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Abstract

Transportation is a major contributor to air pollution and one of the largest consumers of fossil fuels. As

a sustainable alternative, electric vehicles have gained widespread adoption due to advances in technology,

the expansion of public charging networks, and improvements in battery materials and charging infras-

tructure. However, limitations in the charger power capacity and battery characteristics of electric vehicles

often result in longer charging times compared to refueling traditional vehicles, leading to range anxiety

and hindering broader adoption. To address this challenge, battery swapping stations have emerged as an

innovative solution, allowing drivers to exchange depleted batteries for fully charged ones, thus minimizing

downtime and enhancing the feasibility of electric vehicles for modern transportation systems.

Recent research has explored the concept of battery swapping stations, presenting various optimization

approaches and operational systems. Battery swapping station providers have successfully implemented

swapping services at both private and commercial stations. This research study focuses on the optimal

design approach and operation management strategy of battery swapping stations, with a particular em-

phasis on leveraging renewable energy sources, such as wind turbines and photovoltaic systems, as primary

resources for charging the depleted electric vehicle battery. The aim is to develop solutions that minimize

energy consumption and operational costs while enhancing charging performance by reducing the swapping

service time.

For this purpose, first, an optimal design for a battery swapping station integrated with a grid-connected

hybrid power supply system is developed and evaluated. The optimization problem is formulated to

minimize the overall life cycle cost and reduce electricity costs purchased from the utility grid while

maximizing its reliability. This model provides continuous, cost-effective power support and implements a

scheduling strategy that consistently meets charging demand. Mixed integer linear programming is used

to determine key decision variables, such as the power drawn from the utility grid and the number of wind

turbines and solar photovoltaic panels. Simulation results demonstrate that the optimal configuration,

including wind turbines and solar panels, yields significant energy cost savings over its lifecycle. In addition,

an economic analysis is performed to assess the payback period, an essential metric for investors.

Secondly, an optimal operational control strategy is developed and evaluated for grid-connected wind-solar

power generation with a storage system for the battery swapping station. The strategy minimizes the total

operational costs associated with the cost of electrical energy purchased from the utility grid and the wear

cost of the hybrid system due to the frequent charging and discharging of the battery energy storage

system. At the same time, it maximizes the self-consumption of locally generated renewable energy. This

optimization model ensures a cost-effective power supply that efficiently meets charging demands while

selling excess energy back to the utility grid. The simulation results from four scenarios show that the

model optimizes energy use, reduces costs, and increases hybrid power feedback to the utility grid. The

main outcome is improved energy efficiency, cost savings, and additional revenue from surplus power sales.
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The impact of this outcome is enhanced financial viability, demonstrated through an economic analysis

that evaluates the investment feasibility and payback period of the proposed system.

Thirdly, a model predictive control approach is designed and evaluated to determine the optimal opera-

tional strategy for a battery swapping station integrated with a grid-connected wind-solar power generation

system and a battery energy storage system. The primary objective is to minimize the operational costs of

the proposed system. By implementing model predictive control (MPC), the system dynamically optimizes

power flow in real-time to account for uncertainties and disturbances. A comparative analysis is conducted

between open-loop control and MPC-based closed-loop control under various scenarios, with and without

disturbances. The simulation results demonstrate that the closed-loop MPC approach consistently out-

performs the open-loop model, exhibiting superior robustness and adaptability in handling uncertainties.

By optimizing power flow in real-time, MPC ensures efficient power distribution, reduces reliance on the

utility grid, and maximizes renewable energy utilization. Despite its computational complexity, model

predictive control offers significant advantages in industrial applications, enhancing efficiency, reliability,

and cost-effectiveness through real-time optimization.

The findings of this research underscore the effectiveness of integrating battery swapping stations with

demand-side management strategies. This integration plays a crucial role in advancing sustainable urban

transportation, enhancing the efficiency of electric vehicle infrastructure, and improving the reliability and

stability of the utility grid.



Contents

List of Figures x

List of Tables xii

List of Abbreviations xiii

1 INTRODUCTION 1

1.1 Chapter overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Research background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.3 Research motivation and problem statement . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.4 Research contribution and objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.5 Research approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.6 Research outputs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.7 Thesis layouts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2 THEORETICAL BACKGROUND 9

2.1 Chapter overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.2 Overview of electric vehicle technologies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.3 Electric vehicles charging systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.3.1 Electric vehicles charging technology . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.3.2 Electric vehicle charging structure design . . . . . . . . . . . . . . . . . . . . . . . . 11

2.4 Electric vehicle battery swapping station . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.4.1 Definition and concept . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.4.2 Electric vehicle charging and swapping configuration . . . . . . . . . . . . . . . . . . 12

