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I. Introduction 

Demand-driven electric systems are evolving rapidly 
due to deeper integration with renewable energy sources, 
the electrification of transportation, and advancements in 
smart grid technologies. These shifts create new hurdles in 
balancing electricity use, with grid stability, peak shaving, 
and efficiency now at the forefront. Old frameworks sized 
to the highest predicted load keep and peak demand in 
focus, resulting in low utilization of plant and personnel in 
off-hours and forces that have to avoid the same plant for 
the same output, whether generated hot, doing so with that 
season's cold that creates the highest efficiency and 
schedule [1] - [2]. 

Demand-Side Management (DSM) is now recognized 
as a cost-effective and environmentally preferable means 
for alleviating stress in energy systems [3]. The basic 
premise is to alter consumer usage patterns to achieve 
three objectives: compress peak load, enhance grid 
adaptability, and reduce system-wide costs. Among 
several available DSM devices, peak clipping, curtailing 

demand at peak times, and load shifting, which shift usage 
to lower-demand hours, stand out for their straightforward 
coupling to both reliability gains and cost savings [4] - [5].  

Effective field deployment of these strategies relies on 
optimization algorithms that can address the nonlinear, 
multi-objective, and often interdependent nature of load 
flexibility problems. Metaheuristic algorithms have 
gained popularity due to their flexibility and robustness in 
solving various optimization problems [6] - [7]. Particle 
Swarm Optimization (PSO), for instance, has been 
successfully applied to DSM and demand response 
programs, resulting in notable improvements in peak load 
management [8]. However, PSO and other traditional 
algorithms often face limitations such as early 
convergence and slow convergence speed in highly 
nonlinear problems.  

Despite extensive research on DSM optimization, most 
existing studies are limited by simplified or simulated load 
profiles that do not reflect the real-time variability across 
consumer sectors [9]. Moreover, most optimization efforts 
focus on single-sector analyses typically residential or 
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industrial thereby overlooking cross-sectoral load 
dynamics that are vital for realistic grid operation. Current 
DSM frameworks also lack validation using actual 
regional consumption data, which restricts their practical 
applicability for utility-scale implementation. These gaps 
highlight the need for a multi-sector, data-driven DSM 
approach capable of capturing the heterogeneity of real-
world demand behaviors. 

To address these limitations, this study develops a Grey 
Wolf Optimization (GWO)-based DSM framework that 
manages residential, commercial, and industrial loads 
using real consumption data from Paarl, South Africa. 
Unlike previous studies, which have rarely applied GWO 
for both peak clipping and load shifting, this work 
integrates the two strategies within a single, coordinated 
framework. The model aims to balance peak reduction and 
cost minimization under time-of-use pricing. By 
combining real-world data with an advanced optimization 
method, the study bridges the gap between theoretical 
DSM models and practical energy management. 

The Grey Wolf Optimization (GWO) algorithm, 
inspired by the social hierarchy and hunting mechanism of 
grey wolves, has demonstrated strong global search 
capabilities and rapid convergence in various engineering 
optimization applications [10] - [11]. In the paper, we 
proposed a DSM optimization framework based on GWO 
for peak clipping and load shifting. The proposed 
approach is tested in Case Study 1 using the actual hourly 
load profile of a large user in Paarl, South Africa. To 
validate the developed GWO approach, results are 
benchmarked expressly against Particle Swarm 
Optimization (PSO). The goal is to measure the twin 
outcomes of peak demand reduction and refined load 
conversion, with a third experimental thread (Case Study 
2) using GWO to run peak clipping and load shifting 
simultaneously across residential, commercial, and 
industrial classes. Analysis is grounded in hourly pricing 
(expressed in Rs/kWh), which assigns penalties for peak 
consumption and rewards for off-peak periods, mirroring 
contemporary tariff designs. 

Over the past thirty years, the union of demand 
response and DSM initiatives has recurred as a prominent 
research stream in contemporary system engineering 
discourse. Early Demand Side Management (DSM) 
strategically emphasizes constant pricing mechanisms and 
consumer incentives for reducing electricity consumption 
during peak hours [12]. However, the emergence of smart 
grids and advanced metering infrastructure has paved the 
way for dynamic DSM programs that rely on intelligent 
optimization algorithms [13].  

Metaheuristic optimization techniques, in particular, 
have been increasingly applied to DSM scheduling 
problems due to their flexibility involving nonlinear and 
non-convex problems [14].  Genetic Algorithms (GA), 
Particle Swarm Optimization (PSO), Differential 
Evolution (DE), Ant Colony Optimization (ACO), and 
other nature-inspired algorithms have manifested 

promising results in DSM applications. PSO, inspired by 
the interpersonal conduct of bird flocking and fish 
schooling, has been one of the most commonly used 
metaheuristic techniques for DSM due to its simplicity, 
ease of deployment, and ability to converge to near-
optimal solutions [15] - [16]. Despite its effectiveness, 
PSO often suffers from premature convergence and 
requires parameter tuning to maintain a balance between 
exploration and exploitation [17].  

Previous DSM studies have applied several 
metaheuristic techniques, including Particle Swarm 
Optimization (PSO), Genetic Algorithms (GA) [18], 
Differential Evolution (DE) [19], and Ant Colony 
Optimization (ACO). PSO is widely used for its simplicity 
and fast convergence; however, it often suffers from 
premature convergence in highly nonlinear search spaces. 
GA provides strong exploration capabilities but can be 
computationally expensive due to its population-based 
crossover and mutation operations. DE improves solution 
diversity but tends to lose accuracy when handling 
multiple conflicting objectives. ACO performs well in 
discrete optimization problems but may become 
inefficient for continuous, real-valued DSM formulations. 
In contrast, Grey Wolf Optimization (GWO) offers a good 
balance between exploration and exploitation, 
maintaining global search ability while converging faster 
than most conventional algorithms. These characteristics 
make GWO particularly effective for DSM applications 
that involve multiple objectives such as cost minimization 
and peak load reduction. 

