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Abstract: Hybrid power plants have recently emerged as reliable and flexible electricity generation 
stations by combining multiple renewable energy sources, energy storage systems (ESS), and fossil-
based output. However, the effective operation of the hybrid power plants to ensure continuous 
energy dispatch under challenging conditions is a complex task. This paper proposes a dispatch 
engine (DE) based on mixed-integer linear programming (MILP) for the planning and management 
of hybrid power plants. To maintain the committed electricity output, the dispatch engine will 
provide schedules for operation over extended time periods as well as monitor and reschedule the 
operation in real-time. Through precise prediction of the Load, PV and wind power output, the 
proposed approach guarantees optimum scheduling. The precise prediction of the Load, PV and 
wind power are achieved by employing a predictor of Feed-Forward Neural Network (FFNN) type. 
With such a dispatch engine, the operational cost of the hybrid power plants, and the use of diesel 
generators (DGs) are both minimized. A case study is carried out to assess the proposed dispatch 
engine feasibility. A real-time measurement data pertaining to load, wind, and PV power outputs 
is obtained from different locations in the Sultanate of Oman. The real-time data is utilized to predict 
the future output power from PV and the Wind farm over 24 hours. The predicted powers are then 
used in combination with a PV-Wind-DG-ESS-Grid hybrid plant to evaluate the performance of the 
proposed dispatch engine. The proposed approach is implemented and simulated using MATLAB. 
The results of the simulation reveal the proposed Feed-Forward Neural Network’s (FFNN) 
powerful forecasting abilities. In addition, the results demonstrate that adopting the proposed DE 
can minimize the use of DG units and reduce plant running expenses. 

Keywords: hybrid renewable energy system (HRES); optimization; dispatch engine (DE); mixed 
Integer Linear programming (MILP); feed-forward neural networks (FFNN); forecasting 

 

1. Introduction 

The use of renewable energy (RE) sources has increased recently to reduce the need for fossil 
fuels and minimize the carbon footprint of electrical power systems [1]. By its very nature, renewable 
energy is a sustainable resource that may, over time, reduce the cost of energy generation and 
increase energy security. The cost of RE generation has decreased as a result of recent advances in RE 
technology, and the integration of RE sources into current power systems has increased significantly 
[1]. 

Two accessible renewable energy sources that can be used to produce clean electricity are solar 
and wind. Recent technology developments have made it possible to harvest power from solar and 
wind energy installations more cheaply and efficiently [1]. The validity of these sources is a 
significant question, though. Because wind speed varies, it is impossible to harness all of it. Similar 
to how solar irradiation varies during the day, no electricity is produced at night due to the 
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unpredictable nature of solar irradiation [2]. The main difficulties for system operators are variability 
and ramp events in output power, reserve management, scheduling, and commitment of generating 
units. As a consequence, wind and PV sources are non-dispatchable. The challenges brought on by 
the intermittent nature of these sources must be removed in order to integrate RE sources into the 
main power system. To provide acceptable electric dependability and power quality, substantial 
storage systems and traditional backup production must be included due to the non-dispatchable 
and intermittent nature of RE sources [3]. The electricity produced by wind and solar power plants 
may be combined, and a dispatchable power producing station can be constructed, with the right size 
of the energy storage systems (ESS). By storing the surplus produced power in the ESS and 
discharging the ESS when the production of RE sources decreases, a hybrid power plant with ESS 
made up of numerous RE sources may offer a reliable power supply. A cost-effective microgrid 
design and the development of intelligent management systems that can integrate the operation of 
various energy sources are required due to the growing system complexity [4]. With a suitable energy 
management system and well-designed control structure, a hybrid wind-PV-ESS power plant may 
remove the fluctuations of the wind-PV power and so constitute a dispatchable RE source, improving 
system dependability, lowering supply intermittency, and enhancing system security. 

An electrical system is referred to as a hybrid renewable energy system (HRES), which combines 
one renewable energy source with a number of other energy sources. These sources may be 
conventional, sustainable, or a combination of both, and the system may be utilized independently 
or as part of a grid [5]. At the point of common coupling (PCC), the generating station must produce 
a consistent amount of electricity for the power utilities. There are severe consequences that the 
electricity producing firm must bear for any departure from earlier commitments. There is a need to 
install an emergency power source in case of failure to provide electricity owing to lower output from 
PV and wind generators in order to prevent any expensive penalties. During such crises, electricity 
can be provided by a diesel or gas-powered generator. As a result, a dependable hybrid power plant 
has to have RE generation (wind and/or PV), an ESS, and a diesel or gas backup emergency power 
supply.  

Numerous studies for distant off-grid regions have shown that several hybrid energy system 
types are cost-effective generator combinations including PV/Wind, PV/Diesel, Wind/Diesel, 
and PV/Wind/Diesel with or without a storage device battery [6]. This was demonstrated in [7] which 
examined the techno-economic viability of a hybridized PV/Wind/Diesel/Batt system for a large non-
residential power application. The authors of [7] stated that a carbon price policy and lower lending 
rate may support the sizable renewable energy-based project. An ideal hybridized system according 
to technological, economic, and environmental variables was presented in [8]. The study in [9] looked 
at the viability of a PV/Wind/Batt/Diesel system for illuminating a rural place. Comparing the hybrid 
system to the standard power generating system, the study found that the hybrid system is both 
economically and ecologically viable. 

The energy management system in a microgrid is in charge of ensuring that it runs as efficiently 
as possible in the presence of probabilistic distributed generation units, interruptible loads, 
programmable distributed generation units, energy storage units, and ultimate consumers as the 
system's core [10]. A smart microgrid is employed in [11], and it is demonstrated that doing so not 
only boosts energy efficiency but also makes it possible to create a complementary and efficient 
network that may enhance dependability and power quality. Moreover [12] introduces a microgrid 
with an energy management center system, whose job it is to maximize the microgrid's performance 
in both island and grid-connected modes. Furthermore, research interest in evaluating the dispatch 
techniques and optimization algorithms of islanded microgrid has developed. The study in [2] 
assesses the optimal component sizes, power system responses, and various microgrid cost analyses 
to analyze the design and optimization of an island-based hybrid microgrid for various load dispatch 
techniques. 

Economic Dispatch (ED), a form of energy management, aims to meet load demand while 
maintaining a minimal operational cost [13]. An effective ED approach may reduce resource usage 
and costs while also reducing the release of dangerous greenhouse gases [14]. Due to its efficiency, 
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ED technique in microgrid designing has become a popular topic in recent years [15]. Either a 
dispersed control approach or a centralized control strategy can be used to address issues with 
economic dispatch. The requirement for a bidirectional communication link between the centralized 
controller and all of the generating units under centralized control raises the cost, the risk of cyber-
attack, and the complexity of communication. On the other hand, a distributed control method 
employs a dispersed controller that only manages a small region, resulting in a simpler control and 
communication network [16]. A unique distributed control approach based on the consensus method 
has been devised in [17,18] for the resolution of ED issues. In [18] The implemented technique forces 
the generators to learn about the imbalance between supply and demand. Each generator receives 
this estimated mismatch data, and as a result, the quantity of power generated is changed to account 
for the discrepancy. To account for the unpredictability in the generation of renewable energy, [19] 
proposes a real-time economic dispatch (RTED) approach together with a subinterval coordination 
technique for the conventional power plants. In [20] without taking into account communication 
networks, researchers demonstrated a two-level decentralized optimization strategy that facilitated 
power dispatch control approaches for an off-grid microgrid. In [21,22], in order to manage the high 
renewable penetration, authors designed a reliable energy distribution system using the distributed 
economic dispatch technique for a microgrid. 

