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Abstract - Nowadays, the power system networks are facing some crucial problems due to the Lack of resources and rising 

household energy demands. The conventional Demand-Side Management (DSM) techniques are often inflexible and 

unresponsive, limiting their capacity to maximize energy consumption efficiency. In this research work, a Non-Cooperative model 

of Stackelberg Game-Theoretic (SGT) strategy is proposed for a residential energy management system with a highly effective 

and flexible Metaheuristic optimization algorithm, Particle Swarm Optimization (PSO), and a novel method of the Optuna 

optimization framework. Based on the monthly loads record of 2023 in the Ad Dakhliyah region, Oman, the proposed algorithms 

have proven to be efficient and flexible in the smart grid application domain. The historical data have been applied to the SGT-

DSM framework with the proposed optimization methods. This comparative analysis shows a 35.08% decline in energy 

consumption using the existing method of PSO strategy and a 45.45% decline when applying a novel Optuna technique annually. 

From the results, the cost-saving opportunities and the levels of accuracy in RMSE (Root Mean Square Error) and MAE (Mean 

Average Error) metrics are observed with both approaches. Finally, the results have been compared and proved from the analysis 

that Optuna exhibits a more profitable economic outcome, better grid reliability, and good performance in balancing loads, even 

PSO's better performance in grid reliability and load balance system. 

Keywords - Stackelberg Game Theory, Non-Cooperative model, Demand-Side Management, Particle Swarm Optimization, 

Optuna, Energy Performance Metrics, Grid reliability, and Load balancing metrics.

1. Introduction 
Because of the increase in population and changes in 

environmental conditions, there is a change in the demand for 

power and also in its price within the market. Due to the 

actions of the users, there is a fluctuation in energy usage 

patterns during the course of the day at the customers' places. 

The generation capability should be such that it can cater to 

the peak energy demand. The smart grid employs Information 

and Communication Technologies (ICT), real-time 

monitoring systems, and Distributed Energy Resources 

(DERs) to facilitate two-way communication between the 

utilities and customers [1].  

The interactions between utility suppliers (Leaders) and 

consumers (Followers) are not represented in traditional DSM 

approaches, and their responsiveness is yet to be improved. 

Thus, for sustainable and reliable power grids, the 

optimization of domestic energy use is essential [2]. The DSM 

techniques aim at making consumers more efficient by 

ensuring that they remain comfortable. While the previous 

approaches, such as time of use, have been fairly successful, 

they have remained fairly rigid and are unable to adjust 

according to changes in consumer behavior and grid changes. 

The advent of Smart Grids has made advanced demand 

response technologies emerge, but these technologies often 

fall short of understanding different consumer behaviors.  

Most conventional DSM approaches rely on rule-based or 

time-invariant scheduling mechanisms, which are inadequate 

for handling the nonlinear, stochastic, and strategic nature of 

residential electricity consumption. Consequently, these 

approaches fail to capture the interactive decision-making 

process between utility providers and consumers, resulting in 

suboptimal load scheduling and inefficient energy utilization. 

Despite extensive research into the utility-consumer 

relationship using game theory approaches, the 

implementation of such models within the DSM paradigm has 

seen relatively little progress. It is common to see that most 

research studies fail to utilize any actual residential 

consumption data, possess no real-time adaptability, and 
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inadequately consider the problem of maximizing the utility 

function of the consumers in the context of dynamic pricing.  

Some of the major problems pointed out by this research 

study include the following: 

a. Centralized and static DSM systems lacking substantial 

real-time engagement among utility service providers and 

domestic users. 

b. Inadequate DSM systems that lack an adaptive approach 

and use game theory decision-making process, 

specifically, Stackelberg game models, to model 

interactions between utilities and customers. 

c. Lack of a GT Non-cooperative mechanism for utility-

customer collaboration that ensures grid stability and 

minimizes costs without compromising on consumer 

welfare.  

d. Also, many of the existing models utilized in the DSM 

approach do not make use of state-of-the-art optimization 

techniques that solve multi-objective optimization 

problems. 

Consequently, utility companies continue to encounter 

challenges in terms of adopting adaptive prices and optimizing 

demands while taking into account stability, peak shaving, and 

customer satisfaction. Thus, there is a gap in the current 

literature regarding the Lack of an adaptive and dynamic DSM 

system that integrates Stackelberg Game hierarchical 

interactions between energy suppliers and customers can be 

effectively modelled using game-theoretic frameworks like 

the recently developed SGT [3, 4].  

Conventional SGT-based DSM frameworks continue to 

employ static optimization techniques, which are inefficient 

with nonlinear, time-sensitive data.  

For the observed problems, this research paper focuses on 

an energy management system that integrates optimization 

methods, such as an existing PSO and a novel Optuna, with a 

Non-Cooperative SGT model. The goal of this integration is 

to enhance the residential grid's DSM performance. This study 

addresses important problems in current DSM systems by 

combining hierarchical decision modeling with real-world 

optimization. 

This research work suggests an implementation of the 

non-cooperative SGT approach, which integrates DSM along 

with the already existent PSO and a novel Optuna 

optimization approach independently to achieve the objectives 

set by Oman Vision 2040 through increased efficiency and 

cost reduction. Besides, the reliability of the grid and balance 

of the load systems will be analysed and compared for both 

optimization methods. For this study, the residential load data 

from Al Dhakliyah, Oman, for the year 2023 have been 

utilized. Figure 1 shows the Conceptual diagram of the supply-

consumer with Game Theory and Optimization scheme.  

 
Fig. 1 Conceptual view of Supply-Consumer Optimization 

So, this research work has carried out the general 

objectives as follows: 

a. To create a SGT-non-cooperative with DSM framework 

model interactions between utility providers (Leaders) 

and consumers (Followers) using an existing method of 

PSO and a novel Optuna optimization method separately. 

b. To analyze and compare the optimization performance 

results from both optimization schemes, and also grid 

reliability and load balancing metrics. 

2. Related and Proposed Work 
2.1. Challenges in DSM and Smart Grids 

The instability of renewable energy sources and increased 

energy demand on a global scale put grid stability at risk [5]. 

Traditional power grids have no involvement from consumers 

because of the centralized DSM structure and its inefficient 

communication. Implementation of DSM technologies in 

underdeveloped countries is difficult because of factors such 

as high costs of implementation, Lack of governmental 

support, and cyber risks [6]. In Oman, implementing Smart-

grid and DSM technologies is dependent on advanced 

communication networks, IoT devices, smart meters, and data 

analytics, which bring concerns such as data privacy, 

communication networks, and cyber-attacks [7-9].  