2.4.3 Electric vehicle battery swapping approach perspective . . . . . . . . . . . . . . . . . 13

2.4.3.1 Electric vehicle owner perspective . . . . . . . . . . . . . . . . . . . . . . . 13

2.4.3.2 Station owner perspective . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.4.3.3 Power system perspective . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.5 Hybrid renewable energy systems for battery swapping station . . . . . . . . . . . . . . . . 15

2.6 Energy management in battery swapping stations . . . . . . . . . . . . . . . . . . . . . . . . 17

2.7 Optimization and control strategies in electric vehicle battery swapping station . . . . . . . 17

2.8 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

3 LITERATURE REVIEW 20

3.1 Chapter Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.2 Review on previous studies related to the battery swapping station . . . . . . . . . . . . . . 20

3.2.1 Development and implementation of BSSs . . . . . . . . . . . . . . . . . . . . . . . . 20

3.2.2 Optimization and energy management in BSSs . . . . . . . . . . . . . . . . . . . . . 21

3.2.3 Identified research gaps . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

vii



Table of Contents viii

4 OPTIMAL DESIGN AND TECHNO-ECONOMIC FEASIBILITY OF GRID-CONNECTED
WIND-SOLAR ENERGY SYSTEM FOR BATTERY SWAPPING STATION 25

4.1 Chapter overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

4.2 Mathematical model formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4.2.1 Schematic model layout . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4.2.2 Wind turbine system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

4.2.3 Solar photovoltaic system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.2.4 Inverter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

4.2.5 Utility grid power supply system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

4.2.6 Battery swapping station power demand . . . . . . . . . . . . . . . . . . . . . . . . . 33

4.2.7 Economic evaluation parameters of the proposed system . . . . . . . . . . . . . . . . 34

4.2.8 Reliability consideration of the proposed system . . . . . . . . . . . . . . . . . . . . 38

4.2.9 Objective function . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.2.10 System Constraints . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.2.11 Algorithm formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.3 Case study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.3.1 EV BSS power demand load profile . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.3.2 Renewable energy power supply . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.3.3 Time-of-use electricity tariff . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.4 Results and discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.4.1 Optimal hybrid power system sizing and management strategy . . . . . . . . . . . . 47

4.4.2 LCC analysis for the payback period . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

4.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

5 OPTIMAL OPERATION CONTROL OF GRID-CONNECTED WIND-SOLAR POWER
GENERATION WITH STORAGE SYSTEM FOR BATTERY SWAPPING STA-
TION 54

5.1 Chapter overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

5.2 Operation modelling and problem formulation . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5.2.1 Schematic model layout . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5.2.2 Wind turbine system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5.2.3 Solar PV system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

5.2.4 Battery energy storage system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

5.2.5 Utility Grid . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

5.2.6 Battery swapping station power demand . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.2.7 Objective function and constraints . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

5.2.8 Constraints . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

5.2.9 Algorithm formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

5.3 Case study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

5.3.1 EV BSS power demand load profile . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

5.3.2 Renewable energy power supply . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

5.3.3 Time-of-use electricity tariff . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

5.4 Simulation results and discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

5.4.1 High demand electricity pricing season . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5.4.1.1 Scenario 1: Optimal operation strategy of the proposed system in high
demand season for one day on the weekday (June to August). . . . . . . . 70

5.4.1.2 Scenario 2: Optimal operation strategy of the proposed system in high
demand season for one day on the weekend (June to August). . . . . . . . 71

5.4.2 Low demand electricity pricing season . . . . . . . . . . . . . . . . . . . . . . . . . . 72

5.4.2.1 Scenario 3: Optimal operation strategy of the proposed system in low
demand season for one day on the weekday (September to May). . . . . . . 72



Table of Contents ix

5.4.2.2 Scenario 4: Optimal operation strategy of the proposed system in low
demand season for one day on the weekend (September to May). . . . . . . 74

5.4.3 Baseline and optimal cost saving . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

5.4.4 Economic analysis for the payback period . . . . . . . . . . . . . . . . . . . . . . . . 78

5.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

6 MODEL PREDICTIVE CONTROL STRATEGY FOR GRID-CONNECTED WIND-
SOLAR POWER GENERATION WITH STORAGE SYSTEMS FOR BATTERY
SWAPPING STATION 82

6.1 Chapter overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

6.2 System modelling and Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

6.2.1 Schematic model layout . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

6.2.2 Wind turbine system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

6.2.3 Solar PV system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

6.2.4 Battery energy storage system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

6.2.5 Utility Grid . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

6.2.6 Battery swapping station power demand . . . . . . . . . . . . . . . . . . . . . . . . . 88

6.2.7 Open loop optimal control model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

6.2.8 MPC optimization problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

6.2.8.1 Discrete linear MPC model . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

6.2.8.2 Objective function . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

6.2.9 MPC algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

6.3 Case study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

6.3.1 EV BSS power demand load profile . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

6.3.2 Renewable energy power supply . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

6.3.3 Time-of-use electricity tariff . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

6.4 Simulation results and discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

6.4.1 Open-loop control simulation results . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

6.4.2 Model predictive control simulation results in high demand season . . . . . . . . . . 99

6.4.3 Model predictive control simulation results in low demand season . . . . . . . . . . . 101

6.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

7 CONCLUSIONS AND FUTURE WORKS 104

7.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

7.2 Recommendations for Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

Bibliography 107



List of Figures

2.1 EV drive system diagram. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2 Different types of EV charging technologies. . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

