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Abstract: The use of smart grids has enabled a number of planning methods to be developed to 

optimize energy costs, Peak to Average Ratios (PARs), and consumer satisfaction for load manage-

ment in industrial, commercial, and domestic sectors. From a technical point of view, achieving 

optimal outcomes requires Demand Side Management (DSM). In smart grids, utility companies and 

electric users communicate two-way using digital technology to make a sustainable and economic 

system. This paper proposes a novel framework within which an Energy Management Controller 

(EMC) keeps track of each appliance, its operational time, and the costs associated with them. Cus-

tomers of smart grids are motivated to shift their Off-Peak Hours (OPH) from Peak Hours by pre-

senting incentives in OPH. The metering devices would also save customers costs by preventing 

load shifting between high- and low-cost periods. In addition, the study proposes the bacterial for-

aging algorithm and grasshopper optimization algorithm for lessening power price and PAR with-

out compromising user comfort (UC) through appliance planning. The simulation results on a prac-

tical test system advocate the high effectiveness and reliable performance of the proposed model.  

Keywords: Energy management; smart grid; sustainability; heuristic optimization algorithm; peak 

to average rations; user comfort 

 

1. Introduction 

As technology and smart devices become more prevalent in all aspects of human 

lives, power usage has increased dramatically. There is no way the conventional electrical 

grid can meet the growing demands for energy. It is for this reason that smart grids have 

become increasingly prevalent in meeting the ever-increasing demand for power. Smart 

grids (SG) increase the resilience and stability of conventional electrical networks by in-

corporating information technologies (IT). A smart meter (SM) is employed in SG in order 

to monitor power and communication. SMs are advanced metering devices that provide 

two-way communication between utilities and their customers, enabling utilities to meas-

ure and monitor energy usage in real-time. The application of SMs in the power grids 

offers a range of benefits, including: 

Improved Accuracy: SMs are able to measure energy usage more accurately than tra-

ditional meters, leading to improved billing accuracy and fewer customer disputes. 

Improved Efficiency: By providing real-time data, SMs enable utilities to more effi-

ciently manage their power grids, reducing outages and improving reliability. 

Reduced Costs: SMs can help reduce operational costs by eliminating the need for 

manual meter readings and providing more accurate billing information. 

Improved Customer Service: SMs enable utilities to offer a range of value-added ser-

vices, such as energy usage tracking and energy saving tips, to their customers. 

Increased Revenue: SMs can help utilities identify opportunities to increase revenue, 

such as offering time-of-use pricing or demand response programs. 

A smart appliance is scheduled using an energy management controller (EMC) in-

stalled at a user's location in the domestic, industrial, and commercial areas. There are a 

variety of methods applied in demand-side management (DSM) for addressing the 
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problem of power optimization through peak clipping, load shifting, flexible load shifting, 

valley filling, strategic conservation, and increasing strategic loads. It is possible to trans-

fer load from peak hours to off-peak demand hours with the help of these methods [1]. 

DSM provides 2 primary functions: demand response (DR) and load management [2]. 

Demand response programs in power grids are designed to reduce the demand for elec-

tricity during peak periods, such as summer afternoons when air conditioning is running 

at full blast. These programs typically involve incentives for consumers to reduce their 

electricity consumption during peak times, such as providing discounts for customers 

who reduce their energy use, or providing rewards for customers who participate in de-

mand response programs. Additionally, utilities may use demand response programs to 

encourage customers to shift their energy use to off-peak hours, such as night-time or 

early morning, when electricity is cheaper and more abundant. By reducing peak demand, 

these programs can help utilities avoid having to build additional power plants or buy 

additional electricity from other utilities. User load management can be called DSM as 

well. In other words, it involves moving energy consumption from peak demand (at peak) 

periods to non-peak demand (at non-peak ) times for reducing power costs. Variable price 

signals cause users to respond with DR. A DR can take 2 forms: reducing power costs or 

offering incentives to users [1, 2]. 

Reduced energy bills, lower Peak to Average Ratio (PAR), and lower user dissatis-

faction have been the primary goals of energy management systems (EMS). In order to 

reach the mentioned purposes, a diversity of algorithms are developed. Refs [3,4] applied 

mixed-integer linear programming, non-integer linear programming, convex program-

ming, and mixed integer nonlinear programming to minimize price and power usage. 

Although the methods have been widely applied, they have a long convergence time, and 

they are limited to just a few devices. Using meta-heuristic methods, experts solve the 

power optimization problem by overcoming the shortcomings mentioned above. Ref [5] 

presented the genetic algorithm (GA) aimed at minimizing costs. Ref [6] applied ant col-

ony optimization (ACO) and differential evolution (DE) to minimize costs and aggregate 

energy usage. 

There are a variety of algorithms that experts have developed for SG in order to op-

timize power efficiency in domestic, industrial, and commercial sectors, which will be of 

benefit to users and utilities alike. Balanced load and decreased energy costs are the pri-

mary objectives of scientists. A variety of factors are taken into account, including price 

methods, appliance kinds, and consumer demands. 