There have been many distinct two-layer models presented in the literature [23]. The majority 
of methods disentangle design and dispatch issues by using the fixed architecture systems' 
performance evaluation as a fitness metric to direct the exploration of the design space [24]. Mixed 
Integer Linear Programming (MILP) is a second-layer control technique that is more sophisticated 
and suitable for complex system topologies [25]. Utilizing future anticipated behavior of external 
elements (such as load and solar radiation) to determine the best solution and save operating costs, 
the MILP formulation employs powerful mathematical algorithms. The Author in [26] demonstrated 
for a rural ICE-BESS-PV microgrid, formal set points optimization can result in significant savings 
when compared to simpler heuristic solutions. The two-layer models have the disadvantage that they 
make it more difficult to include seasonal and annual constraints. Additionally, an iterative process 
is necessary for an accurate accounting of wearing costs for components whose lifetime is modified 
by their yearly shipment [27]. The Work in [27] presents an improved MILP-based predictive design 
and dispatch technique. The new approach is contrasted to an earlier heuristic methodology, using 
local microgrids' design and annual performance estimation as examples [27].  

One way to formulate a complicated issue that may be solved with MILP is to combine in a 
single-layer model, the optimization of design and dispatch. For the optimization of geographically 
dispersed off-grid microgrids using solar panels and wind turbine generators, a more 
straightforward model is described in [28]. The model maximizes the quantity, location, and electrical 
connections between consumption sites, but it ignores the setup and administration of dispatchable 
generators. In [29], a MILP is used to optimize the design of a distributed multi-node CHP system 
with dispatchable and non-dispatchable DERs in both on-grid and off-grid situations.  

An off-grid hybrid microgrid includes controllable and non-controllable generating units as well 
as a storage system, using a two-layer predictive management approach is presented in the study 
[30]. The second layer controls real-time operation and applies a response filter to tame variations in 
genset load while the higher layer deals with unit commitment. An actual rural microgrid in 
Somalia's data is used to evaluate the algorithm, which runs minute-by-minute simulations. Results 
are contrasted with a newly updated heuristic algorithm and the management technique that is 
currently in use. The two new techniques reduce fuel use by 15% compared to the prior management 
system [30] 

Furthermore, sizing components and developing an efficient operation plan are essential steps 
in ensuring the competitiveness of off-grid systems in order to reduce the levelized cost of electricity 
(LCOE) for its consumers. Various strategies can be used, as shown in Table 1 [27]. 
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Table 1. Sizing components strategies. 

Model type Analytical Two layers Single layer 

Design identification (layer 
1) 

analytical expression GA, PSO, Pattern search MILP 

Dispatch strategy (layer 2 Simulation not performed 
heuristic 

LF 

MILP CC 
ABV 

MILP 

Analytical models that just need assumptions on the total energy consumption and the 
technological capabilities of the various components can be used to estimate off-grid LCOE [31]. 
These models have the benefit of requiring extremely little computing time, and as a result, they are 
the technique of choice for estimating off-grid costs in early electrification planning studies. However, 
they do not specifically address the design and dispatch issue, which might result in an inaccurate 
LCOE calculation. More sophisticated simulation-based design methods that choose the size of 
components based on the predicted performance of potential solutions over a reference period can 
get around this restriction [27]. A quick and accurate method of replicating the operation of the 
microgrid is to use heuristic dispatch logics. Because of the state of the art in commercially available 
hardware, they consist of a set of established rules that regulate the system depending on its condition 
and the features of the installed equipment. They also have the advantage of being easily deployable 
in actual systems [27]. They are integrated into the popular HOMER simulation-based microgrid 
design optimization program [32]. 

The concept of optimization and optimization methods utilized for hybrid renewable power 
plant with several generation sources is required to dispatch electricity from each of the sources in 
accordance with the requirements stated by the operator or controller. Consequently, such a 
controller may also be referred to as a "Dispatch Engine (DE)" [33]. In order to ensure the necessary 
power flow through all devices, the DE for a hybrid power plant, which is a real-time control system 
must precisely and quickly handle various power sources and ESS [2].  

A description of the sizes, energy, and power capacities of each system component whose design 
was predetermined is the primary output of an optimization process in a RES in its most basic form. A 
more complicated level of optimization is possible to carry out, such as real-time system reconfiguration 
by the controller (such as energy routing through electricity, hydrogen, or both), over a variety of potential 
configurations of the system's parts. To what extent a system will function and meet its technical and non-
technical design objectives depends greatly on the component configuration and size choices made [34]. 

There are several objectives in a hybrid system that require optimization, including management, 
control, and sizing. The most popular optimization techniques employed in the past few years are listed 
in this section. The three categories of optimization techniques include classical techniques, artificial 
techniques, and hybrid techniques [35,36]. Table 2 summarized those used techniques. 

Table 2. Optimization techniques for Hybrid renewable energy systems. 

Optimization techniques Ref 

Classic techniques [36] 
 

The linear programming model (LPM) 
Multi choice goal programming (MCGP) 
Multi-objective evolutionary algorithms (MOEA)  
Mixed integer linear programming (MILP) 
Dynamic programming (DP)  
Nonlinear programming (NLP)  

[37,38] 
[39] 
[40,41] 
[27,42] 
[43] 
[44] 

Artificial techniques 
 

Fuzzy logic  
Genetic algorithm  
Neural network  
Particle swarm optimization (PSO)  

[45–48] 
[49–53] 
[54,55] 
[56–58] 

Hybrid techniques   [34,59–64] 
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While several studies have explored hybrid renewable energy systems, optimization, and power 
forecasting techniques, none have specifically addressed a PV-DG-ESS-grid hybrid renewable energy 
systems with precise forecasting using real-time data, particularly in the context of Oman. Therefore, 
there is a research gap that needs to be addressed. The present paper introduces the Dispatch Engine 
(DE) as a solution to this gap, aiming to fill the aforementioned research void and examine the 
feasibility of implementing such a strategy in Oman. By incorporating real-time data and considering 
the unique operational conditions of Oman, the DE seeks to enhance the accuracy and efficiency of 
forecasting and optimization for PV-DG-ESS-grid hybrid plants in the region. 

The objective of this study is to design  a DE for a hybrid power plant of wind, solar, diesel 
engines, and ESS. When a utility requests ancillary services, the proposed dispatch engine would 
maximize resource use to account for any unusual changes in load circumstances. The DE will 
involve a combination of algorithms and models to predict the power output of each renewable 
energy source and optimize the dispatch of power between the different sources to meet the demand 
while minimizing costs and maximizing the use of renewable energy. 'Forecasting' and 'Real-time 
operator' are the two steps that make up the proposed DE. A long-term plan for the plant's operations 
throughout the next time period is what the first stage is meant to provide. The hybrid power plant 
can utilize this strategy to commit on an hourly basis to taking part in utility load sharing and the 
energy markets. The second stage will monitor plant operations and rearrange them in accordance 
with the current condition of the hybrid plant's parts. 