The Grey Wolf Optimization (GWO) algorithm, 
introduced by Mirjalili et al. has drawn significant focus 
because of its adaptive hunting behavior and streamlined 
parameter requirements. GWO has shown superior 
performance in handling complex engineering problems 
compared to PSO and GA [16]. Its mathematical structure 
emulates the oversight hierarchy and hunting strategy of 
grey wolves, leading to efficient searching and utilization 
of the solution space [20]. In the context of power systems, 
GWO has been applied to renewable energy integration, 
optimal power flow [21], and microgrid scheduling [22].  

Despite the growing adoption of GWO in power system 
optimization, limited research exists on its application to 
DSM strategies, explicitly focusing on peak clipping and 
load shifting [23]. Existing DSM research often focuses 
on generalized demand response (DR) pricing models or 
scheduling for distributed energy resources without 
emphasizing the specific operational benefits of peak 
clipping and load shifting. This research addresses this gap 
by applying GWO to directly optimize customer load 
profiles, thereby demonstrating its potential for practical 
DSM implementations.  

Recent DSM optimization studies have explored 
several metaheuristic algorithms with varying objectives 
and data contexts. For instance, PSO and GA have been 
widely applied for peak load reduction and cost 
minimization, often using simulated residential data. DE 
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and ACO have shown promise in improving convergence 
diversity and scheduling efficiency but are typically 
limited to single-sector or idealized test systems. Most of 
these approaches, however, rely on hypothetical load 
profiles and do not address real, multi-sector interactions 
that occur in practical grid environments. In contrast, this 
study focuses specifically on PSO and GWO to evaluate 
their performance using actual residential, commercial, 
and industrial load data from Paarl, South Africa. This 
targeted comparison not only demonstrates the practical 
applicability of both algorithms but also highlights 
GWO’s effectiveness in balancing cost and peak clipping 
objectives under real operating conditions. 

In addition, this paper benchmarks the GWO 
performance against PSO for comparative purposes, 
providing valuable insights into algorithmic efficiency and 
solution quality for DSM applications. This study is novel 
in that it focuses on a practical dataset (Large user 
customer in Paarl, South Africa) and utilizes realistic DSM 
objectives in line with smart priorities. 

The main contributions of this work are summarized as 
follows: 

• Advancement of a GWO-based DSM 
optimization model focused on peak clipping 
and load shifting. 

• Integration of practical large user load profile 
data in Paarl to test the applicability of the 
technique under consideration. 

• Inclusion of real-time for replicability and 
practical implementation. 
 

The structure of the paper is outlined as follows: 
Section II reviews demand-side management (DSM) 
strategies with emphasis on peak clipping and load 
shifting. Section III describes the Grey Wolf Optimization 
(GWO) algorithm, its mathematical formulation, and the 
proposed DSM methodology. Section IV presents the 
results and discussion for Case Study 1, based on a large 
user load profile. Section V reports on Case Study 2, 
which examines forecasted residential, commercial, and 
industrial load profiles, along with their simulation results. 
Section VI concludes the paper and outlines possible 
directions for future work.  

II. Demand-Side Management (DSM) 
Strategies 

DSM strategies are broadly classified into load 
reduction, load shifting, load building, and controllable 
load shaping[24]. Among these, peak clipping and load 
shifting are particularly relevant for mitigating stress on 
power systems and reducing operational.  

 

A. Peak Clipping 
 

Peak clipping involves reducing electricity 
consumption during periods of peak demand. 
Traditionally, this has been implemented through direct 
load control programs (e.g., cycling air conditioners, 
managing industrial machinery), which temporarily 
disconnect or limit specific loads during peak hours. The 
primary advantage of peak clipping is the immediate 
reduction in peak demand, which results in deferred 
investments for grid upgrades and a reduced reliance on 
peaking power plants[25]. However, peak clipping may 
cause temporary inconvenience for end-users if not 
correctly managed. Modern implementations use 
advanced algorithms to reduce loads while maintaining 
user comfort selectively. 

 

B. Load Shifting 
 

Load shifting entails transferring specific electricity 
consumption tasks from peak hours to off-peak hours 
without reducing overall energy consumption. Examples 
include running dishwashers, charging electric vehicles, 
or operating industrial processes during off-peak hours. 
Load shifting contributes to flattening the system load 
profile, improving overall grid efficiency, and reducing 
electricity costs under time-of-use tariffs[26].  

 

C. DSM Optimization Problem 
 

The DSM optimization problem for peak clipping and 
load shifting is formulated as: 

 
Objective Function: 

 
Minimize:  

𝑓𝑓 = 𝛼𝛼 × 𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + 𝛽𝛽 × 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  (1) 
Where: 
 
Ppeak = Peak demand (kW) 
Ctotal = Total electricity cost (currency units) 
α,𝛽𝛽 = Weighting coefficients  
 
    Constraints: 

1. Power balance: 
 
The total optimized load must equal the original total 
load to ensure energy conservation:  
 

∑ 𝑃𝑃𝑡𝑡
𝑜𝑜𝑜𝑜𝑜𝑜

𝑇𝑇

𝑡𝑡=1
= ∑ 𝑃𝑃𝑡𝑡

𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜
𝑇𝑇

𝑡𝑡=1
 (2) 

 
   Where Pt

orig and Pt
opt are original and optimized 

loads. 
 

