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ABSTRACT - Partial shading in photovoltaic (PV) modules produces multiple power peaks that reduce 

system efficiency if the global maximum power point is not properly tracked. This condition commonly 

occurs in oil and gas production facilities due to shadows from industrial structures, requiring MPPT 

methods with reliable global tracking capability. This study evaluates the Grey Wolf Optimization (GWO) 

algorithm for global MPPT under eight partial shading scenarios (12.5%–100%) using MATLAB/Simulink 

simulation. The results show that GWO successfully tracks the global maximum power point under single-, 

double-, and triple-peak conditions. Under 12.5% shading, the system produces 277.0 W with an efficiency 

of 99.78%; under 25% shading, it produces 266.7 W with an efficiency of 99.85%; and under 37.5% 

shading, it produces 204.2 W with an efficiency of 99.90%. Across all scenarios, the algorithm achieves 

efficiencies above 99% with an average efficiency of 99.61%, which is higher than the 97.20% reported in 

previous studies. This efficiency improvement of approximately 2–4% increases the contribution of solar 

energy in PV–diesel hybrid systems and potentially reduces fuel consumption while improving power 

supply reliability for critical loads in oil and gas production facilities. Unlike conventional metaheuristic 

approaches such as PSO-MPPT, Flower Pollination Algorithm (FPA), and Differential Evolution (DE), 

which are sensitive to parameter tuning or prone to premature convergence, the proposed GWO 

implementation employs a hierarchical three-agent update mechanism (α, β, δ) that enhances global 

exploration capability across complex multi-peak P–V characteristics. This distinguishes the present study 

from prior GWO-based MPPT work that relied solely on the alpha agent for position update. 
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INTRODUCTION 

The increasing awareness of climate change has 

accelerated the integration of renewable energy 

technologies in various industrial sectors, including 

oil and gas production facilities. Photovoltaic (PV) 

systems are increasingly applied in remote and 

offshore locations to support operational loads 

such as well monitoring systems, SCADA, and 

instrumentation equipment (Orosz et al., 2024; 

Teh et al., 2021). In many facilities, PV is 

integrated with diesel generators or energy storage to 

form hybrid energy systems that improve reliability 

and reduce fuel consumption (Ali et al., 2024; Saleem 

et al., 2024). However, maintaining optimal PV 

power output in industrial environments remains 

challenging due to dynamic environmental conditions 

such as solar irradiance variation, temperature 

changes, and partial shading (Hussin et al., 2025; 

Zulfadli et al., 2022).  

Partial shading conditions in oil and gas 

production facilities are often more complex than 

those in conventional PV installations. Industrial 

structures such as flare stacks, drilling towers, pipe 

racks, cranes, and storage tanks frequently create 

irregular shadow patterns on PV arrays (Islam et 

al., 2013; Lian et al., 2013. Environmental factors 

including clouds, dust, and industrial particles can 

further intensify shading effects (Khaing et al., 

2014; Nguyen, 2015). As a result, PV arrays 

under partial shading produce nonlinear current–

voltage (I–V) and power–voltage (P–V) 

characteristics with multiple power peaks due to 

bypass diode operation (Silvestre et al., 2009). 

In such conditions, conventional MPPT 

algorithms may become trapped at local maxima 

instead of identifying the global maximum 

power point, reducing the efficiency of PV 

energy harvesting (Femia et al., 2004). Various 

MPPT techniques have been proposed to address 

this problem. Conventional methods such as 

perturb and observe (P&O) and incremental 

conductance (IC) are simple and widely 

implemented but are less effective under partial 

shading conditions (Ananda-rao et al., 2025; 