4.1 Schematic layout of the proposed system. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

4.2 Wind generator power curve. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

4.3 Charging patterns of electric vehicles battery swapping station. . . . . . . . . . . . . . . . . 42

4.4 Average hourly wind speed. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.5 Monthly average wind speed. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.6 Daily average shortwave solar power. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.7 Monthly average shortwave solar energy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.8 Wind and photovoltaic power generated by the hybrid systems. . . . . . . . . . . . . . . . . 48

4.9 Load side power flows at EV-BSS. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

5.1 Schematic layout of the proposed system. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

5.2 Charging patterns of the electric vehicle battery swapping station on a weekday. . . . . . . 65

5.3 Charging patterns of the electric vehicle battery swapping station on a Weekend. . . . . . . 65

5.4 Average hourly wind speed HD. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

5.5 Average hourly wind speed LD. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

5.6 Daily average shortwave solar power HD. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

5.7 Daily average shortwave solar power LD. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

5.8 Monthly average wind speed. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

5.9 Monthly average shortwave PV power . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

5.10 Charging demand side power flows. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

5.11 BESS side power flows. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

5.12 BESS SoC. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

5.13 Hybrid power to the Grid. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

5.14 Charging demand side power flows. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.15 BESS side power flows. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.16 BESS SoC. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.17 Hybrid power to the Grid. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.18 Charging demand side power flows. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

5.19 BESS side power flows. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

5.20 BESS SoC. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

5.21 Hybrid power to the Grid. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

5.22 Charging demand side power flows. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

5.23 BESS side power flows. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

5.24 BESS SoC. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

5.25 Hybrid power to the Grid. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

6.1 Schematic layout of the proposed system. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

6.2 Charging patterns of the electric vehicle battery swapping station on a weekday. . . . . . . 95

6.3 Average hourly wind speed HD. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

x



List of Figures xi

6.4 Average hourly wind speed LD. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

6.5 Daily average shortwave solar power HD. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

6.6 Daily average shortwave solar power LD. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

6.7 Monthly average wind speed. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

6.8 Monthly average shortwave PV power . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

6.9 Simulation result of open loop control. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

6.10 Simulation result of BESS dynamic SoC. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

6.11 Simulation result of open loop system. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

6.12 Simulation result of BESS dynamic SoC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

6.13 Simulation result of close loop system without disturbances. . . . . . . . . . . . . . . . . . . 100

6.14 Simulation result of BESS Dynamic SoC without disturbances. . . . . . . . . . . . . . . . . 100

6.15 Simulation result of close loop system with disturbances. . . . . . . . . . . . . . . . . . . . . 101

6.16 Simulation result of BESS Dynamic SoC with disturbances. . . . . . . . . . . . . . . . . . . 101

6.17 Simulation result of close loop system without disturbances. . . . . . . . . . . . . . . . . . . 102

6.18 Simulation result of BESS Dynamic SoC without disturbances. . . . . . . . . . . . . . . . . 102

6.19 Simulation result of close loop system with disturbances. . . . . . . . . . . . . . . . . . . . . 103

6.20 Simulation result of BESS Dynamic SoC with disturbances. . . . . . . . . . . . . . . . . . . 103



List of Tables

4.1 Simulation parameters used in this chapter. . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.2 Simulation results of the proposed system. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.3 Daily optimal energy and annual cost savings of the proposed system. . . . . . . . . . . . . 48

4.4 Costs components of the proposed system. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.5 Life cycle cost analysis and payback period of the proposed system . . . . . . . . . . . . . . 52

5.1 Simulation parameters used in this chapter. . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

5.2 Different case scenario with daily optimal energy and cost savings . . . . . . . . . . . . . . . 77

5.3 Weekly and Annual cost savings. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

5.4 Costs components of the proposed system. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.5 Payback period of the proposed system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

6.1 Daily energy consumption savings and hybrid feed-in. . . . . . . . . . . . . . . . . . . . . . 103

xii



List of Abbreviations

AC Alternative Current

AI Artificial Intelligence

B2G Battery to Grid

B2B Battery to Battery

BESS Battery Energy Source System

BEV Battery Electric Vehicle

BMS Battery Management System

BSS Battery Swapping Station

COP21 Conference of the Parties (21stannual session)

