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Abstract:  
 

Given the need to realize the full operational benefits of microgrids, such as improved 

profitability, enhanced reliability, enhanced energy efficiency and quality, reduced 

dependence on the main grid, reduced losses and costs, and clean environments, the 

deployment of distributed generators, has increased significantly, particularly those 

powered by renewable energy sources such as wind and solar. Widespread reliance on 

renewable energy in microgrids avoids rising fuel prices and provides a sustainable 

alternative to future fossil fuel depletion. This study employs the Gorilla Troops 

Optimizer (GTO), a widely recognized bio-inspired intelligent optimization technique, to 

address the Optimal Energy Management (OEM) challenge in a microgrid (MG) powered 

by renewable energy sources (RES). The proposed GTO-based strategy was evaluated 

using a benchmark microgrid integrating multiple renewable and distributed energy 

technologies, including wind turbines (WT), photovoltaic (PV), fuel cells (FC), 

microturbines (MT), diesel electric generators (DEG), and energy storage systems (ESS). 

The obtained findings demonstrate strong performance, reliability, and efficiency of the 

proposed method in effectively handling the OEM problem. 

 

1. Introduction 
 

Electricity demand continues to grow due to urban 

expansion, digital technologies, and industrial 

progress [1]. Consequently, renewable energy 

especially solar PV and wind power has gained 

major attention, leading to higher RES integration 

into power networks. 

In recent years, distributed generation (DG) has 

expanded considerably. Renewable DG units such as 

PV and WT depend on weather and site conditions, 

whereas conventional sources such as FC, MT, and 

DEG ensure dependable generation and flexible grid 

connection [2, 3]. 

Proper management of DG enhances system 

reliability, efficiency, and power quality while 

minimizing energy losses and environmental impact. 

A MG enables the coordinated control of energy 

storage and flexible loads, operating either 

autonomously or connected to the utility grid [4, 5].  

In recent years, population-based and evolutionary 

optimization techniques have been successfully 

adopted to enhance EMO performance [6]-[9]. 

Human-related swarm intelligence algorithms like 

Shuffled frog leaping [10], teaching learning-based 

optimization [11], biogeography-based optimization 

[12], league championship algorithm [13], harmony 

search [14], imperialistic competition [15], and sine-

cosine algorithm [16] are applied for various EMO. 

Swarm-based optimization techniques, including 

particle swarm optimization [17], artificial bee 

colony [18], ant colony optimization [19], 
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glowworm swarm optimization [20], artificial 

hummingbird algorithm [21], and crayfish 

optimization algorithm [22], have been applied to 

reduce and optimize energy management in MGs. 

Physics-inspired optimization methods, including 

gravitational search algorithms [23], black hole 

optimization [24], wind-driven optimization [25], 

gradient-based optimizer [26], and flow direction 

algorithm [27], also address the EMO in MGs. 

A very large number of bio and nature-inspired 

approaches used to address EMO. Among them are 

the firefly algorithm [28], gray goose optimization 

[29], gray wolf optimization [30], whale 

optimization algorithm [31], bacteria search [32], 

cuckoo search [33], squid algorithm [34], moth 

swarm algorithm [35], African eagle optimization 

[36], gorilla swarm optimization [37], marine 

predator algorithm [38], ant lion optimization [39], 

and dragonfly algorithm [40]. 

 

2. Problem formulation 
 

2.1 Objective function 

 

In general, the EMO can be formulated as[17].   

 

min
𝑢

𝐹 = min
𝑢

∑ ∑ [𝐵𝑔𝑖(𝑃𝑔𝑖
𝑡 ) + 𝐸𝑀𝑃𝑡𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦

𝑡 ]
𝑛𝑔
𝑖=1

𝑛𝑡
𝑡=1    (1) 

 

 𝑓(𝑥, 𝑢) is the MG total operation cost. 𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦
𝑡  is the 

utility power. 𝑛𝑡 and 𝑛𝑔 are, respectively, total time 

total number of DGs. 𝑃𝑔𝑖
𝑡 , 𝐵𝑔𝑖 and 𝐸𝑀𝑃𝑡are the 

generating reel power, the DG bid and the energy 

market price [41], [42].  
 