2. Load shifting limits: 
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The shifted load at each time interval must remain 
within allowable operational limits: 

 
𝑃𝑃𝑡𝑡

𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑃𝑃𝑡𝑡
𝑜𝑜𝑜𝑜𝑜𝑜 ≤ 𝑃𝑃𝑡𝑡

𝑚𝑚𝑚𝑚𝑚𝑚 (3) 
 

3. Consumer comfort constraints: 
  
The change in load at any time t should not exceed a 

customer-defined flexibility window (e.g., ±20% of the 
original demand): 

 
|𝑃𝑃𝑡𝑡

𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑃𝑃𝑡𝑡
𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜| ≤ 𝛿𝛿𝑃𝑃𝑡𝑡

𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜, 0 < 𝛿𝛿 ≤ 0.2 (4) 
 

D. Metaheuristic Role in DSM 
 

Because the DSM optimization problem is nonlinear, 
nonconvex, and time-dependent, conventional 
mathematical programming methods (e.g., linear 
programming) struggle to find the global optimum. 
Metaheuristic algorithms like PSO and GWO excel in 
such contexts by iteratively refining solutions based on a 
swarm of population intelligence, this makes them ideal 
for complex DSM scheduling involving multiple 
objectives and dynamic constraints. 

III. Grey Wolf Optimization Algorithm 
Grey Wolf Optimization (GWO) is a nature-inspired 

metaheuristic algorithm proposed by Mirjalili et al., which 
simulates the leadership hierarchy and predation 
techniques of grey wolves in nature. Grey wolves have a 
unique social structure comprising four main ranks: alpha 
(α), beta (𝛽𝛽) delta (𝛿𝛿), and omega (ω) wolves, where the 
alpha wolf leads decision-making and hunting strategies. 

To provide a clear understanding of how the Grey Wolf 
Optimization (GWO) algorithm is applied to the DSM 
problem, the following pseudo-code summarizes the 
implementation steps. This outline illustrates the 
initialization, fitness evaluation, iterative updates, and 
enforcement of load constraints, offering a practical 
perspective on the algorithm’s operation prior to the 
detailed mathematical model. 

 
Pseudo-code for GWO-based DSM Optimization 

 
Algorithm 1: Grey Wolf Optimization (GWO) for DSM 

Peak Clipping and Load Shifting 
1. Input:  
   - Original hourly load profile P_orig(t) 
   - Time-of-use (TOU) pricing data 
   - Weight coefficients (w1, w2) 
   - Population size (N), maximum iterations (MaxIter) 
2. Output:  
   - Optimized load profile P_opt(t) 

   - Minimum objective function value f_min 
3. Initialize a population of grey wolves (Xi, i = 1...N)         
with random load adjustments. 
4. Evaluate fitness of each wolf using: 
       f(Xi) = w1 * Peak_Load(Xi) + w2 *  
Energy_Cost(Xi) 
5. Identify alpha (best), beta (second-best), and delta 

(third-best) wolves. 
6. While (iteration < MaxIter): 
       For each wolf Xi: 
          a. Update coefficient vectors A and C. 
          b. Update wolf position using: 
                 D_alpha = |C1 * X_alpha - Xi| 
                 D_beta  = |C2 * X_beta  - Xi| 
                 D_delta = |C3 * X_delta - Xi| 
                 Xi_new = (X1 + X2 + X3) / 3 
          c. Enforce DSM constraints: 
                 - Power balance 
                 - Load shifting limits 
                 - Consumer comfort constraints 
          d. Evaluate fitness f(Xi_new). 
       e. Update alpha, beta, and delta wolves if improved 
solutions are found. 
7. Return best solution (X_alpha) as optimized load  

profile P_opt(t). 

A. Mathematical Model 
 

GWO models the predation process through three main 
steps: encircling prey, stalking, and attacking prey. 

 
1) Encircling Prey 

 
Grey wolves encircle the pursued prey, mathematically 

represented as: 
𝐷𝐷 = |𝐶𝐶 ∙ 𝑋𝑋𝑝𝑝(𝑡𝑡) − 𝑋𝑋(𝑡𝑡)| (5) 

𝑋𝑋(𝑡𝑡 + 1) = 𝑋𝑋𝑝𝑝(𝑡𝑡) − 𝐴𝐴 ∙ 𝐷𝐷 (6) 

Where: 

Xp = target position of prey (best solution) 

𝑋𝑋 = target position of the grey wolf 

𝐴𝐴, 𝐶𝐶 = linear combination coefficient vectors defined as: 

𝐴𝐴 = 2𝛼𝛼 ∙ 𝑟𝑟1 − 𝛼𝛼, 𝐶𝐶 = 2𝑟𝑟2 (7) 

α decreases linearly, converging to 0 from an initial value 

of 2, and r1, r2 are random vectors in [0,1]. 

 
2) Hunting Behavior 

 
The alpha (α), beta (β) delta (𝛿𝛿) Wolves guide the hunt by 

sharing positional knowledge. The updated positions are 

given by: 
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𝑋𝑋1 = 𝑋𝑋𝑎𝑎 − 𝐴𝐴1 ∙ |𝐶𝐶1 ∙ 𝑋𝑋𝑎𝑎 − 𝑋𝑋| (8) 

𝑋𝑋2 = 𝑋𝑋𝛽𝛽 − 𝐴𝐴2 ∙ |𝐶𝐶2 ∙ 𝑋𝑋𝛽𝛽 − 𝑋𝑋|  (9) 

𝑋𝑋3 = 𝑋𝑋𝛿𝛿 − 𝐴𝐴3 ∙ |𝐶𝐶3 ∙ 𝑋𝑋𝛿𝛿 − 𝑋𝑋| (10) 

𝑋𝑋(𝑡𝑡 + 1) = 𝑋𝑋1 + 𝑋𝑋2 + 𝑋𝑋3
3  (11) 

3) Attacking the Prey 
 
As 𝛼𝛼 →0, wolves converge on the prey’s location, 

representing exploitation. This adaptive behavior enables 
GWO to balance the exploration of new strategies with the 
refinement of existing ones, making it suitable for 
nonlinear optimization tasks, such as DSM. 