With the use of the real load, PV, and wind data from a region in Sultanate of Oman, the 
suggested dispatch engine's feasibility has been evaluated. Oman's ambition to increase electricity 
production is to lessen its reliance on natural gas as a fuel source and support the new government 
fuel diversification program [65]. As stated in the Oman 2040 Vision, the development of 
unconventional sources employing natural resources, including as RE sources, would help lower 
production costs and improve a variety of economic sectors' competitiveness. The strategy aims to 
attain 20% of renewable energy consumption relative to overall consumption by 2030 and 35% to 39% 
by 2040 [66]. Therefore, implementing such a DE in Oman will be a great step toward the success of 
this plan.  

The rest of the paper is structured as follows: Section 2 provides mathematical representations 
of the hybrid power system's component parts. The proposed Dispatch Engine (DE) is presented in 
Section 3. The model of the suggested system is developed in Sections 4, and the MILP approach is 
then introduced in Section 5. The forecasting method is described in Section 6. Section 7 presents the 
case simulation, while Section 8 presents the associated simulation findings. Finally, Section 10 
provides the conclusions. 

2. Proposed Hybrid System  

Figure 1 depicts the functional block diagram of the proposed Dispatch Engine (DE). The 
proposed approach considers a microgrid consisting of a diesel generator (DG), a wind energy 
conversion system, a PV system, and an ESS system. The interconnection to a main grid and load for 
energy transfer is performed through a bidirectional inverter. Generally, RES, ESS and grid are 
interconnected via a DC bus facilitated by converters. This configuration allows for the ESS to be 
charged from the grid or the RES. Moreover, the ESS has the capability to release power to either the 
grid or loads. 
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Figure 1. Dispatch Engine. 

2.1. The ESS Model 

Equations (1)–(5) may be used to compute the ESS's operation and State of Charge (SoC), subject 
to the limitations imposed by Equations (6)–(9), as shown below. 

Discharge 

EESS(t)=EESS(t-1)+PESS(t) ∆t ηdis
�     ,  PESS(t) = −  ve (1) 

Charge 

EESS(t)=EEss(t-1)+PESS(t)∆tηch    ,  PESS(t)=+ve (2) 

SoC= EESS(t)
EESS

max          (3) 

Power limits: 

𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸
𝑑𝑑𝑑𝑑𝑑𝑑 ≤

𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸(𝑡𝑡)
𝜂𝜂𝑑𝑑𝑑𝑑𝑑𝑑

≤ 0   ,    𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸(𝑡𝑡) = −𝑣𝑣𝑣𝑣 (4) 

0 ≤ 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸(𝑡𝑡)𝜂𝜂𝑐𝑐ℎ ≤ 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸
𝑐𝑐ℎ   ,    𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸(𝑡𝑡) = +𝑣𝑣𝑣𝑣 (5) 

Storage energy limits  

0 ≤ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑡𝑡) ≤ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸
𝑚𝑚𝑚𝑚𝑚𝑚           (6) 

State of charge limits 

𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑆𝑆𝑆𝑆𝑆𝑆(𝑡𝑡) ≤ 𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚          (7) 

Starting operation of energy  

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸
𝑚𝑚𝑚𝑚𝑚𝑚          (8) 

Starting and ending of the state of charge 

𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑒𝑒𝑒𝑒𝑒𝑒         (9) 

Main Load 

Diesel 
t  Wind Turbines 

PV array 

ESS 

DC 
bus 

AC 
Bus 

Bidirectional 
inverter 

Grid 

DC/A
 

DC/D
 

AC/D
 

DC/D
 

DE 

Power 
 Communication 
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where 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸 is the ESS's power output (MW), 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 is its stored energy (MWh), and ∆t is the interval's 
time, which is equivalent to one hour. The discharge and charge efficiencies are denoted by 𝜂𝜂𝑑𝑑𝑑𝑑𝑑𝑑 and 
𝜂𝜂𝑐𝑐ℎ, respectively. The ESS's state of charge is represented by SoC, its maximum energy storage (MWh) 
by 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸

𝑚𝑚𝑚𝑚𝑚𝑚, and its maximum charging and discharging powers (MW) by 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸
𝑐𝑐ℎ  and 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸

𝑑𝑑𝑑𝑑𝑑𝑑 , respectively. 
The state of charge's maximum and lower bounds are denoted by 𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 and 𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚, respectively. 
Positive and negative values are denoted by 𝑣𝑣𝑣𝑣 and −𝑣𝑣𝑣𝑣, respectively. 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 is the energy stored in 
the ESS at first (MWh), and 𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 is the ESS's charge level at the end of the previous day. At the 
start of the day, 𝑆𝑆𝑆𝑆𝑆𝑆𝑒𝑒𝑒𝑒𝑒𝑒 is the ESS state of charge [67]. 

2.2. PV Array Modeling 

The proper connections of photovoltaic cells determine the output of the photovoltaic (PV) 
panels. PV cells are linked in series to create a string in order to give the necessary output voltage in 
the PV panel. Conversely, comparable strings are linked in parallel to boost a panel's output current 
capacity. This creates a PV panel or PV module, whose output power rating is calculated by 
multiplying the output side's voltage and current [68]. A number of models were created in [69] to 
calculate the PV panel output power, or 𝑃𝑃𝑝𝑝𝑝𝑝−𝑜𝑜𝑜𝑜𝑜𝑜. However, a straightforward model that accounts for 
two variables—ambient temperature and solar irradiance—has been employed in this investigation. 
This model's output power may be acquired as follows [70]: 

𝑃𝑃𝑝𝑝𝑝𝑝−𝑜𝑜𝑜𝑜𝑜𝑜(𝑡𝑡) = 𝑃𝑃𝑁𝑁−𝑝𝑝𝑝𝑝 × 𝐺𝐺𝑡𝑡(𝑡𝑡)
𝐺𝐺𝑡𝑡−𝑆𝑆𝑆𝑆𝑆𝑆

× [1 + 𝛼𝛼𝑡𝑡(𝑇𝑇𝐶𝐶(𝑡𝑡) − 𝑇𝑇𝐶𝐶−𝑆𝑆𝑆𝑆𝑆𝑆)]         (10) 

where 𝑃𝑃𝑝𝑝𝑝𝑝−𝑜𝑜𝑜𝑜𝑜𝑜 is the PV module's output power (W); 𝑃𝑃𝑁𝑁−𝑝𝑝𝑝𝑝 is its rated power (W) at standard test 
condition (STC), usually, the manufacturer specifies; 𝐺𝐺𝑡𝑡 is the solar irradiance (W/m2); 𝐺𝐺𝑡𝑡−𝑆𝑆𝑆𝑆𝑆𝑆 is the 
solar irradiance at STC (𝐺𝐺𝑡𝑡−𝑆𝑆𝑆𝑆𝑆𝑆  = 1000 W/m2); 𝛼𝛼𝑡𝑡  is the temperature coefficient; 𝑇𝑇𝐶𝐶−𝑆𝑆𝑆𝑆𝑆𝑆  is the cell 
temperature at STC (TC_STC = 25 ◦); and 𝑇𝑇𝐶𝐶 is the cell temperature (◦C) [70].  

2.3. Wind Turbine Modeling 

The wind turbine generator's output power fluctuates in tandem with variations in wind speed, 
which is dependent on altitude at the same spot. As a result, the wind speed reported at the 
anemometer height needs to be corrected to the wind turbine's hub height [71].  In this case, the wind 
speed vertical profile of a given site is determined using two mathematical models, such as the log-
law and the power law. The power-law model is used in this study to determine the wind profile, as 
shown below [70]. 