2.2 Constraints 

 

2.2.1 Power balance constraints (PBC) 

The constraints power balance is as follows 

∑ 𝑃𝑔𝑖
𝑡 + 𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦

𝑡𝑛𝑔
𝑖=1 = ∑ 𝑃𝐿𝑙

𝑡𝑛𝑙
𝑙=1              (2) 

 

𝑃𝐿𝑙

𝑡  is the tenth loads level, while nl is the total 

number of loads levels. 

2.2.2 Capacity of generation power 

The generation active powers of every MG, 

including the utility grid are  

𝑃𝑔𝑖_𝑚𝑖𝑛
𝑡 ≤ 𝑃𝑔𝑖

𝑡 ≤ 𝑃𝑔𝑖_𝑚𝑎𝑥
𝑡                           (3) 

𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑚𝑖𝑛
𝑡 ≤ 𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦

𝑡 ≤ 𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑚𝑎𝑥
𝑡     (4) 

𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑚𝑖𝑛
𝑡 , 𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑚𝑎𝑥

𝑡 , 𝑃𝑔𝑖_𝑚𝑖𝑛
𝑡 , and 𝑃𝑔𝑖_𝑚𝑎𝑥

𝑡  are, 

respectively, the powers limits of DG and utility. 

 

2.2.3 Constraints of reserve spinning 

To ensure compliance with the reserve requirement, 

the inequality condition below must be fulfilled [43]. 

∑ 𝑃𝑔𝑖_𝑚𝑎𝑥
𝑡 + 𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑚𝑎𝑥

𝑡𝑛𝑔
𝑖=1 = ∑ 𝑃𝐿𝑙

𝑡𝑛𝑙
𝑙=1 + 𝑅𝑆𝑡     (5)  

RS t is the spinning reserve programmed at time t. 

2.2.4 Dynamic operation and limits of storage  
For a standard battery, the power limits during each 

interval time t are as follows [44]. 

 
𝑃𝐸𝑆𝑆_𝑚𝑖𝑛

𝑡 ≤ 𝑃𝐸𝑆𝑆
𝑡 ≤ 𝑃𝐸𝑆𝑆_𝑚𝑎𝑥

𝑡      (6) 

 

Here, 𝑃𝐸𝑆𝑆_𝑚𝑖𝑛
𝑡  and 𝑃𝐸𝑆𝑆_𝑚𝑎𝑥

𝑡  are the minimum and 

maximum allowable charging/discharging power 

levels of ESS [45] 

𝑆𝑂𝐶𝐸𝑆𝑆
𝑡+1 = 𝑆𝑂𝐶𝐸𝑆𝑆

𝑡 −
𝜂𝐸𝑆𝑆

𝑡 𝑃𝐸𝑆𝑆
𝑡

𝐶𝐸𝑆𝑆
      (7) 

𝑆𝑂𝐶𝐸𝑆𝑆_𝑚𝑖𝑛
𝑡 ≤ 𝑃𝐸𝑆𝑆

𝑡+1 ≤ 𝑃𝐸𝑆𝑆_𝑚𝑎𝑥
𝑡   (8) 

 

𝑆𝑂𝐶𝐸𝑆𝑆
𝑡  is the state of charge of ESS, 𝜂𝐸𝑆𝑆 

𝑡 is the 

efficiency of ESS, 𝐶𝐸𝑆𝑆 is the capacity of ESS and 

𝑆𝑂𝐶𝐸𝑆𝑆_𝑚𝑖𝑛
𝑡  and 𝑆𝑂𝐶𝐸𝑆𝑆_𝑚𝑎𝑥

𝑡  are the SOC minimum 

and maximum limits of ESS at time t [44]. Equation 

(7) describes the charging and discharging behavior 

of the ESS state of charge (SOC), where the SOC 

rises during charging and declines during 

discharging. Accordingly, the EMS optimization 

process determines the variables 𝑃𝑔𝑖
𝑡 , 𝑃𝑖

𝑡, 𝑃𝐸𝑆𝑆
𝑡  and 

𝑆𝑂𝐶𝐸𝑆𝑆
𝑡  over the scheduling horizon 

 

2.2.5 Active power from (to) utility 

The utility power is calculated as  

 

𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦
𝑡 = ∑ 𝑃𝐿𝑙

𝑡𝑛𝑙
𝑙=1 − ∑ 𝑃𝑔𝑖

𝑡𝑛𝑔
𝑖=1      (9) 

 

We verify that the result 𝑃𝑔𝑖
𝑡  satisfies constraint (9). 