As is common in research into smart grids, it is stated that 

there is high vulnerability to cyber-physical attacks in Oman. 

The cloud-based smart grid market in Oman faces the same 

problem mentioned above as a significant market barrier, 

where "High initial investment costs" is one of the biggest 

barriers for the development of cloud-based smart grid 

technology [34]. Getting the participation of consumers in 

Oman might prove difficult. 

2.2. Game-Theoretic DSM Framework 

The interaction between the utility and its consumers 

could be strategically captured via the use of game theory. In 

Stackelberg games, followers adjust their energy consumption 

to minimize their expenditure, whereas the leader introduces 

Time of Use (ToU) or Dynamic pricing schemes. Some 

studies have applied Stackelberg models to incorporate 

renewable Energy, decrease peak load, and react to changes in 
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demand. However, most of today's models are based on static 

optimization, making them unsuitable for the rapidly evolving 

nature of the grid [10, 11]. In the modern power system, the 

DSM paradigm has started integrating game theory models 

(Non-Cooperative or Cooperative) with optimization methods 

[12]. Non-cooperative game theory models scenarios in which 

the players (Leaders/Followers) act independently and aim to 

optimize their individual payoff without cooperating with one 

another. Nash equilibrium denotes the stable point at which 

none of the players can unilaterally alter their strategy and 

obtain better payoffs, assuming that the other players do not 

change their strategies [13]. In DSM, the non-cooperative 

game theory models the practical behaviour of consumers 

wherein each house adjusts its energy consumption according 

to the price signal generated by the utility. 

The use of game theory, especially Evolutionary game 

theory, Metaheuristic game, Bayesian games, or other types of 

games, has been insightful in analysing the strategy used by 

players in the market. Game theory has enabled us to gain a 

deeper insight into the strategies that power purchasing firms 

and power generating firms adopt in reaction to changes in the 

market environment [14, 15]. 

The method presented ensures effective contribution from 

users towards managing the issue of peak demand 

management and off-peak energy usage through effective 

pricing mechanisms. The combination of game theory 

modelling and optimization leads to significant savings in grid 

investments and costs associated with consumption by 

consumers, thus providing a win-win situation for both parties 

involved [16]. 

2.3. Optimization 

Optimization is a core tool in game theory-based DSM to 

minimize total energy cost, reduce peak demand, and improve 

load distribution across consumers. It determines optimal load 

scheduling, energy allocation, or price signals by balancing 

consumer comfort, system constraints, and grid stability.  

When compared with other optimization methods like 

Genetic Algorithm (GA), Simulated Annealing (SA), and 

Gradient-Based optimization, PSO is characterized by faster 

convergence, reduced computational complexity, and high 

adaptability in addressing nonlinear demand-side 

management issues [17, 18].  

Regarding the applicability of DSM, there are various 

traditional optimization methods, such as GA, SA, and LP, 

that have some drawbacks. GA or SA are even effective global 

optimization algorithms; however, those models might take 

some time to converge, and the parameter setting could be 

rather difficult. Moreover, Gradient-based optimization 

algorithms work well for smooth problems; on the other hand, 

they cannot be used for the DSM problems where the decision 

variable is either not differentiable or discrete (e.g., scheduling 

of electrical appliances). In addition, fuzzy logic and rule-

based optimization algorithms, despite being simple and 

intuitively appealing, do not provide enough flexibility for 

DSM problems. Out of these traditional methods, PSO has a 

more effective result with respect to the Energy and cost 

reduction, as well as the speed performance.   

PSO is extensively applied in DSM in order to achieve 

load and cost optimization due to its scalability and usability. 

With respect to the PSO algorithm, each particle stands for a 

certain way to consume Energy, adjusting its path based on 

the best local and global positions [19]. However, the problem 

with PSO lies in the fast convergence that occurs in the case 

of a nonlinear dynamic system. Such a problem can be 

resolved by applying the technique offered by a relatively new 

hyperparameter optimization method called Optuna.  

Optuna is a hyperparameter optimization algorithm [31] 

that is based on probability modelling with an aim to provide 

an efficient exploration of a set of optimal parameter 

combinations aimed at optimizing the energy consumption 

and cost. The main difference between Optuna and the 

classical PSO algorithm is that it employs adaptive 

hyperparameters, which are learned through probabilistic 

modelling. 

In contrast, PSO uses predefined parameters in the search 

for an optimal solution, but Optuna makes the process of 

learning dynamic, resulting in more efficient convergence and 

better results with regard to energy and cost savings. Table 1 

shows the summary of the comparison between PSO and 

Optuna optimization. 

Table 1. Comparison – PSO Vs Optuna 

Aspect PSO Optuna 

Optimization type Metaheuristic 
Bayesian / TPE-

based 

Search nature 
Population-

based 

Probabilistic, 

adaptive 

Convergence speed Moderate Fast 

Parameter tuning Manual Automatic 

Multi-objective 

support 
Limited Strong 

DSM performance Improved Best 

Computational cost High Low 

Adaptability Low High 

2.4. Regional Context  

The model's practical significance is demonstrated by 

applying it to Oman's residential sector. According to actual 

load statistics from 2023, the average household consumption 

is 44.50 kWh per day (See Table 2) [32], mostly due to air 

conditioning loads in the summer season. These loads can be 

controlled directly by using novel optimization algorithms 

[20].  
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Table 2. Typical Residential Load (Per Consumer) in Oman 

Appliances 
Energy Consumption 

Per Day (kWh) 

Washing machine 1.00 

Hair dryer 0.50 

Vacuum cleaner 0.50 

Cooker 2.50 

Water heater 3.00 

Television 1.50 

Motor (Water Pump) 1.00 

Iron 0.50 

Microwave / Kettle/ Toaster 2.50 

Air Conditioner (AC) 20.00 

LED / CFL Bulb 2.00 

Refrigerator 3.50 

Freezer 1.50 

Miscellaneous 

(Fan, PC, Chargers, etc.) 
4.50 

Total 44.50 kWh/Day 

In Oman, the electricity price structure has been 

implemented as a block rate level for residential Load. Oman's 

tariff structure (Block Rate) for the residential sector with 

Omani Baisa (1 OMR = 1000 Baisa) [33] is shown in Figure 

2.  