CS Charging Station

DC Direct Current

DER Distributed Energy Resources

DG Distributed Generation

DoD Depth-of- Discharge

DSM Demand Side Management

EM Electric Motor

EMS Energy Management System

ESS Energy Storage System

EV Electric Vsehicle

EV BSS Electric Vehicle Battery Swapping Station

EVCS Electric Vehicle Charging Station

FCEV Fuel Cell Electric Vehicle

FCS Fast Charging Station

GA Genetic Algorithm

G2B Grid to Battery

GHG Greenhouse Gaz

HEV Hybrid Electric Vehicle

HRE Hybrid Renewable Energy

ICE Internal Combustion Engine

IEA International Energy Agency

xiii



List of Notations xiv

IoT Internet of Things

IPCC Intergovernmental Panel onClimate Change

LCC Life Cycle Cost

LP Linear Programming

LPS Loss Power Supply

LPSP Loss Power Soad Probability

MILP Mixed Integer Linear Programming

MINLP Mixed Integer Non-Linear Programming

ML Machine Learning

MPC Model Predictive Control

PHEV Plug-in Hybrid Electric Vehicle

PV PhotoVoltaic

PSO Particle Swarm Optimization

RE Renewable Energy

RESs Renewable Energy Sources

SA South Africa

SAE Society of Automotive Engineers

SCIP Solving Constraint Interger Program

SoC State of Charge

TOU Time-of-Use

UNFCCC United Nationsr Framework Convention on Climate Change

V2G Vehicle to Grid

V2H Vehicle to Home

WC Wireless Charging

WT Wind Turbine



Chapter 1

INTRODUCTION

1.1 Chapter overview

In this chapter, Section 1.2 presents background information that underscores the need to design and

optimize energy efficiency, economic viability, and operational performance of electric vehicle battery

swapping stations. Section 1.3 outlines the motivation behind the study and articulates the problem

statement. Section 1.4 highlights the contributions of the study and defines its objectives. Section 1.5

elaborates on the methodological approach employed in this study, while Section 1.6 lists the research

output publications reported in this thesis. Finally, Section 1.7 provides an overview of the thesis layout.

1.2 Research background

Global warming remains one of the most critical issues of our time and significantly impacts human and

natural systems worldwide. Climate change has heightened the urgency for coordinated global efforts to

mitigate its effects. The 2015 Paris Agreement, adopted at the 21st Conference of the Parties (COP21)

of the United Nations Framework Convention on Climate Change (UNFCCC), marked a milestone in

this endeavour. It aims to limit the increase in global temperature well below 2 °C above preindustrial

levels, with further efforts to limit it below 1.5 °C 1. Achieving these goals requires substantial reductions

in greenhouse gas (GHG) emissions, as emphasized by the Intergovernmental Panel on Climate Change

(IPCC) and the International Energy Agency (IEA) [1–3]. These agencies estimate that the implementa-

tion of appropriate policies, technologies, and infrastructure could cut GHG emissions by 40–70% by 2050,

promoting sustainable lifestyles and behaviours [4, 5].

The transportation sector is a significant contributor to global climate change, accounting for approxi-

mately 23% of energy-related carbon dioxide (CO2) emissions, primarily due to the widespread use of

1https://unfccc.int/sites/default/files/english_paris_agreement.pdf

1

https://unfccc.int/sites/default/files/english_paris_agreement.pdf
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vehicles with an internal combustion engine (ICE) [6–8]. However, motorized transportation has become

an integral part of the human experience. It is considered an essential part of personal mobility, provid-

ing delivery services, and facilitating the movement of goods daily. This sector is critical for economic

growth [9–11]. Given the anticipated increase in demand for transportation services, industry stakeholders

and policymakers need to address climate change and its detrimental effects on the environment while

improving mobility in a way that aligns with the goals of the Paris Agreement. A dynamic shift to less

pollution has been brought about by combining policy responses and technological advancement in the

transportation sector. These include road, rail, high-speed ground transportation, maritime, and air trans-

portation systems [12]. Due to economic, practical, and technological constraints, the ideal result of zero

emissions in the transportation sector is still a long way off. Compared to traditional ICE for driving

vehicles on the road, fuel cell and electric vehicle (EV) technologies have been slow to gain traction due to

these limitations [13, 14]. In addition to strategies to completely replace ICEs with alternative technolo-

gies, EVs offer significant promise as less polluting. They are increasingly becoming attractive as a better

solution for vehicles powered by ICEs [15–17].

