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The DC Microgrid sounds familiar in recent days for its independent grid operation and energizing small communities without relying on the central grid. The sudden change in energy demand in the microgrid can negatively impact its performance and operation. Energy management is the only optimal solution to the energy production of microgrids. This article -discusses an economically operated DC microgrid for rural electrification with a tri-port converter based on the radial basis function neural network (RBFNN)-based intelligent control strategy to provide enhanced performance to the microgrid. The advantage of the proposed system is that it provides optimal energy management solutions during dynamic loading conditions and enhances the operation of the microgrid. The outstanding aspect of the proposed system is that it boosts the conversion operation and effectively manages the battery energy storage system to supply energy to the domestic loads and supply power to the grid during excess power generation. In the assessment, the rural regions of Tamilnadu and Andhra Pradesh, India, have been considered to enhance the microgrid setup. The performance evaluation of the proposed system has been conducted and validated using an experimental setup. The assessment also discusses the economic and environmental analysis in using the proposed system. The results support the performance and efficiency of the proposed model.
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1 INTRODUCTION
The energy crisis is one of the vital problems faced by the world today. On taking environmental issues as a major concern, major power sectors have started generating electricity through renewable energy (RE) resources (Bogdanov et al., 2021). The RE sources that are connected to power up a small community or urban location without the support of a central grid is named as a microgrid (Sitharthan et al., 2016). When the microgrid has the feature of energy sharing and trading, then it is called a smart microgrid (SM) (Khorasany et al., 2020). A SM has wide advantages in energizing small communities without the support of the central grid, and it has the features of energy sharing and trading with high stability and security. But the SM gets affected by changes in sudden demand patterns (ur Rehman, 2020). The change in sudden demand patterns could collapse the SM and the failure of the electrical equipment connected to the SM system.
To tackle the change in sudden demand patterns, energy management is the optimal solution for energy production in the SM (England and Alouani, 2020). Several approaches have discussed the energy management solution for the SM (Ahmed et al., 2020; Hosseini et al., 2020; Khattak et al., 2020; Mohamed et al., 2021; Sadek et al., 2021). Blockchain-based energy management for smart cities has been discussed in Khattak et al. (2020). The blockchain application enables the users in the smart grid environment to perform peer-to-peer energy trading and also provides dynamic tariff calculations to the users. It also automates the energy demand and supply and provides price bidding based on the demand and supply. Furthermore, the blockchain also provides privacy and security to the SM. Optimal power management for renewable energy-based smart grids has been discussed in Hosseini et al. (2020). The method uses an algorithm to optimize the supply and demand-side management of the smart grid, and it uses the AI technique for optimal energy management (Ahmed et al., 2020). This work comprises machine learning with the Gaussian process regression (GPR) to develop standard energy management. The work has been split into two stages: initially, performance parameters have been identified and are trained. Then, the source and demand in the RE have been optimized. Finally, they are compared based on the changes, and an optimal solution for energy management is provided. An energy management solution with a two-stage strategy for the isolated microgrid has been developed (Sadek et al., 2021). Energy management provides an optimal solution during RE uncertainty by reducing the operating cost of the SM system. In this study, the cost function of the RE, diesel generator, and inverter operation has been considered, and the capability curve has been provided. The fuzzy-based cloud-enabled approach has been developed to provide an energy management solution for the RE-based microgrid (Mohamed et al., 2021). The proposed approach provides the best solution to energy management considering the different parameters.
