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The electricity sector has encountered several economic challenges in recent years. Increasing the expense of fossil fuels and environmental legislation such as the Kyoto Protocol and the Low Carbon Transition Plan have compelled governments to use renewable energy sources (RESs) more widely. In the proposed research, the dynamic economic load dispatch problem has been solved using improved chimp optimizer algorithm. The test systems consisting of 6, 7 and 10-unit generators has been taken into consideration along with significant contribution of renewable energy sources for effective research studies. The test systems has been evaluated for different cases considering renewable energy sources and electric vehicles using proposed algorithms. Experimentally, it has been observed that proposed optimizer yields better results as compared to other recently proposed optimizers.
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1 INTRODUCTION
In recent years, the electrical power sector has faced a slew of economic issues which evoked a thought in Governments to encourage in adopting nonconventional energy sources noticing that the cost of fossil fuels has risen, the amount of fossil fuels has decreased, and the amount of Green House Gases (GHGs) emissions has increased. The Plug-in Electric Vehicles (PEVs) are a hybrid of Plug-in Hybrid Electric Vehicles (PHEVs) and Electric Vehicles (EVs) with a Vehicle to Grid (V2G) facility that looks to be a viable solution to the problem of GHG emissions. In (Kintner-Meyer et al., 2010) the impact of PEVs on the electrical system’s overall economics and emissions is explained in depth. The benefits of PEVs have been discussed in (Kempton and Tomić, 2005a), (Kempton and Tomić, 2005b). The available energy from PEVs has been wisely planned in (Hutson et al., 2008). The effect of integrating PEVs in the power system for charging (G2V) and auxiliary backing (V2G) to the grid was detailed in (Gholami et al., 2014). RESs and PEVs are discussed in depth in (IEEE Std, 2011). The impact of PEVs/PHEVs on a power system, as well as the integration of RESs into that system, is explored in (Aghaei et al., 2016). The use of RESs by GVs to reduce the price and emissions in a power system was explored in (Saber and Venayagamoorthy, 2010).
Safari (2018) described a clear distinction between the mainstream of BEVs and a hypothetical group of BEVs that are technically on a par with internal combustion vehicles (ICVs). Chen et al. (2015) presented an improved particle swarm optimization for engine/motor hybrid electric vehicles to develop an online suboptimal energy management system. Richardson (2013) described to considerably reduce carbon emissions from both power generation and transportation sectors by offering the potential of electric vehicles and renewable energy sources. Manzetti and Mariasiu (2015) presented an assessment of green chemistries as novel green energy sources for the electric vehicle and microelectronics portable energy landscape which provides a cradle-to-grave analysis of the emerging technologies in the transport sector. Hu et al. (2016) examined the role of renewable energy and power train optimization in minimizing daily carbon emissions of plug-in hybrid vehicles. Li et al. (2017) presented India’s ability to finance its ambitious renewable energy targets hinges on three significant factors. The first is based on how its regulatory framework can make the market attractive to finance providers. Second is in the context of effective implementation of RE policies. (Lopez-Behar et al., 2018, 2019) described the challenges and decision-making processes involved in the installation of EV charging infrastructure in Multi-Unit Residential Buildings in BC, from the perspective of different stakeholders. Yong et al. (2015) provided in-depth analyses on the current state, effects, and potential of EV deployment, as well as the most recent advancements in EV technology. Implementation of an incentive-based strategy to reduce the cost of EV purchases, the development of charging infrastructure, and improved public knowledge of environmental issues are all facilitators for expanded EV adoption (Li et al., 2021a), (Li et al., 2021b). Xu et al. (2015) presented a report on the multi-objective optimization problem of power train parameters for a predefined driving cycle regarding fuel economy and system durability. Yang et al. (2017) developed a revolutionary energy management technique for plug-in hybrid electric buses that optimizes the equivalent factor of each