𝑉𝑉2 = 𝑉𝑉1 ∙  �
ℎ2

ℎ1
�

𝛼𝛼

 (11) 

where 𝑉𝑉1(𝑚𝑚/𝑠𝑠) is the wind speeds at the anemometer and 𝑉𝑉2(𝑚𝑚/𝑠𝑠) is the wind speeds at hub height 
(ℎ1(𝑚𝑚) and ℎ2(𝑚𝑚)), and 𝛼𝛼 is the power-law exponent. 𝛼𝛼 is dependent on a number of variables, 
including temperature, wind speed, terrain roughness, height above ground, daytime hours, and 
season [70]. 

Based on the following equation, the wind turbine generator's output power may be assessed 
[70,72]. 

𝑃𝑃𝑤𝑤𝑤𝑤(𝑡𝑡) =

⎩
⎨

⎧
0                                       𝑉𝑉 ≤ 𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑖𝑖𝑖𝑖 𝑜𝑜𝑜𝑜 𝑉𝑉 ≥ 𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑜𝑜𝑜𝑜𝑜𝑜     

𝑃𝑃𝑟𝑟  ∙
𝑉𝑉3 − 𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑖𝑖𝑖𝑖

3

𝑉𝑉𝑟𝑟
3 − 𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑖𝑖𝑖𝑖

3                    𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑖𝑖𝑖𝑖 < 𝑉𝑉 < 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟                 

𝑃𝑃𝑟𝑟                                                 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 < 𝑉𝑉 < 𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑜𝑜𝑜𝑜𝑜𝑜              

 (12) 

where, 𝑉𝑉  is the wind speed (m/s); 𝑃𝑃𝑟𝑟  is the rated power (kW); and 𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑖𝑖𝑖𝑖 , 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 , and 𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑜𝑜𝑜𝑜𝑜𝑜 
stand for the WT's cut-in, rated, and cut-out wind speeds, respectively, in m/s. The manufacturer 
often specifies these settings. 

A wind turbine generator's rated power 𝑃𝑃𝑟𝑟 (W) may be stated as a function of the air density 
𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎, the rated wind speed, the maximum power coefficient 𝐶𝐶𝑝𝑝, and the area swept by the blades. 

𝑃𝑃𝑟𝑟 =
1
2

𝐶𝐶𝑝𝑝 × 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎 × 𝐴𝐴𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 × 𝑉𝑉𝑟𝑟
3 (13) 
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2.4. Diesel Generator Modeling 

According to literature calculated the fuel cost per year that the generator will need to operate 
during the system's lifetime as follows. 

𝐶𝐶𝐷𝐷𝐷𝐷 = 𝐶𝐶𝐹𝐹 × � 𝐹𝐹(𝑡𝑡)
8760

𝑡𝑡=1

 (14) 

where 𝐶𝐶𝐹𝐹 is the unit fuel cost, 𝐹𝐹(𝑡𝑡)is the hourly fuel consumption of the generator, evaluated 
by: 

𝐹𝐹(𝑡𝑡) = 𝐴𝐴 × 𝑃𝑃𝐷𝐷𝐷𝐷(𝑡𝑡) + 𝐵𝐵 × 𝑃𝑃𝑅𝑅 (15) 

where 𝑃𝑃𝐷𝐷𝐷𝐷(𝑡𝑡) is the power generated (KW) at time 𝑡𝑡,  𝑃𝑃𝑅𝑅 is the rated power of the generator, 𝐴𝐴 and 
𝐵𝐵 are the fuel curve coefficients.  

In order to guarantee a constant supply of power to the load, the diesel generator is employed 
as a backup source when the energy from renewable energy sources (wind and PV) and batteries is 
unable to satisfy the demand, in other words 

𝑃𝑃𝑙𝑙(𝑡𝑡)
𝜂𝜂𝑖𝑖𝑖𝑖𝑖𝑖

> 𝑃𝑃𝑔𝑔(𝑡𝑡) + [𝑆𝑆𝑆𝑆𝑆𝑆(𝑡𝑡 − 1) − (1 − 𝐷𝐷𝐷𝐷𝐷𝐷)] × 1000 × 𝑁𝑁𝑏𝑏 × 𝐶𝐶𝑏𝑏 (16) 

Therefore, the needed power 𝑃𝑃𝐷𝐷𝐷𝐷(𝑡𝑡) from the diesel generator is stated as follows: 

𝑃𝑃𝐷𝐷𝐷𝐷(𝑡𝑡) = 𝑃𝑃𝑙𝑙(𝑡𝑡) − �𝑃𝑃𝑔𝑔(𝑡𝑡) + [𝑆𝑆𝑆𝑆𝑆𝑆(𝑡𝑡 − 1) − (1 − 𝐷𝐷𝐷𝐷𝐷𝐷)] × 1000 × 𝑁𝑁𝑏𝑏 × 𝐶𝐶𝑏𝑏� × 𝜂𝜂𝑖𝑖𝑖𝑖𝑖𝑖 (17) 

If the needed power 𝑃𝑃𝐷𝐷𝐷𝐷(𝑡𝑡) is more than the generator rated power of 𝑃𝑃𝑅𝑅, the loss of power 
supply (𝐿𝐿𝐿𝐿𝐿𝐿) is computed by: 

𝐿𝐿𝐿𝐿𝐿𝐿 = 𝑃𝑃𝐷𝐷𝐷𝐷(𝑡𝑡) −  𝑃𝑃𝑅𝑅 (18) 

3. Dispatch Engine 

By efficiently employing RESs and ESSs, the suggested DE in Figure 1 seeks to enhance hybrid 
plant profitability. In order to estimate the electricity demand, predict the power output of each 
renewable energy source, and optimize the dispatch of power between the various sources to meet 
the demand while minimizing costs and maximizing the use of renewable energy, the DE for a hybrid 
renewable power station would typically involve a combination of algorithms and models. Many 
data sources are accessible during the data analysis phase, including as the grid, RES stations, ESS 
data, and DG data.  

The following actions would probably be included in the code for such a system: 
• Data collection: Compile information on the historical and present electricity consumption, as 

well as the power production of each renewable energy source. 
• Forecasting: Over the following several hours or days, estimate the power production of each 

renewable energy source and the amount of electricity that will be consumed using models and 
algorithms. 

• Optimization: Employ algorithms for optimization to determine the best way to distribute 
electricity among the various sources in order to satisfy the anticipated demand while 
minimizing expenses and optimizing the usage of renewable energy. This may entail figuring 
out whether to utilize ESS or grid electricity, as well as the most effective mix of renewable 
energy sources to employ.  

•  Control: To maintain system stability and stay within operating parameters, use control 
algorithms to modify each source's output power in accordance with the dispatch plan.  
Four different EMS will be employed in this study: 

• Mode 1: In this mode, the load demand need is met by the generated electricity from renewable 
energy sources (PV and WT). The ESS is charged using the excess energy. 

• Mode 2: When the ESS is completely charged, the power provided from renewable energy 
sources surpasses the load demand need. Here, the extra energy is sent to the grid. 
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• Mode 3: In this mode, the amount of electricity produced by renewable sources is insufficient to 
meet the demands of the load. In this instance, the ESS will make up the difference in power 
generation to meet the demands of the load. 

• Mode 4: In this mode, the ESS level is low, and the electricity provided from renewable energy 
sources is insufficient to fulfill the load demand. In this situation, the system will draw the 
needed power from the grid. If the drawn power from the grid reaches its maximum allowed 
power to be drawn, the DG will run to make up for the shortfall in power supply to meet the 
demands of the load and further guarantee the ESS charge. 
The suggested EMS algorithm flowchart utilized in the present research is displayed in Figure 2. 