Consequently, 𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑙𝑖𝑚
𝑡  is defined as 

 
𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑙𝑖𝑚

𝑡 =

{

𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑚𝑎𝑥 
𝑡                   𝑖𝑓       𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦

𝑡 > 𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑚𝑎𝑥
𝑡  

𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑙𝑖𝑚
𝑡                         𝑖𝑓 𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑙𝑖𝑚

𝑡 > 𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑚𝑖𝑛
𝑡

𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦
𝑡  𝑖𝑓 𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑚𝑖𝑛

𝑡 ≤ 𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑙𝑖𝑚
𝑡 ≤ 𝑃𝑈𝑡𝑖𝑙𝑖𝑡𝑦_𝑚𝑎𝑥

𝑡

   (10) 

 

2.3 Bids calculation of distributed generation 

 

The DG bids are viewed as  
𝐵𝑔𝑖 = 𝑎𝑖𝑃𝑔𝑖

2 + 𝑏𝑖𝑃𝑔𝑖 + 𝑐𝑖                      (11) 

 

2.3.1 Fuel cell and micro-turbine 

The bids of FC and MT in ($/h) are computed as 

 

𝐵𝑔 = 𝐶𝑓𝑢𝑒𝑙 (
𝑃𝑔

𝜂𝑔
) + 𝐶𝑖𝑛𝑣                      (12) 

𝑃𝑔 and 𝜂𝑔 represent the DG generation power and 

efficiency. 𝐶𝑓𝑢𝑒𝑙 and 𝐶𝑖𝑛𝑣 are the fuel price in 

($/kWh) and investment cost in ($/h). 𝐶𝑖𝑛𝑣 is 

calculated in function of annual AP in (kWh/kW), 

DG nominal power in (kW), and the annual cost 

(AC) in ($/kW-year) as follows [5], [46]-[48] 
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𝐶𝑖𝑛𝑣 = 𝐴𝐶(𝑃𝑔𝑛𝑜𝑚
𝐴𝑃⁄ )                              (13) 

𝐴𝐶 = (𝑖(1 + 𝑖)𝑛 (1 + 𝑖)𝑛 − 1⁄ )𝐼𝐶          (14)  
i denotes the interest rate, n represents the project 

lifetime in years, and IC refers to the DG installation 

cost. These parameters are estimated by 

approximating the MT electrical efficiency 

characteristics using manufacturer-provided data. 

 

2.3.2 Photovoltaic and wind turbines  

The bidding models of PV and WT systems are 

formulated using the annualized cost (AC) and 

annual production (AP), as expressed in Eqs. (13) 

and (14). The PV output, 𝑃𝑃𝑉is computed as 

 

𝑃𝑃𝑉 = 𝑃𝑆𝑇𝐶
𝐼𝑆

1000
[1 + 𝛾(𝑇𝐶 − 25)]     (15) 

 

𝑃𝑆𝑇𝐶 denotes the maximum output power under 

standard test conditions (STC), 𝛾 is the coefficient 

temperature of PV module, and 𝑇𝑐 is the PV cell 

temperature in  (°𝐶). 𝑇𝑐 is computed based on the 

Nominal Operating Cell Temperature (𝑇𝑁𝑂𝐶𝑇)  
 

𝑇𝑐 = 𝑇𝑎 +
𝐼𝑆

800
(𝑇𝑁𝑂𝐶𝑇 − 20)              (16) 

 

𝑇𝑎  is the ambient temperature in (°C).  