Asyadi & Muliadi, 2023). Intelligent and soft-

computing approaches such as fuzzy logic 

controllers also require complex rule bases and 

parameter tuning (Chiu, 2010). Metaheuristic 

algorithms including Ant Colony Optimization, 

Firefly Algorithm, Artificial Bee Colony, and 

Particle Swarm Optimization have been introduced 

to improve global search capability, although their 

tracking stability and computational complexity 

may vary (Ishaque & Salam, 2012; Sundareswaran 

et al., 2015). Grey wolf optimization (GWO), 

proposed by Mirjalili et al., is a metaheuristic 

algorithm inspired by the social hierarchy and 

hunting mechanism of grey wolves (Mirjalili et al., 

2014). The algorithm has advantages such as a 

small number of control parameters and stable 

exploration capability in complex optimization 

problems (Nimma et al., 2018). Previous studies have 

demonstrated the potential of GWO in MPPT 

applications under changing irradiation conditions 

(Mohanty et al., 2017) and partial shading scenarios 

(Faulianur et al., 2018; Nimma et al., 2018).  

However, most existing studies focus primarily on 

algorithmic performance and limited shading 

scenarios, while the application of global MPPT 

algorithms in industrial environments such as oil and 

gas production facilities has not been extensively 

investigated. Therefore, the novelty of this study 

lies in the application of Grey Wolf Optimization 

for global MPPT under realistic partial shading 

scenarios in oil and gas production facilities, 

combined with the evaluation of its impact on PV–

diesel hybrid energy systems.  

MATLAB/Simulink simulations are used to 

analyze PV array behavior under multiple shading 

patterns and to evaluate the capability of GWO in 

tracking the global maximum power point. The 

results aim to support reliable renewable energy 

integration in hybrid power systems used in oil and 

gas operations. 
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MODELLING OF SOLAR MODULE 

Photovoltaic (PV) systems function to convert 

solar radiation energy into electrical energy 

(Govindarajan et al., 2025). In hybrid energy 

systems at oil and gas production facilities, 

accurate modeling of solar module characteristics, 

which generally uses one or two important diode 

models, is essential to ensure the reliability of 

power supply in remote locations (Villalva et al., 

2009). The single diode model is more commonly 

used because it is simple yet representative in 

describing the electrical characteristics of solar 

cells through the parameters Iph, Id, Ip, as well as 

series resistance (Rs) and parallel resistance (Rp) 

(Jazayeri et al., 2013): 

 

   

An arrangement of several solar cells in a single 

unit is called a solar module. These modules can 

then be connected in series or in parallel to form an 

array. The equivalent diagram of a solar module is 

shown in Figure 1.  

The solar module modeling equation is 

expressed as follows (Ghosh & Mandal, 2023; 

Nguyen, 2015): 

 

    

With 

 

     

 

    

where I is the output current, V is the output 

voltage, n is the diode ideality factor, T is the cell 

temperature, k is the Boltzmann constant, q is the 

electron charge, and Rs and Rp represent series and 

parallel resistances. 

Partial shading conditions and bypass diodes 

Partial shading frequently occurs in oil and gas 

facilities due to shadows from structures such as 

flare stacks, pipes, and processing equipment. 

Uneven irradiation across PV modules produces 

nonlinear I–V and P–V characteristics. In series 

configurations without protection, shaded cells may 

behave as open circuits (Jung et al., 2014). 

Therefore, bypass diodes are installed to allow 

current to bypass shaded modules and reduce 

power loss (Muliadi et al., 2021; Silvestre et al., 

2009), as illustrated in Figure 2. However, before 

activation, shaded cells may experience reverse 

bias that can cause overheating and degradation 

(Jung et al., 2014; Muliadi et al., 2021). 

Maximum power point tracking (MPPT) 

MPPT ensures that PV systems operate at the 

maximum available power under varying 

environmental conditions (Lyden et al., 2013; Rana 

et al., 2018. An MPPT system typically consists of 

PV modules, a controller, and a DC–DC converter 

that adjusts the duty cycle based on voltage and 

current measurements to maintain optimal power 

output (Román et al., 2006), as shown in Figure 3. 

 

Figure 1. Equivalent diagram of a solar module (Ghosh & Mandal, 2023; Nguyen, 2015). 