Although energy management is important in the SM, an appropriate technique for achieving energy management is vital, and it can be achieved effectively by a converter control strategy (Jia-You Lee et al., 1999; Li et al., 2014; Bilakanti et al., 2017; Hu et al., 2017; Sitharthan and Geethanjali, 2017; Wu et al., 2019). A modular tri-port high-power converter has been proposed (Hu et al., 2017). The developed converter is capable of connecting multiple energy devices to a single converter. It also provides flexible energy management solutions and also different winding connections based on the loading condition. A bidirectional tri-port converter improves the duty cycle and enhances the performance of the overall system (Li et al., 2014). These facilitate the charging of the battery without any additional circuit. A converter with isolated soft-switching has been developed to integrate RE-PV and battery into the grid network (Bilakanti et al., 2017). The developed strategy eliminated the need for the DC capacitor in the back-to-back conversion operation. It provides a high conversion rating with energy management. A boost rectifier cascaded high-frequency tri-port converter has been developed (Jia-You Lee et al., 1999). The converter connects the RE with the load through a tri-port converter, which enables flexible charging to the battery. A tri-port converter for electrical vehicles has been developed (Wu et al., 2019). It enables flexible charging of the electric vehicle with fast charging. From these literature surveys, it is evident that flexible charging and energy management are possible through the tri-port converter. By changing the control strategy, optimal energy management can be achieved. The control strategy through the intelligent neural network can improve the performance of the switching pattern (Sitharthan and Geethanjali, 2017). Boost conversion provides the system’s best performance (Srinivasan et al., 2021). The survey confirms the need for a flexible energy management strategy for the SM, and it also identifies that can be achieved by using an intelligent tri-port converter.
This study discusses an economically operated DC microgrid for rural electrification with a tri-port converter based on the radial basis function neural network (RBFNN)-based intelligent control strategy to provide enhanced performance to the microgrid. The combination of PV/wind and a wind-piezoelectric crystal has been used to create a microgrid setup with a 2.5 kW power rating. The advantage of the proposed system is that it provides optimal energy management solutions during dynamic loading conditions and enhances the operation of the microgrid. The outstanding aspect of the proposed system is that it boosts the conversion operation and effectively manages the battery energy storage system to supply energy to the domestic loads and supply power to the grid during the excess power generation. A significant advantage of the proposed topology is the elimination of DC capacitors which are major life-limiting components in a DC-AC inverter. The tri-port converter can be designed to connect to single-phase or split-phase AC grids, realizing soft-switching across the entire range of operating load levels. In the assessment, the rural region is considered and also discusses the economic and environmental analysis in using the proposed system. In the assessment, the rural regions of Tamilnadu and Andhra Pradesh, India, have been considered to enhance the microgrid setup. The performance evaluation of the proposed system has been conducted and validated using an experimental setup. The assessment also discusses the economic and environmental analysis in using the proposed system. The results support the performance and efficiency of the proposed model.
The article comprises introduction in Section 1, providing the previous literature in brief. The effect of change in sudden demand patterns in microgrids has been discussed in Section 2. Developed system modeling has been discussed in Section 3. Flexible energy control of smart microgrids with the proposed system has been discussed in Section 5. Section 6 comprehends the profound simulation results and discussion. The conclusion of the work is given in Section 7.
2 EFFECT OF CHANGE IN SUDDEN DEMAND PATTERNS IN THE MICROGRID
The microgrid network gets affected when there is a change in sudden demand patterns. Any uneven demand can negatively impact the grid frequency. Furthermore, it leads to the collapse of the entire grid network. There are two different patterns of changes that can occur in the microgrid. They are in low demand and high demand. The low demand occurs when the power generation exceeds the requirement and too much electricity is fed into the microgrid network. These changes increase the electrical frequency and cause a high risk in the grid network. The high demand occurs with low electricity availability. The demand increase during the peak demand hour makes frequency drop and causes power quality issues (Sun et al., 2020). The smart microgrid gets disconnected and completely power blackout in both cases to avoid equipment failure. Hence, to protect the smart microgrid, an energy management solution is required.
3 INVESTIGATED SYSTEM MODELING AND DESCRIPTION
The studied hybrid power generation system setup comprises a wind power generation system and a PV-based power generation system. Hence, modeling of the individual setup is important in this study. The combination of PV/wind and a wind-piezoelectric crystal creates a microgrid setup with a 2.5 kW power rating. The block diagram of the developed microgrid system is shown in Figure 1. The developed power generated by the PV/wind and wind-piezoelectric crystal has been fed into a 24-V DC bus system. The output from the DC bus system is used to charge the battery set through the developed tri-port charge controller, and furthermore, the DC power is converted into AC power by means of a DC/AC inverter. The inverted AC is connected to terminal 1 of the single-pole double-throw (SPDT) switch. Terminal 2 of the SPDT switch is connected to the grid supply. The main switch is connected to the 220 V, 50 Hz AC bus. The SPDT switch can be switched according to the power needed to satisfy the loads connected to the AC bus.