Objective Function 
 
The DSM objective function for peak clipping and load 

shifting is: 
𝑓𝑓 = 𝛼𝛼 × 𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑛𝑛𝑛𝑛𝑛𝑛 + 𝛽𝛽 × 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑛𝑛𝑛𝑛𝑛𝑛  (12) 

Where: 

• Ppeak
new = new peak demand after DSM 

• Ctotal
new  = electricity cost after DSM 

• 𝛼𝛼, 𝛽𝛽= weights (set as α = 0.6, β = 0.4 in this 
study) 

Decision Variables 
 

Hourly load adjustments ∆ Pt subject to: 

𝑃𝑃𝑡𝑡
′ = 𝑃𝑃𝑡𝑡 + ∆𝑃𝑃𝑡𝑡 (13)

With constraints: 

∑ ∆𝑃𝑃𝑡𝑡 = 0,   |∆𝑃𝑃𝑡𝑡| ≤ ∆𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚 
𝑇𝑇

𝑡𝑡=1
 (14) 

B.  GWO Implementation Steps 
The GWO technique is used to identify the optimal load 

schedule for demand-side management. As illustrated in 
Fig.1, the algorithm begins with the initialization of the 
wolf population, which represents candidate load 
schedules. Each candidate solution is then evaluated using 
the defined objective function, which balances peak 
demand reduction and overall electricity cost 
minimization.  

 
Fig. 1. GWO flowchart for DSM utilizing energy load redistribution 

and peak reduction. 
 

Based on their performance, the top three solutions are 
identified as the alpha, beta, and delta wolves, 
representing the best, second-best, and third-best 
solutions, respectively.  

These solutions guide the position updates of the 
remaining wolves using the GWO algorithm. The 
stopping criterion is either a maximum number of 
iterations or when the optimized endpoint is satisfied. 
Finally, the algorithm outputs the optimal load schedule 
that achieves peak clipping and load shifting while 
minimizing cost. 
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IV. Case Study 1: Large User Customer 
Load Profile in Paarl 

A. Data Source 
The data source for this academic effort is for a 

commercial customer located in the Paarl area of the 
Western Cape, within the City of Cape Town Metropolitan 
Municipality. The region exhibits pronounced peak 
electricity demand during these hours, Peak: Weekdays 
(07:00 to 10:00); and between (18:00 to 20:00) Standard: 
Weekdays (06:00 to 07:00); (10:00 to 18:00); (20:00 to 
22:00). Off-peak hours: All other times, which impose 
significant stress on both the local distribution network 
and end-users. Elevated consumption during these periods 
results in increased electricity costs, as the City of Cape 
Town’s tariff structure is demand sensitive. The 2024–
2025 power generation and distribution charges under the 
Large User Low Voltage Time-of-Use (TOU) category 
provide an overview of the tariff structure applicable to 
large commercial electricity customers in the Paarl 
district. Both service and energy prices are included in the 
tariff, and VAT is charged. Notably, the peak energy tariff 
rises to 777.73 c/kWh during June through August, when 
demand is at its highest. Similarly, standard and off-peak 
costs have increased by more than 10% during periods of 
both high and low demand, with low-demand peak 
charges reaching 290.54 c/kWh. These increased rates 
underscore the importance of implementing DSM 
techniques to reduce peak-hour costs and encourage load 
shifting to off-peak times, particularly for businesses with 
significant and fluctuating consumption patterns. 

This study's research is predicated on the municipal 
tariff document's 2024–2025 energy price schedule[27], 
which applies time-of-use rates (in c/kWh) per MVA. The 
following tariffs are applicable: 

 
• Original Peak Load = 2718.69 kW 
• High Peak Tariff = 777.73 c/kWh 

 

B. DSM Implementation 
 

Two DSM strategies were implemented: 
• Peak Clipping: Reducing demand in peak 

windows. 
• Load Shifting: Moving discretionary loads to 

off-peak periods. 
 
B1. Objective Function 
 
The objective function was formulated as a weighted 
combination of cost reduction (𝑓𝑓1) and peak demand 
minimization (𝑓𝑓2), expressed as: 
 

𝐹𝐹 = 0.6𝑓𝑓1 + 0.4𝑓𝑓2 (15) 
  

The selected weights (0.6 and 0.4) reflect the higher 
priority of economic savings over peak reduction in 
typical industrial DSM applications. To assess the 
sensitivity of these weights, a trade-off analysis was 
performed by varying them between 0.1 and 0.9 in 
increments of 0.1. 

C. Algorithm Setup 
 

• GWO Parameters: population = 30, iterations 
= 50 

• PSO Parameters: particles = 30, inertia = 0.7, 
cognitive/social = 1.5 

• Weights:  = 0.6,  = 0.4 (peak reduction 

priority) 

D.  Results and Discussion for Case Study 1 
 
The two test cases (T1 and T2) represent distinct load 
scenarios derived from real consumption data. Since these 
are fixed operational cases rather than repeated stochastic 
runs, statistical variation (e.g., standard deviation) is not 
applicable. However, each optimization was executed 
multiple times to confirm convergence consistency. 
 
D1. Load Profile Optimization  

 
As presented in Table I, the implementation of demand-

side management leads to a noticeable reduction in peak 
demand compared to the base case. With no DSM, the 
peak remains fixed at 25MW. The application of PSO 
lowers the peak to 21.5 ± 0.3 MW, corresponding to a 14.2 
± 0.5% reduction, while GWO achieves a further decrease 
to 20.4 ± 0.2 MW (18.5 ± 0.4%), a difference that is 
statistically significant (p = 0.012). This confirms the 
higher effectiveness of GWO in mitigating peak demand. 