In line with Oman Vision 2040's sustainability objectives, 

this research work suggested SGT-based DSM  with an 

existing model of PSO and a novel model of Optuna 

optimization structure in order to increase energy efficiency, 

cost savings, and system adaptability. Its main contributions 

are: Utilize dual optimizers with SGT separately; striking a 

balance between cost and precision.  

 
Fig. 2 Residential Load Tariff Structure 

(Source: APSR, Oman) 

 

The optimization of block rate pricing is concerned with 

finding the appropriate sizes and differences between blocks 

so that two objectives are fulfilled; one objective is to make 

sure that consumers benefit from the pricing, and secondly, to 

ensure that the utilities get maximum benefit from their 

services and deal with any changes in demand [20]. 

2.5. Proposed System  

Most of the existing researchers showed the energy 

consumption in the range of 15% - 45% using the Game theory 

model with different optimization algorithms. The load 

reduction showed 33% using the SGT model with MATLAB 

Simulink [3], showed 49% energy savings using IoT/cloud-

based methods [7], and has shown 40% energy reduction using 

RL optimization in the SGT-DSM model [8]. 

The cost savings have been achieved 28% using 

Reinforcement Learning (RL) optimization under a type-

based approach [11]. Apart from the energy and cost reduction 

factors, the grid reliability and Load balancing systems like 

PAR, CRI, were also implemented with different traditional or 

AI-based schemes [29] in the existing research works.  

Based on the literature reviews, this research work has 

proposed and implemented with SGT (Non-Cooperative)-

DSM framework with an existing PSO and a novel Optuna 

Optimization method independently, as shown in Figure 3, in 

order to show that the novel method of Optuna optimization 

will achieve better energy and cost performance grid 

reliability.  

A non-cooperative approach is one whereby the 

residential consumers make their decisions individually in an 

attempt to meet their own objectives, such as reducing their 

costs of using electricity or increasing their comfort level [21].  

The residential energy consumption and cost data of 

Oman (Ad Dakhliyah region) for 2023 have been collected 

and applied to the SGT-DSM framework. 

 
Fig. 3 Block Diagram – Proposal 

Figure 4 shows the SGT (Non-Cooperative)-DSM 

Framework for this research work. It has the primary 

objectives on the Leader and Follower sides. This interaction 

converges to a Stackelberg equilibrium, balancing system 

efficiency and user cost. 

32 Baisa 

 

18 Baisa 

14 Baisa 

(4001-6000) kWh 

(0-4000) kWh (> 6000) kWh 

SGT Non- 

Cooperative 
Simulation 

Optimization 

(PSO / Optuna) 

Performance 

Analysis 

Residential 

Consumption 

& Cost Data 

2023  

Ad Dakhliyah, 

Oman 



Mohamed Yousuf et al. / IJEEE, 13(5), 143-160, 2026 

 

147 

 
Fig. 4 SGT Framework 

3. Methodology 
The research design establishes a structured framework for 

developing and analyzing a DSM optimization model focused 

on energy consumption and cost reduction in residential 

sectors. Figure 5 shows that the methodological structure 

ensures that the research remains aligned with its objectives 

while offering reproducible and scalable insights for energy 

optimization in the context of Oman's electricity demand 

patterns. 

 
Fig. 5 Flow Chart - Methodology 
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3.1. Data Collection 

The Ad Dakhliyah region of Oman's actual domestic 

electricity usage data for the months of January through 

December of 2023 is used in this research analysis. The 

dataset (See Appendix 1) shows differences in demand 

between summer and winter by providing monthly and 

seasonal consumption numbers in GWh. Due mostly to 

summertime air conditioning loads, peak consumption 

happens between 11:00 AM and 5:00 PM. With an average 

per-consumer consumption of 16.2044 MWh (16,204.44 

kWh), the total energy consumption for 2023 was 1643.02 

GWh per year [32]. A tiered tariff structure with different 

charges for different use categories is used to bill consumers. 

The Utility-Consumer interactions are modelled using this 

data with SGT, which are also used as input for existing PSO 

and novel Optuna optimization.  

3.2. Stackelberg Game-Theoretic Model 

In this model, the Leader-Follower framework sets 

electricity prices to maximize revenue and minimize peak 

demand, while consumers adjust consumption to minimize 

cost. The leader typically maximizes profit or minimizes 

system cost [3]: 

3.2.1. Leader's Objective 

The leader's objective function is mentioned as follows: 

𝑚𝑎𝑥
𝑝 𝑈𝐿 = ∑ 𝑝𝑖 . 𝑋𝑡 −  𝜆. 𝑃 𝑃𝑘        𝑇

𝑡=1  (1) 

Where UL is the Utility function of the leader, 𝑝𝑖  is the 

electricity price per unit of electricity consumption for 

consumer i, 𝑋𝑡 is the total power consumption at the time 

period t, 𝜆 is the penalty factor for exceeding the peak load 

limit, 𝑃𝑃𝑘 is peak load or peak demand, and T is the total 

number of time slots. 𝑝𝑖 . 𝑋𝑡 is the utility revenue. The 

equations for 𝑋𝑡 and 𝑃𝑃𝑘 are as follows.  

𝑋𝑡 =  ∑ 𝑥𝑖    𝑁
𝑖=1   (2) 

𝑃 𝑃𝑘 = max
𝑡

 𝑋𝑡          (3) 

3.2.2. Follower's Objective     
The Follower's objective function is mentioned as 

follows: 

min
𝑥𝑖

𝑈𝐹 = ∑ 𝑝𝑖𝐵 . 𝑥𝑖
𝑇
𝑖=1  (4) 

 

For the feasibility constraint,   

𝑥𝑖
𝑚𝑖𝑛 ≤ 𝑥𝑖 ≤ 𝑥𝑖

𝑚𝑎𝑥     (5)
 

Where UF represents the function (cost) of Follower, 𝑝𝑖𝐵   
indicates the electricity slab tariffs for customer i belonging to 

the threshold block band 𝑥𝑖 denotes the Energy consumed by 

customer i, and T represents the total number of time slots.  

3.3. Optimization Algorithms 

In this study, two optimization algorithms: PSO and the 

novel method of Optuna, are used to solve the Stackelberg-

based bi-level optimization problem for the utility (Leader) 

and consumers (Followers). Both methods are used to 

optimize energy consumption and minimize energy 

consumption cost under Block rate pricing for a 12-month data 

set.  

