

Random vectors r1, r2 0, 1 

n 18 
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6.2. GA 

 
GA belongs to heuristic optimization family and is inspired from the genes of living organisms. 

GA works on the basis of iteration and having different possible iterations with different possible 

solutions [62]. The structure of GA consists of binary coded chromosomes which are randomly 

initialized. The ON/OFF state of the appliances is represented by the binary coded chromosomes 

pattern of GA and length of chromosomes show the total number of smart appliances represented in 

Equation (34).  
Chromosomes length = Number of household appliances (34) 

 
With the creation of initial population, the fitness function of GA is evaluated as the objective 

function of this study. The new population is generated by implementing mutation and crossover 

operators. The parameters used in this work are presented in Table 5. 

 
Table 5. Parameters of GA. 

 
 

Parameters Value 
  

Number of iterations 50 

Population size 200 

Probability of mutation 0.1 

Probability of crossover 0.9 

n 18 
  

 

A whole new generation will be produced if crossover probability is 100%, while the new generation 

produced will be an exact copy of the parents if the probability of crossover is 0%. However, pre-mature 

convergence to the suboptimal solution is avoided by larger crossover rate for optimization problems, which 

is why 90% is the best crossover rate, as given in Equation (35) below. 

 
Probability of crossover = 0.9 (35) 

 

The mutation process is used for randomness creation in the results. One or more genes are 

mutated in a chromosome from its original state. The probability of mutation is given below: 

 

Probability of mutation = 1-Probability of crossover (36) 

 

After crossover and mutation process, the generated population and its fitness are compared 

with the previous individuals. 
 
6.3. BPSO 

 
BPSO is a discrete variant of PSO and consists of four main steps, i.e., particle’s initial position 

and initial velocity, and local and global best positions among the particles. The PSO randomly 

generates and disperses population in the search space. BPSO updates velocity and position by 

following Equations (37) and (38), respectively [63,64].



  

261 

where Xid(t), Xid(t 1), Vid(t), and Vid(t 1) are the position and velocity of particle i in the d dimension at 

time slots t and t-1, respectively. Pbestid(t 1) and gbestid(t 1) are the best positions obtained by particle i 

and swarm in d dimension in time slot t and t-1, respectively. c1 and c2 are the two acceleration 

coefficients. r1 and r2 are random numbers between 0 and 1. The sigmoid function for position is given 

below. 

 

 

where Vi
t+1

 shows the velocity of the particle. The parameters of BPSO are explained in Table 6. 

 
Table 6. Parameters of BPSO. 

 
 

Parameters Values 
  

Number of iterations 50 

Swarm size 200 

Maximum velocity 4 

Minimum velocity 4 

Initial weight constant 2 

Final weight constant 0.4 

Local pull 2 

Global pull 2 

n 18 
  

 

6.4. WDO 

 
WDO is a heuristic optimization algorithm. Instead of particles in BPSO, it works on the basis of 

atmospheric motion of air parcels. WDO is differentiated from the other heuristic techniques due to 

the existence of forces. Friction force resists the motion of air parcels in forward direction. 

Gravitational force is a vertical force. Coriolis force deflects the air parcels in the atmosphere. 

Pressure gradient moves the parcels in the forward direction. These forces can be mathematically 

represented in Equations (39)–(42) [44]. 

  

where FCr and W show Coriolis force and earth rotation, respectively. n is wind velocity, FGv is gravitational 
force, h is air density, yn is air finite volume, g is acceleration of gravity, pressure gradient force is presented 

by Fprg, D shows pressure gradient, FFr is friction force and j is friction coefficient.  
Equations (43) and (44) [44] represent the air parcel’s position and velocity. 
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where n p and n
p

 represent the current and new velocity of the air parcels, respectively. x
p

 and x
p

 
 

i i+1          t i+1 
 

show the current and new positions of the air parcels, respectively. xgbest is the global best position. 
R, T, j, g and c are universal gas constant, temperature, the coefficient of friction, gravity and Coriolis 
force, respectively. r is a variable value for the rank of air parcels.  

Random solutions are created by WDO and then a new population is generated by updating the 

velocities and evaluating the fitness function. To attain an optimal appliances pattern, the fitness function 

of updated and previous generation of air parcels are compared. The term pressure in WDO is fitness 

function, i.e., in GA, PSO and BPSO. The parameters of WDO are described in Table 7. 

 
Table 7. Parameters of WDO. 

 
 

Parameters Values 
  

Total iterations 50 

Population size 200 

dimMin 5 

dimMax 5 

vmin 0.3 

vmax 0.3 

Universal gas constant 3 

n 18 

Gravity 0.2 

Coefficient of friction 0.4 
  

 

6.5. WDGA 

 
WDGA is the hybrid of GA and WDO. In WDGA, first, steps of the WDO are performed, i.e., 

initialization of population and selection. Then, instead of using velocity updating step of WDO, 

crossover and mutation operators from GA are performed for the generation of new population to 

ensure diversity in the solution. The reason for replacing velocity step of WDO with crossover and 

mutation operators of GA is the increase in time complexity which degrades the performance of WDO 

when the input value is large. Thus, in our work, WDGA generated random solutions in the form of 0 

and 1 (0 and 1 show the appliance status OFF and ON, respectively). After initialization of population, 

these solutions were evaluated according to our defined objective function (minimum electricity cost 

and PAR) in Equation (21). The proposed WDGA algorithm is given in Algorithm 1 and its parameters 

are given in Table 8. 