[image: Figure 1]FIGURE 1 | Developed smart microgrid for assessment.
3.1 Modeling of the 2.5-kW Hybrid Power Generation System
3.1.1 Modeling of the Wind Power Generation System
The wind power generation system modeled for the study is used (Adedeji et al., 2020; Nyeche and Diemuodeke, 2020). The mechanical power of the wind turbine is given as
[image: image]
where W represents the speed of the wind, A represents the blade spinning area, ρ represents the air density, and Cp (λ, β) represents the power coefficient of the wind turbine where the tip speed ratio λ and pitch angle is β, respectively. The wind turbine tip speed ratio corresponds to the power co-efficient by determining the rotor speed ωr, radius of the turbine blade R, and wind speed. The corresponding equation is given as
[image: image]
[image: image]
where Cp (λ, β) determines the performance of the wind turbine. The study system used a permanent magnet-based synchronous generator as a generator of WPGS.
3.1.2 Modeling of the PV Power Generation System
A solar-based cell is generally a p-n junction developed as a thin layer of a semiconductor. The electromagnetic radiation of solar energy can be straightforwardly changed over power through photovoltaic impact (Mohammad et al., 2020; Mousavi et al., 2020; Nyeche and Diemuodeke, 2020; Verma et al., 2021). The fundamental equation that characterizes the V-I characteristics of a solar cell can be derived from the equivalent circuit by applying Kirchhoff’s current law:
[image: image]
where I is the output current, ISC is the PV generated current, ID is the diode current, and Ish is the shunt current. The current induced by these cells governs a Vj voltage across the diode and shunt resistor.
[image: image]
where V is the terminal voltage, and by applying the Shockly diode equation, we obtain
[image: image]
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where I0 is the reverse saturation current, n is the diode identity factor (1 for the ideal diode), q is the elementary charge, k is the Boltzmann constant, and T is the absolute temperature. Consequently, the shunt current can be written as follows:
[image: image]
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The open-circuit voltage of the PV cell is given as follows:
[image: image]
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Therefore, the short circuit current of the PV cell is given as follows:
[image: image]
A PV array is made out of series and equal associated modules, and the single-cell circuit can be increased to address any series/equal blend. The result got from the PV framework is taken care of in the inverter framework which is associated with the microgrid through the electrical switch. In this study, the solar power generation system has been developed by eight 270 W, 12 V polycrystalline silicon-based solar panels. They are arranged in series and parallel arrays to develop a 1 kW, 12 V power output. The extracted output voltage is integrated into the 24-V DC bus system, as shown in Figure 1.
3.1.3 Modeling of the Piezoelectric-Based Bladeless Wind Power Generation System
In this study, a piezoelectric crystal stack has been developed by means of thiol-capped zinc oxide and polyvinylidene fluoride. The developed piezoelectric crystal is arranged in a series stack to produce 0.5 W output power delivering a voltage of 18–20 V. The studied piezoelectric crystal is made of polyvinylidene fluoride. The polyvinylidene fluoride–based piezo crystal has been selected since it has the capability to produce higher power even at a low frequency with a power density of 60 × 10−6 g cm−3. The detailed modeling of the piezoelectric crystal–based wind power generation system is discussed in (R et al., 2021). The real power generated by the developed piezoelectric crystal-based wind power generation in root mean square (RMS) is given as follows:
[image: image]
where p(t) is the extracted power for the piezoelectric stack mounted to the cantilever at the time [image: image], when [image: image].
The total power developed by the hybrid power generation system is given as follows:
[image: image]
4 PROPOSED INTELLIGENT TRI-PORT CONVERTER FOR FLEXIBLE ENERGY CONTROL AND ENERGY MANAGEMENT IN THE SM
To improve the charging efficiency with low losses, a single-stage triple-port converter system has been developed. The single-stage triple-port converter (TPC) comprises a single-stage dc-to-dc converter with three ports consisting of a battery, hybrid system, and load ports. The compact structure of the proposed converter reduces the number of conversion stages; therefore, the efficiency of the converter is increased, and also, the control of the converter becomes simple. The developed converter is depicted in Figure 2. The developed converter has a voltage multiplier module that provides a good voltage gain. On the other hand, the three-port converter also provides a bidirectional flow of power between the source, battery, and load. The equivalent circuit of the proposed converter is shown in the figure, where L1, D1, and S1 represent the SM port inductor, diode, and switch, respectively; T1N1 and T2N2 specify the coupled inductor primary and secondary, S2 stands for the battery port switch, D01 and D02 represent the output diodes, C01 and C02 are the output capacitors, and Lm and Lk are the magnetizing and leakage inductor (Hu et al., 2015).