3.3.1. PSO Method 

PSO is a population-based algorithm inspired by social 

behaviour. A swarm of particles represents potential 

consumption schedules 𝑥 = [𝑥1, 𝑥2… 𝑥n]. Each particle 

updates its velocity and position according to personal and 

global best experiences [22-24], as shown below: 

𝑣𝑖(𝑘 + 1) = 𝑤𝑣𝑖(𝑘) + 𝑐1𝑟1 (𝑝
𝑏𝑒𝑠𝑡𝑖

− 𝑥𝑖(𝑘)) +

   𝑐2𝑟2(𝑔
𝑏𝑒𝑠𝑡

− 𝑥𝑖(𝑘))  (6) 

𝑥𝑖(𝑘 + 1) = 𝑥𝑖(𝑘) + 𝑣𝑖(𝑘 + 1) (7) 

Where 𝑣𝑖(𝑘) is the particle velocity during iteration 𝑘, 
𝑣𝑖(𝑘 + 1) is the updated velocity, 𝑥𝑖(𝑘) is the particle position 

during iteration k, 𝑥𝑖(𝑘 + 1) is the updated position, 

𝑝𝑏𝑒𝑠𝑡𝑖
 represents the best position of particle i, 𝑔𝑏𝑒𝑠𝑡  represents 

the optimal position by the swarm, i is the particle index, k is 

the iteration index, w is the inertia weight, c1, c2 are 

acceleration coefficients, and r1, r2 are random numbers in the 

range (0,1).  

3.3.2. Optuna Method  

Formulation of Energy Optimization for Optuna can be 

achieved using the Tree-structured Parzen Estimator (TPE). 

Probability model of Optuna for DSM decisions with respect to 

energy optimization E is shown below [31]: 

 𝑃𝑑(𝜃|𝐸) = {
𝑙(𝜃), 𝐸 ≤ 𝐸∗

 𝑔(𝜃), 𝐸 > 𝐸∗ 
}  (8)                          

Where Pd (θ∣E) denotes the conditional probability 

density of the vector of parameters θ conditional upon the 

value of the objective E, 𝐸∗ represents a critical level (or 

quantile) dividing solutions into good and poor ones, l(θ) is 

the probability density function of good solutions, that is, 

those for which objective values are small (E ≤ 𝐸∗), g(θ) is the 

probability density function of poor solutions, for which 

objective values are large (E > 𝐸∗).  

3.4. Energy Consumption Reduction 

Efficient energy reduction is when energy usage is 

reduced in an optimal manner without compromising 

reliability and consumer comfort. Efficient energy reduction 
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is achieved by optimizing and controlling flexible loads. 

Therefore, efficient energy reduction not only favours the 

consumer by saving on costs but also increases the efficiency 

of the power system as a whole [25, 30]. 

Generally, the Average Daily Consumption (ADC) and 

Average Monthly Consumption (AMC) are computed as: 

𝐴𝐷𝐶 =
∑ 𝑥𝑖𝑑

𝐷
𝑑=1

𝐷
  (9) 

𝐴𝑀𝐶 =  𝑥𝑖𝑑 . 𝐷 (10) 

Where 𝐷 is the number of days in the month, and 𝑥𝑖𝑑 is 

the energy consumption on day 𝑑. 

Each consumer acts independently: 

𝑥𝑡  𝑏𝑎𝑠𝑒 ≤ ∆𝑥𝑡 ≤ γ𝑁𝐶   𝑥𝑡
^               (11) 

Where, 𝑥𝑡  Base is the energy consumption at time, Δ.𝑥𝑡  is 
the energy consumption reduction decision, γNC is Non-

cooperative flexibility limit (0.5), 𝑥𝑡^ is the Optimized Energy 

consumption.    

      The optimization of energy consumption can be 

expressed as: 

𝑥𝑡
^ = 𝑥𝑡 𝑏𝑎𝑠𝑒 − ∆𝑥𝑡  (12)    

3.5. Cost Reduction 

In the present research, the cost of energy consumption is 

taken from the existing dataset. The objective function to be 

minimized is: Minimize individual customers' energy cost 

under the block rate tariff with restricted load flexibility [17]. 

The energy cost at time t is, 

𝐶𝑡 = ∑ 𝜆𝑘 . max(0, min(𝑃𝑡
^, 𝐵𝑘) − 𝐵𝑘−1)𝐾

𝑘=1  (13) 

Where, 𝐶𝑡 : Total electricity cost (OMR) during time 

period t, t: Time index (Hour/Day/Month), K: Total number of 

tariff blocks in the block-rate pricing model, k: Tariff block 

index,  𝜆𝑘: Unit electricity price per kWh in tariff block k 

(OMR/kWh),  𝑃𝑡
^: Optimized energy consumption at time t by 

PSO/Optuna, 𝐵𝑘 : Maximum consumption capacity of tariff 

block  k, 𝐵𝑘−1: Minimum consumption capacity of tariff block 

k. 

The optimized cost (𝐶𝑖
^) is, 

𝑚𝑖𝑛
𝑥

𝐶𝑖^ = ∑ 𝐶𝑡
𝑇
𝑡=1  (14) 

The constraints of the cost function are,  

𝑐𝑡 𝑏𝑎𝑠𝑒 ≤ ∆𝑐𝑡 ≤ γNC 𝑐𝑖
^     (15)                                                                                              

Where, 𝑐𝑡  Base is the energy consumption cost, Base at 

time, Δ.𝑐𝑡  is the energy consumption cost reduction decision, 

γNC is Non-cooperative flexibility limit (0.5), 𝐶𝑖^ is the 

optimized energy consumption cost. Generally, each 

household's total electricity cost function is computed based 

on the Block Rate tariff as: 

𝐶𝑖 =

{

𝑝1𝑥𝑖                                                                       𝑥𝑖 ≤ 𝐵1

𝑝1𝐵1 + 𝑝2(𝑥𝑖 − 𝐵1)                               𝐵1 < 𝑥𝑖 ≤ 𝐵2

𝑝1𝐵1 + 𝑝2(𝐵2 − 𝐵1) + 𝑝3(𝑥𝑖 − 𝐵2)             𝑥𝑖 > 𝐵2

} (16) 

Where  𝐶𝑖  is the total cost incurred by the energy consumption of 

household 𝑖, 𝑝1,𝑝2,𝑝3, are the slab rates of electricity, 𝑥 is the 

energy consumption for household 𝑖, and     𝐵1, 𝐵2,𝐵3    These are 

the energy consumption blocks. 