 
Table 8. Parameters of WDGA. 

 
 

Parameters Values 
  

Number of iterations 50 

Parcels size 200 

Dimensions [  1, +1] 

Maximum velocity 0.4 

Universal gas constant 3.0 

Gravity 0.2 

Coefficient of friction 0.4 

Crossover rate 0.9 

Mutation rate 0.1 
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6.6. WDGWO 

 
WDGWO is an optimization technique that is developed by GWO and WDO algorithms. The WDGWO 

works initially the same as GWO, however, the position of the search agents of the GWO is replaced by 

iterative velocity updating parameter of the WDO. In WDO, velocity updating step is better for new 

generation as compared to GWO updating method. This hybrid version of GWO and WDO gives better 

results than GWO and WDO, separately. In our work, the initial population (in the form of 0 and 1) was 

generated on the basis of wolves, i.e., alpha, beta, delta and omega. The selection was also performed 

according to our objective function by GWO and velocity updating is performed to regenerate best 

population. In every iteration, our proposed WDGWO found local best solutions and finally it found the 

global best on the basis of local solutions. The pseudocode of the WDGWO is shown in Algorithm 2. Table 

9 shows the parameters that are used for simulations in WDGWO. 

 

 
Table 9. Parameters of GWDO. 

 
 

Parameters Values 
  

Number of iterations 50 

Population size 200 

Dimensions [  1, +1] 

Maximum velocity 0.4 

Universal gas constant 3.0 

Gravity 0.2 

Coefficient of friction 0.4 

~a 
2 to 0 

Random vectors r1, r2 0, 1 

n 18 
  

 

6.7. WBPSO 

 
In this section, we discuss WBPSO algorithm which merges WDO and BPSO. The WBPSO algorithm 

is more efficient in solving optimization problems as compared to WDO and BPSO because WBPSO 

consists of the best properties of both aforementioned algorithms. The pseudocode of this hybrid algorithm 

is shown in Algorithm 3. The WBPSO works similarly to BPSO, i.e., random population generation, finding 

the local and global best positions of particles by changing velocity, and updating position of the particles 

in each iteration. When the stopping criteria are fulfilled, the algorithm stops working and generates random 

solutions that are different from the previous results. In our work, population generation step was performed 

by BPSO in binary form (0 and 1 show OFF and ON status of each appliance, respectively). After population 

generation, best solutions were selected on the basis of our defined objective function in Equation (21). 

WDO wind pressure was used for new solution generation. Finally, the global best solutions (for each hour) 

were selected having minimum electricity cost and PAR. The parameters of WBPSO are given in Table 10. 

 

 

 
Table 10. WBPSO parameters. 

 
 

Parameters Values 
  

Number of iterations 50 

Population size 200 

Dimensions [  1, +1] 
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Maximum velocity 0.4 

Minimum velocity 4 

Initial weight constant 2 

Final weight constant 0.4 

Local pull 2 

Global pull 2 

Gravity 0.2 

Coefficient of friction 0.4 

n 18 
    

 

 

Algorithm 1 WDGA 
  
Input: set of appliances a or population; 

 
Initialization genetic parameters: peak hour, off peak hour, t = 0, H, vmax, vmin, no of iteration; 

 
Initialization wind driven parameters: dimMin, dimMax, dim, param.rt, param.g, param.alp, param.c; 

 

1: for t = 1 ! 24 do 
 

2: for h = 1 ! H do  
3: Generate population randomly; 
4: for h = 1 ! P do  
5: Fitness calculation; 

Select best population, pop save in pop1; 
 

Status check of appliance using peak hour and off peak hour; 
 

6: if t == peak hour then 

7: Shift on RESs and BBS;  
8: OR wait for off peak hour; 
9: if Consumption == high then 

10: Check remaining t of all App and check LOT until it is 0 ;  
11: end if 
12: end if 
13: end for 

14: Generate new population; 
15: Replace the genetic operators by particles pressure; 
16: Evaluate and find air parcels (population) pressure; 
17: for K = 1 ! swarm do  
18: for h = 1 ! n do  
19: x(K,h) = (dimMax - dimMin) * ((x(K,h)+1)./2) + dimMin; 
20: Pres(K,h) = sum (x(K, h).

2
); 

21: end for 

22: end for 

23: Save air parcels value in pop2; 
24: Check and find air parcels velocity; 
25: Vel = min(vel, maxV); and vel = max(vel, -maxV); 
26: Find and update air parcel positions; 
27: x = x + vel; and x = min(x, 1.0); and x = max (x, -1.0); 
28: Finding best particle in population 

29: Globalpres, indx = min (pres); and globalx = x (indx, :); 
30: Find min location for this iteration 

31: Minpres, indx = min (pres); and minpos = x (indx, :); 
32: Rank the air parcels: sortedpres rankind = sort (pres); 
33: Sort the air parcels position, velocity and pressure: 
34: Pres = sortedpres; 
35: Updating the global best: 
36: Better = minpres < globalpres; 
37: if Solution = better then 

38: Globalpres = minpres;  
39: Globalpos = minpos; 
40: end if 
41: Save the velocity and position value in pop3; 
42: Select from pop2 and pop3; 
43: New velocity and position of air parcels; 
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44: if Solution == infeasible then 

45: Update solution;  
46: Update with sol in pop2 and pop3; 
47: end if 
48: Update pop best solution; 
49: Update t = t+1 till 24 h; 
50: Terminate when t = 24 h or iter = Max; 
51: end for 