Ref [7] examined a mix of bacterial foraging algorithm (BFA) and GA-driven DSM 

designed for intelligent houses. Its goal is to reduce peak loads, minimize costs, maximize 

consumer satisfaction, and shift loads. Comparing HBG with GA and BFA, PAR, and wait 

time can be decreased via HBG price. Ref [8] examined a community-driven method for 

optimizing energy consumption. By integrating renewable power resources, the paper 

was able to achieve a high level of satisfaction for consumers and less power consumption 

by utilizing particle swarm optimization (PSO). Ref [9] examined the time-limited bio-

inspired algorithm-driven system for home energy management (HEM). To diminish 

power bills and achieve consumers' high level of satisfaction, GA, moth-flame optimiza-

tion algorithm and their combination have been examined. Ref [10] examined a HEM sys-

tem utilizing cuckoo search. In order to compare the effectiveness of GA and the cuckoo 

search algorithm, the DAP signal is used to measure power price reductions, PAR, and 

consumer dissatisfaction. Ref [11] investigated cuckoo search combined with levy flights 

for a type of fruit-fly and bird. A cuckoo search has a number of advantages over GA and 

PSO due to its robustness and genericity. Ref [12] applied TLBO (teacher learning-based 

algorithm) algorithm, GA algorithm, TLGO (teacher learning genetic optimization) algo-

rithm and LP (linear programming) algorithm in order to plan appliances. Flexible devices 

were classified as "time flexible" and "power flexible" to facilitate efficient power usage in 

SG. It is possible for power users to plan devices to optimize their power usage using the 

method. As a result of the method, users who have a limited overall power usage can 
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benefit from maximum satisfaction as well. Ref [13] examined the most effective operating 

strategies in microgrids using the enhanced swarm optimization algorithms and adaptive 

evolutionary algorithms. Ref [14] examined the optimum planning method for domestic 

devices, utilizing the DAP signals in the smart home. With the algorithm, optimal costs 

are reduced by 22.6%, and normal prices are reduced by 11.7%. There is no power optimi-

zation involved. Ref [15] examined the shifting of loads, minimizing costs, and the energy 

storage system (ESS). The suggested system allows users to purchase power at low de-

mand times and sell it back to utilities at peak times. 

Ref [16] examined the gradient-based PSO (GPSO) method applied to demand re-

sponse (DR) for the smart home, taking into account the uncertainty associated with loads 

and power costs. Ref [17] applied heuristic-driven GAs in DR applications in HEM sys-

tems for optimum energy planning. Enhanced DE and the newly developed differential 

teaching learning algorithm were employed to minimize domestic overall power costs 

and consumer dissatisfaction levels. Ref [18] examined joint multi-swarm PSO in order to 

minimize costs without considering PAR. Ref [19] applied GA alongside the DAP method 

to schedule the load demands efficiently. Ref [20] offered load balancing mechanisms for 

commercial, domestic, and industrial sectors. The energy consumption using GA and not 

using GA in DSM was investigated. Power consumption at peak times was decreased 

through GA-driven DSM. Unfortunately, neither PAR nor consumer dissatisfaction were 

mentioned. Ref [21] applied PSO to schedule electrical devices to minimize power costs. 

An experiment was conducted in a smart community using various scenarios involving 

altering the renewable power usage rates and consumer satisfaction levels. In order to 

minimize power costs and reduce PAR, the suggested optimization methods sacrificed 

consumer satisfaction. The study examines and analyzes 2 bio-inspired algorithms to op-

timize power in the domestic area including grasshopper optimization algorithm (GOA) 

and BFA. Due to the fact that the algorithms are designed using the optimal optimization 

methods of naturally-occurring organisms. The simulation shows that by implementing 

bio-inspired optimization algorithms, the power costs and PAR are minimized in compar-

ison with unplanned loads. 

A Smart Energy Management Controller is presented in the present study for resi-

dential areas in which each appliance is linked and controlled. In order to find an optimal 

outcome for a single house, this paper uses 2 heuristic algorithms the BFA and the GOA. 

BFA is a metaheuristic optimization algorithm that mimics the foraging behavior of bac-

teria. It is used to search for the optimal solution of complex problems. BFA is an effective 

tool for energy management of power grids. It is used to optimize the scheduling of power 

generation and distribution in order to reduce energy consumption and improve effi-

ciency. BFA has the ability to explore the entire search space and identify the optimal so-

lution. It is also capable of dealing with multiple objectives and constraints. On the other 

hand, GOA is a population-based metaheuristic algorithm inspired by the behavior of 

grasshoppers. It uses the random search of grasshoppers to explore the search space and 

the social behavior of the grasshoppers to exploit the promising areas of the search space. 

GOA has been used to solve various optimization problems related to energy manage-

ment in power grids. In this study, GOA and BFA schedule each Automatically Operated 

Appliance (AOA). By planning this way, energy costs and PAR can be minimized. The 

algorithms take into account the energy cost and peak-to-average ratio (PAR) of the ap-

pliances when creating the schedule. The algorithms will adjust the start and end times of 

the appliances to minimize energy costs and PAR. The algorithms also consider the dif-

ferent energy sources available, such as solar or wind energy, and will prioritize the use 

of these sources to further reduce energy costs. By using these algorithms, the energy costs 

and PAR can be minimized, allowing for a more efficient use of energy. In the simulations, 

GOA and BFA are shown, and their plots demonstrate their efficacy and feasibility for 

AOA. Moreover, the use of appliance planning in residential houses is a key factor in re-

ducing power price and PAR (peak average ratio) without compromising user comfort 

(UC). By strategically scheduling the operation of electrical appliances, households can 
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reduce their electricity bills and reduce their peak demand. This can be achieved through 

the use of smart thermostats, smart power strips, and other energy-saving devices that 

allow users to set their own comfort levels and reduce their energy consumption. Addi-

tionally, appliance planning can help households optimize the use of renewable energy 

sources, such as solar and wind energy, which can further reduce power prices and PAR 

without compromising user comfort. 