3.5.1. PSO - Algorithm 

S1: Initialize:  Energy consumption base value 𝑥𝑖 / 

Energy consumption cost Base value 𝑐𝑖, and constraints. 

S2: Leader Stage: T Utility establishes DSM policy and 

flexibility threshold γNC. 

S3: Follower Stage: Consumer makes changes in its 

energy consumption level 𝑥𝑖 to reduce the cost at the 

expense of comfort.  

S4: PSO Iteration: Velocity and position updating; 

function evaluation; iteration continues until the solution 

converges.                                                        

S5: Output: Optimized energy consumption  𝑥𝑖𝑝𝑠𝑜^ / cost 

of consumption 𝐶𝑖𝑝𝑠𝑜^. 

3.5.2. Optuna - Algorithm 

S1: Import datasets: Energy consumption base value  𝑥𝑖 / 

Energy consumption cost Base value 𝑐𝑖 , and constraints. 

S2: Define: Leader (Utility) and Follower (Consumer) 

objectives with flexibility limit γNC. 

S3: Optuna Iteration: Update TPE distribution. Update 

the best and worst trials. 

S4: Pruning: Eliminate poor-performing trials. Continue 

the trials to convergence or max iterations, then choose 

the trial that achieves maximum cost saving. 

S5: Output: Power consumption optimization  𝑥𝑖𝑜𝑝𝑡^ / 

cost of consumption 𝐶𝑖𝑜𝑝𝑡^. 

Based on the optimization results obtained using PSO and the 

Optuna methods applied to the base dataset, the Energy and cost 

reduction % can be calculated as follows: 

The percentage of energy consumption reduction is  

(∆𝐸^%) =
∆𝐸^

𝑥𝑖
× 100  (17)                       
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∆𝐸^ = (𝑥𝑖 − 𝑥𝑖
^)                                         (18)                                  

The percentage of energy consumption cost reduction is,  

(∆𝐶^%) =
∆𝐶^

𝐶𝑖
× 100                          (19)                           

∆𝐶^ = (𝑐𝑖 − 𝑐𝑖^)      (20)   

 Where, 𝑥𝑖   is the total base value of energy consumption, 
 𝑥𝑖^ is the optimized (PSO/Optuna) total energy consumption, 

𝐶𝑖   is the total energy consumption cost (Base), 𝐶𝑖^ is the 

optimized (PSO/Optuna)  total energy consumption cost,  ΔE^ 

is the optimized (PSO/Optuna) energy consumption reduction, 

and ΔC^ is the optimized (PSO / Optuna) energy consumption 

cost reduction. 

3.6. Performance Metrics 

3.6.1. Convergence  

The term convergence is used to refer to the point where the 

objective function reaches a constant value, and subsequent 

iterations do not lead to any significant improvements [26]. 

Mathematically, 

|𝑓𝑘+1 − 𝑓𝑘| → 0 𝑜𝑟 𝐾 = 𝐾𝑚𝑎𝑥   (21)                                                                                              

Where f is the objective function, k is the number of 

iterations, f k is the objective value at iteration k, and f k+1 is the 

objective value at the next iteration. When,  

|𝑓𝑘+1 − 𝑓𝑘| ≈ 0 means that the algorithm has converged. 

3.6.2. RMSE% and MAE% 

Model accuracy is evaluated using RMSE and MAE with 

respect to the energy consumption: 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑥𝑖 − 𝑥𝑖^)2𝑁

𝑖=1   (22) 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑥𝑖 − 𝑥𝑖

^|𝑁
𝑖−1  (23) 

Where  𝑥𝑖  is the total base energy consumption, 𝑥𝑖^ is the 

total optimized energy consumption, and N is the total number 

of periods. 

RMSE % =  
RMSE value  

 𝑥𝑖  
X 100     (24) 

MAE % =  
MAE value  

 𝑥𝑖  
X 100       (25) 

3.6.3. Grid Reliability and Load Balancing Indicators 

Grid reliability is one of the important performance 

criteria for smart grids, and can be determined using reliability 

indices and system stability indicators. Demand-side 

management and smart optimization methods greatly improve 

the reliability of the system by optimizing load sharing and 

removing the uncertainties associated with operations. It is 

very important that grid fairness be ensured among the 

consumers through grid reliability indicators, such as Load 

Balancing Factor (LBF), Peak to Average Ratio (PAR), Load 

Variability Index (LVI), Load Stability Index (LSI), and 

Customer Reliability Index (CRI) [27-29], which can be 

calculated according to the standard formulas (See Appendix 

2). 

4. Results  
The simulation was carried out using Python on the 

Jupyter Notebook platform. PSO and Optuna algorithms 

optimized the consumption schedule and tuned 

hyperparameters. Matplotlib and Seaborn were used for 

plotting and DSM simulations within the context of a smart 

grid network. 

4.1. Energy Consumption Reduction 

According to the dataset (See Appendix 1), the energy 

consumption (Per Consumer in MWh) for each month of 2023 

has been optimized by both the existing PSO and the novel 

Optuna approach methods individually. The findings are 

presented in Table 3 below, which highlights the efficiency of 

the suggested optimization techniques. 

The consumption of Energy with respect to PSO 

optimization is 10.52 MWh compared to 16.20 MWh of 

Energy consumed in the base case scenario for a whole year. 

The Optuna algorithm shows better results in reducing the 

consumption rate to 8.84 MWh per year. 