52: end for   
 

 

Algorithm 2 WDGWO 
  
Input: set of appliances a or population; 

 
Initialization grey wolf parameters: Max iter, Np, D, alpha, beta, delta, search agents; 

 
Initialization wind driven parameters: dimMin, dimMax, dim, param.rt, param.g, param.alp, param.c; 

 

1: Randomly initialize the position of search agents i.e., positions = rand (Np, D);  

2: Evaluate the position of search agents  

3: while iter < itermax do  
4: for i = 1 : size (positions, 1) do 

5: Calculate objective function for each search agent  
Fitness = sum (electricity cost * positionsx); Update alpha, beta and delta 

 

6: if Fitness < al pha   score then 

7: Al pha score = f itness; 

8: Al pha pos = positions(i : 1); 
 

9: end if  
10: if Fitness < al pha   score and f itness < beta   score then 

11: Beta score = f itness; 

12: Beta pos = positions(i : 1); 
 

13: end if  
14: if Fitness > al pha   score and f itness > beta   score and f itness < delta   score then 

15: Delta score = f itness; 

16: Delta pos = positions(i : 1); 
 

17: end if  
18: end for  
19: a = 2 l ((2)/Max iter); a value linearly from 2 to 0 

 
20: for i = 1: size (positions, 1) do 

21: for j = 1: size (positions, 2) do  
22: r1, r2 randomly initialize the value between 0 to 1  

23: Vel = maxV * 2 * (rand (Np, D)-0.5)  
24: for i = 1 ! N p do 

 

25: for j = 1 ! D do  
26: Velot (i, j) = vel (i, j);  
27: Vel (i, j) = ( 1 - alp ) * vel (i, j) - ( g * positions (i, j)) + abs (1 - 1/i) * (((positions (i, j) - 

positions (i, j))).* RT ) + ( c * velot (i, j) / i)  
28: if ((vel (i, j) < vmax) and (vel (i, j) > vmin)) then  

29: Velot (i, j) = vel (i, j);  
30: else if ( vel (i, j) < vmin ) then  

31: Vel (i, j) = vmin  
32: else if (vel (i, j) > vmax) then  
33: Vel (i, j) = vmax;  

34: end if  

35: Position updating  

36: Sig (i, j) = 1/(1+exp (-vel (i, j)));  
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37: if rand (1) < sig (i, j) then  

38: Positions (i, j) = 1;  
39: else  

40: Positions (i, j) = 0;  
41: end if  
42: end for  
43: end for  
44: end for  
45: end for  
46: end while   

 

 

Algorithm 3 WBPSO 
 

Require: Number of particles, swarm size, tmax, electricity price, LOT and appliance power consumption rating 

 
Require: vmax, vmin, no of iter, c1, c2, param.RT, param.g, param.alp, param.c, dimMin, dimMax, dim 

1: Randomly generate the particles’ positions and velocities 
2: P

gbest
¥ 

3: for t = 1 to swarmsize do 

4: Initialize (swarmsize, tbits)  
5: Pvel     randomvelocity () 

6: Ppos     randomposition (swarmsize) 
7:

 
P

lbest 
P

pos 
8: end for 
9: for h = 1 to 24 do 

10: Validate constraints  
11: for i = 1 to M do 

12: if f (si ) < f (plbest, i ) then  
13: p

lbest, i
s

i
 

14: end if 
15: if f (Plbest, i ) < f (Pgbest, i ) then 
16: P

gbest, i
P

lbest, i
 

17: else 

18: P
gbest, i

P
gbest, i

 

19: end if 
20: Decrement one from the TOT of the working appliance 

21: if Ecost > Emaxcost then 
22: if

 
E

TOTRESs  
>

 
E

loadh  
then 

23: Switch the load to RESs and BBS 
24: else 

25: Consume the grid energy  
26: end if 
27: end if 
28: Return Pgbest, i 

29: Vel = maxV * 2 * (rand (swarm, n)-0.5); 
30: for i = 1 : swarm do 

31: for j = 1 : n do  
32: Velot (i, j) = vel (i, j);  
33: Vel (i, j) = ( 1 - param.alp ) * vel (i, j) - ( param.g * pres (i, j)) + abs (1 - 1/i) * (((pres (i, j) - pres (i, 

j))).*param.RT) + (param.c * velot (i, j) /i);  
34: if ((vel (i, j) < = vmax) and (vel (i, j) >= vmin)) then  
35: vel (i, j) = vel (i, j);  
36: elseif ( vel (i, j) < vmin); vel (i, j) = vmin; elseif ( vel (i, j) > vmax); vel (i, j) = vmax; 
37: end if 
38: Sig (i, j) = 1 / ( 1 + exp ( -vel (i, j))); 
39: if rand (1) < sig (i, j) then 

40: x (i, j) = 1;  
41: else 
42: x (i, j) = 0; 
43: end if 
44: end for 
45: end for 
46: Check velocity: vel = min (vel, maxV); vel = max (vel, -maxV); 
47: Update air parcel positions: x = x + vel; x = min (x, 1.0); x = max (x, -1.0); 
48: Evaluate population: (pressure) 
49: Finding best particle in population 
50: Globalpres, indx = min (pres); globalx = x (indx, :); 
51: Min location for this iteration 
52: Minpres, indx = min (pres); minpos = x (indx, :); 
53: Rank the air parcels; 
54: Sorted-pres rank-ind = sort (pres); 
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55: Sort the air parcels position, velocity and pressure; 
56: Pres = sorted-pres; 
57: Updating the global best; 
58: Better = minpres < globalpres; 
59: if Better then 
60: Globalpres = minpres; globalpos = minpos; 
61: end if 
62: end for 
63: end for  

 

 

7. Simulation Results and Discussion 

 
This section shows the detailed results of the simulations that we performed in MATLAB to 

validate our proposed schemes. In our work, we uncovered the effect of microgrid integration and 

effect of temperature and wind speed on the electricity generation from PV panel and wind turbine, 

respectively. The heuristic algorithms GA, GWO, BPSO, and WDO as well as proposed WDGA, 

WDGWO and WBPSO were used to evaluate the performance of our proposed scheme in terms of 

electricity cost, PAR and AWT with and without RES integration. 
 