EVs have emerged as a transformative solution, leveraging clean energy sources to significantly reduce

CO2 emissions compared to traditional ICE vehicles. The global EV market has grown exponentially in

the past decade, and the International Energy Agency (IEA) projects that global EV sales could reach

between 55 to 72 million units by 2025, accounting for 8% of total vehicle sales [18]. The adoption of EVs

could reduce the dependency on fossil fuel and greenhouse gas (GHG) emissions, aligning with the goals

of the Paris Agreement on climate change [19, 20]. However, with the widespread adoption of EVs, the

growing demand for EV charging infrastructures is inevitable. As a result, EV marketing depends on the

overall infrastructure of the charging system to promote EVs. Several factors still discourage potential

users from acquiring EVs, including the high cost of replacing the EV battery, the limited driving mileage

range, and the long waiting hours for charging the EV battery. Although the number of EV charging

infrastructures is growing, charging times fluctuate but are generally too long. This situation requires

fast charging processes, which negatively impacts the longevity of EV batteries. Implementing battery

swapping stations (BSSs) is an efficient and cost-effective solution to these challenges by enabling drivers

to quickly exchange depleted EV batteries for fully charged ones. BSSs are emerging as a promising

solution for EV charging infrastructure. The depleted EV battery swap takes only a few minutes, and

these stations allow drivers to replace their depleted EV battery with a fully charged one of the same

type at various locations. As these EV batteries are depleted, they are charged according to the charging

management protocol before being swapped with a new driver. This system addresses concerns regarding

charging times and battery lifespan, making EVs more attractive to consumers. BSS can also optimize

energy management by charging batteries during off-peak hours, leveraging renewable energy sources, and

operating as flexible charging demands within the power utility grid. Despite these benefits, implementing

BSS faces hurdles, including the need for battery standardization, substantial space requirements for

battery storage, and high initial investment costs [21–25].

The integration of renewable energy sources (RES), such as solar and wind power, into the energy mix has

become essential for reducing carbon emissions and achieving sustainability goals. Hybrid renewable energy
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(HRE) systems, which combine multiple renewable sources, provide a reliable and environmentally friendly

alternative to traditional grid power. Integrating BSS with HRE systems offers a unique opportunity

to optimize their design and operation, reducing dependence on the power grid and ensuring a stable,

sustainable power supply [20, 26]. However, the intermittent nature of renewable energy poses challenges

to continuous power availability, which requires the complementary use of grid power for reliability. The

effective integration of grid power with renewable energy is critical for the optimal operation of BSS. The

inclusion of an additional energy storage system improves the flexibility of BSS to utilize renewable energy

efficiently, allowing them to act as a demand-response resource that benefits both the environment and the

power system [22,27]. Despite these potential advantages, the integration of BSS with existing power grids

and renewable energy systems faces challenges, including high capital costs, limited renewable resources,

and the need for advanced management systems. Key issues include optimizing battery inventory, ensuring

energy efficiency, minimizing costs, and maintaining service reliability. Addressing these challenges requires

a comprehensive approach that considers technical, economic, and environmental factors.

This thesis introduces a pioneering multidirectional optimization approach to integrate renewable energy

systems and grid power with BSS, considering infrastructure limitations and exploring practical solutions.

Using MATLAB, the optimization focuses on designing a reliable and efficient BSS that maximizes prof-

itability. From an EV driver’s perspective, the BSS offers a convenient service similar to traditional fuel

stations, providing on-demand fully charged EV batteries. From a power system perspective, the BSS acts

as a flexible load that can adapt to Time-of-Use (TOU) electricity tariffs. It maximizes profitability by

purchasing electricity during off-peak hours in Grid-to-EV Battery (G2B) mode, discharging EV batteries

to the utility grid during peak hours in EV Battery-to-Grid (B2G) mode, and utilizing stored energy

for Battery-to-EV Battery (B2B) charging. This multifaceted approach not only conserves resources and

reduces costs but also brings us closer to achieving sustainable and efficient EV charging infrastructure.

The work presented in this thesis effectively addresses the existing technical and operational challenges of

integrating these technologies, maximizing their benefits and paving the way for a greener future.

1.3 Research motivation and problem statement

The global shift towards EVs is driven by the increasing need for sustainable and environmentally friendly

transportation solutions. In addition to this, rising fuel prices and growing environmental concerns due to

climate change and air pollution have raised concerns. As a result, several governments have encouraged

automobile manufacturers to develop low-emission and ecologically friendly vehicles [28]. This context has

led to the development of electric vehicles and their use to reduce reliance on fossil fuels, which has led

to a decrease in greenhouse gas emissions and other pollutants [20]. However, the widespread adoption

of EVs is hindered by several challenges, including high EV battery costs, varying charging times, and

limited driving range. Firstly, EV batteries are among the most expensive components of an electric

vehicle, attributable to their life expectancy and initial purchase cost. Secondly, charging times can vary

significantly depending on the type of charging equipment and technology used. Thirdly, the chemistry or

energy density of an EV battery greatly influences the vehicle’s range per charge. Currently, lithium-ion
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batteries are the most commonly used in EVs, providing a driving range of approximately 320 to 480

km per charge [29, 30]. However, EV drivers who need to commute long distances within a day may

find the driving range too limited [31–33]. To address these challenges, BSSs have been proposed as a

potential solution to the limitations of the current charging technologies and the driving range. BSSs

offer a convenient and efficient way to recharge EV batteries by allowing EV drivers to quickly swap their

depleted EV batteries for fully charged ones.