The rest of the paper is organized as follows: a detailed explanation of the suggested 

scheme and optimization algorithm can be found in Part 2. Part 3 describes the DSM struc-

ture and requirements. Part 4 discusses the simulation outcomes. Finally, Part 5 provides 

the conclusion. 

2. Suggested scheme 

In smart grids, demand-side management (DSM) performs functions such as energy 

management and demand control. Demand-side management (DSM) is an approach to 

managing electricity demand in order to reduce overall energy consumption and improve 

power grid efficiency. It can be used for both residential and commercial buildings, and 

involves strategies such as load management, energy efficiency, and peak demand reduc-

tion. Load Management Benefits: 

• Improved Grid Efficiency: Load management helps to reduce the strain on the power 

grid by allowing electricity to be used more efficiently. This can help to reduce energy 

costs and improve the reliability of the grid. 

• Lower Energy Bills: By reducing peak demand, load management can help to reduce 

energy bills for both businesses and households. 

• Increased Sustainability: By reducing energy consumption, load management can 

help to reduce emissions and promote sustainability. 

Challenges: 

• Cost: Implementing load management can be expensive, as it requires the installation 

of smart meters and other equipment. 

• Complexity: Load management can be difficult to implement, as it requires the coor-

dination of multiple stakeholders and an understanding of the power grid. 

• Lack of Awareness: Many people are unaware of the benefits of load management, 

and may not understand the need for it. 

Technically, load management is possible for both single and multiple houses using 

the suggested model. Users and utilities can communicate 2-way through SG. Utility 

knows existing consumer consumption via SG. This paper proposes to use 2 kinds of de-

vices in the suggested model: non-interruptible, and interruptible. Devices with constant 

power/load and flexible consumption time fall under the interruptible group, whereas 

devices with flexible load and constant consumption time fall under the interruptible 

group. Interrupting them while they are working is not allowed. Time of usage (TOU) has 

been utilized to calculate the overall early price of consuming power. TOU creates a block 

for certain periods of time. There is no change in the power cost during these hours (Ta-

ble.1). As well as this, the study uses TOU as a cost model to calculate bills. Time of Usage 

(TOU) is a pricing strategy used by electric utilities to encourage customers to shift their 

energy consumption to periods of lower demand. This strategy is used to reduce the over-

all cost of providing electricity to customers and to reduce peak demand on the electric 

grid. The goal of TOU in Demand Response is to reduce the need for additional power 

generation capacity and to reduce the cost of electricity for customers. The TOU in de-

mand response pricing strategy works by setting different prices for electricity at different 

times of the day. During peak demand periods, such as during the middle of the day when 

people are using the most electricity, the price of electricity is set higher. During off-peak 

periods, such as in the evening when people are using less electricity, the price of electric-

ity is set lower. This encourages customers to shift their energy consumption to the lower-
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priced off-peak periods, which reduces the overall cost of providing electricity. The bene-

fits of TOU in demand response are numerous. By shifting energy consumption to off-

peak periods, customers can save money on their electricity bills. Additionally, by reduc-

ing peak demand on the electric grid, utilities can avoid the need to build additional 

power generation capacity, which can be expensive and time-consuming. Finally, by re-

ducing peak demand, utilities can also reduce the amount of carbon dioxide emissions 

released into the atmosphere, which is beneficial for the environment. 

This paper aims to minimize the energy price and PAR by minimizing power usage. 

This study focuses on the decrease of overall costs as a result of using Eq.1 which mini-

mizes PAR (Table.2). 

Table 1. Devices classifications. 

Non-interruptible Interruptible 

Electrical kettle-1 Air conditioner-1 Electrical radiatpr-1 Rice cooker-1 Humidifier-1 Dish washer 

Electrical kettle-2 Air conditioner-2 Electrical radiatpr-2 Rice cooker-2 Humidifier-2  

 Air conditioner-3 Wash heater Rice cooker-3 Washing machine  

Table 2. Energy rate of devices. 

Devices name. Running time (h) Power rating (kWh) 

Non-interruptible 

Electrical kettle-1 1 1.5 

Electrical kettle-2 1 1.5 

Interruptible 

Humidifier-1 10 0.05 

Humidifier-2 10 0.05 

Wash heater 3 1.5 

Washing machine 5 0.38 

Rice cooker-1 2 0.5 

Rice cooker-2 2 0.5 

Rice cooker-3 2 0.5 

Dish washer 2 0.6 

Electrical radiatpr-1 5 1.8 

Electrical radiatpr-2 10 1.8 

Air conditioner-1 5 1 

Air conditioner-2 5 1 

Air conditioner-3 10 1 

   

𝐶𝑜𝑠𝑡 =∑(𝐸𝑅𝑎𝑡𝑒
ℎ𝑜𝑢𝑟𝑋𝑃𝑅𝑎𝑡𝑒

𝐴𝑝𝑝
)

24

𝑡=1

 (1) 

Peak to Average Ratio (PAR) management in power systems is a critical factor in the 

efficient operation of power systems. It is the measure of the peak power demand com-

pared to the average power demand over a given time period. The PAR is used to assess 

the capability of the grid to handle the peak demand and to identify potential areas of 

improvement that could be made to reduce the peak demand. In order to manage the 

PAR, it is important to understand the various factors that contribute to the peak demand. 