7.1. RTP Scheme 

 
Figure 3 explains the RTP signal in each time slot. The price signal is given in cents/kWh. In time slot 

1, the price is 10 cents/kWh and during 2.5–4.5 the price is 10.4 cents/kWh. During time slot 8, the price is 

highest, i.e., above 25 cents/kWh. During time slots 10–16, the price is reduced and remains 20–10 

cents/kWh. During time slots 14–24, the price signal is stable and remains below 10 cents/kWh. 
 
 
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 3. RTP pricing scheme. 

 

7.2. Energy Consumption Profile 

 
Total energy consumption of all appliances is discussed in this section. The energy consumption 

behavior can be described by defining some arbitrary thresholds. The thresholds of the load defined are 

15 kW is a high peak, 12–14 kW is peak load, 5–8 kW is moderate load, 3–5 kW is minimum load and 1–

2 kW is the negligible load. The hourly energy consumption with and without RES integration is shown in 

Table 11. Approximately 66% of the energy is use from grid and 34% from RESs. Table 12 shows cost for 

each hour randomly taken with and without RES integration. After the integration of RESs, the hourly 

difference and percentage cost reduction with and without RES integration is depicted in Table 12. Table 

13 shows similar statistics but for total daily cost. 
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Table 11. Energy consumption with and without RESs. 

 
 

Technique 
Total Energy Imported Energy Difference Reduction 

 

Demand(kW) from Utility (kW) (kW) (%)  

 
 

     
 

Unscheduled 156.5000 156.5000 0.0000 0.0000% 
 

GA scheduled 156.5000 156.5000 0.0000 0.0000% 
 

BPSO scheduled 156.5000 156.5000 0.0000 0.0000% 
 

WDO scheduled 156.5000 156.5000 0.0000 0.0000% 
 

GWO scheduled 156.5000 156.5000 0.0000 0.0000% 
 

WDGA scheduled 156.5000 156.5000 0.0000 0.0000% 
 

WDGWO scheduled 156.5000 156.5000 0.0000 0.0000% 
 

WBPSO scheduled 156.5000 156.5000 0.0000 0.0000% 
 

Unscheduled + RESs 156.5000 103.5+53 53.0000 33.860% 
 

GA scheduled + RESs 156.5000 103.5+53 53.0000 33.860% 
 

BPSO scheduled + RESs 156.5000 103.5+53 53.0000 33.860% 
 

WDO scheduled + RESs 156.5000 103.5+53 53.0000 33.860% 
 

GWO scheduled + RESs 156.5000 103.5+53 53.0000 33.860% 
 

WDGA scheduled + RESs 156.5000 103.5+53 53.0000 33.860% 
 

WDGWO scheduled + RESs 156.5000 103.5+53 53.0000 33.860% 
 

WBPSO scheduled + RESs 156.5000 103.5+53 53.0000 33.860% 
 

     
 

 
Table 12. Hourly cost with and without RESs. 

 
 

Technique Cost (Cents/hour) Difference (Cents/hour) Reduction (%) 
    

Unscheduled 103.9500 0.0000 0.0000% 

GA scheduled 84.6842 0.0000 0.0000% 

BPSO scheduled 64.3556 0.0000 0.0000% 

WDO scheduled 96.3625 0.0000 0.0000% 

GWO scheduled 77.9125 0.0000 0.0000% 

WDGA scheduled 83.1125 0.0000 0.0000% 

WDGWO scheduled 71.2750 0.0000 0.0000% 

WBPSO scheduled 73.1100 0.0000 0.0000% 

Unscheduled + RESs 72.8857 31.0643 42.6205% 

GA scheduled + RESs 55.9129 28.7713 33.9700% 

BPSO scheduled + RESs 44.0948 20.2608 31.4800% 

WDO scheduled + RESs 51.5500 44.8125 46.0500% 

GWO scheduled + RESs 53.6400 24.2725 31.1500% 

WDGA scheduled + RESs 54.0355 29.0770 34.9800% 

WDGWO scheduled + RESs 41.2500 30.0250 42.1200% 

WBPSO scheduled + RESs 32.8900 40.2200 55.0100% 
    

 
Table 13. Total cost of one day with and without RESs. 