The WT output power characteristic can be 

represented as follows 

𝑃𝑊𝑇
𝑡 {

0
𝑣2−𝑣𝑐𝑖

2

𝑣𝑛𝑜𝑚
2 −𝑣𝑐𝑖

2 𝑃𝑊𝑇𝑛𝑜𝑚

𝑃𝑛𝑜𝑚

 {
𝑖𝑓  𝑣 ≤   𝑣𝑐𝑖  𝑎𝑛𝑑  𝑣 ≥ 𝑣𝑐𝑜

 𝑖𝑓 𝑣𝑐𝑖  < 𝑣 < 𝑣𝑛𝑜𝑚                  

  𝑖𝑓 𝑣𝑛𝑜𝑚 < 𝑣 ≤ 𝑣𝑐𝑜               
(17) 

 

𝑃𝑊𝑇𝑛𝑜𝑚
, 𝑣𝑛𝑜𝑚 , 𝑣𝑐𝑖 and 𝑣𝑐𝑜 are, respectively, denote 

the rated power, rated wind speed, cut-in speed, and 

cut-out speed of the wind turbine, respectively, while 

𝑃𝑊𝑇 represents the generated wind power [50]-[51]. 

 

2.3.3 Diesel Generators (DEG) 

The fuel consumption characteristic of DEG is [40] 

 
𝐹𝑢𝑒𝑙𝐷𝐸𝐺 = 𝑎𝑓𝑢𝑒𝑙𝑃𝐷𝐸𝐺

2 + 𝑏𝑓𝑢𝑒𝑙𝑃𝐷𝐸𝐺 + 𝑐𝑓𝑢𝑒𝑙         (18) 

 

𝐹𝑢𝑒𝑙𝐷𝐸𝐺is the consumed fuel (L/h); 𝑃𝐷𝐸𝐺 is the DEG 

generating power; 𝑎𝑓𝑢𝑒𝑙 , 𝑏𝑓𝑢𝑒𝑙  and 𝑐𝑓𝑢𝑒𝑙  are 

consumption fuel coefficients. The DEG bids is  

 
𝐵𝐷𝐸𝐺 = 𝐶𝑓𝑢𝑒𝑙𝐹𝑢𝑒𝑙𝐷𝐸𝐺 + 𝐶𝑖𝑛𝑣                        (19) 

 

𝐶𝑖𝑛𝑣 is the investment cost 𝐶𝑓𝑢𝑒𝑙 is the diesel price  

 

2.3.4. Utility grid 

Market energy costs in ($/h) of utility can be 

represented as  

 
𝑃𝑔_𝑈𝑡𝑖𝑙𝑖𝑡𝑦 = 𝑎 + 𝑏𝑃𝑔_𝑈𝑡𝑖𝑙𝑖𝑡𝑦 + 𝑐𝑃𝑔_𝑈𝑡𝑖𝑙𝑖𝑡𝑦

2           (20) 

 
𝑃𝑔_𝑈𝑡𝑖𝑙𝑖𝑡𝑦 is the utility power and a, b and c are the 

cost coefficients. 

 

3. Gorilla Troops Optimizer 
 

In June 2021, Abdollahzadeh et al. [52] introduced a 

groundbreaking optimization technique called the 

Gorilla Troops Optimizer (GTO). This algorithm 

draws inspiration from the intricate social dynamics 

observed within gorilla communities in the wild. The 

behavioral framework of GTO is rooted in five core 

strategies that mirror how gorillas interact and 

organize in their natural habitat. These behaviors 

are: exploring unfamiliar areas, approaching other 

gorilla groups, navigating toward a known target, 

following the dominant silverback, and engaging in 

rivalry for adult-females. 

These behavioral analogs form the foundation of the 

algorithm's dual-phase optimization approach, 

which includes both exploration and exploitation 

[37]. The initial thé strategies seeking unknown 

regions, moving toward other troops, and heading 

toward a specific location drive the exploration 

component. Conversely, the last two behaviors 

aligning with the silverback and competing for mates 

serve to guide the exploitation phase of the search 

process [53], [54]. 

One striking trait of gorillas is their exceptional 

cognitive ability. Recent studies even suggest 

gorillas might possess higher problem-solving 

intelligence than humans in certain contexts. They 

are capable of using rudimentary tools and acquiring 

sign language skills. This intellectual capacity 

enables them to explore diverse regions effectively 

without being easily trapped in suboptimal solutions 

a critical attribute mirrored in mechanics of search. 

Within a gorilla group, each member plays a distinct 

role, with the silverback taking the lead. This central 

figure is responsible for the cohesion, protection, and 

direction of the group, managing conflicts and 

guiding the troop toward food sources and safer 

locations. These roles are reflected in GTO’s 

structure, where each gorilla symbolizes a potential 

solution, and the most promising solution assumes 

the role of the silverback. 