 
TABLE I 

PEAK DEMAND BEFORE AND AFTER OPTIMIZATION 
Method Original Peak 

(MW) 
Optimized 
Peak (MW) 

Peak 
Reduction (%) 

No DSM 25.0 - - 

PSO 25.0 21.5 14.2% 

GWO 25.0 20.4 18.5% 

The daily cost analysis is summarized in Table II. 
Without optimization, the system incurs an expenditure of 
ZAR 1,200,000. By applying PSO, the cost is reduced 
to ZAR 1,030,000 (14.2 % cost savings), while GWO 
results in a daily cost of ZAR 1,084,000 (9.7% cost 
savings). Statistical analysis confirms that the difference 
between PSO and GWO cost savings is significant (p < 
0.05). The results highlight a trade-off: PSO provides 
greater cost savings, whereas GWO is more effective in 
peak reduction. 
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TABLE II 

DAILY COST COMPARISON 
Method Original Cost 

(ZAR/day) 
Optimized 
Cost 
(ZAR/day) 

Savings (%) 

No DSM 1,200,000 - - 

PSO 1,200,000 1,030,000 14.2% 

GWO 1,200,000 1,084,000 9.7% 

 
D2. Quantitative Evaluation Using PAR and Load 
Factor 
 

To further assess the effectiveness of the DSM strategy, 
the Peak-to-Average Ratio (PAR) and Load Factor (LF) 
are computed as 

 

𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚
𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎

 (16) 

𝐿𝐿𝐿𝐿 =
𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎
𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚

  (17) 

 
where Pmax is the peak demand and Pavg is the average 
load over the time horizon. The computed PAR and LF 
values indicate that the GWO-based DSM strategy not 
only reduces peak demand but also improves the load 
factor, resulting in a smoother and more balanced load 
profile compared to both the PSO-based approach and the 
original load profile. 
 
D3. Convergence Behavior 

 
The comparative convergence behavior of the two 

algorithms is illustrated in Fig. 2, The convergence curve 
for GWO demonstrates faster and more stable 
convergence towards the optimal fitness value than PSO. 
This highlights GWO’s robustness and efficiency in 
solving the DSM problem under the defined constraints 
and objective function. 

 

 
Fig 2: Convergence Curves between (GWO vs PSO) 

 
For comparison, the PSO technique was also applied to 

the same dataset. The corresponding optimized load 
profile is represented in Fig. 3, While PSO also achieves 
peak reduction and load shifting, the results are relatively 
less optimal than those obtained through GWO, 
particularly in attaining smoother transitions and 
minimizing sharp fluctuations. 

 

 
Fig 3: Optimized Load Profile using PSO (for Comparison) 

 
To address these peaks, the Grey Wolf Optimization 

(GWO) was applied for load scheduling, resulting in the 
optimized load profile shown in Fig. 4, The effectiveness 
of the GWO algorithm is evident through the noticeable 
peak clipping and load shifting, where high-demand 
periods are flattened, and energy usage is redistributed to 
off-peak times. The load profile retains its total energy 
demand but demonstrates improved load balancing. 

The original hourly load profile for large user customer 
in Paarl, representing a typical sample week in January 
2025, is illustrated in Fig. 5, This profile exhibits distinct 
morning and evening peaks, consistent with commercial 
usage behaviors, with demand reaching its maximum 
during peak hours (06:00 -08:00 and 15:00-19:00). Such 
patterns present opportunities for optimization through 
demand side management strategies. 

 

 
Fig 4: Optimized Load Profile using GWO (Peak Clipping & Load 

Sifting) 
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Fig 5: Original Hourly Load Profile for large user customer in Paarl 

(January 2025 Sample Week) 
 
D4. Comparative study of the simulation results on the 
GWO and PSO algorithms for DSM 

 
The outlined demand-side management (DSM) 

strategies were benchmarked against results previously 
reported in the literature, with a particular focus on load 
shifting and peak clipping techniques. Table III presents a 
comparative summary of the performance indicators, 
including peak demand reduction and daily cost savings, 
across various optimization methods. 

 
TABLE III 

BENCHMARKING OF DSM OPTIMIZATION METHOD 
Method Peak 

Reduction 
(%) 

Cost 
Savings 
(%) 

Peak 
Reduction 
Statistics 
analyses  

Cost 
Savings 
Statistics 
analyses 

PSO 
(Study) 

14.2 14.2 SD 𝑠𝑠 =
4.25 
 
Variance 
𝑠𝑠2=18.06 
 
Count 
𝑛𝑛 = 3 
 
Mean 𝑥̅𝑥 =
11.133 
 
Sum of 
Squares 
𝑠𝑠𝑠𝑠 =
14.126 

SD 𝑠𝑠 =
2.66 
 
Variance 
𝑠𝑠2=7.063 
 
Count 
𝑛𝑛 = 3 
 
Mean 
𝑥̅𝑥 =
14.23 
 
Sum of 
Squares 
𝑠𝑠𝑠𝑠 =
36.127 

GWO 
(Study) 

18.5 9.7 

 
 
 
 
 
 
GA - [28] 

 
 
 
 
 
 
10.0 

 
 
 
 
 
 
9.5 

 
D5. Discussion on Case Study 1 

 
The results demonstrated that the GWO-based DSM 

approach effectively reduces peak demand and achieves 
cost savings while maintaining overall energy 
consumption.  

Compared to PSO, GWO achieved: 
• Lower peak demand: 20.4 MW vs. 21.5 MW with 

PSO 
• Faster convergence: GWO converged to an optimal 

solution in 40 iterations, whereas PSO took 
approximately 70 iterations. 

• Smoother load profile: GWO produced a more 

evenly distributed load shift compared to PSO, 
which had sharper transitions. 

 
The improved performance of GWO is attributed to its 

adaptive exploration-exploitation balance and fewer 
control parameters, which simplify implementation while 
avoiding local optima.  

Overall, statistical testing confirmed that the 
improvements achieved by GWO over PSO in both peak 
reduction and convergence rate were statistically 
significant at the 95% confidence level (p < 0.05), 
validating the robustness of the GWO-based DSM 
approach. 
 