 
 

Technique Cost (Cents/day) Difference (Cents/day) Reduction (%) 
    

Unscheduled 2494.8000 0.0000 0.0000% 
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GA scheduled 2032.4000 0.0000 0.0000% 

BPSO scheduled 1544.5000 0.0000 0.0000% 

WDO scheduled 2257.7000 0.0000 0.0000% 

GWO scheduled 1869.9000 0.0000 0.0000% 

WDGA scheduled 2174.7000 0.0000 0.0000% 

WDGWO scheduled 1870.6000 0.0000 0.0000% 

WBPSO scheduled 1474.7000 0.0000 0.0000% 

Unscheduled + RESs 1781.0814 713.7186 40.0722% 

GA scheduled + RESs 1341.9000 690.5000 33.9700% 

BPSO scheduled + RESs 1058.3000 486.2000 31.4700% 

WDO scheduled + RESs 1237.4000 1020.3000 45.1900% 

GWO scheduled + RESs 1287.4000 582.5000 31.1500% 

WDGA scheduled + RESs 1196.9000 977.8000 44.9600% 

WDGWO scheduled + RESs 810.0805 664.6195 35.5200% 

WBPSO scheduled + RESs 900.5800 574.12000 38.9300% 
     

 

 

7.2.1. Energy Consumption with and without RESs 

 
Figures 4–6 show the energy consumption profile of the consumers without and with RES integration. 

The energy consumption pattern can be seen in Figure 4 by heuristic algorithms, in the case of 

unscheduled, GA, WDO, and WDGA and after the integration of RESs. In Figure 5, the energy consumption 

pattern is shown for unscheduled, GWO, WDO and WDGWO and the integration of RESs. Figure 6 shows 

the energy consumption pattern by unscheduled, BPSO, WDO and WBPSO. Figure 4 shows the energy 

consumption pattern via GA, WDO and their hybrid version, i.e., WDGA. It can be seen in Figure 4 that, 

after integrating RESs, the consumption pattern changes in each hour. During time slots 6–13, the 

unscheduled load is high and reaches 15 KW. The peak load by GA during time slots 4–6 can be seen in 

both subplots in Figure 4: without RES integration it is 14 KW and with RES integration it is below 10 KW. 

Similarly, the peak load by WDO during time slots 1, 11 and 15 is equal to or slightly above 14 KW, while 

after RES integration it is significantly below 14 KW. The energy consumption pattern of WDGA and 

WDGA-RESs can also be compared in both subplots. 
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Figure 4. Energy consumption profile by WDGA. 

 

 

Figure 5 represents the energy consumption with GWO, WDO and their hybrid, i.e., WDGWO. 

The unscheduled load is similar in both subplots, while the load by GWO and GWO-RESs can be 

seen in both subplots, which show a significant reduction after the integration of RESs. The reduction 

by WDO can also be observed in both subplots in Figure 5. The pattern of energy consumption by 

WDGWO and WDGWO-RESs is also shown in both subplots. Figure 6 represents the energy 

consumption pattern of appliances by unscheduled, BPSO, WDO and their hybrid, i.e., WBPSO. The 

unscheduled load is the same in both cases, while the energy consumption pattern by BPSO can be 

seen in both subplots. The peak load is equal to 8 KW in the case of without RES integration and 

below 6 KW in the case of RES integration. The energy consumption by WDO can also be seen in 

both cases, which show significant load optimization. The consumption patterns by WBPSO and 

WBPSO-RESs can be seen in Figure 6. All the hybrid versions of the proposed algorithms, i.e., 

WDGA, WDGWO and WBPSO, are perform better than their parent techniques. 
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Figure 5. Energy consumption profile by WDGWO. 

 

 

 

 

  
 

Figure 6. Energy consumption profile by WBPSO. 

 
 
7.3. Electricity Cost 

 
The total hourly electricity cost by proposed algorithms WDGA, WDGWO and WBPSO are 

shown in Figures 7–9 without and with RES integration, respectively. While Figure 10 shows the total 

cost of one day without and with RES integration, Tables 12 and 13 show the hourly and total one 

day cost with and without RES integration. 
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Figure 7. Electricity cost of WDGA. 
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Electricity Cost Profile with and without RESs 

 
The electricity cost profile shown in Figure 7 explains the unscheduled cost, and cost after scheduling 

the load by GA, WDO and their hybrid WDGA. The unscheduled cost is the highest during time slots 8–10 

and lowest for time slots 15–24. The cost of GA during time slots 9–10 and 13–15 is high, while during 

time slots 2–3, 6–7, 16–18 and 20–24 is low, i.e., below 50 cents. The cost of WDO is highest during time 

slots 8-10, while lowest for 16–24. The cost is reduced by GA-RESs, WDO-RESs and WDGA-RESs and 

its curve are very smooth, as shown in Figure 7. The cost is below 100 cents for 24 h. The cost of WDGA 

shown in Figure 7 is much less than its parent algorithms. The cost is highest for time slots 14–15, i.e., 100 

cents, and lowest for time slots 11–14, i.e., 45 cents. 

 

 
Figure 8. Electricity cost of WDGWO. 
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The cost for WBPSO is shown in Figure 9. The cost for BPSO and BPSO-RESs can also be seen in 

the figure. The cost of WDO and WDO-RESs is also represented in Figure 9, which shows much reduction 

in cost when RES is integrated. While the cost of WBPSO and WBPSO-RESs shows similar behavior, the 

cost of WBPSO and WBPSO-RESs is much more than BPSO and WDO. The total costs for one day using 

WDGA, WDGWO, WBPSO, WDGA-RESs, WDGWO-RESs, and WBPSO-RESs are shown in Figure 10. 