To grasp the GTO’s working mechanism more 

clearly, the following sections elaborate on how 

these exploration and exploitation strategies interact 

to optimize complex problems. 

 

3.1 Phase of Discovery: Exploration phase 

 

Within the GTO framework, every gorilla 

symbolizes a potential answer to the optimization 

challenge, and at any given point in the process, the 

Silverback gorilla stands out as the top-performing 
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solution. This discovery phase hinges on three core 

instinctive behaviors: one, an exploratory leap into 

uncharted territory to amplify the algorithm’s ability 

to navigate unknown solution regions; two, 

coordinated movement with other gorillas to strike a 

dynamic equilibrium between exploring new areas 

and refining existing ones; and three, purposeful 

migration toward a known target zone to expand the 

algorithm’s reach [53]-[56]. The decision 

mechanism guiding these behaviors is probabilistic 

if the parameter p exceeds a randomly generated 

threshold (rand), the gorilla ventures into unexplored 

terrain. If rand ≥ 0.5, it synchronizes its movement 

with peers, while rand < 0.5 triggers a focused shift 

toward a recognized location. These behavioral 

patterns serve as the foundation for the exploration 

model, and are formally expressed through the 

equation that follows. 

 
𝐺𝑋(𝑡+1) = 

{

(𝑢𝑏 − 𝑙𝑏)𝑟1 + 𝑙𝑏                                                𝑟𝑎𝑛𝑑 < 𝑝
(𝑟2 − 𝐶)𝑋𝑟 + 𝐿𝐻                                             𝑟𝑎𝑛𝑑 ≥ 0.5 

𝑋(𝑖) − 𝐿(𝐿𝑋(𝑡) − 𝐺𝑋𝑟
(𝑡)

) + 𝑟3(𝑋(𝑡) − 𝐺𝑋𝑟
(𝑡)

)𝑟𝑎𝑛𝑑 < 0.5

      (21) 

 

In the subsequent iteration, 𝐺𝑋(𝑡+1) defines the 

updated position vector of a gorilla candidate, while 

𝑋(𝑡) denotes its current coordinates within the 

solution space. The indices 𝑟1, 𝑟2, 𝑟3, and rand are 

random scalars drawn uniformly from the interval 

[0, 1]. The parameter p, ranging from 0 to 1, governs 

the likelihood of selecting one behavior over 

another. The symbols ub and lb establish the 

allowable bounds upper and lower for each decision 

variable in the search domain. 𝑋𝑟 and 𝐺𝑋𝑟 signify 

gorilla individuals selected at random from the 

existing population. Key dynamics represented by C, 

H, and L are computed via equations that incorporate 

the current iteration count (it) and the total iterations 

allowed (itmax) during the optimization cycle [53].  

𝐶 = 𝐹 (1 −
𝑖𝑡

𝑖𝑡𝑚𝑎𝑥
)  𝑤ℎ𝑒𝑟𝑒  {

𝐹 = cos( 2𝑟4) + 1
𝐿 = 𝐶𝑙

𝐻 = 𝑍𝑋(𝑡)

𝑍 = [−𝐶, 𝐶]

 (22) 

 

The variable 𝑟4 introduces further randomness 

within [0, 1], while the cos function models 

oscillatory influence. Additionally, Z and l are 

randomized parameters drawn from the ranges 

[−𝐶, 𝐶] and [−1, 1], respectively, injecting nonlinear 

variability into the process.As the exploration phase 

nears completion, the algorithm evaluates the fitness 

of each solution. Should the cost of the newly 

proposed location 𝐺𝑋(𝑡)) prove superior (i.e., lower) 

to that of 𝑋(𝑡), the update is accepted 𝐺𝑋(𝑡)) replaces 

𝑋(𝑡), elevating it to the current best solution, 

metaphorically crowned as the Silverback. The 

strength of the algorithm lies in its twofold strategy: 

it casts a wide net to explore diverse possibilities, 

while simultaneously sharpening its focus through 

layered structures and competitive interactions. 

Inspired by the instinctive tactics gorillas use to 

navigate and solve problems in their environment, 

GTO encodes these behaviors into digital logic. The 

result is a sophisticated interplay between innovation 

and optimization, making it a powerful solution for 

tackling intricate optimization problems [54]. 