(1) 

(2) 

(3) 
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Figure 2. Modeling of a solar cell array with two bypass diodes (Muliadi et al., 2021; Silvestre et al., 2009 

Figure 3. Block diagram of the tracking system 

 

Grey wolf optimization (GWO) algorithm 

Grey wolf optimization (GWO) is a metaheuristic 

algorithm inspired by the hierarchical hunting 

behavior of grey wolves (Mirjalili et al., 2014). The 

population is divided into alpha (α), beta (β), delta (δ), 

and omega (ω), where the alpha wolf represents the 

best solution. In this study, GWO is used to 

determine the optimal duty cycle of the 

converter to track the global maximum power 

point (GMPP) of the PV system under partial 

shading conditions. 

 

METHODOLOGY 

This study is conducted using MATLAB/

Simulink simulations to evaluate the performance 

of the grey wolf optimization (GWO) algorithm as 

a global maximum power point tracking (MPPT) 

method under partial shading conditions. The 

methodology includes solar module selection, PV 

array configuration, modeling and validation under 

standard test conditions (STC), development of 

partial shading scenarios, and implementation of 

the GWO algorithm to track the global maximum 

power point on the P–V curve. In addition, the 

study evaluates the contribution of PV energy in a 

PV–diesel hybrid system, including fuel 

consumption reduction, generator operating hours, 

reliability indicators, and economic implications. 

Compared to previous work where GWO used only 

the alpha parameter as the candidate solution 

(Mohanty et al., 2015), this study applies a 

hierarchical update mechanism using the three 

best solutions (alpha, beta, and delta) to improve 

global exploration capability and reduce the risk of 

convergence to local power peaks under complex 

partial shading conditions (Faulianur et al., 2018). 

MPPT 
controller 
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PWM control 
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Selection of solar module type 

The photovoltaic module used in this study is 

a polycrystalline SPN055P-N with a rated power 

of 55 Wp consisting of 36 cells. The module has 

a maximum voltage (Vmp) of 18.18 V, maximum 

current (Imp) of 3.1 A, open-circuit voltage (Voc) 

of 22.1 V, and short-circuit current (Isc) of 3.31 

A. The module parameters are evaluated 

under standard test conditions (STC) with 

irradiation of 1000 W/m², temperature of 25°C, 

and Air Mass 1.5 (Pratama et al., 2019). 

Determination of solar module configuration 

The PV system consists of eight modules 

arranged in a 4S–2P configuration, where four 

modules are connected in series and two strings are 

connected in parallel. This configuration increases 

the output power and produces multiple peaks on 

the P–V curve under partial shading conditions. 

The total array dimension is approximately 260.8 

cm × 127.8 cm. 

Module configuration modeling and simulation 

The PV array is modeled using MATLAB/

Simulink R2018b based on the electrical 

characteristics of the selected module. Model 

validation is performed under STC conditions 

(1000 W/m² irradiation and 25°C temperature) 

without shading to verify the accuracy of the PV 

electrical behavior. 

Partial shading test scenario 

Partial shading is simulated by installing bypass 

diodes on each module and applying different 

irradiation levels to represent shaded and unshaded 

modules. Unshaded modules receive 800 W/m², 

while shaded modules receive 400 W/m²at a constant 

temperature of 25°C. Eight shading patterns (A–H) 

ranging from 12.5% to 100% shading are evaluated to 

generate multiple peaks in the P–V curve and analyze 

the ability of the GWO algorithm to track the global 

maximum power point. 

Application of the GWO method for MPPT 

The Grey Wolf Optimization algorithm is 

implemented to determine the optimal duty cycle 

of the DC–DC boost converter for maximum 

power extraction. The overall procedure of the 

GWO-based MPPT algorithm used in this study is 

illustrated in Figure 6. 