The unscheduled cost is same in all subplots, while WDGWO, WDGA, WBPSO, WDGWO-RESs, WDGA-

RESs and WBPSO-RESs reduce the cost more than their parent] algorithms because of their hybrid 

features. Table 13 shows the cost statistics with and without RES integration. 
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Figure 10. Total electricity cost. 
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7.4. PAR 

 
The performance of the proposed algorithms WDGWO, WDGA and WBPSO evaluated in terms of 

PAR is discussed in this section and shown in Figure 11. It is evident in Figure 11 that PAR is reduced 

significantly in the case of scheduling by these algorithms as compared to the unscheduled 

electricity consumption. 
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PAR with and without RESs 

 
The PAR is shown without the integration of RES in Figure 11. The PAR is very high in unscheduled 

case, while, in the case of scheduling the load using GWO, WDO, WDGA, GA, BPSO, WDGA and WBPSO, 

the PAR is low as compared to the unscheduled scenario. The PAR using WDGA is less than WDO and 

GA but more than BPSO, as BPSO has reduced the PAR much more compared to all other algorithms. 

The PAR using WDGWO is less than WDO and GWO. After the integration of RESs and BBS, the major 

portion of the load is shifted to RESs and a small portion of load remains on the grid. Therefore, the PAR 

is further reduced as shown in Figure 11. The PAR in the unscheduled case is very high, while, in the case 

of GA-RESs, GWO-RESs, WDO-RESs, and BPSO-RESs, it is very low as compared to the case in which 

RESs is not integrated. The PAR with the proposed algorithms, i.e., WDGA, WDGWO, and WBPSO, is 

further reduced as compared to the GA-RESs, GWO-RESs, WDO-RESs and BPSO-RESs. Table 14 shows 

the reduction in PAR with and without RES integration. 

 
Table 14. PAR with and without RESs. 

 
 

Technique PAR Difference Reduction (%) 
    

Unscheduled 5.2915 0.0000 0.0000% 

GA scheduled 4.6095 0.0000 0.0000% 

BPSO scheduled 2.7294 0.0000 0.0000% 

WDO scheduled 5.2915 0.0000 0.0000% 

GWO scheduled 4.2426 0.0000 0.0000% 

WDGA scheduled 3.2915 0.0000 0.0000% 

WDGWO scheduled 2.6095 0.0000 0.0000% 

WBPSO scheduled 1.6518 0.0000 0.0000% 

Unscheduled + RESs 5.2915 0.0000 0.0000% 

GA scheduled + RESs 1.8199 2.7896 60.5100% 

BPSO scheduled + RESs 2.0211 0.7083 74.0400% 

WDO scheduled + RESs 2.5024 2.7891 47.2900% 

GWO scheduled + RESs 1.6265 2.6161 38.3300% 

WDGA scheduled + RESs 1.2474 2.0441 62.1000% 

WDGWO scheduled + RESs 1.3251 1.2844 49.2200% 

WBPSO scheduled + RESs 1.3427 0.3091 81.2800% 
    

 

7.5. AWT 

 
Figure 12 shows the AWT of appliances by scheduling the appliances with the proposed 

algorithms, i.e., WDGA, WDGWO and WBPSO. The AWT using GWO, GA and BPSO is almost three 

hours, while the AWT using WDO is almost two hours less than GWO and the AWT using the 

proposed algorithms are further reduced and less than both GWO and WDO. This shows the 

performance of the proposed algorithms is better than their parent algorithms. 
 
7.6. Energy Generation Profile of Microgrid 

 
In this section, the power generation from microgrid is discussed. The microgrid consists of PV 

and wind power generation as discussed below. 
 
7.6.1. Energy Generation with Wind Turbine and Solar Panel 
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speed is the highest during time slot 12 so the energy generation is also highest, i.e., above 3 kWh. 
 
The relationship between wind generation and wind speed is shown in Table 15. 

  
Figure 12. Appliances waiting time by WDGA, WDGWO and WBPSO. 

 
The hourly electricity generation by PV panel is shown in Figure 13. As the PV generation 

depends on solar radiation and external temperature, it only generates energy during the daytime. 

The PV generates energy during time slots 5–18, i.e., only 13 h out of 24 h on average, as shown in 

Figure 14. The maximum or peak generation is only 4–5 h depending on sunlight, temperature, panel 

tilt angle and geographical location. As can be seen in Figure 14, the temperature of the day is high 

during time slots 5–18 so the generation is also high. During time slots 1–4 and 19–24, the 

temperature is below 20 C and there is no solar Irradiation , therefore the PV generation is zero. Table 

15 shows the effect of temperature on PV generation. 
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Figure 13. Hourly electricity generation. 

 

 

 
  
 

Figure 14. Relationship between wind generation and wind speed. 

 
Table 15. Effects of wind speed and temperature on wind and PV generation. 

 
 

Wind Generation (kWh) Wind Speed (m/s) PV Generation (kWh) Temperature ( C) 

0.1838 1.0000 0 18.0000 

0.1103 0.6000 0 18.5000 

0.1838 1.0000 0 19.0000 

0.2021 1.1000 0 20.0000 

0.2205 1.2000 0.0622 21.0000 

0.4447 2.4200 0.5988 22.0000 

1.1111 6.0470 1.0475 24.0000 

1.3331 7.2550 1.5535 25.0000 

1.8945 10.3100 1.9714 25.5000 

2.8481 15.5000 2.2306 26.0000 

2.9400 16.0000 2.3946 27.0000 

3.2156 17.5000 2.4600 28.0000 

2.3704 12.9000 2.3126 29.0000 

1.7640 9.6000 2.0132 30.0000 

1.9661 10.7000 1.6314 29.8000 

2.5725 14.0000 1.1918 29.5000 

2.4990 13.6000 0.7123 29.2000 

0.7901 4.3000 0.1831 29.0000 

1.2495 6.8000 0 28.5000 

2.1131 11.5000 0 27.0000 
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0.2205 1.2000 0 25.0000 