 

3.2 Exploitation phase  

 

During the exploitation phase of the GTO, two 

distinct behavioral tactics come into play: 

shadowing the silverback and vying for the attention 

of adult females [53]. The algorithm dynamically 

selects one of these strategies based on a 

comparative evaluation between the parameter C 

from Eq. (23) and a predefined threshold value W. 

When the value of C meets or exceeds the threshold 

W, the algorithm simulates the influence of the 

silverback the group’s central authority figure. In the 

natural world, this dominant gorilla assumes the role 

of guide and protector, directing the troop toward 

optimal food sources. This behavior forms the basis 

of one exploitation mechanism, mathematically 

encapsulated in Eq. (23). 

 

𝐺𝑋(𝑡+1)
= 𝐿𝑀 (𝑋(𝑡)

− 𝑋𝑠𝑖𝑙𝑣𝑒𝑟𝑏𝑎𝑟𝑐𝑘
𝑡 + 𝑋(𝑡)

)         (23)  

 
𝑋(𝑡) and 𝑋𝑠𝑖𝑙𝑣𝑒𝑟𝑏𝑎𝑟𝑐𝑘 are the position-vector of the 

gorillas and the best solution, whereas symbols L 

and M can be calculated using (22) and (24). 

𝑀 = (|
1

𝑁
∑ 𝐺𝑋(𝑡))𝑁

𝑖=1 |
𝑔

)

1

𝑔
 where    g=2𝐿       (24) 

 

Figure 1 illustrate how the positions of the agents 

representing individual gorillas are adjusted during 

the exploration phase, laying the groundwork for 

more refined movements during exploitation. In this 

context, 𝐺𝑋(𝑡) defines the location vector of each 

gorilla candidate at iteration t, with N denoting the 

total population. A secondary tactic comes into play 

when the condition C < W is met. 

 

Figure 1. Directions in the stage of exploration 

stage of GTO. 
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As gorillas mature, younger males reach an age 

where they begin to challenge one another often 

aggressively to establish dominance and claim 

access to adult females [53], [55]. This natural 

competition, is captured analytically as 

𝐺𝑋𝑖
(𝑡)

= 𝑋𝑠𝑖𝑙𝑣𝑒𝑟𝑏𝑎𝑟𝑐𝑘 − (𝑋𝑠𝑖𝑙𝑣𝑒𝑟𝑏𝑎𝑟𝑐𝑘𝑄 − (𝑋(𝑡)𝑄)𝐴  (25) 

𝑤ℎ𝑒𝑟𝑒  {

𝑄 = 2𝑟5 − 1                      
𝐴 = 𝛽𝐸                                 

𝐸 = {
𝑁1     𝑟𝑎𝑛𝑑 ≥ 0.5

𝑁2       𝑟𝑎𝑛𝑑 < 0.5

                 

     

𝑋𝑠𝑖𝑙𝑣𝑒𝑟𝑏𝑎𝑟𝑐𝑘 in (25), represents the positional vector 

corresponding to the most optimal gorilla 

(silverback), while 𝑋(𝑡)
 denotes the current location 

vector of a gorilla at iteration t. Q signifies the 

exerted impact force and is derived via Equation 

(25), with 𝑟5 being a randomly generated scalar 

within the interval [0, 1]. The vector A quantifies the 

intensity of aggression in confrontational 

interactions. The parameter 𝛽 is a predefined 

constant set before the optimization process begins. 

Additionally, the factor E is incorporated to model 

how violence influences the scaling of solution 

components. As the exploitation phase nears its 

conclusion, the values of fitness of all candidate 

solutions are reassessed. If 𝑋(𝑡)
 is found to 

outperform that of 𝑋(𝑡)
, then 𝐺𝑋(𝑡)

 replaces 𝑋(𝑡) 

and assumes the role of the best-known solution, 

effectively becoming the new silverback.  

 

3.3 GTO-based EMO procedure 

 

The application of GTO for OEM begins with the 

following stages: 

Step 1: Specify the MG parameters, including DG 

units, storage device, and load profiles; 

Step 2: Establish the optimization objective along 

with the corresponding operating constraints. 