The algorithm is integrated with a boost 

converter with parameters L = 260 μH, Cin = 10 

μF, Cout = 510 μF, and switching frequency fs = 

100 kHz. The duty cycle is initialized within a 

range of 0–1 with a maximum of 90 iterations, 

while the control parameter a decreases linearly 

from 2 to 0. In each iteration, the PV power is 

calculated using: 

 

Figure 4. Shading conditions A-D for the module array: 12.5%, 25%, 37.5% to 50% 

𝑃 =  𝑉𝑝𝑣  𝑥 𝐼𝑝𝑣 (5) 

𝑀𝑃𝑃𝑇 − 𝐺𝑊𝑂 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =
𝑃𝑀𝑃𝑃𝑇−𝐺𝑊𝑂

𝑃𝑚𝑝𝑝
 𝑥100%   (6) (6) 
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Figure 5. Module array shading conditions E-H: 62.5%, 75%, 87.5% to 100% 

 

 

Figure 6. Flowchart of the GWO-based MPPT algorithm 
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𝑇𝑟𝑎𝑐𝑘𝑖𝑛𝑔 𝐸𝑟𝑟𝑜𝑟 =  
𝑃𝑚𝑝𝑝  −  𝑃𝑀𝑃𝑃𝑇

𝑃𝑚𝑝𝑝
 𝑥 100% 

The positions of the wolves are updated 

iteratively until convergence is achieved, allowing 

the algorithm to identify the global maximum 

power point. 

 

 

where PMPPT−GWOPMPPT−GWO represents the 

power obtained by the GWO algorithm 

and PmppPmpp is the theoretical maximum power 

obtained from the P–V curve. To evaluate tracking 

accuracy, the tracking error is calculated as: 

 

RESULT AND DISCUSSION 

One-point shading pattern (100%) 

Under 100% shading conditions with uniform 

irradiation of 400 W/m² at 25°C, the P–V curve 

produces a single theoretical maximum power peak 

of 179.2 W based on MATLAB R2018b 

simulations shown in Figure 7. 

The application of the GWO method produced a 

power of 178.7 W with an efficiency of 99.72% in 

Figure 13, only about 0.5 W different from the 

theoretical maximum value. This very small 

difference indicates a tracking error that can be 

almost ignored with a steady state time of about 

1.25 seconds. These results show that under single-

peak conditions, the GWO method works close to 

the theoretical maximum value without the risk of 

getting stuck at local peaks, in line with MPPT 

theory and compared to previous studies (Faulianur 

et al., 2018, which produced 173.3 W of power 

with 96.71% efficiency, this study shows an 

increase in efficiency of around 3%. This 

difference indicates that position updates based on 

alpha, beta, and delta provide higher accuracy in 

determining the optimal duty cycle. 

Two-point shading pattern 

At shading conditions of 12.5% and 25%, the P

–V curve forms two power peaks due to differences 

in voltage characteristics between strings with 

bypass diodes under non-uniform irradiation.At 

12.5% and 25% shading, even though the 

differences between power peaks were very 

small and there was a risk of getting stuck at 

local peaks, GWO still managed to track global 

peaks with efficiencies of 99.78% and 99.85%, 

respectively (Figure 9). Compared to the study 

(Faulianur et al., 2018, Efficiency at 12.5% and 25% 

conditions increased from 99.06% and 98.32% to 

99.78% and 99.85%, demonstrating GWO's 

consistency in selecting the global peak when two 

peaks have very close values and supporting the goal 

of improving MPPT performance under multiple peak 

conditions. At 50%, 75%, and 87.5% shading, the P–

V curve still forms two peaks but with a more 

significant difference in power between the local and 

global peaks in Figure 11. 

 

Figure 7. P-V characteristic curve of 100% shading patterns 

(7) 
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Figure 8. PMPPT-GWO tracking curve with 100% shading pattern 

Figure 9. P-V characteristic curve of 12.5% and 25% shading patterns 

Figure 10. PMPPT-GWO tracking curve with 25% shading pattern 
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The global peak values are 194.7 W (50%), 186.5 

W (75%), and 182.5 W (87.5%), respectively. GWO 

produces 193.7 W, 185.0 W, and 181.3 W with 

efficiencies of 99.49%, 99.20%, and 99.34%. 

Compared to the previous study (Faulianur et al., 

2018), the most significant difference in efficiency 

occurred at 75% and 87.5% shading, where the 

previous study only achieved 93.62% and 95.34%, 

while this study remained above 99%.  

A difference of more than 4% indicates that the 

previous method tended to get stuck at local peaks 

under highly non-uniform irradiation conditions. 