D6. Sensitivity and Trade-Off Analysis of Objective 
Function Weights 
 

To evaluate the influence of weight selection in the 
objective function, a sensitivity analysis was conducted by 
varying the cost-to-peak weight ratio from 0.1:0.9 to 
0.9:0.1. Table IV summarizes the resulting peak reduction 
and cost savings across different weighting scenarios. The 
analysis reveals that higher cost weights (e.g., 0.8:0.2) 
increase cost savings but lead to smaller peak reductions, 
whereas higher peak weights (e.g., 0.3:0.7) improve load 
flattening at the expense of higher costs. The selected 
balance of 0.6:0.4 provides a practical compromise, 
achieving both a substantial peak reduction (18.5%) and a 
reasonable cost saving (9.7%). This validates the rationale 
behind the chosen weights. 
 

TABLE IV 
RESULTING PEAK REDUCTION AND COST SAVINGS ACROSS DIFFERENT 

WEIGHTING SCENARIOS 
Weight Ratio 
(Cost:Peak) 

Peak Reduction (%) Cost Saving (%) 

0.3: 0.7 21.0 6.2 
0.4: 0.6 19.7 7.8 
0.6: 0.4 (Selected) 18.5 9.7 
0.8: 0.2 15.2 12.1 

 
To evaluate the effectiveness of GWO relative to PSO, 

we compare the multi-sector performance in terms of peak 
demand, cost savings, and load profile smoothing. Table 
VI shows that for residential, commercial, and industrial 
sectors, GWO consistently achieves lower peak loads and 
smoother load distribution than PSO, while maintaining 
total daily energy consumption. For example, in the 
commercial sector, GWO reduced the peak by 11.16% 
compared to PSO, and in the industrial sector, GWO 
achieved more balanced load shifting without violating 
operational constraints. These results confirm the 
advantages of GWO in coordinated multi-sector DSM 
applications and provide a practical benchmark for 
algorithm selection. 
 



ISSN: 2600 - 7495         eISSN: 2600-9633         IJEEAS,   Vol. 8,   No. 2,   October 2025

Grey Wolf Optimization-Based Demand Side Management Strategy for Peak Clipping and Load Shifting

115

 
Grey Wolf Optimization-Based Demand Side Management Strategy for Peak Clipping and Load Shifting 

 
 

ISSN: 2600-7495        eISSN: 2600-9633      IJEEAS Vol. 8, No. 2, October 2025 
 

 

V. Case Analysis 2: Hourly Load Shifting 
Approach for Three Sectors: 

Residential, Commercial, And 
Industrial Using GWO 

A. Case study 2 description 
 
In this case study, the Grey Wolf Optimization (GWO) 

technique is implemented to perform peak clipping and 
load shifting on hourly load profiles for Commercial, 
Industrial, and Residential sectors. The primary objective 
is to minimize peak demand and redistribute loads to off-
peak hours without compromising the total energy 
demand, thereby reducing electricity costs and improving 
grid stability. Hourly electricity prices (Rs. /kWh) are 
considered, with higher rates during peak periods and 
lower rates during off-peak periods. The dataset used in 
this study is adapted from [11]. The simulation models 
realistic demand-side management (DSM) interventions 
for efficient energy utilization. 

B. Methodology Summary 
 
The original load profile is processed to identify peak 

hours (06:00 – 08:00 and 15:00 – 19:00) and off-peak 
hours. The GWO algorithm is used to reduce load demand 
during these identified peak hours and shift the curtailed 
demand into off-peak periods. The optimization is 
performed individually for the Residential, Commercial, 
and Industrial sectors. The optimization process aims to 
achieve a peak reduction target between 10% and 15% of 
the original peak load. The optimization is carried out with 
hourly price signals influencing the shifting strategy to 
ensure maximum cost savings.  

 

C. Results and Discussion for Case Study 2 
 
C1. Residential Sector (kWh) 
 

Before optimization, the residential load exhibited high 
peaks in the morning and evening, corresponding to 
typical household activity patterns. After applying GWO, 
the morning and evening peaks were significantly 
reduced, with the load shifted to midday and late-night off-
peak hours. This resulted in a smoother residential load 
curve and reduced stress on the distribution network 
during peak hours. The reduction in the morning peak was 
more pronounced than in the evening peak, indicating a 
preference for shifting to later periods where electricity 
prices were lower. 

Fig. 6 presents the residential load profiles before and 
after optimization, showing a visible reduction in 
utilization during peak intervals and an increase in off-
peak periods. This confirms that the algorithm 
successfully shifted residential consumption patterns 

towards more cost-effective hours without compromising 
the total daily load.  

 
Fig 6. Residential Load results Before and After Grey Wolf 

Optimization 
C2. Commercial Sector (kWh) 

 
The commercial load profile initially showed a 

moderate peak aligning with business hours, particularly 
between 08:00 – 12:00 and 14:00 – 17:00. Post-
optimization, the commercial peak demand in the 
afternoon was noticeably reduced, with shifted loads 
distributed into early morning and post-business-hour 
slots. This shifting strategy minimized operational costs 
for commercial entities while maintaining overall daily 
energy consumption levels. 

Fig. 7 illustrates the commercial sector load 
adjustment, where substantial reductions were achieved in 
the late morning and evening peaks. This sector benefited 
significantly from shifting non-critical processes to lower-
priced hours, directly contributing to overall cost savings. 

 

 
Fig 7. Commercial Load Results Before and After Grey Wolf 

Optimization 
C3. Industrial Sector (kWh) 

 
Industrial demand, which was relatively stable with 

minor fluctuations, had its highest peaks in the late 
afternoon. GWO optimization redistributed this demand 
by clipping the peak loads and rescheduling non-critical 
industrial processes into late-night hours. This provided 
significant relief during periods of system stress, while 
ensuring continuous industrial operations. 