In Eq.2, the total is calculated and PAR is computed through applying Eq.3 in the follow-

ing manner: 

𝐿𝑜𝑎𝑑 = 𝑃𝑅𝑎𝑡𝑒
𝐴𝑝𝑝

𝑋𝐴𝑝𝑝 (2) 

𝑃𝐴𝑅 =
max(𝐿𝑜𝑎𝑑𝑠)

𝐴𝑣𝑔(𝐿𝑜𝑎𝑑𝑠)
 

(3) 
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The main factors that contribute to the peak demand are the energy consumption of 

the customers, the power factor, the transmission line capacity, and the load profile. The 

energy consumption of the customers is the amount of energy consumed by the customers 

and is usually represented in terms of kilowatt-hours (kWh). The power factor is the ratio 

between the real power and the apparent power and is usually measured in terms of 

power factor correction (PFC). The transmission line capacity is the maximum amount of 

power that can be transmitted through the transmission lines and is usually represented 

in terms of megawatts (MW). The load profile is the amount of power demand that is 

expected to be present at any given time and is usually represented in terms of peak load. 

In order to manage the PAR, it is important to identify the areas of improvement that 

could be made to reduce the peak demand. This includes improving the power factor, 

reducing the transmission line capacity, and reducing the energy consumption of the cus-

tomers. Additionally, it is important to monitor the load profile and identify any changes 

that could result in a peak demand. Once these areas of improvement have been identi-

fied, they can be implemented to reduce the peak demand and improve the PAR. Addi-

tionally, it is important to monitor the PAR on a regular basis to ensure that it remains 

within the acceptable range.  

A. Optimization methods 

The energy management of power grids and residential loads is an important task 

that has been a focus of research for many years. In recent years, two algorithms have 

emerged as promising solutions to this problem: the Hybrid Bacteria Foraging Algorithm 

(BFA) and the Grasshopper Optimization Algorithm (GOA). These algorithms have been 

applied to a variety of energy management tasks, such as load forecasting, load shedding, 

and energy optimization. In this article, we will discuss the benefits of using these algo-

rithms in energy management of power grids and residential loads. Both BFA and GOA 

have been used to solve a variety of energy management problems, including load fore-

casting, load shedding, and energy optimization. BFA and GOA are both powerful tools 

for energy management due to their ability to quickly identify optimal solutions and their 

ability to handle complex problems. In addition, both algorithms are robust and efficient, 

making them suitable for large-scale problems. 

The use of BFA and GOA in energy management of power grids and residential loads 

can provide numerous benefits. For example, these algorithms can be used to reduce en-

ergy costs by optimizing energy consumption. BFA and GOA can also be used to reduce 

the risk of power outages by accurately forecasting the load and shedding unnecessary 

loads. In addition, these algorithms can be used to optimize energy storage, which can 

help reduce the cost of energy storage and improve the efficiency of energy storage sys-

tems. Finally, BFA and GOA can be used to optimize the use of renewable energy sources, 

which can help reduce the environmental impact of energy production. 

 a) GOA 

Grasshoppers are destructive insects commonly referred to as pests since they dam-

age agriculture. The number of grasshopper species is about11000 [22]. In general, they 

are regarded to be flying animals. According to Fig.1, grasshoppers pass through three 

phases as they reach adulthood: eggs, nymphs, and adults. 
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Figure 1. Grasshopper's life cycle. 

In the natural world, grasshoppers are usually observed in swarms. Farmlands are 

attacked by them and turned into nightmares for farmers. Grasshoppers, both adults, and 

nymphs display the behavioral trait of swarming. An average grasshopper swarm con-

sists of approximately 5 billion grasshoppers and covers a region of about 60 miles. Algo-

rithms inspired by nature use specific mechanisms for searching for food. Exploration and 

exploitation are 2 methods involved in this process. 

(a) Exploration: This is the method of discovering a novel solution in the quest area 

by applying the existing solutions. 

(b) Exploitation: It involves the search of the surrounding quest area by the algo-

rithm. GOA's mathematical scheme reflecting grasshopper swarming behavior has been 

presented like ref [23]. 

𝑝𝑖 = 𝑆𝑖 + 𝑉𝑖 + 𝐴𝑖 (4) 
Here, 𝑃𝑖  is the 𝑖𝑡ℎ  grasshopper's location, 𝑆𝑖  shows the social collaboration, 𝑉𝑖 

shows  a grasshopper's gravitational force and 𝐴𝑖 shows the air-advection. In the previ-

ous formula, randomness is produced by: 

𝑝𝑖 = (𝑥1 × 𝑆𝑖) + (𝑥2 × 𝑉𝑖) + (𝑥3 × 𝐴𝑖) (5) 
In which, 𝑥1, 𝑥2 and 𝑥3 would be randomly selected numbers from 0 to 1. 𝑆𝑖 can 

be shown as follows: 

𝑆𝑖 = ∑𝑠(𝑑𝑖𝑗)�̂�𝑖𝑗

𝑁

𝑖=1

. ……… . . …… 𝑗 ≠ 𝑖 (6) 

Here, the number of search units has been shown by𝑁 , 𝑠 shows the social relation-

ship among 2 grasshoppers 𝑖 and 𝑗, 𝑑𝑖𝑗  represents the corresponding distance among 

𝑖𝑡ℎ and 𝑗𝑡ℎ grasshoppers and would be as follows: 

𝑑𝑖𝑗 = |𝑃𝑗 − 𝑃𝑖| (7) 
And: 