driving cycle segment. Liu et al. (2015) described the penetration of EVs is reshaping the transportation system. Clement-Nyns et al. (2011) presented PHEVs as they can provide storage to take care of the excess of produced energy and use it for driving or release into the grid at a later time would be a good combination. Tan et al. (2016) presented the optimization techniques to achieve different vehicle to grid objectives while satisfying multiple constraints and reviews the framework, benefits and challenges of vehicle to grid technology. Mwasilu et al. (2014) presented a review of the recent research and forecasting of electric vehicles (EVs) interaction with smart grid portraying the future electric power system model. The concept goal of the smart grid along with the future deployment of the EVs puts forward various challenges in terms of electric grid infrastructure, communication and control. Krishna et al. (2021a), (Krishna et al., 2021b) has developed two recent variants of pattern search algorithm to improve the local search capability of the existing Harris hawks optimizer and slime mould algorithm and had suggested to solve the economic load dispatch as future prospective. Arora et al. (2020) presented optimization methodologies for testing the Load Frequency Control for Interconnected multi area power system in smart grids. Nandi and Kamboj (2020) presented the a new solution approach for Profit Based Unit Commitment Problem Considering PEVs/BEVs and Renewable Energy Sources. Following an intensive review on advanced smart metering and communication infrastructures, the strategy for integrating the EVs into the electric grid is presented.
2 PROBLEM FORMULATION
The basic purpose of single-area economic and dynamic load dispatch is to lower total fuel costs of power generating units while satisfying different constraints. The entire objective function for economic dispatch, taking into account PEVs, BEVs, and renewable energy sources, is as follows:
[image: image]
The dispatch of power generating units for ‘H’ Hours may be represented as:
[image: image]
The actual mathematical formulation for Dynamic Dispatch was expressed by this Eq. (1b). For time-varying load demand, the hour “h” can be changed from 1 to H hours.
2.1 Power Balance Constraint
The entire generation from all generators must meet the overall power demand and real power loss of the system.
[image: image]
where, [image: image] is the demand of power.
In Eq. (2) renewable energy source is integrated with generating units.
[image: image]
where, [image: image] is the penetrated renewable energy source and [image: image] is loss in power.
Case-1: During ChargingThe following Eq. (4) can be used to calculate the power balance constraints for PEVs, BEVs, and RES during the charging phase.
[image: image]
Case-2: During DischargingThe power balancing constraints for PEVs, BEVs, and RES during the discharging phase may be mathematically stated using the following eqns:
[image: image]
Where, [image: image] is loss in power.
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if [image: image] and [image: image] matrices for loss coefficients are given, then the above equation can be modified as:
[image: image]
The expanded version of the above equation may be represented as:
[image: image]
2.2 Generator Limit Constraint
Each generator’s actual power output must be kept within its respective upper and lower operating limitations.
[image: image]
where, [image: image] represents the lowest real power allotted at unit n and [image: image] presents the highest real power allotted at unit n.
2.3 Ramp Rate Limits
The output power of the generating unit is boosted between the lower and upper limits of active power generation.
1) As a result of an increase in generated power,
[image: image]
2) By reducing the amount of generated power,
[image: image]
As a result, the generator ramp rate is represented in the equation below.
[image: image]
where, [image: image] is the earlier outcome of nth generation unit’s active power [image: image], [image: image] are the lower and upper range for a nth generation unit ramp rate limits.
3 TEST SYSTEMS
The single area dynamic load dispatch problem has been described, considering plug-in electric vehicles, battery electric vehicles and renewable energy sources along with the system and physical limits of thermal generating units. The dynamic load dispatch problem has been solved and tested for 6-unit, 7-unit, and 10-unit systems. To validate the proposed algorithms, standard power systems consisting 6, 7, and 10 generating units have been considered.