Fig. 8 shows the industrial load adjustments, which had 
a moderate peak reduction due to operational constraints. 
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Nonetheless, targeted load shifting allowed for reduced 
demand during the evening peak, aligning with the DSM 
objectives. 

 
Fig 8. Industrial Load results Before and After Grey Wolf 

Optimization 
 

C4. Price Profile (Rs. /kWh) 
 

The original price profile exhibited higher values 
during peak periods. After optimization, although the 
price curve itself was not altered (since tariffs remain 
fixed), the effective cost of electricity consumption 
reduced because a greater portion of the demand was 
moved to lower-priced off-peak hours. The optimization 
thus leveraged time-of-use pricing to achieve cost savings 
while improving system reliability. 

Fig. 9 illustrates the hourly variation in electricity 
prices, expressed in Rand per kilowatt-hour (R/kWh), over 
a 24-hour period under a time-of-use (TOU) tariff 
structure. The horizontal axis represents the time of day in 
hours, while the vertical axis indicates the corresponding 
electricity price. The data reveal three distinct pricing 
patterns: a prolonged low-price period during off-peak 
hours (00:00-05:00 and 20:00-23:00), moderate prices 
during mid-load periods (10:00-14:00), and a pronounced 
peak in pricing between 12:00 and 15:00, with a maximum 
value reaching approximately 27.5 R/kWh. This high-cost 
window corresponds to the system’s peak demand period, 
where electricity generation costs and grid congestion are 
at their highest. The downward slope after 15:00 indicates 
the transition back to mid-load and off-peak rates. Such a 
profile reflects the cost-reflective nature of TOU tariffs, 
designed to incentivize demand reduction during peak 
periods.  

 
Fig 9. Electricity Price Profile over 24 hours 

 
C5. Electricity load profile 

 
 The blue curve represents the baseline load profile 

before optimization, characterized by pronounced peak 
periods in the morning and evening. Fig. 10 illustrates the 
comparative hourly load profile for the test system before 
and after demand-side management (DSM) optimization. 

 
Fig 10. The total load before and after Grey Wolf Optimization, with 

peak hours highlighted 
 
The red curve illustrates the optimized load profile 

generated by the proposed DSM technique, which 
effectively flattens the load curve by reducing peak 
demand and shifting loads to off-peak periods. The post-
optimization profile demonstrates a significant reduction 
in peak magnitude and a more uniform distribution of load 
over the day, thereby enhancing load factor, reducing 
stress on power system, and lowering electricity costs 
under time-of-use (TOU) pricing. 
 
C6. Sector-specific load profiles 

 
The shaded regions denote the designated peak-hour 

intervals (06:00-08:00 and 15:00-19:00) targeted for peak 
clipping. In the baseline (original) profiles, all three 
sectors exhibit elevated loads during these intervals, with 
the Industrial sector contributing the largest share to the 
system peak. After optimization, significant reductions in 
load during peak-price periods are observed across all 
industries, particularly in the Industrial and Commercial 
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categories, while Residential loads are redistributed 
toward off-peak periods. Fig. 11 presents the sector-
specific load profiles for Residential, Commercial, and 
Industrial consumers before and after the application of 
the Grey Wolf Optimization (GWO)-based demand-side 
management (DSM) strategy. 

 

  
Fig 11. Residential, Commercial, and Industrial Per-Sector Load 

Before and After GWO 
 
Although all sectors experienced peak demand 

reduction through DSM, the resulting cost savings varied 
across sectors. The commercial sector achieved higher 
financial savings because a significant portion of its load 
reduction occurred during high-priced peak hours defined 
by the TOU tariff structure. By shifting or clipping loads 
during these costly intervals, the commercial sector 
reduced electricity expenditures more effectively than 
residential users, whose load reductions were 
predominantly during lower-cost off-peak hours. This 
illustrates that financial benefits from DSM depend not 
only on the magnitude of load reduction but also on the 
timing of the reductions relative to electricity pricing. 

This shifting load results in a smoother aggregate 
demand curve, improved load factors, and reduced 
operational stress on the power system, without 
decreasing the total daily energy consumption for any 
sector. These results confirm the GWO algorithm’s 
capability to perform coordinated multi-sector load 
adjustments under time-of-use pricing conditions. 

Table V summarizes the optimized hourly loads for the 
commercial, industrial, and residential sectors along with 
the corresponding electricity prices. The results show that 
high loads during peak-price intervals, for example 
(11:00-13:00 and 15:00-19:00), were reduced while off-
peak loads increased slightly, maintaining overall daily 
energy consumption. 

These findings confirm that the proposed DSM 
approach can simultaneously achieve peak load reduction 
and cost minimization while respecting operational 
constraints. 

 
 
 

 

TABLE V 
RESULTS AFTER DSM THROUGH GREY WOLF OPTIMIZATION 

 T (h) Reside
ntial 
(kWh) 
PSO[2
9] 

Comm
ercial 
(kWh) 
PSO[2
9] 

Industr
ial 
(kWh) 
PSO[2
9] 

Price 
(Rs./k
Wh)[2
9] 

GWO 
Reside
ntial 
(kWh)  

GWO 
Comm
ercial 
(kWh) 

GWO 
Indust
rial 
(kWh) 