 
Figure 2. EMS algorithm flowchart. 

4. Problem Formulation 

Optimal outcomes are achieved through the identification of parameter settings that minimize 
a specific function, which in turn offers stakeholders a quantifiable insight into the system's value 
addition. To locate the function's minimum value, mathematical programming methods are 
frequently employed. These techniques navigate through predefined variables, aiming to find the 
optimal solution while adhering to a defined set of constraints. This process not only aids in 
optimizing system performance but also ensures that the solutions are feasible and aligned with the 
system's operational limits and goals. [73]. The problem can be described below: 

Find X = �

x1
x1
·
·

xn

�   which minimizes F(X) (19) 

Within constraints 

gj
(x)≤0,j=1,2…,m  

lj(x)≤0,j=1,2…,p
 (20) 

where F(X), X, gj
(x) and lj(x) are the objective function, n-dimensional design vector, inequality, 

and equality constraints, respectively. 𝑛𝑛 is the number of variables and 𝑚𝑚 and/or 𝑝𝑝 are the numbers 
of constraints [73].  

r
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Various mathematical optimization techniques can be applied based on the problem's 
characteristics, especially in the context of renewable energy systems, which will be elaborated in the 
subsequent sections. The aforementioned DE has the primary goal of minimizing the costs of the 
hybrid plant and maximize the use of RES. To achieve this objective, each component relevant to the 
preceding statement needs to be precisely defined. Hence, the mathematical expression of the 
economic cost objective function 𝐶𝐶𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 can be formulated as 

minCTotal=Cwind+CPV+CESS+CDG+Cgrid (21) 

where CTotal is the total cost function, Cwind is the cost function for wind power generation, CPV is 
the cost function for PV power generation, CESS is the cost functions for the ESS, and CDG is the cost 
functions for the DG, and Cgrid is the grid cost functions. All cost functions in the model carry equal 
weightage, as the primary objective is to minimize the operating costs of the plants. Each cost function 
contributes to the same overarching goal and is of equal significance. 

The cost functions for the DG (CDG) is formulated as the aggregate of the fuel cost required for 
generating enough energy to meet grid demands and the associated emission costs. Given that CO2 
accounts for around 99% of total emissions, the model overlooks the minor gases. With the mass of 
gases emitted from diesel combustion known, the emission cost can be quantified based on the 
amount of fuel consumed. Hence the cost function of DG can be expressed as  

CDG = � ∆𝑡𝑡 . �
𝑃𝑃𝐷𝐷𝐷𝐷

𝐺𝐺 . 𝐹𝐹
𝑃𝑃𝐷𝐷𝐷𝐷

𝑚𝑚𝑚𝑚𝑚𝑚 . (𝐶𝐶𝑓𝑓 + 𝐶𝐶𝑚𝑚𝛼𝛼𝑐𝑐𝑜𝑜2)�
𝑡𝑡+𝑁𝑁

𝑡𝑡=1

             ∀ t∈ [1,T] (22) 

where 𝑃𝑃𝐷𝐷𝐷𝐷
𝐺𝐺  is the DG-generated power, 𝐹𝐹 is the amount of diesel used per kWh, 𝑃𝑃𝐷𝐷𝐷𝐷

𝑚𝑚𝑚𝑚𝑚𝑚  is the 
maximum power produced by DG, 𝐶𝐶𝑓𝑓  the cost of fuel per liter, 𝛼𝛼𝑐𝑐𝑜𝑜2  is the gas mass associated with 
burning fuel and 𝐶𝐶𝑚𝑚   is the cost of said gases.    

The grid cost functions Cgrid is defined as the difference between the cost of power purchased 
and the cost of power sold for each time interval. 

The performance of the system is governed by a number of constraints on the proposed cost 
function. The power balance constraint is the first set of constraints that ensures at any time t, the 
total power generated from DG (PDG,t), wind (Pwind,t), PV(PPV,t), power imported or exported from 
or to the grid (Pgrid,t)and power used for ESS (PESS,t) equals the total load power (PL,t) . 

The power balance constraint is established as follows: 

PPV,t+Pwind,t+PESS,t+PDG,t+Pgrid,t=PL,t                           ∀ t∈ [1,T] (23) 

where PPV,t is the PV power, Pwind,t is the wind power, PESS,t is ESS power, PDG,tis the measured DG 
power, Pgrid,t is the grid power, and PL,t is load power and T is the operation time.  

The second constraint is the generation limits constraint for the wind generators. The upper and 
lower limitations of the wind farm's output power are among the operating constraints [74]. 

0 ≤ Pwind,t ≤ Pwind
max                      ∀ t∈ [1,T] (24) 

where Pwind
max  is the maximum power output of the wind farm. 

The third constrain is the generation limits constraint for the PV generators. 

0 ≤ PPV,t ≤ PPV
max                     ∀ t∈ [1,T] (25) 

where PPV
max is the maximum power of the PV power station. 

In order to balance the ESS's state of charge (SoC) throughout the charging and discharging 
cycles, a fourth constraints is established. The constraints of ESS include power capacity limits [74] 

PESS,min(t) ≤ PESS(t) ≤ PESS,max(t),                     ∀ t∈ [1,T] (26) 

where PESS,min and  PEss,max are, respectively, the lower and upper limits of the ESS's power. 
To prevent the ESS from being over-charged and over-discharged, its SoC limit is expressed as 

follows: 

SoCmin(t) ≤ SoC𝐸𝐸𝐸𝐸𝐸𝐸(t) ≤ SoCmax(t),                   ∀ t∈ [1,T] (27) 
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where SoCmin and SoCmax are, respectively, the minimum and maximum bounds of SoC. 
Capacity, charge and discharge power, and charge and discharge state constraints are some of 

the constraints placed on ESS. The following are the precise formulae. 

⎩
⎪
⎪
⎪
⎨

⎪
⎪
⎪
⎧ Emin ≤ Et ≤ Emax                      ∀ t∈ [1,T]

0 ≤ Pt
c ≤ Pc,max                        ∀ t∈ [1,T]

0 ≤ Pt
d ≤ Pd,max                        ∀ t∈ [1,T]

ct+dt ≤ 1                                 ∀ t∈ [1,T]
Pt = ctPt

c + dtPt
d                        ∀ t∈ [1,T]

Et=
Et-1 + Pt

cηcΔt − Pt
dΔt

ηd  

 (28) 

where Et, Et-1 are the capacities of the ESS at time t and time t-1, Emax, Emin are the maximum and 
the minimum capacities of the ESS, Pt

c , Pt
d are the charge and discharge power of the ESS at time 

t, Pc,max , Pd,max are the maximum charge power and the maximum discharge power of the ESS, 𝑐𝑐𝑡𝑡, 
𝑑𝑑𝑡𝑡 are the states of charge and discharge of the ESS at time t, ct=0 1 means not charge of the ESS at 
time t, ct=1 means charge of the ESS at time t, dt=0 means not discharge of the ESS at time t, dt =1 
means discharge of the ESS at time t, ηc , ηd  are the charge and the discharge efficiencies, 
respectively, and Δt is the unit time interval [75]. 

The fifth set of constraint is related to DG power and ensures that the generator limits are not 
exceeded. The upper and lower limitations of the output power are among the DG constraints. 

0 ≤ PDG,t ≤ PDG
max                     ∀t ∈ [1,T] (29) 

where PDG
max is the DG unit’s maximum power. 