[image: Figure 2]FIGURE 2 | ENN-based tri-port converter block diagram.
The converter is directly fed to the battery and DC/AC inverter. When there is an excess of energy, for example., the supply is more than the demand, then the battery is charged, permitting the converter to work forward way. When there is a shortage in power, for example ., the supply is not as much to fulfill the demand, then the battery begins releasing, providing the shortfall of capacity to the load. Figure 3 shows the energy management flow chart of the developed converter control strategy. This makes the converter work backward bearing. The charging/discharging of the battery is finished with the assistance of a bidirectional converter.
[image: image]
When the switch is OFF, they are presented by
[image: image]
The second converter is a high-gain boost converter controlled by the second switch with a switching period of T and a duty cycle of D. During the continuous conduction mode of operation, the state space equations are as follows:
[image: image]
[image: Figure 3]FIGURE 3 | Energy management flow chart.
When the switch is OFF, the equations are represented by
[image: image]
4.1 Modes of Operation
The proposed converter is capable of maintaining continuous output voltage, owing to the mismatch arising between the generation and demand of its bidirectional power flow nature. When the demand is greater than the generation, then the battery discharges in order to supply power for the load demand. Similarly, when the demand is less than the power generation, then the battery charges from the surplus power. The operating modes of the proposed converter are determined by the power generated and the load demand. The following assumptions are made for simplification to understand the operating modes:
1) All the components are considered ideal.
2) Leakage inductors are ignored.
3) Voltages of the capacitors C01\ and C02 are assumed as constant.
Based on the assumptions made earlier, the operation of the converter during one switching cycle can be classified into five modes. The operating modes of the converter start at the time instant (zero) and end by time t4.
4.1.1 Mode 1 [0, t0]
At time 0, s2 is in the on state and S1 is in the off state. The current path is illustrated in Figure 4A. As S2 is on the voltage from the battery that is fed to the load through the coupled inductors, the current from the battery charges the coupled inductor linearly. The output capacitor (C01) starts to charge from the coupled inductor secondary side (T1N2) through the diode (D01); therefore, the voltage across the capacitor (C01) increases linearly. The output current (iOUT) at time 0 can be obtained from the following equation:
[image: image]
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where VBAT is the voltage across the storage battery, VS2 is the voltage across the switch S2, Lm and iLm are the magnetizing inductance and its current, Lk and iLk are the leakage inductance of the coupled inductor secondary side and its current, VOUT and VD01 are the corresponding voltage across the load and diode (D01), respectively. The first mode ends when the switch (S1) is turned on at (t = t0\).
[image: Figure 4]FIGURE 4 | Modes of operation of the intelligent tri-port converter for flexible energy control and energy management in the SM.
4.1.2 Mode 2 [t0, t1]
At the time t0, both switches S1 and S2 are in the on state, and the current path is depicted in Figure 4B. Initially, the battery starts to charge by the PV through the inductor (L1), and the inductor current (iL1) increases linearly. Simultaneously, the battery feeds the coupled inductor primary side (T1N1) through the switch (S2); hence, the coupled inductor current increases linearly. In addition, the output capacitor (C01) charges from the coupled inductor secondary side (T1N2) through the diode (D01); therefore, the voltage across the output capacitor (C01) increases linearly. The output current (iout) at the time [t0] can be obtained from Eq. 13 as follows:
[image: image]
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This mode ends when switch S2 is turned off.
4.1.3 Mode 3 [t1, t2]
Mode 3 starts at the time t1 when the switch S1 is on and S2 is turned off; the model is illustrated in Figure 4C. Inductor L1 is charged by PV current; therefore, iL1 increases linearly. Simultaneously, battery current and the stored energy in the coupled inductor primary side are delivered to the load causing the voltage across C02 to increase linearly. The output load current iOUT at time t1 can be obtained by Eq. 16:
[image: image]
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where VC02 indicates the voltage across the output capacitor C02, and VD02 stands for the voltage of the output diode (D02). Mode 3 ends when the switch (S1) is turned off at (t = t2).