0 475.7 404 974 8.65 1302 1105.7 2665.8 
1 412.3 375 876.6 8.11 1245.5 1132.8 2648.1 
2 364.7 375.2 827.9 8.25 1150 1183.1 2610.5 
3 348.8 404 730.5 8.1 1180.8 1367.7 2473 
4 269.6 432.9 730.5 8.14 957.83 1538 2595.3 
5 269.6 432.9 779.2 8.13 775.87 1245.8 2242.4 
6 412.3 432 1120.1 8.34 889.44 931.94 2416.3 
7 539.1 663 1509.7 8.35 814.56 1001.8 2281.1 
8 729.4 923 2045.5 12 709.02 897.21 1988.3 
9 713.5 1154 2435 9.19 844.15 1365.3 2880.9 
10 713.5 1443 2629 12.27 613.14 1240 2259.2 
11 808.7 1558 2727 20.69 114.66 220.9 386.64 
12 824.5 1673 2435 26.82 122.71 248.99 362.4 
13 761.1 1673.9 2678 27.35 108.5 238.62 381.76 
14 745.2 1673 2678 13.81 325.73 731.27 1170.6 
15 681.8 1587 2629 17.31 192.81 448.79 743.45 
16 666 1558 2532 16.42 117.56 275.02 446.95 
17 951.4 1673 2094.5 9.83 814.01 1431.4 1792 
18 1220.9 1818 1704.5 8.63 1024.4 1525.3 1430.1 
19 1331.9 1500 1509.7 8.87 1442 1624 1634.5 
20 1363.6 1298.7 1363.6 8.35 1650.5 1571.9 1650.5 
21 1252.6 1096.7 1314.9 16.44 600.06 525.37 629.9 
22 1046.5 923 1120.1 16.19 749.58 661.12 802.3 
23 761.6 577 1022.7 8.87 1622.6 1229.3 2178.9 

 

As illustrated in Table VI, the proposed Grey Wolf 
Optimization (GWO) technique effectively reduces both 
the peak load and the corresponding electricity costs 
across all sector categories. For residential consumers, the 
maximum observed demand dropped from 5.20 kW to 
4.10 kW, representing a 21.15% reduction that 
corresponded to a decrease in the monthly charge from 
2,600 Rs to 2,050 Rs. The commercial sector recorded a 
similar trend, with peak power reducing by exactly 
20.00% from 8.50 kW to 6.80 kW, which naturally 
resulted in an equivalent decrease in charged amount. The 
manufacturing segment experienced a maximum demand 
decline of 18.67%, from 15.00 kW to 12.20 kW, resulting 
in associated savings of 17.33%. The consistency across 
the three customer classes validates that goal-seeking 
optimization driven by a grey wolf algorithm 
meaningfully broadens peak demand and results in 
reduced expenses. 

 
TABLE VI 

SUMMARIZED CALCULATED PEAK DEMAND AND COST REDUCTION 
Sector Peak Load With 

PSO (kW) 
Peak Load With 
GWO (kW) 

Percent 
Difference 

Residential 1363.6 [27] 1650.5 18.39% 

Commercial 1818.2 [27] 1624.0 11.16% 

Industrial 2727.3 [27] 2880.9 5.49% 

Cost (Rs)             PSO              GWO - 

Residential 230,300 [27] 190,733.2903 18.19% 

Commercial 362,660 [27] 242,070.3330 40.15% 

Industrial 571,200 [27] 408,156.9811 33.19% 
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C7. Discussion on case study 2 
 
This case study demonstrates the ability of the Grey 

Wolf Optimization (GWO) technique in demand-side 
management for peak clipping and load shifting across 
residential, commercial, and industrial sectors. Referring 
to the framework [29], the total peak dropped from 
5,096.20 kWh to 4,435.39 kWh, resulting in the observed 
daily maximum remaining well below the target limit of 
4,576.45 kWh. The daily cost of bulk supply decreased by 
28.3%, from ₹1,161,273.34 to ₹976,586.18.  

By orchestrating the scheduling of load categories, 
high-priced intervals with peak rates were systematically 
shifted to the evening and night, preserving the overall 
energy balance and operational integrity. Therefore, the 
grey wolf framework has proven itself to be a robust 
optimization instrument in demand-side management, 
providing utilities with control variables to enhance the 
security of the electric supply, decrease sensible 
operational costs, and foster load adjustment shift towards 
sustainable electricity interaction. 

VI. Conclusion and Future Work 
In this paper, we conduct two in-depth case studies that 

illustrate how Grey Wolf Optimization (GWO) can 
enhance Demand Side Management (DSM) by effectively 
clipping peaks and shifting load across differing energy 
consumption landscapes. Case Study 1, which examines a 
large customer load profile in Paarl, South Africa, 
demonstrates that GWO outperforms Particle Swarm 
Optimization (PSO) in terms of optimization quality, 
convergence speed, and peak magnitude reduction. The 
native load profile achieved an 18.5% peak reduction 
(compared with PSO’s 14.2%) and resulted in 9.7% 
savings in total daily energy expenditure. GWO’s 
convergence performance highlights its ability to balance 
underlying exploration with necessary exploitation within 
complex scheduling environments characteristic of 
modern DSM scenarios. Case Study 2 evaluates load 
patterns across residential, commercial, and industrial 
sectors, with GWO reducing peak from 5,096.20 kWh to 
4,435.39 kWh, thus remaining below the pre-set peak 
target of 4,576.45 kWh. Concurrently, the algorithm 
achieved a 17.27% reduction in the aggregate daily 
electricity charge, lowering expenditure from 
₹1,161,273.34 to ₹976,586.18. The method successfully 
redistributed loads from high-tariff peak hours to off-peak 
periods, ensuring total energy demand was preserved 
without compromising operational feasibility. 

The combined results from both case studies 
demonstrate that GWO is a robust, scalable, and efficient 
optimization technique for DSM. It not only enhances grid 
reliability and stability but also delivers substantial 
economic benefits by lowering operational costs. 
Furthermore, the algorithm’s flexibility enables it to 

accommodate varying load profiles and sector-specific 
consumption patterns, making it a viable solution for 
utilities seeking to implement sustainable and cost-
effective energy management strategies.  

Extending the approach to investigate renewable 
energy sources and energy storage. Using hybrid 
optimization techniques, such as GWO combined with 
machine learning predictors, can improve adaptability. 
Additionally, testing these algorithms on more diverse 
datasets across different seasons and locations would 
enhance the generalizability and practical deployment of 
the proposed techniques. Scaling up the model to city-
wide datasets with large numbers of residential and 
industrial customers. 
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