4 RESULTS AND DISCUSSION
Proposed algorithms such as chimp optimizer, slime mould, improved chimp optimizer and improved slime mould algorithms fruitfully handle the electric power system’s single area dynamic load dispatch problem. This section looks at how to solve the single area dynamic load dispatch problem using plug-in electric vehicles, renewable energy sources and combined plug-in electric vehicles and renewable energy sources for 6, 7 and 10 generating units, respectively. On an Intel corei3 processor laptop with a 7th generation CPU and 8GB RAM, the proposed approaches were evaluated using the MATLAB R2016a programme. For comparison reasons, the efficacy of the proposed algorithms is compared to that of other well-known evolutionary, heuristics, and meta-heuristics search techniques.
4.1 Dynamic Load Dispatch Using Chimp Optimizer Algorithm
In order to verify the chimp optimizer algorithm, the algorithm is accepted by search agents 50, 500 iterations and 30 maximum runs. The effectiveness of the proposed algorithm is tested on a variety of test systems, including plug-in electric vehicles, renewable energy sources, and combined plug-in electric vehicles and renewable energy sources as detailed in this section. This approach has been tested on a 6-unit, 7-unit and 10-unit test system.
4.1.1 Six Generator Test System (SADLD With EVs)
Chimp optimizer algorithm is suggested to get optimized outcomes for dynamic load dispatch with the effect of EVs as V2G and G2V. A six-generator test system is studied, with no valve point loading impact and a loss coefficient matrix of zero (Debnath et al., 2015). Table 1 displays that the fuel price is 397294.1087 $/day using the chimp optimizer algorithm.
TABLE 1 | 6-unit generator Dynamic Load Dispatch with EVs (without valve point loading effect without losses) using Chimp optimizer Algorithm.
[image: Table 1]4.1.2 Six Generator Test System (SADLD With RES)
Chimp optimizer algorithm is suggested to get optimized outcomes for dynamic load dispatch with the effect of RES. A six generator test system without valve point loading effect, with loss coefficient matrix as zero is considered (Debnath et al., 2015). The renewable energy sources wind and solar are incorporated. Table 2 displays that the fuel price is 316498.35 $/day using the chimp optimizer algorithm.
TABLE 2 | 6-unit generator Dynamic Load Dispatch with RES (without valve point loading effect without losses) using Chimp optimizer algorithm.
[image: Table 2]4.1.3 Six Generator Test System (SADLD With EVs and RES)
Chimp optimizer algorithm is suggested to get optimized outcomes for dynamic load dispatch with the combined effect of EVs and RES. A six generator test system without valve point loading effect, with loss coefficient matrix as zero is considered (Debnath et al., 2015). The Electric vehicles and renewable energy sources wind and solar are incorporated. Table 3 displays that the fuel price is 326625.6 $/day using the chimp optimizer algorithm.
TABLE 3 | 6-unit generator Dynamic Load Dispatch with EVs and RES (without valve point loading effect without losses) using Chimp optimizer algorithm.
[image: Table 3]4.1.4 Seven Generator Test System (SADLD With EVs)
Chimp optimizer algorithm is suggested to get optimized outcomes for dynamic load dispatch with the effect of EVs as V2G and G2V. A seven generator test system without valve point loading effect, with loss coefficient matrix as zero is considered (Tariq et al., 2020), (Gholami et al., 2014). Table 4 displays that the fuel price is 296174.3087 $/day using the chimp optimizer algorithm.
TABLE 4 | 7-unit generator Dynamic Load Dispatch with EVs (without valve point loading effect without losses) using Chimp Optimizer Algorithm.
[image: Table 4]5 CONCLUSION
In the proposed research, dynamic load dispatch problem has been solved using chimp optimizer algorithm. The test systems consisting of 6, 7 and 10-unit generators when incorporated with only electric vehicles, only renewable energy sources, and combined electric vehicles and renewable energy sources have been successfully tested using proposed algorithms. The results of the test systems with EVs and RES have been compared without EVs and RES results. The simulation results show that the suggested methods found satisfactory load dispatch at a reasonable cost. These dominating algorithms may also be used to solve the problem of multi-area dynamic load dispatch in electrical power networks.
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