�̂�𝑖𝑗 =
(𝑃𝑗 − 𝑃𝑖)

𝑑𝑖𝑗
 (8) 

�̂�𝑖𝑗  represents the vector of the agent from the 𝑖𝑡ℎ grasshopper to the 𝑗𝑡ℎ grasshop-

per. The equation for calculating social force is described as below: 

𝑠(𝑑) = 𝐹𝑒
−𝑑
𝑙 − 𝑒−𝑟 (9) 

Here, the attractive force has been represented by 𝐹, the distance has been shown by 

𝑑 and attraction's measure has been shown by 𝑙 . 𝑉 component would be: 

𝑉𝑖 = −�̂�𝑣 (10) 
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In which, a gravitational force has been shown by𝑣 , and the not-positive sign indi-

cates its direction is toward Earth's center, whereas agent vector in Earth's direction is 

shown by �̂�𝑣. Thus, 𝐴 component would be: 

𝐴𝑖 = 𝑣�̂�𝑤 (11) 
In which, 𝑣 represents the fixed drift in the presence of a wind and �̂�𝑤 represents 

the wind directional agent vector.  

The following results can be achieved by substituting 𝑆, 𝐺 and 𝐴 into 𝑆𝑖: 

𝑆𝑖 =∑𝑠(|𝑃𝑗 − 𝑃𝑖|)

𝑁

𝑖=1

(𝑃𝑗 − 𝑃𝑖)

𝑑𝑖𝑗
− 𝑔�̂�𝑔 + 𝑣�̂�𝑤 (12) 

The simulations show interactions among grasshoppers in a swarm using the previ-

ous formula of the swarm in free space. Fig.2 illustrates the procedures of the GOA algo-

rithm. 
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Initialize all parameters Sj,Aj,Vj,...

Randomly production of primary grasshopper 

population 

Evaluate fitness function 

Updating grasshopper s location

Start

No

No
Check whether position is 

achived?

Present optimal position is assigned 

to old optimal position 

Yes

No. of irritations  ˃

population Size 

End

Yes

 

Figure 2. Flowchart of GOA. 

b) BFA 

Kevin Passino introduced BFA in 2002 [24]. The most important part of the algorithm 

would be the method of group foraging of Escherichia coli (E. coli) bacteria. A bacteria's 

power per unit time is maximized by foraging for nutrients and food. Signals are also used 

by bacteria for communication. It is possible for prey to be on the move due to hunters. 

As a result, the bacterium chases it optimally. The more food a bacterium gets, the more 

energy it has for other functions such as mating, sheltering, fighting, and so on. 
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BFA can be explained by the next phases: (a) Chemotaxis (b) Swarming (c) Repro-

duction (d) Elimination. 

i) Chemotaxis 

The E. coli move through the chemotaxis phase by using flagella. Biologically, its 

movement can be described as either swimming or tumbling. 

The next formula describes the chemotaxis motion of bacteria: 

𝛿𝑗(𝑖 + 1, 𝑘, 𝑙) = 𝛿𝑗(𝑖, 𝑘, 𝑙)

+ 𝑄(𝑗)
∆(𝑗)

√∆𝑇(𝑗)∆(𝑗)
 

(13) 

Here, 𝛿𝑗(𝑖, 𝑘, 𝑙) describes the place for the 𝑗𝑡ℎ  bacterium for 𝑖𝑡ℎ  chemotactic, 𝑘𝑡ℎ 

reproductive and 𝑙𝑡ℎ dispersal-deletion stage. 𝑄(𝑖) shows stage bacteria's size takes in a 

random direction during tumbling. ∆ represents the vector in random direction [−1, 1]. 

ii) Swarming 

The ability to swarm is a characteristic of the E.coli bacterium. As a result of this stage, 

a ring-shaped framework is formed by bacteria cells and moves to find food. During this 

phase, the bacteria are released into the environment and begin to explore the search 

space, seeking out the most promising areas for potential solutions. This is done by the 

bacteria following the chemotactic signals in the environment, which are generated by the 

presence of nutrient sources. These nutrient sources act as a reward for the bacteria, as 

they are attracted to them and will move towards them. As the bacteria move towards 

these sources, they will also start to interact with each other, forming aggregates and 

swarms. The swarming behavior of the bacteria allows them to explore the search space 

more efficiently, as they can cover more ground and identify more potential solutions. 

The swarming behavior also helps the bacteria to collaborate and share information with 

each other, which is important for the overall optimization process. As the bacteria move 

through the search space, they will also start to modify their chemotactic signals, which 

can help guide the other bacteria towards the most promising areas of the search space. 

The swarming phase of the BFA is essential for the overall optimization process, as it al-

lows the bacteria to explore the search space more efficiently and identify potential solu-

tions. 

iii) Reproduction 

The Reproduction phase in the Bacteria Foraging Algorithm (BFA) is an important 

step in the optimization process. It is the process of creating new bacteria based on the 

best performing bacteria from the previous iteration. In this phase, the best performing 

bacteria are selected and cloned to form a new swarm of bacteria. The new swarm is then 

evaluated in the next iteration of the algorithm. The selection of the best performing bac-

teria is based on their fitness values, which are calculated based on their performance in 

the environment. The bacteria with the highest fitness values will be selected and cloned 

to form the new swarm. The number of cloned bacteria is determined by the reproduction 

rate, which is a parameter of the algorithm. The selection of the bacteria is done in a rou-

lette wheel selection process, where each bacteria is assigned a probability based on its 

fitness value. 