0.2205 1.2000 0 23.0000 

0.1929 1.0500 0 21.0000 

0.1470 0.8000 0 18.0000 
    

 

8. Conclusion and Future Work 

 
The monitoring and control of daily power consumption may help to prevent energy wastage and 

minimize electricity cost and PAR. In this work, HEM schemes were proposed to minimize electricity cost 

and PAR with maximum UC in residential area. We also integrated wind turbine and PV panel for cheaper 

electricity generation to reduce electricity cost. To achieve the above-mentioned objectives, we 

implemented existing heuristics techniques: GA, BPSO, WDO and GWO. Moreover, we proposed three 

hybrid techniques: WDGA, WDGWO, and WBPSO. A comparison between our proposed and  
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the existing schemes is also presented and our hybrid schemes outperformed in terms of electricity 

cost and PAR reduction. It is clearly observed from simulation results that our proposed schemes 

achieve the defined objectives. After the integration of microgrid, the electricity cost is reduced by 

35.02%, 35.60% and 53.39% using WDGA, WDGWO and WBPSO, respectively. The PAR is 

minimized using WDGA, WDGWO and WBPSO by 61.30%, 61.43% and 18.89%, respectively.  
In the future, the same classes of appliances will be considered; however, a hybrid renewable 

energy generation system including PV, diesel generator, battery bank and wind turbines will be 

designed. Plug-in hybrid electric vehicle (PHEV) and battery electric vehicle (BEV) will be considered 

in a remote grid. To optimize energy cost and satisfy the budget limit, techno-economic analysis of 

the hybrid system will also be carried out. 
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Abbreviations 

 
The following abbreviations are used in this manuscript: 

 
Acronyms Description 

 
AC 

 
AD 

 
AINA 

 
AMI 

 
AWT 

 
BBS 

 
BEV 

 
BFA 

 
BPSO 

 
CBPSO 

 
CP 

  
Alternat

e 

current 
 

Autono

my 

Days 
 

Internet 

assigne

d 

number 

authority 
 

Advanc

ed 

meterin

g infrastructure 
 

Appliances waiting time 
 

Battery bank system 
 

Battery energy voltage 
 

Bacterial foraging algorithm 
 

Binary particle swarm algorithm 
 

Common Binary particle swarm algorithm 
 

Critical peak 
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Alternate 

current 
 
Autonom

y days 
 
Advance

d 

Informati

on 

Networki

ng and 

Applicatis 
 
Advancd 

metering 

infrastruct

ure 
 
Appliance

s waiting 

time 
 
Battery 

bank 

storage 
 
Battery 

electric 

vehicle 
 
Bacterial 

foraging 

algorithm 
 
Binary 

particle 

swarm 

optimizati

on 
 
Chaos 

BPSO 
 
Convex 

program

ming 
 
Critical 

peak 

pricing 
 
Critical 

peak 

price with 

rebate 

Day-ahead pricing 
 
Direct current 
 
Distributed energy management strategy 
 
Distributed energy resources 
 
Distributed generation 
 
Depth of discharge 
 
Dynamic programming 
 
Demand response 
 
Demand side management 
 
Energy consumption 
 
Energy consumption and generation 
 
Energy management controller 
 
Energy management system 
 
Electricity price 
 
Energy storage system 
 
Electric vehicle 
 
Genetic algorithm 
 
Grey wolf optimization 
 
Hourly pricing 
 
Hybrid power system 
 
Home energy management system 
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  ICTs Information and communication technologies 
 

I L Interruptible load 
 

I LA Interruptible load appliances 
 

I LP Integer linear programming 
 

IPSO Improved PSO 
 

KW Kilowatt 
 

KWh Kilowatt hour 
 

LMP Locational marginal pricing 
 

LOT Length of operation time 
 

LP Linear programming 
 

MIP Mixed integer programming 
 

MI LP Mixed-integer linear programming 
 

MI NLP Mixed integer nonlinear programming 
 

MKP Multiple knapsack problem 
 

MPC Model predictive control 
 

MPP Multi-parametric programming 
 

MRL Must-run load 
 

MRLA Must run load appliances 
 

MTPSO Multi-team PSO 
 

NCP Non-critical peak 
 

NDL Non-deferrable load 
 

NDLA Non-deferrable load appliances 
 
OCM Optimal control method 

 
PAR Peak-to-average ratio 

 
PEV Plug-in electric vehicle 

 
PC Personal computer 

 
PCPM Predictor corrector proximal multiplier 

 
PHEV Plug-in hybrid electric vehicle 

 
PMU Phaser measurement unit 

 
PMU Power management unit 

 
PP Peak pricing  
PS Price signal 

 
PSO Particle swarm optimization 

 
PV Photovoltaic 

 
AD Autonomy days 

 
HP Hourly pricing 

 
PS Price signal 

 
RE Renewable energy 
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RESs Renewable energy sources 