The last set of constraints is related relates to the maximum amount of power that may be 
transferred between the main grid and the microgrid. This power is limited between maximum and 
minimum values to ensure the system's transmission safety. Constraints include the output power's 
upper and lower limits, minimum power purchased, and the maximum power sold Equation (11). 

Pgrid,min(t ) ≤ Pgrid(t) ≤ Pgrid,max(t),                                ∀t ∈ [1,T]     (30) 

where  Pgrid,max and Pgrid,min is the grid's maximum and minimum power limits. 

5. Mixed-Integer Linear Programming (MILP) 

The Mixed-Integer Linear Programming (MILP) approach will be utilized to address the 
optimization issue presented in the preceding section. As such, this method follows the traditional 
MILP framework, focusing minimization. This approach is especially well-suited for optimizing 
complicated systems with several choice variables because of its ability to handle issues involving 
both discrete and continuous variables. Subject to a set of linear constraints, the research seeks to 
identify the most effective solution that minimizes the objective function by utilizing MILP. This 
method makes sure that the solution path is well-structured and also makes it easier to manage the 
many technical and operational limitations that are present in the optimization issue. Only ct and dt 
in ESS constraints are integers; all other arguments are real variables. Regarding the ESS's 
charging/discharging cycles' either/or behavior, the variables ct  and dt  are considered as binary 
(integer) variables. 

Mixed-Integer Linear Programming (MILP) is a powerful mathematical optimization approach 
that finds the best solution within a feasible set using a well-defined objective function and a set of 
constraints. MILP stands out from other optimization tactics, such as classical linear programming, 
intelligent algorithms, and hybrid methods, due to its better precision and computing efficiency. This 
methodology's strength is its ability to efficiently include both discrete and continuous variables into 
the decision-making process, allowing for a thorough examination of complicated systems. The 
decision to use MILP as the selected optimization method for this study was due to its proved 
effectiveness of generating highly accurate solutions in a timely way, making it a useful tool for 
solving complex optimization difficulties [76].  
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To address MILP issues, three key strategies stand out for their effectiveness and efficiency: the 
feasibility pump technique, cutting edge methods, and tree search algorithms. The descriptions of 
those techniques are as below: 
• The feasibility pump technique aims to quickly identify a viable solution that meets all issue 

constraints. It alternates between solving a relaxed linear problem to enhance objective value 
and rounding answers to retain feasibility under integer constraints. The feasibility pump is 
especially beneficial for quickly creating a viable starting point that may then be refined using 
other methods. 

•  Cutting Plane methods: These approaches, which rely on continually refining the viable 
solution space, apply extra constraints to remove regions that lack the optimal solution. These 
cuts are made with the solution of the linear relaxation of the MILP problem, which is gradually 
tightened to converge to the integer solution. This method is beneficial for reducing the search 
space and shortening the solution time for complex problems. 

• Tree Search Algorithms: These algorithms, such as branch-and-bound and branch-and-cut, 
employ systematic exploration to identify viable solutions. They function by breaking down the 
solution space into smaller subproblems (branching) and assessing the limits of these 
subproblems to remove those that do not contain the optimal solution. Tree search algorithms 
are effective tools for tackling MILP issues because they can handle both the combinatorial 
character of integer variables and linear correlations between variables effectively. 
Each of these techniques has distinct benefits and may be chosen based on the specific 

characteristics of the MILP issue at hand, such as its size, the nature of the constraints, and the desired 
balance of solution precision and computational time. Additionally, putting together these strategies 
or employing them in a planned sequence can considerably improve the efficiency of addressing 
MILP problems, leading the way for identifying ideal solutions in many applications [77]. 

The tree search technique, also known as branch-and-bound, is the approach that has been 
selected to solve the MILP issue. This approach is a crucial algorithmic method for solving MILP 
problems. Because of its architecture, it is possible to explore the solution space of MILP issues in a 
systematic way with the goal of precisely and effectively identifying the best or nearly optimal 
solution [77]. 

Using the MILP tree search approach, a search tree is constructed, with each node corresponding 
to a different subproblem inside the larger MILP framework. This procedure begins with the creation 
of a starting node that contains the full problem. It then branches depending on variables that must 
meet integer constraints to split the problem down into more manageable sub-problems. Figure 3 
depicts an enumeration tree as the fundamental representation of the branch-and-bound method. A 
linear relaxation of the subproblem is carried out at each node in order to provide a lower bound for 
the ideal goal value. After branching, the algorithm uses linear programming to solve the relaxed 
linear version of each subproblem at the child nodes in order to get an upper bound for the ideal goal 
value. Bounding is an essential phase in the MILP tree search process that improves the search's 
efficiency and focus by fine-tuning the bounds using the output of linear programming relaxations. 
The search continues, gradually tightening its limits, until all nodes in the search tree have been 
explored or a predetermined stopping requirement is satisfied. The approach finds the best or nearly 
best possible integer solution to the initial MILP challenge through this painstaking search procedure, 
ultimately identifying the most efficient answer within the stated solution space [78]. 
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Figure 3. Branch-and-bound tree. 

6. Wind, PV and Load Power Forecast 

PV and wind energy are unpredictable and intermittent. It will affect the accuracy of the 
economic dispatch findings if the unpredictable data for wind and PV power are employed to solve 
the problem. In order to forecast wind and PV power, historical data must be used. Moreover, 
designing a robust and efficient EM that capitalizes on renewable energy sources necessitates a 
detailed and precise understanding of the load profile. The variability inherent in load profiles is a 
critical factor that influences the overall system reliability. Therefore, our research underscores the 
significance of precise load power forecasting to ensure the reliability and efficiency of energy 
management. 

For effective PV, Wind, and load power forecasting, leveraging historical consumption data is 
imperative. By analyzing data from previous periods, neural networks can predict information for 
the future. Therefore, to forecast PV, Wind and Load power, neural networks are utilized [79,80]. 
These models are adept at interpreting complex data patterns, enabling them to predict future events 
based on historical data accurately. 

Incorporating neural networks into our forecasting methodology is a cornerstone of our 
approach. With their ability to learn and adapt, neural networks offer a powerful tool for predicting 
future PV, Wind, and load power with high accuracy. This predictive capability is instrumental in 
optimizing the operation of renewable energy sources within the EMS, ensuring that energy supply 
aligns closely with demand patterns. Consequently, neural network-based forecasting represents a 
pivotal component of our strategy to enhance the efficiency and reliability of energy management in 
systems reliant on renewable energy sources [79,80]. 

6.1. Feed-Forward Neural Networks 

In this study, we provide a feed-forward neural network (FFNN) based forecasting model. A 
neural network's architecture is made up of nodes, or neurons, arranged in three different levels, as 
shown in Figure 4: the input layer, one or more hidden layers, and the output layer. Weighted 
parameters are used to construct connections between nodes across these layers by measuring the 
strength of each link. The topology of the network produced by this arrangement is highly linked 
and replicates the structure of the biological nervous system. Every node in a layer is intimately 
connected to every other layer's node, creating a complete network that makes intricate data 
processing and pattern recognition jobs easier [81]. The input data is split 90:10 into training and 
testing sets before the network is trained using the Levenberg-Marquardt optimization approach. 
Data from the training and testing sets are used to validate the neural network model. After being 
trained, the network is then used to predict outputs for the input data that was used in the training 
and testing stages. The Mean Absolute Error (MAE) and the Root Mean Square Error (RMSE) for the 
training and testing datasets may be easily calculated according to this procedure, which compares 
expected and actual results [81]. 
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The improved neural network model will be used to forecast future PV, wind, and load power 
over a 24-hour period. The input data for this prediction model comes from careful measurements 
made at several places throughout Oman. PV, wind, and load powers are monitored hourly to enable 
a thorough daily study. This results in the daily gathering of 24 different data points. With the help 
of this systemic method, daily PV, wind, and load power dynamics may be accurately represented, 
offering insightful information for energy management and planning.  