The new swarm of bacteria is then evaluated in the environment and the process is 

repeated until a satisfactory solution is found. The reproduction phase is an important 

part of the optimization process as it ensures that the best performing bacteria are selected 

and cloned to form the new swarm. This ensures that the new swarm is more likely to 

find a better solution than the previous one.  

iv) Elimination and Dispersal 

In the absence of nutrients, bacteria die or disperse into new environments. High 

temperatures also kill them. Chemotaxis can be facilitated by bacteria locating themselves 

close to food sources when the environment has poor conditions. 

The fitness of all bacteria is calculated as follows: 
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𝐹𝑗[𝑖, 𝑘, 𝑙] = 𝐹𝑗[𝑖, 𝑘, 𝑙] 
+ 𝐹𝑐𝑐(𝛿𝑗[𝑖, 𝑘, 𝑙], 𝑃[𝑖, 𝑘, 𝑙]) 

(14) 

Here, 𝐹𝑗 represents the bacterium's fitness and 𝛿𝑗 represents bacteria's location. 

𝐹𝑐𝑐 = ∑(100 × (𝛿(𝑗, 𝑑 + 1) − 𝛿(𝑗, 𝑑)2)2
𝑑−1

𝑑=1
+ (𝛿(𝑗, 𝑑) − 1)2) 

(15) 

The time-varying objective can be achieved by putting the objective function (OF)  

𝐽𝑐𝑐 in the real OF 𝐹𝑗. Fig.3 illustrates the stages included in the BFA algorithm. 
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Figure 3. Flowchart of BFA. 
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3. Sustainability and DSM technological requirements in smart grid  

Demand Side Management (DSM) is a technology that enables energy users to man-

age their electricity consumption in order to reduce their energy costs and improve energy 

efficiency. This way, it would help the system sustainability effectively. It is a technology 

that enables energy users to manage their electricity consumption in order to reduce their 

energy costs and improve energy efficiency. Demand Side Management (DSM) is an im-

portant tool in microgrid operations. It is a way to manage the demand for electricity in a 

more efficient way than traditional methods. DSM enables microgrids to optimize their 

energy use by taking into account the different types of energy sources available, the cost 

of each energy source, and the needs of the users. DSM allows smart grids to reduce their 

energy consumption, reduce their energy costs, and improve their overall efficiency. DSM 

can be used in a variety of ways. It can be used to reduce peak load, reduce energy costs, 

and improve the reliability of the smart grid. By reducing peak load, the smart grid can 

reduce its energy costs. Peak load is when the demand for electricity is highest, and re-

ducing it can reduce the amount of energy needed to meet the demand. This can result in 

lower energy costs for the smart grid. DSM can also be used to improve the reliability of 

the smart grid. By using DSM, the smart grid can better manage its energy sources and 

optimize its energy use. This can help the smart grid to avoid power outages and other 

disruptions, which can lead to increased customer satisfaction and improved reliability. 

DSM involves the use of software and hardware systems to control and monitor the use 

of energy.  

Software and hardware requirements for DSM include energy management systems, 

energy monitoring systems, energy storage systems, and control systems. These systems 

can be used to monitor energy consumption, identify areas of potential energy savings, 

and control energy usage to reduce energy costs. In the hardware area, it involves a com-

bination of energy efficiency measures, demand response programs, and other demand-

side initiatives. DSM can help reduce energy costs, reduce emissions, and improve energy 

reliability. To implement DSM, energy suppliers need to have the right hardware and 

software components in place. Hardware requirements can then be described as below: 

1. Smart meters: Smart meters are used to monitor and track energy usage, enabling 

customers to better manage their energy consumption. 

2. Communication networks: Communication networks, such as cellular or Wi-Fi, are 

used to connect smart meters to the energy supplier’s systems. 

3. Data storage: Data storage solutions are needed to store energy usage data col-

lected by the smart meters. 

4. Computers and servers: Computers and servers are needed to process the data 

collected from the smart meters and to run the demand-side management software. 

5. Demand response equipment: Demand response equipment, such as thermostats 

and energy management systems, are used to control energy usage in response to signals 

from the energy supplier. 

6. Sensors: Sensors are used to detect changes in energy usage and to trigger demand 

response equipment. 

In order to successfully implement DSM, there are several software requirements that 

must be met. These software requirements include: 

1. An energy management system (EMS) that can track and monitor energy usage and 

identify efficient energy-saving opportunities. 

2. A demand response system (DRS) that can be used to manage peak demand and 

reduce electricity costs. 

3. A customer engagement system (CES) that can be used to engage customers and en-

sure they are aware of energy-saving opportunities. 

4. A data analytics platform (DAP) that can be used to analyze energy usage data and 

provide insights into energy-saving opportunities. 
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5. A customer service system (CSS) that can be used to address customer inquiries and 

concerns. 

6. An energy efficiency system (EES) that can be used to identify and implement energy 

efficiency measures. 

7. A renewable energy system (RES) that can be used to identify and implement renew-

able energy sources. 

8. A distributed energy resource management system (DERMS) that can be used to 

manage distributed energy resources. 

9. A smart grid system (SGS) that can be used to facilitate the integration of renewable 

energy sources and distributed energy resources. 

A MS that can be used to measure and monitor energy usage. The most benefits of 

DSM include lower energy costs, improved energy efficiency, and improved energy reli-

ability. Lower energy costs can be achieved by reducing energy demand and increasing 

energy efficiency. Improved energy efficiency can be achieved by using more efficient 

technologies and systems, and improved energy reliability can be achieved by using en-

ergy storage systems to store energy for later use. 