 
RT MP Real-time market pricing 

 
RTP Real time pricing 

 
SCADA Supervisory control and data acquisition 

 
SI Set of IL appliances 

 
SM Smart meter 

 
SM Set of must-run appliances 

 
SMSU Smart scheduler unit 

 
SN Set of NDL appliances 

 
T Temperature  
TOU Time of use 

 
UC User comfort 

 
USA United States of America 

 
WBPSO Wind driven BPSO 

 
WDGA Wind driven genetic algorithm 

 
WDGWO Wind driven GWO algorithm 

 
WDO Wind driven optimization 

Symbol Description 

PPV  out PV panel output power 

Gre f Solar radiation at reference conditions 

KT Temperature coefficient of the PV panel 
 
s Air density 
P

co f f Wind turbine power coefficient 

S Set of appliances a 

v
cut  in Cut-in wind speed 

(CWh) 
BBS storage capacity 

hV 
BBS voltage 

CB(t) Available power from BBS at time slot t 

l BBS self-discharge rate 

C
Bmin 

 Minimum allowable energy level remain in the BBS 
 

a  Appliance 
 

PS
rtp

(t) Real time PS in time slot t 
 

Y
ilSIa

(t) 
ON/OFF state of IL appliances 

 

E
ndl

ps (t) 
 EP of NDL appliances in time slot t 

 

E
mrl

ps (t) 
 EP of MRL appliances in time slot t 

 

SNa  Represents NDL appliances 
 

SMa  Represents MRL appliances 
 

ilSIa  SI represents the number of appliances of IL 
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G
PAR 

 PAR of the demanded load 
 

U
t
awt 

 Waiting time of appliance 
 

Tst 
 

Appliance a start time 
 

aw  

Appliance a maximum waiting time 
 

T
mw 

 
 

E
il
 (t) 

 EC of IL appliances in time slot t 
 

E
PV

 (t) 
 Available energy from PV in time slot t 

 

BS(t)  Available energy from battery in time slot t 
 

Eug(t) 
 Available energy from utility grid in time slot t 

 

t
0 

 Lower limit of scheduling horizon 
 

t
sch 

 Scheduling time of appliance 
 

Xid(t 
1) Position of particle i in the d dimension at time slots t 

 

Vid(t 
1) Velocity of particle i in the d dimension at time slots t-1 

 

g
bestid

(t
 -1) Best positions obtained by particle i and swarm in d dimension in time slot t-1 

 

c Coriolis force  
r Variable value for the rank of air parcels 

FCr Coriolis force 
 
n Wind velocity  
h Air density  
g Acceleration of gravity  
D Pressure gradient  
j Friction coefficient 

p Current and new velocity of the air parcels  

n
i+1 

 

x
gbest 

Global best position 
 

P
N  PV 

Rated or nominal power of PV cell at reference conditions 
 

ENDL Energy consumption by NDL appliances 
 

a  
 

EMRL Energy consumption by MRL appliances 
 

a 
Average load 

 

L
A 

 

~ ~ 
 

X(t) In X(t), t is current iteration 
 

~ Prey position vector  

Xp 
 

X
a 

Best search agent 
 

Xd 
Third best search agent 

  
G Solar radiation 

Tre f Cell temperature at reference conditions 

Ars Rotor swept area 

V
3

 Average wind velocity 

v
rated  Rated wind speed 

 

v
cut out Cut-out wind speed 

 

P
rated wt Wind turbine rated output power 

 

EL 
 Daily EC 

 

hB 
 BBS efficiency 

 



  

4 

CB(t 
1) Available power from BBS at time slot (t-1) hour 

 

PBAT (t) 
BBS power in time slot t 

 

C
Bmax 

Maximum allowable energy level remain in the BBS 
 

Ea(t) 
Energy consumed by appliance a in time slot t 

 

Y
ndlSNa

(t)
 

ON/OFF state of NDL appliances 
 

Y
mrlSMa

(t) 
ON/OFF state of MRL appliances 

 

E
il
ps(t) EP of IL appliances in time slot t 

 

ps  Price signal 
 

SIa  Represents the set of IL appliances 
 

ndlSNa SN represents the set of NDL appliances 
 

mrlSMa SM represents the set of MRL appliances 
 

Lt 
 Total load of all consumers 

 

T
o 

 
Appliance a ON time 

 

aw  

Appliance a Length of operation time 
 

T
l 

 
 

E
ndl

 (t) 
EC of NDL appliances in time slot t 

 

E
mrl

 (t) 
EC of MRL appliances in time slot t 

 

E
W D

 (t) 
Available energy from wind in time slot t 

 

E
nim

(t) 
Total EC of NDL, IL and MRL appliances in time slot t 

 

Emin 
 

Minimum amount of EC in unscheduled case 
 

unsch 

Upper limit of scheduling horizon 

 

t
max 

 
 

Xid(t) 
Position of particle i in the d dimension at time slots t 

 

Vid(t) 
Velocity of particle i in the d dimension at time slots t 

 

P
bestid

(t
   

1)
 

Best positions obtained by particle i and swarm in d dimension in time slot t-1 
 

c1 and c2 
Acceleration coefficients 

 

r1 and r2 
Random numbers between 0 and 1 

 

Vt+1 
 

Velocity of particle in particular time slot 
 

i   
  

W Earth rotation 
F

Gv Gravitational force 
 

yn Air finite volume 
 

F
prg Pressure gradient force 

 

F
Fr Friction force 

 

p Current and new velocity of the air parcels  

ni  

xt
p

 Current and new positions of the air parcels 
 

R Universal gas constant 

Tc 
Temperature of PV cell  C 

 

EI L Energy consumption by IL appliances 
 

a 
Peak load 

 

Lp 
 

T
aw 

A term used for AWT 
 

~ ~ Coefficient vectors  

A, C 
 

~ Position vector of grey wolf  

X 
 

X
b Second best search agent 

 

D Encircling of prey 
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