Therefore, these results demonstrate an improvement 

in the global exploration capability of the modified 

GWO in this study. 

Three-point shading pattern (37.5% and 62.5%) 

At 37.5% and 62.5% shading, the P–V curve 

forms three power peaks as shown in Figure 14. This 

condition represents a more complex optimization 

landscape than two peaks. At 37.5% shading, the 

global peak is at 204.4 W and GWO produces 204.2 

W with an efficiency of 99.90%. At 62.5% shading, 

the global peak is 190.0 W and GWO produces 189.2 

W with an efficiency of 99.56%. 

Compared to study (Faulianur et al., 2018, 

efficiency at 62.5% shading increased from 95.37% 

to 99.56%. The difference of more than 4% 

indicates that the simultaneous use of the three best 

solution agents significantly improves the ability to 

avoid local peak traps on curves with three peaks. 

Figure 12. PMPPT-GWO tracking curve with 50% shading pattern 
 

 

Figure 11. P-V characteristic curve of 50%, 75%, and 87.5% shading patterns 
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Figure 13. PMPPT-GWO tracking curve with 75% shading pattern 

Figure 14. P-V characteristic curves of 37.5% and 62.5% shading patterns 

Figure 15. PMPPT-GWO tracking curve with 37.5% shading pattern 
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Energy harvested (kWh): comparison of 

baseline vs. GWO 

Extracted energy is calculated from the output 

power of MPPT under constant irradiation 

conditions during the TT test duration: 

 

                

 

Since the results are in the form of constant 

power (W) per shading pattern, in order to compare 

energy transparently and replicatively, a 1-hour 

equivalent (T=1T=1 hour) is used: 

 

 

 

The baseline is taken from the Efficiency (%) 

column in Table 1, with baseline power estimates: 

 

 

The average increase in equivalent energy 

(power weight) ≈ +2.30% compared to the baseline 

(calculated from all patterns). Compared to the 

baseline, GWO increases the average equivalent 

extracted energy by approximately 2.30%, 

especially in heavy shadow patterns (75%–87.5%) 

that tend to trap other methods at local peaks. 

Load profile & energy demand (kWh) 

As a real-world oil and gas field case study, data 

from the Aghar Oil Field – Western Desert, Egypt 

(Eni Solar Hybrid Technology) was used, which 

operates a 110 kWp PV integrated with a 200 kW 

diesel generator to supply three sucker-rod pumps 

totaling 113 kW, and previously used a 300 kW 

DG.  The annual energy requirement of the facility 

(from field data) is: 

 

    

for the equivalent average load profile:  

                                                                

                       

Context note on oil and gas loads: for other 

production facilities, process loads can be 

significantly larger (e.g., ESPs can range from 7.5 

kW to >750 kW depending on well design), so this 

methodology remains relevant for large loads.  

• Facility electricity consumption: 450 MWh/year  

• Pump power (three sucker rods): 113 kW 

• PV electricity generation: 50 MWh/year 

Field case studies show that the production 

operation load (pumps) is continuous and 

significant (hundreds of MWh/year), so that even a 

small increase in PV energy (due to global MPPT) 

has a direct impact on reducing generator operation 

and diesel consumption. 

Fuel saving & genset hours 

From field data, diesel consumption without PV 

is 140,000 L/year for energy consumption of 450 

MWh/year, resulting in equivalent specific fuel 

consumption: 

 Shading 

pattern 
Peak type 

Pmpp 

(W) 

PMPPT-GWO 

this study (W) 

Efficiency (%) 

this study 

Efficiency 

(%) Ref. [27] 

 

 H (100%) Single 179.2 178.7 99.72 96.71  

 A (12.5%) Double 277.6 277.0 99.78 99.06  

 B (25%) Double 267.1 266.7 99.85 98.32  

 D (50%) Double 194.7 193.7 99.49 99.38  

 F (75%) Double 186.5 185.0 99.20 93.62  

 G (87.5%) Double 182.5 181.3 99.34 95.34  

 C (37.5%) Triple 204.4 204.2 99.90 99.80  

 E (62.5%) Triple 190.0 189.2 99.56 95.37  

 Average 

Efficiency 
– – – 99.61 97.20 

 