South Africa faces a significant challenge in meeting its power demands, with a high dependency on

non-renewable energy sources. To address this issue, the integration of renewable energy sources into

the power utility grid has become a necessity. BSSs, when powered by hybrid renewable energy and

grid systems, can significantly reduce the transportation sector’s carbon footprint and enhance utility

grid resilience. However, the effective design and operation of these stations require addressing various

technical, economic, and environmental challenges, including the intermittent nature of renewable energy

sources, charging patterns of EV batteries, and grid stability. Despite the potential benefits, there is a lack

of comprehensive approaches to the design and operation management of BSSs that incorporate hybrid

renewable energy and grid power supply systems. This gap creates a significant barrier to the widespread

adoption of EVs, as it results in an unreliable charging infrastructure. The intermittent nature of renewable

energy sources, the varying charging patterns of EV batteries, and the need to maintain grid stability pose

complex challenges that must be addressed. Therefore, this thesis aims to explore an optimal approach

for the design and operation management of BSSs that integrate renewable energy and grid power supply

systems. The study will investigate the technical, economic, and environmental aspects that affect the

performance of BSSs and their integration with the power utility grid. Additionally, the thesis will develop

a decision-making tool to guide the selection of optimal BSS designs and operation strategies, enhancing

the sustainability and economic viability of the transportation sector in South Africa.

1.4 Research contribution and objectives

Participants in the energy ecosystem who use energy responsibly gain from it on both supply and demand

sides. These advantages also have a favourable effect on how an energy system interacts with society since

they promote economic efficiency and environmental preservation. In general, a few non-renewable and

renewable technologies are used to generate power, and various operators of generation infrastructure can

adopt the same strategy to increase the efficiency of power generation. On the demand side, however,

there are a variety of power users with unique requirement profiles and differing degrees of habit flexibility.

In order to pursue energy efficiency in each situation, different power consumers may have systems that

are distinctive and consequently different from one another. In this research study, grid-connected hybrid

power source systems is used to charge the EV battery then swap it when needed. The aim is to optimally

design and evaluate the operation management strategy at the BSS that is capable of coordinating the

power flows among the different energy sources associated with the hybrid system and satisfying the EV

swapping demand for EV customers. DSM programs will be used to evaluate an integrated control strategy

for energy efficiency in the operation of the BSS to reduce energy consumption, energy cost, and produce
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a suitable load profile for a reliable and stable utility grid. The intended performance of the charging

process in conjunction with energy efficiency measures will be shown, as well as the techniques required to

overcome the technical and operational constraints of realising the interaction between renewable energy

and the power grid. The following objectives will be addressed in order to achieve these outcomes:

• To design and analyse an optimization model that will optimally size the EV BSS

integrated with a grid-connected hybrid power supply system. The optimization model aims

to minimize the system’s total life cycle cost and grid electricity expenses while ensuring reliability

through optimal power flow control within a demand-side management framework. The optimization

model ensures low-cost, continuous power for the BSS while meeting charging demand at any time

of the day.

• To design and develop an optimal control strategy that minimizes the BSS’s operational

cost while maximizing self-consumption of locally generated energy to meet the charging

demand. The operation cost of the BSS depends on the electricity cost consumption from the

utility grid, the hybrid wear cost of the proposed system, the number of battery swapped from the

stock, and the potential damage with different charging rates. Using this approach, the charging,

discharging, and swapping of depleted EV batteries is modelled and optimised based on the arrival

of EV customers as well as the fluctuating electricity tariffs on the utility grid.

• To design and develop a model-predictive control (MPC) approach for optimizing the

operation of a BSS integrated with a grid-connected hybrid power generation with

storage system, by maximizing RE utilization. The optimization problem aims to minimize

the total operation costs of the proposed system while satisfying the charging demand and enhance

the profitability of BSS. The MPC coordinates the power grid and its interaction with the RESs by

purchasing and selling electricity while taking into account the intermittent nature of the wind and

solar energy sources and variations in charging demand.

By achieving these objectives, the research will provide a comprehensive framework for the optimal design

and operation of EV battery swapping stations, addressing economic, environmental, and operational

challenges. This approach has the potential to significantly contribute to the development of sustainable

and efficient EV infrastructure integrated with renewable energy sources.