Challenges and limitations of DSM include the cost of implementing the technology, 

the complexity of the technology, and the lack of awareness of the technology. The cost of 

implementing the technology can be expensive, and the complexity of the technology can 

make it difficult to use. Additionally, the lack of awareness of the technology can make it 

difficult to get people to use it. In fact,, DSM has been used for decades to manage elec-

tricity demand and reduce the need for costly investments in new power plants and trans-

mission lines. However, the implementation of DSM in the presence of renewable energy 

sources presents a unique set of challenges. First, the intermittent nature of renewable 

energy sources makes it difficult to predict when and how much energy will be available 

for use. This makes it difficult to accurately plan for DSM activities, as the timing and 

amount of load shifting may need to be adjusted to take advantage of available renewable 

energy. Second, the cost of implementing DSM programs is often higher than the cost of 

traditional energy sources. This is due to the need for specialized equipment, additional 

labor, and other costs associated with the installation and maintenance of DSM programs. 

Third, the integration of renewable energy sources into the grid can cause disruptions in 

the electricity supply, which can cause problems for DSM programs. For example, if a 

DSM program is set to reduce electricity consumption during peak times, but renewable 

energy sources are producing more electricity than expected, the DSM program may not 

be successful. Moreover, the current regulatory environment for electricity markets does 

not always support the implementation of DSM programs. Regulatory policies often favor 

traditional energy sources, making it difficult for DSM programs to compete in the mar-

ket. 

The role of DSM in the future power system will be to reduce energy costs, improve 

energy efficiency, and improve energy reliability. DSM will also be used to reduce the 

amount of energy used, which will help reduce emissions. Additionally, DSM will be used 

to improve the efficiency of the power system by using more efficient technologies and 

systems. Finally, DSM will be used to store energy for later use, which will help improve 

energy reliability. The technical limitations   

High Upfront Costs: Implementing DSM programs can be expensive and require sig-

nificant upfront investments. This can be a barrier for businesses and households that 

don’t have the financial resources to take part. 

Lack of Awareness: Many consumers are unaware of DSM programs and the benefits 

they can provide. Without the proper education and outreach, potential customers may 

not be aware of the options available. 

Limited Technology: Many DSM programs require the installation of advanced tech-

nology, such as smart meters or energy management systems. These technologies can be 

expensive and may not be available in all areas. 
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Regulation: In some cases, government regulations can limit the implementation of 

DSM programs. For example, some states may have restrictions on how utilities can 

charge customers for energy usage. 

Data Security: DSM programs rely heavily on data collection and analysis. This can 

raise concerns about data security and privacy. It’s important to ensure that any data col-

lected is secure and private. 

4. Simulation Outcomes and Discussion 

A detailed explanation of the simulation outcomes is provided here. The simulations 

we conduct in MATLAB are used for manipulating the efficiency of the suggested meth-

ods GOA and BFA. 

A. Price 

Since the load transferred from peak times to off-peak times, GOA will have fewer 

energy costs than unplanned and BFA. A maximal electricity bill of 59 cents per hour is 

obtained from unplanned devices at 8 to 9 compared to lower costs from BFA planned 

devices and optimal performances from GOA, resulting in a price reduction of 3 cents. 

GOA always displays more desirable outcomes than BFA, as it displays less uncomforta-

ble outcomes while the unscheduled outcomes are the poorest ones. According to the 

aforementioned graph, GOA performs more efficiently at all times. At the start of the pe-

riod, it is high and gradually drops. The BFA reaches a peak between 6 and 7 hours, how-

ever, it is controllable and lower than the unplanned (Fig.4).  

GOA nearly decreased the electricity bill to 35%, while BFA nearly decreased it to 

20%. GOA decreased energy costs more by delaying the running time of a few devices, 

which is in accordance with their OF. Compared to others, GOA has a lower and more 

efficient energy price (Fig.5). 

B. Load 

The graph shows that the load is kept for GOA and BFA planned devices for 2 to 5 

hours. Planned devices in GOA and BFA show an approximately continuous load of 1 

kWh, while unplanned devices consume more energy compared to the GOA. BFA shows 

a larger load during the same period in comparison with non-scheduled. All this is due to 

the transferring of loads from on-peak to off-peak times. The unplanned devices demon-

strate that the usage is not smart, since the load during peak times is a lot higher when 

compared to during other periods of time, which is caused by the lack of smart methods. 

Compared to ON peak periods, GOA has lower power usage. While the BFA planned 

devices and GOA grew to 3 kWh over the period of 18 to 24 hours, the peak load is used 

during these periods since high energy costs do not threaten, which means that the inter-

ruptible devices can take advantage of the periods to the fullest extent possible. Through 

the use of GOA and BFA algorithms, both non-interruptible and interruptible devices are 

able to use power efficiently in OFF and ON peak periods. 

It is impossible for non-scheduled devices to display the most efficient power usage. 

As a result of the suggested methods and the categorization of devices into various 

groups, an improved load arrangement has been achieved. During the day, the load of 

devices remains constant. However, the GOA method is used to plan the devices so that 

they can be efficiently used during peak times in order to minimize costs (Fig.6). 
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Figure 4. Power cost. 

 

Figure 5. Hourly price. 