 

Table 1. Performance Comparison of PMPPT-GWO Under All Shading Patterns 

(8) 

(9) 

(10) 

(11) 

(12) 

𝑆𝐹𝐶𝑓𝑖𝑒𝑙𝑑 =
140,000

450,00
=

0.311𝐿

𝑘𝑊ℎ
                    (13) 
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SavingRp = FuelSaved×Pricediesel 

∆𝐹𝑢𝑒𝑙 = ∆𝐸𝑃𝑉 𝑘𝑊ℎ × 𝑆𝐹𝐶𝑓𝑖𝑒𝑙𝑑  

⇒ 1239.7 × 0.311 =
386𝐿

𝑡𝑎ℎ𝑢𝑛
  

∆𝐸𝑃𝑉 = 𝐸𝑃𝑉   
99.61

97.20
− 1    

∆𝐸𝑃𝑉 = 50 × 0.02479 =
1.24𝑀𝑊ℎ

𝑡𝑎ℎ𝑢𝑛
 

                    

Table 2.  Equivalent to 1 Hour Per Shadow Pattern 

The contribution of field PV is 50 MWh/year, 

and diesel savings are recorded at 15,000 L/year.  

Since the results show an average efficiency 

increase of 99.61% vs. an average baseline of 

97.20% (Table 1), the annual PV energy increase 

“locked in” by global MPPT can be projected 

conservatively: 

 

 

 

 

conversion to additional diesel savings: 

 

 

 

Hybrid diesel consumption is calculated from 

diesel-only consumption minus savings. In the field 

case study, GWO is projected to increase PV energy 

production by approximately +1.24 MWh/year, 

equivalent to additional diesel fuel savings of 

approximately 386 liters per year, beyond the savings 

already proven in the field with hybrid systems. 

Reliability indicator: operational 

Since hybrid field systems generally maintain a 

24-hour supply with generators as a firm supply, 

the most technical and measurable reliability 

indicator from the MPPT side is PV power loss due 

to incorrect tracking, which immediately becomes 

an additional burden on the generator: 

 

 

 
Pattern 

Pmpp 

(W) 

Pbaseline 

(W) 

E1h baseline 

(kWh) 

PGWO 

(W) 

E1h, GWO 

(kWh) 

GWO 

energy 

 

 H (100%) 179.2 173.30 0.173 178.7 0.179 +3.11%  

 A (12.5%) 277.6 274.99 0.275 277.0 0.277 +0.73%  

 B (25%) 267.1 262.61 0.263 266.7 0.267 +1.56%  

 D (50%) 194.7 193.49 0.193 193.7 0.194 +0.11%  

 F (75%) 186.5 174.60 0.175 185.0 0.185 +5.96%  

 G (87.5%) 182.5 174.00 0.174 181.3 0.181 +4.20%  

 C (37.5%) 204.4 203.99 0.204 204.2 0.204 +0.10%  

 E (62.5%) 190.0 181.20 0.181 189.2 0.189 +4.41%  

 

Therefore, improved global MPPT reduces generator 

load variation/increase, especially when dynamic 

shadows (flare stack/pipe rack structures) change. 

• F (75%): baseline P≈174.6P≈174.6 W                    

→ GWO 185.0185.0 W ⇒ ΔP ≈ +10.4 W 

• G (87.5%): baseline P≈174.0P≈174.0 W                

→ GWO 181.3181.3 W ⇒ ΔP ≈ +7.3 W 

• E (62.5%): baseline P≈181.2P≈181.2 W                 

→ GWO 189.2189.2 W ⇒ ΔP ≈ +8.0 W 

GWO increases the operational reliability of 

hybrid systems by reducing PV power loss 

equivalent to the additional generator load, as 

generators do not need to cover deficits caused by 

MPPT getting stuck at local peaks, especially in 

heavy shading conditions. 