 
Figure 4. Feed-Forward Neural Networks (FFNN). 

7. Case Simulation 

The approach shown in Figure 1 is applied in the simulated scenario of this work. It consists of 
a microgrid with conventional (DG), a wind energy conversion system, photovoltaic (PV) system, 
and energy storage system (ESS). 

The data used for Load, wind power and PV generation in this study come from the 
measurements from different locations in Oman. The cost coefficients for the generation of wind and 
PV electricity are shown in Table 3, which were collected from the reference [82]. Moreover, Table 3 
presents the key features of the ESS. The mathematical model is solved using MILP, and wind and 
PV power generation are forecasted using a FFNN. 

MATLAB is utilized for the implementation and simulation of the suggested method, as seen in 
Figure 1. The MATLAB Optimization Toolbox is used to tackle the optimization issue. In addition, 
the FFNN's capabilities are utilized for wind and solar power forecasting through the use of the 
MATLAB Neural Network Toolbox. 

Table 3. System parameters. 

Parameter Value 
Cost of solar power per kWh 0.048 $ 
Cost of wind power per kWh 0.075 $ 
Cost of DG power per kWh 0.34 $ 

Cost of battery storage per kWh 0.22 $ 
ηc  0.95 
ηd 0.95 

𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 0.2 
𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 0.9 

T 24 hours 
Δt 1 hour 

7.1. Load Data  

Data on 2022's hourly load was given by the Oman Electricity Transmission Company (OETC) 
for one year.  This dataset enabled an analysis of the daily load consumption patterns, which are 
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graphically represented in Figure 5. An examination of this data reveals a consistent trend where load 
consumption begins to decrease from 7:00 AM, reaching its lowest point between 7:00 AM and 9:00 
AM. The load usage gradually rises after this trough and stays that way until 3:00 PM. The daily peak 
load is recorded around 9:00 PM, demonstrating a significant variance in power consumption 
throughout the day. The dynamics of power use are better understood thanks to this examination, 
which may also help develop more efficient supply and demand management techniques.  

 

Figure 5. Load data. 

The proposed Feed-Forward Neural Network (FFNN) is deployed to predict Load power 
utilizing historical electricity consumption data. This data is strategically partitioned into two distinct 
segments for the purposes of training and testing the model. Specifically, the initial 90% of the 
collected historical data sequence is allocated for the training phase of the FFNN model. During this 
phase, the network engages in a comprehensive analysis of the data, learning to identify underlying 
patterns and correlations that govern Load power fluctuations. This process equips the network with 
the ability to generate predictive insights based on historical trends.  

The network does a thorough examination of the data during this phase in order to discover the 
underlying patterns and correlations that control variations in load power. By using past trends as a 
basis, this technique gives the network the capacity to produce predictive insights.  After training, 
the remaining 10% of the data are used for the testing segment, which is a thorough assessment of 
the model's predictive power and performance. This stage is critical in determining how well the 
model can generalize its learnt patterns to new, unobserved data, which indicates how useful it will 
be in actual situations.  

Within this testing methodology, the efficacy and precision of the FFNN in predicting load 
power are measured by contrasting the network's predictions with real observed data. This 
comparison aids in assessing how accurately and dependably the model captures the dynamics of 
load power usage.  
The simulation results will be covered in depth in the following sections, along with a performance 
analysis of the FFNN model. These findings will demonstrate the model's effectiveness in predicting 
load power and highlight its potential use in improving energy management and planning 
techniques. 

7.2. PV and Wind Data 

The Oman Electricity Transmission Company (OETC) provided the wind power statistics 
utilized in this analysis, which were derived from measurements made in 2022. Oman Power and 
Water Procurement Company (OPWP) provided the PV data [83]. The PV and wind power data sets 
were both well documented at hourly intervals. With the help of this systematic process, a solid 
dataset consisting of 24 separate data points each day was gathered, which allowed for the capture 
of the power generation fluctuations throughout the day. Figure 6 shows the PV power data for a 
single day for visual reference. Figure 7 shows the wind power data for a single day and Figure 8 
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illustrates the wind power generation for 1 one month to indicate the nature of wind data. Notable 
variations in Figure 8 demonstrate how inconsistent the wind power data. This discrepancy will have 
an adverse effect on the FFNT training process and the wind power forecast accuracy. 

 

Figure 6. PV power data for one day. 

 

Figure 7. Wind power data for one day. 

 

Figure 8. Wind power data for one month. 

The suggested FFNN is used for forecasting PV and wind power data. The historical data 
sequence is divided into two sections: training and testing. In particular, the historical data sequence’s 
first 90% is set aside for the FF neural network model's training. The network may identify 
correlations and patterns in the data during this training phase. The trained model is subsequently 
tested using the remaining 10% of the data, enabling an evaluation of its generalization and predictive 
ability. The efficacy of the FFNN in forecasting wind power and PV may be determined by assessing 
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the network's accuracy on unobserved data. The next section presents the simulation results for the 
suggested FFNN model. 

9. Results 

9.1. Load Power Forecasting Results 

Figure 9 presents the results of the forecast study and shows the estimated load power for a next 
24-hour cycle. The graphical depiction provided by this figure provides a thorough breakdown of the 
expected fluctuations in load power throughout the course of the following day. By highlighting 
expected variations from one hour to the next, the representation effectively illustrates the anticipated 
load power dynamics. Better planning and management choices based on these forecast insights are 
made possible by this forecasting, which guarantees a thorough picture of the load power's expected 
behavior.  

Furthermore, a thorough comparison of the "Actual" values—which represent the observed 
data—and the "Forecasted" values—which come from predictive analyses—is shown in Figure 9. The 
"Forecasted" curve closely resembles the size and path of the "Actual" curve, as can be seen by closely 
examining the curves in Figure 9. The remarkable resemblance between the two curves highlights 
the Feed-Forward Neural Network's (FFNN) great forecasting accuracy. The alignment shows how 
well the FFNN captures the complex patterns found in the real data, in addition to highlighting the 
model's capacity to forecast future trends. This comparison validates the FFNN's strong forecasting 
skills and highlights its potential as a dependable instrument for highly accurate load power 
prediction. 

 

Figure 9. Forecast of wind power. 

9.2. Wind and PV Power Forecasting Results 

The expected values of the wind power for the next 24-hour period are graphically represented 
in Figure 10, which is one of the outputs of the forecasting phase, which is displayed in Figures 10 
and 11. Similar to Figure 10, Figure 11 shows the predicted PV power generation and provides a 
visual representation of the forecasted PV output for an upcoming 24-hour period. The predicted 
data in this case starts and finishes on two distinct days at midnight. 