1.5 Research approach

In order to address the outlined objectives, this research thesis adopts the following systematic approach:

• Literature review: A comprehensive survey of existing works in electrical vehicle battery swapping

stations, renewable energy, and hybrid grid power supply systems has been conducted to investigate

the current status, trends, and future perspectives. This helps to identify gaps in the current knowl-

edge and provides a foundation for the research work.
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• Model development: The mathematical models encompassing all components to simulate the

design and operation of battery swapping stations integrated with grid-connected hybrid renewable

energy power supply systems have been formulated. The formulated model should consider key

parameters such as charging demand, battery energy storage capacity, renewable energy generation,

and grid connectivity. An objective function has been further developed, and the relevant constraints

and variables have been identified to establish the main structure for this research study. The

computation optimization is solved using a linear programming approach in MATLAB software.

• Case study analysis: After obtaining the daily charging demand data of existing battery swapping

stations, the necessary daily renewable resource data for a selected location and the technical and

economic data for the hybrid system’s components are given. Then, the hybrid system is optimally

designed. The results from this design are then used as inputs for simulating the optimal operation

control strategies for the battery swapping station. This simulation considers the trade-offs between

energy cost, renewable energy generation, and battery energy storage life.

• Optimization: Using optimization techniques such as linear programming, mixed-integer program-

ming, heuristics to determine the optimal design and operation strategies for the battery swapping

station. This simulation considers the trade-offs between energy cost, renewable energy generation,

and battery energy storage life.

• Simulation results discussion and analysis: Following the research objectives identified earlier,

the simulation results have been thoroughly discussed and analyzed using real-world data from

existing battery swapping stations. This includes evaluating the performance metrics, assessing the

economic viability, and examining the environmental impact of the proposed system designs.

• Validation and conclusion: The validation process ensures the reliability and applicability of the

proposed models. Based on the study’s results, conclusions are drawn regarding the effectiveness

of the optimization strategies and recommendations for further research to enhance the design and

operation of battery swapping stations.

This research approach combines theoretical and practical elements. It provides a robust frame-

work for evaluating the optimal approach for battery swapping station design and operation energy

management strategies incorporating renewable energy/grid hybrid power supply systems.

1.6 Research outputs

The study presented in this thesis has led to the following publications:

1. L. T.-E. Nyamayoka, L. Masisi, D. Dorrell, and S. Wang. “Techno-economic feasibility and optimal

design approach of grid-connected hybrid power generation systems for electric vehicles battery

swapping station.” Energies, vol. 18, no. 5, 2025.
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2. L. T.-E. Nyamayoka, L. M. Masisi, D. G. Dorrell. “Optimal power dispatch of solar PV-battery

storage system for electric vehicle battery swapping stations under grid scheduled load-shedding.” In

2025 33nd Southern African Universities Power Engineering Conference (SAUPEC), pp. 1–6. IEEE,

2025.

3. L. T.-E. Nyamayoka, L. M. Masisi, D. G. Dorrell, S. Wang. “Optimisation Design of On-Grid Hybrid

Power Supply System for Electric Vehicle Battery Swapping Station.” In 2023 IEEE International

Future Energy Electronics Conference (IFEEC), pp. 296–299. IEEE, 2023.

4. L. T.-E. Nyamayoka, L. M. Masisi, D. G. Dorrell. “Optimization of solar-wind powered battery

swapping station under Time-of-Use tariff: South African Context.” In South African National

Research Data Workshop 2023, CSIR, Pretoria, from 05 - 06 July 2023.

5. L. T.-E. Nyamayoka, L. Masisi, D. Dorrell, and S. Wang. “Optimal power flow management of elec-

tric vehicle battery swapping station with Grid-integrated hybrid renewable generation and battery

storage system.” (Under review)

6. L. T.-E. Nyamayoka, L. Masisi, D. Dorrell, and S. Wang. “Model predictive control for energy dis-

patch in grid-connected hybrid power systems for electric electric vehicle battery swapping station.”

(Under review)

1.7 Thesis layouts

This thesis is generally presented in two broad categories: the optimal design and the operational control

management strategies of battery swapping stations integrated with hybrid renewable energy and grid

power supply systems. The layout of this thesis is outlined as follows:

Chapter 1 is the introduction chapter of this thesis. This chapter provides relevant background information

and the research motivation that describes the problem and the corresponding research gap. Moreover,

the main contribution and objectives of this research, the research approach, research outputs and the

thesis layout are also given in this chapter.

Chapter 2 provides a comprehensive theoretical background on the modeling and operational optimization

of EV BSSs. It begins with an overview of EV technologies, followed by a discussion on charging systems

and BSSs. The chapter then explores the integration of hybrid renewable energy systems (RESs) in BSSs,

various energy management approaches, and the optimization and control strategies essential for enhancing

system efficiency and performance.