Table 3. Optimized Monthly Energy Consumption with Base (Per 

Consumer) 

Period 
𝒙𝒊 

(MWh) 

𝒙𝒊𝒑𝒔𝒐^  

(MWh) 

𝒙𝒊𝒐𝒑𝒕^ 

(MWh) 

Jan-23 0.60483 0.37 0.34 

Feb-23 0.6032 0.36 0.33 

Mar-23 0.79172 0.50 0.42 

Apr-23 1.0231 0.63 0.58 

May-23 1.6326 1.10 0.86 

Jun-23 2.0808 1.38 1.15 

Jul-23 2.2211 1.45 1.22 

Aug-23 2.0501 1.35 1.19 

Sep-23 1.9018 1.27 0.96 

Oct-23 1.5688 0.96 0.89 

Nov-23 1.0312 0.70 0.55 

Dec-23 0.69519 0.45 0.35 

Total 16.20444 10.52 8.84 

Figure 6 shows the energy consumption (Per Consumer) 

in MWh for a whole year. It indicates high energy 

consumption during the summer season from May to 
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September, as a result of utilizing more Air Conditioners at 

the residential end. The energy consumption graph shows the 

usual yearly load curve, which is indicated by lower values of 

energy consumption during the first three months from 

January through March (0.4-0.7 MWh), after which there is an 

increase until May-June. The energy consumption in July 

becomes maximum for the Base case, which amounts to 2.2 

MWh, whereas for the other two cases (PSO and Optuna), the 

energy consumption reaches about 1.45 MWh and 1.25 MWh, 

respectively. Further on, the energy consumption decreases 

from September until December. The two techniques have the 

capability of handling load profiles efficiently. Nevertheless, 

Optuna proves superior in minimizing energy consumption 

and balancing peak demand periods. 

 
Fig. 6 Monthly Energy Consumption Curve 

The energy consumption reduction percent for each 

month of 2023 is shown in Fig. 7, which is calculated by 

means of Equation (17) & Equation (18). As can be observed 

from the plot, PSO provides a relatively good reduction in 

energy consumption by 31%-40%, but the results obtained 

using Optuna provide significantly better energy reduction by 

41%-50%. The output obtained for Optuna proves to be 

efficient consistently throughout all months and especially 

during high demands. So, it is observed that the proposed 

optimization method, Optuna, has produced a better energy 

reduction percent than the conventional PSO technique. 

Hence, energy savings are 35.08% in PSO and 45.45% in 

Optuna. From Table 4 below, one can observe that there is a 

definite seasonality in the pattern of energy usage, which is 

low in the early and late months but much higher in the middle 

months. The findings demonstrate that energy consumption is 

substantially lower than in the Base scenario for all months 

using the two optimization algorithms, PSO and Optuna. The 

largest decrease occurs in the months of peak consumption 

(June-Sep) when the consumption drops from 63-72 kWh per 

day (Base) to 42- 47 kWh per day (PSO) and 32-39 kWh per 

day (Optuna). 

 
Fig. 7 Percentage of Monthly Energy Consumption Reduction Curve 
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Table 4. Optimized Daily Energy Consumption Values with Base (Per Consumer) 

Period 
𝒙𝒊 

(kWh/Day) 

𝒙𝒊𝒑𝒔𝒐^ 

(kWh/Day) 

𝒙𝒊𝒐𝒑𝒕^ 

(kWh/Day) 

Jan-23 19.51 11.94 10.97 

Feb-23 21.54 12.86 11.79 

Mar-23 25.54 16.13 13.55 

Apr-23 34.10 21.00 19.33 

May-23 52.66 35.48 27.74 

Jun-23 69.36 46.00 38.33 

Jul-23 71.65 46.77 39.35 

Aug-23 66.13 43.55 38.39 

Sep-23 63.39 42.33 32.00 

Oct-23 50.61 30.97 28.71 

Nov-23 34.37 23.33 18.33 

Dec-23 22.43 14.52 11.29 

Figure 8 shows the daily energy consumption (kWh) basis 

for the Base, PSO, and Optuna Optimization cases. The above 

results indicate that the optimization approach is able to 

achieve reductions in energy usage compared to the Base 

scenario. The peak demand is lowered from 70 kWh/Day 

(Base) to 47 kWh/Day using PSO (33% reduction), and to 40 

kWh/Day when using Optuna (43% reduction). On average, 

for all months, the PSO approach was able to deliver a 30%-

35% reduction, while the Optuna approach provided more 

significant reductions by 40%-45%. In summary, the Optuna-

based approach performs better in terms of lowering energy 

usage/peak demands. 

 
Fig. 8 Daily Energy Consumption Curve  

 

4.2. Energy Consumption Cost Reduction 

Also, Table 5 indicates the monthly energy cost per 

consumer for the PSO and Optuna approaches according to the 

findings of the optimization code implementation. The 

findings reveal that both optimization approaches lead to 

remarkable savings in energy costs. The yearly base cost of 

243.07 OMR (632.18 USD) reduces to 146.3 OMR (380.50 

USD) with PSO, representing a savings of 39.82%. It further 

reduces to 121.8 OMR (316.78 USD) with Optuna, a saving 

of 49.89%. The monthly energy consumption cost (Per 

Consumer)   for the PSO and Optuna models is calculated and 

compared with the base dataset, as shown in Figure 9. 

Analysis of the cost per month shows that there is a notable 

decline in cost after optimizing in any month. From the base 

case, the cost is shown to be the highest, ranging from 9-10 

OMR in January up to February and increasing to 33-34 OMR 

in July before declining back to 10 OMR in December.After 

optimization using PSO, the highest cost becomes 19-20 

OMR, meaning that there is a notable decrease in cost of 

between 38%-42%. Using the Optuna scheme, the cost of 

Energy will decrease even more by between 45%-50%, as the 

cost will be reduced to 17-18 OMR. 
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Table 5. Optimized Monthly Energy Consumption Cost with Base (Per 

Consumer) 

Period 
𝑪𝒊 

(OMR) 
𝑪𝒊𝒑𝒔𝒐^  (OMR) 𝑪𝒊𝒐𝒑𝒕^ (OMR) 

Jan-23 9.07 5.1 4.5 

Feb-23 9.05 5.6 4.2 

Mar-23 11.88 7.7 6.5 

Apr-23 15.35 8.8 8.0 

May-23 24.49 14.8 11.8 

Jun-23 31.21 18.9 16.0 

Jul-23 33.32 19.5 17.5 

Aug-23 30.75 19.4 15.4 

Sep-23 28.53 18.0 14.2 

Oct-23 23.53 13.5 11.5 

Nov-23 15.47 9.0 7.0 

Dec-23 10.43 6.0 5.2 

Total 243.07 146.3 121.8 

Optuna gives a lower cost compared to PSO, showing that 

it makes improvements of between 5%-8%. Most importantly, 

there is a notable reduction in cost during peak consumption 

periods, i.e., May to September. This cost curve demonstrates 

that both PSO and novel Optuna achieve noticeable cost 

reductions relative to the base load profile. Figure 10 depicts 

the monthly percentage reduction in the cost of consumption 

of Energy that has been accomplished through PSO and 

Optuna optimization compared to the baseline scenario. PSO 

optimization is able to deliver moderate cost reduction 

percentages in the range of 35%-44% since they are based on 

efficient scheduling of loads and cost optimization. On the 

other hand, the Optuna method always outperforms PSO, 

producing greater cost reductions in all months, with a 

percentage range between 45%-55%. So, the average cost 

reduction is 39.82% in PSO and 49.89% in novel Optuna. 