A comparison between the "Actual" values, which show the actual data observed, and the 
"Forecasted" values, which show the results predicted, is displayed in Figures 9 and 10. It is clear by 
examining Figures 9 and 10's curves that the "Forecasted" curve accurately depicts the magnitude 
and trend of the "Actual" curve. The two curves' similarity shows that the FFNN has high forecasting 
capabilities. Additionally, the findings of wind power forecasting were shown to be not as precise as 
those of PV power forecasting. The nature of the two signals is responsible for this, due to the 
smoothness and slower rate of change of the PV data compared to the wind data. The accuracy of the 
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wind power forecast and the FFNT training procedure are negatively impacted by the previously 
indicated discrepancy in the wind data. 

 

Figure 10. Forecast of wind power. 

 

Figure 11. Forecast of PV power. 

Furthermore, the suggested approach is compared with Long Short-Term Memory (LSTM) 
networks in order to evaluate the proposed FFNN. Where LSTM is an efficient way to manage 
sequences and time-dependent patterns, it is a specific kind of recurrent neural network (RNN). For 
PV power forecasting, the suggested technique and the LSTM proposed in [75] are tested. Figure 12 
displays the simulation results for both approaches. Based on the simulation's output when LSTM 
was used to forecast PV power, the results were shown to be less accurate than when FFNN was 
used. Additionally, LSTM model training takes more time than the suggested FFNN. Furthermore, 
Table 4 displays a comparison between the standard deviations of the FFNN predictions, and LSTM 
predictions as well as the % difference between the standard deviations of the predictions and the 
actual data standard deviation. With the help of this comparison, it is possible to determine how 
much the variability in forecasts differs from the variability in the actual data. Notably, compared to 
the LSTM predictions, the FFNN forecasts had smaller standard deviation percentage differences. 
This result indicates that the FFNN model provides predictions with more consistency and accuracy. 

Therefore, even though LSTMs are great at capturing distant relationships, which is crucial for 
time series forecasting. However, in our specific PV power forecast test, the LSTM model's 
performance fell short of the FFNN. As a result, the observed advantage of the FFNN model over the 
LSTM in our investigation emphasizes the significance of taking the issue domain as well as the data 
characteristics into account when choosing a forecasting approach. While LSTMs are praised for their 
sequence modeling skills, the FFNN model's ability to recognize complex patterns in the PV power 
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data allowed it to make predictions that were more accurate. In the end, the precise context and 
objectives of the prediction job will determine which approach to use FFNN or LSTM. 

 
Figure 12. FFNN and LSTM Forecasting. 

Table 4. Comparison between FFNN and LSTM. 

Forecast Method Prediction standard deviation 
Percentage Difference from 

actual data standard deviation 
(12.3141) 

FFNN 12.1647 -1.21% 
LSTM 11.5562 -6.15% 

9.2. Dispatch Engine Results 

The problem of minimizing the cost in the energy dispatch of the micro-grid using DE, as 
depicted in Figure 1, has been successfully resolved. This solution is specific to the case study and 
relies on the utilization of the MILP solver. The results obtained from this approach, demonstrating 
the optimized energy dispatch and the corresponding minimum cost, are visually presented in Figure 
13. Furthermore, the SOC% of the ESS is displayed throughout the day in Figure 14. 

Figure 13 provides a visual representation of the contribution level of each generator element in 
the microgrid's energy supply. It illustrates the specific amount of energy that each generator element 
is required to generate in order to meet the overall energy demand. PV output begins at 8:00 AM and 
increases gradually until noon, when it peaks. Thereafter, it decreases until sunset. In contrast to PV, 
wind turbine production is unpredictable since it is based on the wind speed during each hour of the 
day. The wind generator begins to generate power if the wind speed is greater than the wind turbine's 
cut-in wind speed. The PV mostly meets the load demand at noon. The extra wind and PV power is 
sent to the grid and stored in ESS between the hours of 10:00 and 17:00 with a suitable amount of 
wind and PV energy output. When the wind and PV production is lower between the hours of 1:00 
and 10:00 and 17:00 and 24:00, the grid and ESS are used to make up for the diminished wind and PV 
output.  It can be observed that by employing this optimization strategy, the utilization of the DG 
unit is decreased, which lowers plant operating costs since the DG unit is only operated briefly. 
Additionally, by connecting the system to the grid, the grid will provide more output to compensate 
for the system's insufficient production from wind and PV energy, which will lower the rate at which 
wind power and PV will be curtailed. 
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Figure 13. Dispatch of each generator with PV-Wind-DG-ESS-Grid hybrid plant. 

 

Figure 14. ESS SOC%. 

To demonstrate how incorporating the grid affects system regulation performance a simulation 
is run for the designed DE utilizing a combination of PV, wind, DG, and ESS facilities. Figure 15 
illustrates the variance in hybrid plant running costs between this scenario and the previous 
introduced. It is clear that when a system is disconnected from the grid, the DG unit is used more 
frequently, which raises plant operating costs since the system's insufficient output of wind and PV 
energy cannot be made up for by the grid. 
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Figure 15. Hybrid plant operating costs for different optimal dispatch cases. 

The suggested ED system, however, contains the ability to successfully support islanding 
operations in the context of real-time support conditions and auxiliary services for hybrid plant 
dispatch engines, according to the simulation that was given in this example. The proposed ED 
system has proven its capacity to enable a smooth transition to islanded operation in the case of grid 
failures or maintenance by tightly integrating advanced control algorithms and responsive data 
analytics. This accomplishment shows how reliable the proposed strategy is in preserving grid 
stability and power supply continuity, adding to the necessary range of ancillary services that 
contemporary hybrid plant dispatch engines work to provide. 

10. Conclusions 

In order to ensure dispatchable electricity under challenging operating conditions, hybrid power 
plants have emerged as dependable and adaptable electricity producing facilities. In order to design 
and run hybrid power plants, this research suggests implementing a dispatch engine (DE) based on 
mixed-integer linear programming (MILP). The DE seeks to minimize operating costs and the 
reliance on diesel generators (DGs) while maintaining the agreed energy output by offering extended 
duration operating schedules and facilitating real-time monitoring. The recommended approach 
includes accurate PV and wind power forecasts, ensuring the best possible scheduling. To assess the 
feasibility of the proposed dispatch engine a case study is conducted in Oman, utilizing real-time 
data from multiple sites in the country on load, wind power, and PV power. Using a hybrid PV-
Wind-DG-ESS-Grid plant, the proposed dispatch engine's performance is assessed, offering helpful 
insights into the possible advantages and efficiency of the suggested system. The Feed-Forward (FF) 
neural network is used to forecast data for Load, PV and wind power, and the findings demonstrate 
the strong forecasting capabilities of the FF neural network. The implementation results of the 
proposed DE show how wind and PV energy is sent to the grid and stored in ESS during peak hours. 
When production decreases, the grid and ESS compensate. Moreover, the simulation results show 
that using the proposed DE reduces DG unit usage and lowers plant operating costs. 
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Abbreviations 

DE Dispatch engine 
DGs Diesel generators 
DP Dynamic programming 
ED Economic dispatch 
ESS Energy storage systems 
FFNN Feed-forward neural networks 
HRES Hybrid renewable energy system  
LCOE Levelized Cost of Electricity 
LPM Linear programming model 
LPS loss of power supply 
LSTM Long short-term memory  
MCGP Multi choice goal programming 
MILP Mixed integer linear programming 
MOEA Multi-objective evolutionary algorithms  
NLP Nonlinear programming  
PCC Point of common coupling 
PSO Particle swarm optimization  
PV Photovoltaic  
RE Renewable energy 
RNN Recurrent neural network 
RTED Real-time economic dispatch 
SoC State of Charge 
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