 

Figure 6. Load in hours. 
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By utilizing the various optimization methods, PAR has been decreased, thereby bal-

ancing supply and demand Due to the lack of importance of fixed appliances, interrupti-

ble and non-interruptibles were given more priority. The aforementioned graph shows 

that GOA plans to schedule a PAR load that has been reduced by 50%. Meanwhile, BFA 

also displays a 40% decrease in PAR. TOU pricing avoids peaking by providing data to 

users. In comparison to BFA, GOA reduces PAR by almost 50%. There is a significant 

increase in PAR in the unplanned since smartness techniques were not applied. As a result 

of the electric capacity factor, the suggested methods performed better because utilities 

could fill demand from users, thereby reducing energy costs. Unplanned devices perform 

poorly because they do not address peak formation issues, whereas planned devices pre-

vent creating peaks and are scheduled for 24 hours (Fig.7). 

 

Figure 7. PAR. 

D. Consumer satisfaction 

The energy prices and wait times are balanced, meaning that if one increases, the 

other will decrease. This ensures that energy production remains efficient and cost-effec-

tive. To further optimize energy production, loads are transferred from ON peak times to 

OFF peak times. This is done with the help of bacteria foraging algorithm (BFA) and grass-

hopper optimization algorithm (GOA). BFA and GOA as two optimization algorithms 

which are used to transfer loads from ON peak times to OFF peak times. Both BFA and 

GOA are used to optimize the load transfer from ON peak times to OFF peak times in 

order to reduce energy prices and wait times. As a result, energy production is optimized 

and cost-effective. As seen in Figure 8, both BFA and GOA are used to transfer loads from 

ON peak times to OFF peak times. This helps to reduce energy prices and wait times, 

thereby increasing the efficiency and cost-effectiveness of energy production. 
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Figure 8. User comfort. 

4. Discussion  

The discussion of Peak to Average Ratios (PARs) and consumer satisfaction for load 

management in industrial, commercial, and domestic sectors is an important topic. De-

mand Side Management (DSM) is a key factor in achieving optimal outcomes from load 

management. Therefore, understanding the impact of DSM on PARs and consumer satis-

faction is essential. In the industrial sector, DSM has been shown to improve energy effi-

ciency and reduce peak demand. This can lead to improved PARs and increased customer 

satisfaction. It is important to note, however, that DSM may not always be beneficial for 

industrial customers. Depending on the type of load and the cost of energy, DSM may not 

be cost-effective. In the commercial sector, DSM can help reduce peak demand and im-

prove PARs. However, customer satisfaction may not be improved significantly due to 

the complexity of the load. Additionally, the cost of energy may be too high to make DSM 

cost-effective. In the domestic sector, DSM can help reduce peak demand and improve 

PARs. Additionally, customer satisfaction can be improved significantly due to the sim-

plicity of the load. Furthermore, the cost of energy is usually low enough to make DSM 

cost-effective. To sum up, DSM is an important factor in achieving optimal outcomes from 

load management. In the industrial, commercial, and domestic sectors, DSM can help re-

duce peak demand and improve PARs. Additionally, customer satisfaction can be im-

proved significantly in the domestic sector. However, it is important to consider the cost 

of energy when determining whether DSM is cost-effective. 

By providing incentives for customers to shift their OPH, the power grid can reduce 

the strain on the system during peak times, helping to ensure a reliable and consistent 

supply of electricity. Furthermore, metering devices can be used to help customers save 

costs by preventing load shifting between high- and low-cost periods. This can be benefi-

cial to both the customer and the power grid, as it can reduce the overall cost of electricity 

for the customer, while also helping to ensure a more reliable and efficient delivery of 

electricity. Moreover, it is clear that the use of incentives to motivate customers to shift 

their OPH from Peak Hours, combined with the use of metering devices to prevent load 

shifting between high- and low-cost periods, can be beneficial for both customers and the 

power grid. By providing incentives and metering devices, customers can save costs while 

the power grid can ensure a reliable and consistent supply of electricity. 

6. Conclusion 

AOA was controlled by an energy management controller in the present study. The 

suggested method uses GOA and BFA signals under (TOU) signals to schedule AOA ac-

cording to the consumer's preferences. The suggested methods aim to reduce delay time 

and energy costs. The utilities benefit from the minimization of PAR because it makes 

them more reliable and flexible. This paper compares the outcomes of the suggested 

method applying GOA and BFA with the unplanned outcomes. GOA and BFA are more 

optimal than unplanned costs based on simulation outcomes. Both GOA and BFA have 

lower PARs than unplanned energy usage. It is clear that the suggested GOA and BFA-

driven method provides a stable and affordable solution for energy management systems. 

he results of the simulation indicate that GOA and BFA are more optimal than unplanned 

costs. The results of this paper provide a good basis for future research on the efficiency 

of GOA and BFA in the context of project management. The findings of this paper suggest 

that GOA and BFA can be used to improve the efficiency of project management. The 

results of this paper can be used to inform future research on the efficiency of GOA and 

BFA in project management. Furthermore, the findings of this paper can be used to inform 

decision makers about the potential of GOA and BFA to improve the efficiency of project 

management. The results show that the use of an Energy Management Controller (EMC) 

is a great way to keep track of energy usage, operational time, and costs associated with 

appliances. Customers of power grids can benefit from incentives offered in Off-Peak 
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Hours (OPH) to shift their energy consumption away from Peak Hours. Additionally, the 

use of metering devices can help customers save costs by preventing load shifting between 

high- and low-cost periods. Future research will focus on reducing costs and maximizing 

consumer satisfaction through other planning methods.  
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