4.1.4 Mode 4 [t2, t3]
In mode 4 at time t2, both the switches S1 and S2 are in the off state. The current flow for mode 4 is shown in Figure 4D; the energy stored in the inductor (L1) starts to discharge to the battery through the diode D01, and therefore, the inductor current iL1 decreases linearly. Meanwhile, the battery provides power through the diode D02. The output current iOUT at time t2 can be obtained from Eq. 19 as follows:
[image: image]
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where VD1 is the voltage of diode D1. Mode 4 continues until the inductor L2 current freewheeling is completed at t = t3.
4.1.5 Mode 5 [t3, t4]
In mode 5, at time t3, both the switches S1 and S2 are in the off state, and the current flow is illustrated in Figure 4. The energy stored in the coupled inductor T1N1 is discharged completely to C02 through D02. The output current iOUT at time t3 can be obtained from Eq. 21:
[image: image]
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Mode 5 ends when switch S2 is turned on.
4.2 Radial Basis Function Neural Network Control Strategy
The architecture of the implemented RBFNN for the tri-port converter controller consists of two separate RBFNN sets for the d and q axis. The architecture of the d-axis RBFNN is shown in Figure 5. The NN consists of the input layer (i layer), the hidden layer (j layer), and the output layer (k layer). The controlled voltage is estimated by the NN by processing the measured and reference voltage at the load side as the inputs. The developed RBFNN consists of one output layer with one neuron and one hidden layer with ten neurons, respectively. The control function is defined as i*z, and the linearization of the control strategy to apply the RBFNN controller is discussed, and the basic function of each layer is given as follows (Sitharthan et al., 2020; Yang et al., 2020; Gadekallu et al., 2022; Sarkar et al., 2022).
[image: Figure 5]FIGURE 5 | Architecture of the RBFNN.
The following are the steps performed:
[image: image]
The nth iteration is represented by [image: image] and m. The input layer’s input and output are w and g, respectively.
Layer 2 is the network’s hidden layer, with the membership function being a Gaussian function.
[image: image]
In (35), S() is the sigmoid function. [image: image] and [image: image] are the input and output of the hidden layer, respectively. Furthermore, [image: image] connects the weights of the succeeding hidden layers and the input layers.
The final output of the number of layers included in the combination of hidden and input layers is often referred to as layer 3. The output layer is denoted by
[image: image]
where [image: image], and [image: image] is given as
[image: image]
[image: image] is the proposed controller’s final output obtained from the neural network. The weights connecting the neurons from the hidden layer to the output layer are represented by [image: image].
By assigning the right weight function to the connecting weights wji and wkj, the learning process aims to reduce the total error. E gives the training progress error, which is expressed as follows:
[image: image]
The neural network is trained and tested using a specific learning pattern known as chain rules. The following are the rules of the process:
Rule 1: The weights [image: image] should be revised in layer k. The circulated error term is as follows:
[image: image]
Consequently, the rationalization of weight [image: image] can be determined as follows:
[image: image]
and then, the rationalized weight can be defined as
[image: image]
Rule 2 weights of [image: image] in layer j should be updated.
The weight [image: image] is adapted with the help of a training pattern and given as follows:
[image: image]
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As a result, the connecting weight [image: image] is updated as follows:
[image: image]
where [image: image] denotes the layer j training rate adjustment, and the learning algorithm calculates E until the performance target is met.
5 RESULTS AND DISCUSSION
To evaluate the contribution of the developed DC microgrid for rural electrification with a neural network-based tri-port converter for flexible energy control, the modeled experimental setup is subjected to the analysis under different conditions such as 1) performance analysis, 2) energy management and economic analysis, and 3) environmental contribution analysis.