Economic value 

The economic value is calculated from the 

annual diesel savings multiplied by the 

industrial diesel price; for local consistency, the 

price of Industrial Diesel B40 from February 1 

to 14, 2026, is used, which is around Rp 20,950/

L (regions 1–2).  

 

 

Simple payback (without NPV) uses CAPEX 

PV. For CAPEX PV in Indonesia, the commercial 

reference for 2024 is in the range of IDR 13–15 

million/kWp; the median value of IDR 14 million/

kWp is used. The estimated investment (CAPEX) 

requirement for a ±110 kWp PV system, assuming 

a cost of IDR 14,000,000/kWp, is approximately 

IDR 1.54 billion. Based on field data, the hybrid 

(14) 

(15) 

𝑃𝑙𝑜𝑠𝑠 = 𝑃𝑚𝑝𝑝 − 𝑃𝑀𝑃𝑃𝑇 ⇒ ∆𝑃𝐷𝐺 ≈ 𝑃𝑙𝑜𝑠𝑠 (16) 

(17) 
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Table 3. Field Data-Based Scenario 

 

Scenario 
Energy PV 

(MWh/th) 

Consumption 

diesel (L/th) 

Diesel saving 

(L/th) 

 

 Diesel-only (without PV) 0 140,000 0  

 Hybrid + baseline MPPT 50.00 ~125,000 15,000  

 Hybrid + GWO 51.24 ~124,614 15,386  

 

system generates diesel savings of ±15,000 liters 

per year, which is equivalent to cost savings of 

around Rp314,250,000 per year (15,000 × 

Rp20,950/liter). In addition, there are additional 

savings due to the increase in MPPT (GWO) 

performance of ±386 liters per year or around 

IDR 8,080,000 per year (386 × IDR 20,950/

liter). Thus, in terms of order of magnitude, the 

payback period based on field hybrid savings is 

approximately 4.9 years (Rp1.54 billion ÷ 

Rp314.25 million/year), not including additional 

savings from MPPT optimization, which further 

improves the system's economics. 

Based on field data and industrial diesel prices 

for February 2026, the PV-diesel system shows a 

payback period of around 4.9 years, while the 

implementation of GWO provides additional 

incremental annual operational savings (IDR 8 

million/year) through an increase in fully utilized 

PV energy. 

Implications and fulfillment of objectives 

In oil and gas production facilities, electrical 

energy is required not only for core production 

processes but also for supporting systems such as 

SCADA, RTU, communication networks, sensors, 

chemical injection pumps, and cathodic protection 

systems. These systems operate continuously in 

remote or offshore locations and are generally 

powered by diesel generators (DG). The integration 

of photovoltaic (PV) systems into hybrid energy 

configurations offers an effective solution to reduce 

fuel consumption and operational costs. However, 

the complex industrial structures present in oil and 

gas facilities, including flare stacks, drilling towers, 

and pipe racks, often cause partial shading on PV 

modules, resulting in nonlinear P–V characteristics 

with multiple power peaks. 

Without an MPPT algorithm capable of global 

tracking, the system may become trapped at local 

maxima, leading to power losses and reduced solar 

energy contribution in hybrid systems. Several 

intelligent MPPT approaches have been proposed 

to address this problem. Fuzzy Logic Controller 

(FLC) methods demonstrate adaptive responses 

to irradiation and temperature changes (Ananda-

rao et al., 2025; Asyadi & Muliadi, 2023), while 

T-S fuzzy methods improve control stability 

(Chiu, 2010). However, these methods rely 

heavily on rule bases and parameter tuning, and 

they are not specifically designed for global 

exploration in PV systems with multiple power 

peaks caused by severe partial shading. 

Metaheuristic algorithms have also been widely 

investigated to improve global search capability 

(Ghosh & Mandal, 2023). For example, the Firefly 

Algorithm and Ant Colony Optimization combined 

with the P&O method have demonstrated 

improved tracking under non-uniform irradiation 

conditions (Sundareswaran et al., 2014, 2015). 

Nevertheless, previous studies indicate that 

these algorithms may experience variations in 

convergence stability and sensitivity to 

parameter settings, which may reduce tracking 

reliability across different shading patterns. 