Step 3: Initialize the GTO settings like population 

size, decision variables, and maximum iterations.  

Step 4: Randomly generate the initial search agents  

Step 5: Calculate the exchanged power and check 

system constraints.  

Step 6: Determine the fitness of each candidate; 

Step 7: Update L and C using Eq. (22); 

Step 8: Update location/position of gorilla using Eqs. 

(21), (23) and (25); 

Step 9: Select the best candidate as the Silverback; 

Step 10: Repeat the optimization process until the 

stopping criterion is satisfied; 

Step 11: Output the optimal solution and stop. 

 

3. Simulation, Results and Discussions  
 

A simplified MG illustrating in Figure 2 was used to 

demonstrate the performance of the proposed model. 

The MG composed of various components like wind 

turbine (WT) connected at node 4, microturbines 

(MT) connected at node 7. Another includes a 

photovoltaic system (PV) connected at node 11, a 

fuel cell (FC) connected at node 23, and a diesel 

generator (DEG) connected at node 19.  

 
Figure 2. One-line diagram of test system. 

To manage reactive power, capacitors compensation 

labeled C1 and C2 are connected at nodes 21 and 24, 

respectively, with a two voltage regulators labeled 

VR1 connected between nodes 5 and 6, and VR2 

connected between nodes 12 and 13, respectively 

and a tap-changer transformer connected between 

nodes 13 and 24, respectively.  The System 

highlights how different renewable and conventional 

energy sources are integrated and controlled within 

the MG, showing key control and power flow points 

for managing energy distribution and stability. 

The GTO was applied to determine the optimal 

solution of the OEM problem in the microgrid, and 

its performance was validated through 10 

independent simulation runs. 

Within the MG, all available DG units supply power, 

while surplus or deficit energy is exchanged freely 

with the utility grid through the PCC. To evaluate the 

influence of electricity pricing, three market 

conditions were analyzed:  
Case 1: Low market price;  

Case 2: Average market price;  

Case 3: Real-time market prices. 

The proposed method was developed in MATLAB 

R2021a and executed on a Windows-10, 64-bit 

computer equipped with an Intel(R)  Core(TM)  i5-

6500 processor and 8.0 GB RAM.  

Forecast profiles of wind speed, temperature, and 

electricity prices over 24 hours are presented in 

Figure 3, while load demand was assumed to follow 

a daily variation pattern. Figures 4–7 illustrate the 

convergence behavior, total cost, DG outputs, utility 

power exchange, and operating daily cost results for 

the studied cases. Figures 8–10 display, respectively, 

charging/discharging battery for three cases, the 
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state of charging battery (SoC) and daily cost for 

three cases of simulation. 

 

Figure 3. Forecast input data’s. 

 

 

Figure 4. Total cost for three cases. 

 

 

Figure 5. Provided power of case 1. 

In Case 1, the low electricity price allows the utility 

grid to supply most of the MG demand, particularly 

during low and medium load periods, resulting in a 

minimum operating cost of 2570.29 ($/h).  

For Case 2, with moderate market prices, the MT and 

fuel cell provide most of the required power. During 

average load conditions, surplus energy is 

transferred from the MG to the utility, leading to an 

operating cost of 2637.67 ($/h). 

 

Figure 6. Provided power of case 2. 

 

Figure 7. Provided power of case 3. 

 

 

Figure 8. Charging/discharging battery power for 

three cases. 

In Case 3, under real market prices, the MT and FC 

operate near full capacity during average and peak 

demand intervals, while excess power is exported to 

the grid for most of the day. The obtained optimal 

cost in this scenario is 2630.79 ($/h). 
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Figure 9. State of charging battery: SoC. 

 

 

Figure 10. Daily cost for three cases in ($/h). 

 

The simulation outcomes confirm the strong 

capability of the GTO in handling EMO for MGs. 

Compared with existing studies, the proposed 

method achieves superior solution quality with high 

robustness and efficient computational performance. 

 

4. Conclusions 

 
This study introduces a GTO based solution for MGs 

EMO. The method was tested on a MG integrating 

several DG and ESS under different operating 

conditions. Simulation findings demonstrate reliable 

and efficient EMO performance, with results 

comparable to or better than existing techniques 

reported in previous research. 
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