Figure 6 depicts the experimental setup considered for the study. The PV system and WPGS are mounted on the rooftop. Figures 6A,B,D depict the PV/wind/ piezo-based hybrid power generation system. Figure 6C depicts the piezoelectric crystal stack which is made to be connected in parallel and covered by the PVC material to protect it from the environmental condition. The developed bladeless piezoelectric-based power generation system is mounted over a spring that oscillates to produce mechanical power by capturing the wind power. Figure 6E depicts the conversion process and 24-V bus system. In the developed system, the PV is connected parallelly, and WPGS is connected in series. The obtained voltage is fed to the 24-V bus system. The system is equipped with a proper CB to protect the system from faulty condition. Figure 6F depicts the power management control and the tri-port converter system. The developed hybrid power generation system is monitored, and power management is carried out by smartwatch power software. The software gives an accurate reading of the hybrid power generation system such as the input voltage and current, battery voltage and current, and rated information of the hybrid system. The developed hybrid power generated is fed to the AC grid through a 2.5-kW hybrid converter. The system is developed to operate in two modes, on-grid and off-grid. To study the characteristic of the system, the developed system undergoes performance enhancement analysis, economic analysis, and environmental contribution analysis.
[image: Figure 6]FIGURE 6 | Experimental setup for the investigation.
5.1 Performance Enhancement Analysis
The performance analysis has been carried out under rural and urban environmental conditions. The hybrid power generation system is subjected to a wind speed of 6 m/s to 12 m/s and irradiation of 4.89 kWh/m2/day to 5.07 kWh/m2/day. In the developed system, the performance improvement is calibrated by the developed MPPT control strategy. The developed MPPT controller strategy for wind power generation systems uses tip speed ratio control to obtain optimal rotational speed ω*r. When the wind turbine is rationalized to rotate at optimal speed, it obtains the optimal tip speed ratio λopt. The developed wind turbine system delivers optimal power at the optimal tip speed ratio at certain wind speeds. Furthermore, the results obtained for the wind system are depicted in Figure 7. The wind power generation system attains an optimal tip speed ration (lambda) λopt- 6 with a power co-efficient of 0.476, as shown in Figures 7A,B.
[image: Figure 7]FIGURE 7 | Performance analysis of the wind power generation system.
In a bladeless piezoelectric effect-based wind power generation system, a voltage regulator is employed to boost the voltage. The developed MPPT control strategy for PV systems uses the P and O method to obtain maximum power. It tracks the Voc based on the present value and past data fed to it. The results obtained for the PV are depicted in Figure 8. From Figures 8A,B it is observed that the PV attains an open circuit voltage of Voc—24 V and a short circuit current of Isc—5.3 A. From the figure, it is observed that the PV system tracks a maximum power of 200 W at 24 V.
[image: Figure 8]FIGURE 8 | Performance analysis of the PV power generation system.
The voltage and current measured from the PV/wind/PEHS-based wind system are depicted in Figure 9. From Figure 9A, it is observed that the wind power generation system delivers a DC voltage of 24 V, with a current of 8 A into the DC bus. From Figure 9B, it is observed that the PV system delivers a DC voltage of 24 V with a current of 4.8 A into the DC bus. From Figure 9C, it is observed that the PEHS based on wind delivers a regulated voltage of 8 V with a current of 0.4 mA. Hence, the PEHS based on wind is studied separately. The DC bus is connected to a TPC. The signal pulse generation method for the TPC is shown in Figure 10. Spartan 6- xc6slx75t-csg484 has been employed in the analysis, which is integrated with the MATLAB system to generate the switching pulse to the TPC. The switching pulse fed to the TPC is depicted in Figure 11. The values obtained while evaluating the efficiency of the developed power generation system is listed in Table 1. From the table, it is observed that the wind power generation system works with an efficiency of 81% with an electrical output power of 384 W (calculated for a single system, two systems are been used in the present project) for an input mechanical power of 470 W calculated using Eqs 45–53 in rural conditions. Consequently, it delivers an efficiency of 63% with an electrical output power of 76.8 W for an input mechanical power of 121 W in urban conditions. Furthermore, the PV system works with an efficiency of 91% with an electrical output power of 192 (W) calculated for the single solar panel) for a solar energy input of 209.5 W calculated using the Eqs 46–48 for both rural and urban conditions. When calculating the efficiency of the bladeless piezoelectric-based wind system. The efficiency is observed to be very low as the stress and strain applied to the piezo crystal are very low. The mechanical input power applied is calculated using Eqs 49–51. The analysis proves the efficiency of the developed hybrid power generation system.