The results of this study show that the grey wolf 

optimization (GWO) algorithm provides consistent 

global peak tracking across all tested shading 

scenarios (Villalva et al., 2009; Zulfadli et al., 

2022). The algorithm maintains power output close 

to the theoretical maximum value under conditions 

with single, double, and triple power peaks. 

Compared with previous work by Pratama et al. 

2019, which reported an average MPPT efficiency 

of approximately 97%, the average efficiency 

achieved in this study reaches 99.61%, representing 

an improvement of more than 2% in global 

tracking capability. 



Scientific Contributions Oil & Gas, Vol. 49. No. 1, March 2026: 441 - 457 

 

454 I DOI org/10.29017/scog.v49i1.2056 

Although the convergence time of 

approximately one second is not always faster than 

some optimization methods such as PSO or FPA  

(Abou Houran et al., 2023; Jazayeri et al., 2013; 

Karatepe et al., 2008), the stability of global 

tracking across various shading scenarios indicates 

that GWO provides more consistent performance. 

In hybrid PV–diesel systems used in oil and gas 

production facilities, this improvement in MPPT 

efficiency can increase the contribution of solar 

energy by approximately 2–4%, which directly 

reduces diesel generator operating hours, fuel 

consumption, and greenhouse gas emissions. 

From an energy system perspective, improving 

renewable energy utilization in industrial facilities 

contributes to reducing environmental impacts 

associated with fossil-fuel-based electricity 

generation (Nuraini & Lubis 2017). Renewable 

technologies such as solar energy systems have 

been increasingly investigated as alternatives for 

sustainable energy supply in oil and gas operations 

(Burhan A.S et al., 2020).  

The reduction of diesel generator operation also 

has implications for fuel system durability and 

maintenance requirements (Mardono & Maymuchar 

2022), while improved energy efficiency supports 

broader strategies for national energy resilience and 

environmental management in the petroleum sector 

(Sunarjanto & Kusumantoro 2015). In addition, the 

adoption of cleaner energy technologies contributes to 

mitigating environmental degradation associated with 

industrial energy use (Ulfiati 2022). 

Therefore, the implementation of global 

optimization-based MPPT algorithms such as 

GWO not only improves the technical performance 

of PV modules but also enhances the reliability and 

sustainability of hybrid energy systems in oil and 

gas production facilities. The contribution of this 

research is reflected not only in improved 

numerical efficiency but also in its potential impact 

on operational efficiency, fuel savings, emission 

reduction, and long-term energy sustainability in 

industrial power systems. 

 

CONCLUSION 

This study demonstrates that the Grey Wolf 

Optimization (GWO) algorithm effectively tracks 

the global maximum power point in photovoltaic 

(PV) systems under partial shading conditions 

with multiple power peaks. Simulation results 

show that the proposed method achieves an 

average MPPT efficiency of 99.61%, which is 

higher than the 97.20% reported in previous 

studies. The algorithm consistently identifies the 

global power peak under single-, double-, and 

triple-peak conditions, indicating strong global 

exploration capability. 

The improved tracking performance increases 

solar energy utilization in hybrid PV–diesel 

systems, which can reduce diesel generator 

operating hours, fuel consumption, and associated 

emissions while improving power supply reliability 

for critical loads in oil and gas production facilities. 

These results highlight the importance of global 

search-based MPPT algorithms in supporting 

renewable energy integration within industrial 

power systems. Future work will focus on real-time 

hardware implementation of the proposed GWO-

based MPPT algorithm and its integration with 

advanced energy management systems for hybrid 

PV–diesel power plants in oil and gas operations. 
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GLOSSARY OF TERMS AND SYMBOLS 

Terms & 

Symbols 
Description Unit 

PV 

(Photovoltaic) 

A technology that 

converts solar radiation 

into electrical energy 

using semiconductor 

materials. 

 

MPPT 

(Maximum 

Power Point 

Tracking) 

A control technique 

used in PV systems to 

ensure operation at the 

maximum power point 

under varying 

environmental 

conditions. 
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