From the outcomes, it can be noted that even though PSO 

performs reasonably well in reducing cost, the method based 

on Optuna performs much better and consistently in terms of 

savings. 

 
Fig. 9 Monthly energy consumption cost 

 
Fig. 10 Percentage of monthly energy consumption cost reduction curve 
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Table 6 provides data on the daily energy consumption 

cost for each consumer (OMR/Day) under Base, PSO, and 

Optuna-optimized conditions. The cost per day has been seen 

to be subject to the seasonality factor, showing relatively low 

values in the first and last months and high cost values in 

between. Although PSO reduces costs by about 41%-42%, the 

Optuna method is more effective, providing reductions of 

49%.  

This demonstrates its efficacy in reducing the cost of 

electricity during peak times. Figure 11 represents the daily 

energy consumption cost for each consumer (OMR/Day) 

under Base, PSO, and Optuna-optimized conditions 

throughout all months in 2023. The PSO optimization always 

lowers the cost approximately in the range of 35%-45%, while 

the best performance in cost reduction is seen at 

approximately 45%-55%.       

Table 6. Optimized Daily Energy Consumption Cost with Base (Per Consumer) 

Period 𝑪𝒊 (OMR) 𝑪𝒊𝒑𝒔𝒐^ (OMR ) 𝑪𝒊𝒐𝒑𝒕^  (OMR) 

Jan-23 0.293 0.165 0.145 

Feb-23 0.323 0.200 0.150 

Mar-23 0.383 0.248 0.210 

Apr-23 0.512 0.293 0.267 

May-23 0.790 0.477 0.381 

Jun-23 1.040 0.630 0.533 

Jul-23 1.075 0.629 0.565 

Aug-23 0.992 0.626 0.497 

Sep-23 0.951 0.600 0.473 

Oct-23 0.759 0.435 0.371 

Nov-23 0.516 0.300 0.233 

Dec-23 0.336 0.194 0.168 

 

 
Fig. 11 Daily Energy Consumption Cost Curve (Per Consumer) 

4.3. Convergence 

In line with the process of optimization, the convergence 

graphs (See Figure 12-a and b) have been drawn regarding the 

values of objective functions of GWh and OMR with respect 

to both PSO and Optuna algorithms.  
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for solutions. 
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(a) 

 
(b) 

Fig. 12 Convergence Curves (a) Energy Basis, and (b) Cost Basis. 

4.4. RMSE% and MAE% Evaluation 
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the accuracy is better regarding the tracking of the baseline or 

estimated load profile. For the MAE metric, PSO achieves a 

more stable level, and Optuna remains within the acceptable 

limit. 

The overall performance of an existing optimization PSO 

and novelty optimization of Optuna is illustrated below (See 

Figure 13). The reduction of Energy achieved by Optuna is 

more significant at 45.45% compared to 35.08%, whereas the 

reduction of cost stands at 49.89% compared to 39.82% with 

PSO. This means that Optuna has improved on optimization. 

However, while its RMSE% stands at 13.12% and MAE% at 

3.79%, both are a bit higher compared to those of PSO at 

10.12% RMSE% and 2.92% MAE%. This means Optuna 

provides lower prediction accuracy. Annual Base Cost stands 

at 243.07 OMR ($632.18), reduced to 146.3 OMR ($380.50) 

with PSO (39.82%). It falls to 121.8 OMR (316.78 USD) with 

Optuna, a reduction of 49.89%. These results confirm that 

both algorithms effectively cut energy expenses in non-

cooperative settings, with Optuna offering better cost 

efficiency for residential DSM.  

 
Fig. 13 Overall Performance Comparison 

4.5. Grid Reliability and Load Balancing Metrics 

According to the optimized results from the Base data, 

grid reliability and balancing Load of the grid are analyzed 

using the standard formulae (See Appendix 2). The indicators' 

values are presented in Figure 14 for one year. The findings 

further prove that optimization strategies play a vital role in 

improving the performance of grids through load balance and 

reliability measures.  

 
Fig. 14 Grid Reliability and Load Balancing Metrics 
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Although there is a significant improvement in load 

balance and reliability using PSO compared to the baseline 

system, the Optuna strategy has proved to be better with a high 

LBF of ≈ 0.65, low PAR of ≈1.50, reduced LVI of ≈ 0.40, 

increased LSI of ≈ 0.60, and minimized CRI of ≈ 0.55. From 

this result, the customer reliability index has performed well 

with Optuna. 

From the performance of the grids based on the metrics, 

there is an apparent improvement upon optimization. The LBF 

increases from Base to PSO and then to Optuna, meaning the 

loads are distributed efficiently. The LVI declines 

considerably after optimization, indicating that load 

variability has been minimized. The LSI increases in a 

progressive manner, thus signifying the high level of stability 

in demand. There may be an insignificant change in PAR 

value upon optimization; however, it still shows that the loads 

have been balanced. Lower PAR value means that the demand 

peaks have decreased in relation to the average Load, leading 

to the stability of the grid [26]. More importantly, the CRI 

decreases upon optimization, implying increased grid 

reliability. So, the analysis shows that although PSO performs 

better than the Base for all the metrics, Optuna outperforms 

both Base and PSO in all metrics. 

5. Discussion  
Even though there is clear evidence of energy savings in 

the simulation process, the practical application of this model 

in residential settings might lead to minor differences because 

of factors like practical limitations, user behaviour actions, 

and demand response uncertainty. In other words, the 

achieved results can be seen as close to optimal and not 

entirely practical.  

The results generated from this study have been derived 

based on historical data and given limitations. When 

practically applied, however, there will be changes in the 

environment of operations because of actual variations in load 

requirements and the effects of weather. This will cause the 

schedules to be implemented in a manner that differs from the 

expected one, which causes the difference between what is 

attained and what is predicted. But the novelty optimization 

method will achieve the most efficient system performance 

compared to the PSO and other optimization schemes. 