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[image: Figure 9]FIGURE 9 | DC power is fed to the 24-V bus system.
[image: Figure 10]FIGURE 10 | Pulse generation for the TPC Spartan 6- xc6slx75t-csg484.
[image: Figure 11]FIGURE 11 | Simulated input pulse to the TPC.
TABLE 1 | Performance evaluation of the developed hybrid power generation system.
[image: Table 1]5.2 Energy Management and Economic Analysis
The economic analysis of the developed hybrid power generation system in the off-grid mode has been analyzed based on two case studies. The case study has been classified into two parts: case A–analysis using the grid supply and case B–analysis using a developed hybrid power generation system. In this case study, loads of the lab are considered as the primary load, and the power requirement by the load is depicted in Figure 12A. The average power generated by the hybrid power generation system is depicted in Figure 12B. In case A analysis, the load of the labs is satisfied by the grid power. The unit consumed is approximately 488 units. The electricity bill paid at Rs. 6.05/unit including ED cost is Rs. 3,615 (approximated to Rs. 3,000, considering vacation of 4 months), yearly: Rs. 36,000 is paid toward the EB bill. The installation charges including 1) EB charge, 2) accessory charge, and 3) operation charge are added up. Therefore, the total investment to get EB power is about Rs. 30,000. In the next case, when analyzing case B, the unit consumed is the same. But the only charge is an investment. An amount of Rs. 4,00,000 is invested to set a hybrid power generation system. In addition to that, Rs. 2,000 will be spent on the maintenance of the hybrid power generation system. The net balance cost after considering case A and case B is Rs. 370,000, as listed in Table 2.
[image: Figure 12]FIGURE 12 | (A) Average load requirement measured in the case study. (B) Average electrical power generated by the DC microgrid. (C) Break-even chart of the developed system.
TABLE 2 | Analysis of the developed hybrid power generation system.
[image: Table 2]To analyze the economical aspect, the break-even point calculation is carried out using Eq. 54. The values obtained are plotted in the break-even curve, as shown in Figure 12C. From the figure, it is identified that the breakpoint is 11 years and 3 months. Later, the power generated after 11 years and 3 months will be the profit to the investor. The life span of the hybrid power generation system is 25 years, and the net profit will be earned excluding the investment, which is approximately Rs. 600,000. From the analysis, it is clear that the developed hybrid power generation system is so efficient in an economical aspect.
[image: image]
5.3 Environmental Contribution Analysis
The developed hybrid power generation system effectively delivers an output power of 1.6–1.8 kW. Figure 13A depicts the CO2 emission reduced through the developed hybrid power generation system. Considering the lower case of power generation, the hybrid power generation system effectively reduces 9.324 Kg of CO2 emission per day. When the system is calculated for a period of a month, it effectively reduces 279.72 Kg of CO2 emission. Furthermore, it is estimated that the total CO2 emission reduced per year is 3403.26 Kg, when analyzing the generated power with the crude oil. Figure 13B depicts oil consumption through the developed system. The developed hybrid power generation system reduces 0.0085 barrel of oil consumption. When calculated for a month, the developed hybrid system reduces 0.255 barrel of oil consumption. Also, when calculated for a year, the developed system reduces 3.103 barrel (i.e.,) 494 L of oil consumption.
[image: Figure 13]FIGURE 13 | Environmental analysis.
6 CONCLUSION
An economically operated DC microgrid for rural electrification with enhanced performance using a neural network-based tri-port converter has been analyzed in this work. The DC microgrid has been set up for a 2.5 kW power rating with the combination of PV, wind, and a wind-piezoelectric crystal. The developed system provides optimal energy management solutions during dynamic loading conditions and enhances the operation of the smart microgrid. The assessment has been tested for rural electrification, and the following observation has been made. 1) The developed wind, PV, and the wind-piezoelectric-based DC microgrid have an overall efficiency of 57% in wind, and PV has an efficiency of 86%. The efficiency drop is because of low out power from the wind-piezoelectric power generation system. 2) The tri-port converter operates and maintains the flexible energy during the operation. 3) The developed DC-microgrid reduces CO2 emission per year, which is 3403.26 Kg. Therefore, the developed model can provide sustainable development of rural electrification with a reduced environmental contribution.
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