Implementation of the proposed DSM approach based on 

the Stackelberg Game is limited by a number of issues, such 

as the need for infrastructure that includes smart meters, 

communications, and automation equipment. Moreover, there 

may be limitations associated with appliances, comfort needs, 

and policy regulations that may limit the ability to adjust the 

scheduling of loads. The above restrictions narrow down the 

optimization problem domain, impacting the performance of 

the optimization process. Uncertainty is an inherent part of 

demand response in reality, owing to fluctuations in consumer 

involvement and price elasticity. While the Stackelberg Game 

assumes that consumers respond rationally to price-based 

stimuli, in reality, there could be a wide variation in response 

between consumers. The user's conduct becomes an essential 

factor in ensuring that demand-side management techniques 

become effective. While in simulations, it is taken for granted 

that consumer behavior will strictly adhere to the optimized 

schedule provided, actual consumers may decide to ignore the 

recommended change in Load because of comfort issues, 

lifestyle, and other factors, which ultimately impacts 

performance. 

6. Conclusion 
A new technique for handling Energy within the house 

that integrates the Non-Cooperative SGT model with a pre-

existing PSO algorithm and a novel Optuna optimization 

model is provided in this study. This is done to overcome the 

limitations of the present DSM methodologies, like delays in 

real-time response and inefficiency in optimization. From the 

RMSE% and MAE% output, it can be seen that PSO is more 

accurate in balancing loads. However, Optuna saves 45.45% 

energy and 49.89% costs annually. PSO produces more 

precise and consistent results, but it requires more computing 

power and has greater running expenses. However, the Optuna 

model trades off some accuracy in predicting the Load but is 

more economical and achieves convergence more quickly. It 

is stressed in the paper that it is crucial for the real-time DSM 

model to strike a balance between economic efficiency and 

optimum accuracy. Optuna outperforms PSO in situations 

where cost savings are a priority. However, in cases where 

grid stability and load balancing requirements must be met 

accurately, PSO becomes more suitable. This approach 

promotes sustainable energy management and improves DSM 

optimization in areas with variable demand and limited 

resources. Adaptive pruning in Optuna allows faster 

convergence, where accuracy is reached with less complexity 

than in PSO, especially in large and nonlinear cases. Although 

PSO performs well on small problems, Optuna outperforms 

PSO on larger problems and shows better efficiency. 

Moreover, Optuna has shown better grid reliability and load-

balancing performance than the PSO algorithm.  

This research work has illustrated that the use of the SGT-

DSM framework with an existing metaheuristic algorithm and 

novel optimization framework methods. It has been proven 

that the novelty scheme improves the performance of the 

system as well as the grid performance compared to the 

existing method. From the overall results, it is evident that 

there is a significant compromise between the efficiency and 

effectiveness of optimization and prediction processes, since 

the PSO algorithm places a lot of emphasis on reducing errors, 

whereas Optuna provides a relatively stable optimization 

approach despite being associated with some level of 

acceptable error rate. So, the novelty Optuna method is more 

effective than PSO with its better Energy and cost savings and 

higher reliability for the residential sector DSM. 
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APPENDIX 1 

Grid Data Set - Ad Dakhliyah, Oman 

Period 

Electricity 

Distribution 

(GWh) 

Residential 

Consumption 

(GWh) 

Residential 

Consumption – 

Per Consumer 

(GWh) 

Number of 

Residential 

Consumers 

Total 

Electricity Cost 

(OMR) 

Cost per 

Consumer 

(OMR) 

Jan-23 144.20 60.4638406 6.0483 × 10⁻⁴ 99,968 906,957.61 9.072479293 

Feb-23 148.61 60.44615507 6.032 × 10⁻⁴ 100,213 906,692.33 9.047651802 

Mar-23 171.92 79.50892004 7.9172 × 10⁻⁴ 100,426 1,192,633.80 11.87574732 

Apr-23 202.98 102.9780124 1.0231 × 10⁻³ 100,653 1,544,670.19 15.34648932 

May-23 290.19 164.5517112 1.6326 × 10⁻³ 100,793 2,468,275.67 24.4885624 

Jun-23 339.35 210.5474497 2.0808 × 10⁻³ 101,184 3,158,211.74 31.21256068 

Jul-23 361.99 225.5435311 2.2211 × 10⁻³ 101,547 3,383,152.97 33.31612918 

Aug-23 353.83 208.1437976 2.0501 × 10⁻³ 101,528 3,122,156.96 30.75168387 

Sep-23 333.45 194.1073427 1.9018 × 10⁻³ 102,063 2,911,610.14 28.52757748 

Oct-23 286.10 159.9667986 1.5688 × 10⁻³ 101,970 2,399,501.97 23.53145013 

Nov-23 208.91 105.6152402 1.0312 × 10⁻³ 102,419 1,584,228.60 15.46811236 

Dec-23 155.27 71.33411256 6.9519 × 10⁻⁴ 102,611 1,070,011.69 10.42784584 

TOTAL 2,996.80 1,643.206912 0. 0162044 1,215,375 24,648,173.67 243.0662897 

(Source: NAMA Company, 2023) 
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APPENDIX 2 

Grid Reliability and Load Balancing Metrics Formula  

∗            𝐿𝐵𝐹 =
1

𝑃𝐴𝑅
;              𝑃𝐴𝑅 is the Maximum Load to Average Load 

∗           𝑃𝐴𝑅 =
𝑥𝑚𝑎𝑥

𝑥𝑎𝑣𝑔
;            𝑥𝑚𝑎𝑥 Is the Maximum of the energy consumption monthly or annually? 

                                         𝑥𝑎𝑣𝑔  Is the Average Energy Consumption  monthly or annually 

∗           𝐿𝑉𝐼 =
𝜎𝑥

𝑥𝑎𝑣𝑔
;              𝜎𝑥  is the standard deviation of the energy consumption in a month or annual period 

                                      𝑥𝑎𝑣𝑔  Is the Average Energy Consumption  in a month or annually 

∗          𝐿𝑆𝐼 = 1 − 𝐿𝑉𝐼 

∗          𝐶𝑅𝐼 =
𝑥𝑚𝑎𝑥

𝑥𝑚𝑎𝑥−𝐵𝑎𝑠𝑒
;        𝑥𝑚𝑎𝑥 Is the Maximum of the energy consumption in a month or annually? 

:           𝑥𝑚𝑎𝑥−𝐵𝑎𝑠𝑒  Is the Base-Maximum of the energy consumption in a month or annually?

 