Chapter 3 presents a literature review of previous studies on EV BSSs. It examines existing research

on the energy consumption of EV BSSs, highlights the importance of optimal energy management and

operational strategies, and concludes with key insights derived from the literature.

Chapter 4 explores the techno-economic feasibility and optimal design of grid-connected hybrid power

generation systems for EV BSS. The mathematical model formulation of the proposed system is presented



Chapter 1. Introduction 8

to assess the viability of the hybrid system as an alternative energy source, with a particular focus on cost-

effectiveness. An optimal control model is developed and solved using MILP to determine the optimal

number of wind turbines (WT) and solar PV panels, as well as the power consumption from the utility

grid through a case study. The proposed optimization framework and mathematical models are adaptable

for application in various global contexts.

Chapter 5 presents an integrated optimization approach for operating a grid-connected wind-solar hybrid

power system with a BESS for an EV BSS. It builds on the previous chapter’s focus on minimizing elec-

tricity purchases from the utility grid and the hybrid system’s wear cost caused by frequent BESS charging

and discharging cycles while enhancing renewable energy utilization. The proposed model optimally bal-

ances power flows to improve system efficiency, reduce operational costs, and increase the reliability of

energy supply for EV charging demands.

Chapter 6 presents a model predictive control approach for a grid-connected wind-solar photovoltaic gen-

erator with a battery energy storage system for an EV BSS under a time-of-use tariff. Building on the

previous chapter, it extends the closed-loop control based on receding horizon control to determine the op-

timal operation strategy of the proposed system over a 24-hour period, considering external disturbances.

Additionally, it compares the performance of open-loop and closed-loop models in mitigating uncertainties

and fluctuations in charging demand and renewable energy generation within the 24-hour control horizon.

Chapter 7 summarizes the methods and findings presented in the previous chapters. It also outlines key

recommendations and directions for future research.



Chapter 2

THEORETICAL BACKGROUND

2.1 Chapter overview

The rapid adoption of electric vehicles (EVs) as a sustainable alternative to vehicles with internal com-

bustion engines has required advances in charging infrastructure. Among the various solutions, battery

swapping stations (BSSs) have emerged as a viable alternative to conventional plug-in charging, addressing

challenges such as long charging durations and grid stress while enabling seamless integration of renew-

able energy sources. This chapter presents the theoretical background essential for understanding the

technological and operational aspects of BSSs. It explores the fundamental principles of EV charging

technologies, the configuration and functionality of battery swapping stations, the integration of hybrid

renewable energy systems, and the optimization and control strategies employed in these systems. By

establishing this theoretical foundation, the chapter provides critical insights into the role of BSSs in

enhancing the efficiency, reliability, and sustainability of EV infrastructure.

Section 2.2 describes the overview of EVs, while Section 2.3 presents studies related to EV charging

systems. Section 2.4 presents the EV battery swapping station, while Section 2.5 explores the hybrid

renewable energy system for the BSS. Section 2.6 presents energy management consumption in EV BSSs

while Section 2.7 introduces the optimization and control method in EV BSS. Section 2.8 concludes the

theoretical background.

2.2 Overview of electric vehicle technologies

An EV is described as a vehicle powered by an electric motor driven by electrical energy stored in batteries

[34]. The drive system is straightforward: the EV batteries supply electric power to the controller, which

regulates power delivery to the electric motor. The electric motor then converts electrical energy into

mechanical energy, driving the gearbox, which in turn rotates the wheels. Figure 2.1 represents EV drive

9



Chapter 2. theoretical background 10

system diagram. The EV battery, electric motor, and controller are all vital components of an EV.

However, for this research study, a focus will be placed on the EV batteries.

Figure 2.1: EV drive system diagram.

2.3 Electric vehicles charging systems

2.3.1 Electric vehicles charging technology

EVs require points of refuelling, i.e., charging stations. The purpose of a charging station is to deliver

electrical energy from a source, typically the utility grid, to charge an EV battery. It consists of physical

equipment, which enables the connection between the EV and the distribution grid. There are three

main types of EV charging technology: conductive, wireless, and battery swapping. Figure 2.2 represents

the different types of EV charging technologies. The simplest and most common charging technology is

conductive charging. The power supply and EV battery make direct physical contact during conductive

charging, but this is not the case with wireless charging. The EV battery can be charged without having any

physical contact with the power supply or cable in wireless charging. In battery swapping, the discharged

EV battery is exchanged with a fully charged EV battery within a few minutes. Through this technology,

the charging station must keep a stock of batteries that can be exchanged with EV users. EV owners can

then use EV batteries by leasing them from a service provider [35–37].
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Figure 2.2: Different types of EV charging technologies.

Among the charging technologies presented, this thesis focuses on battery swapping stations (BSSs), which

use renewable energy systems in conjunction with the utility grid to charge depleted EV batteries after

being swapped or exchanged.

2.3.2 Electric vehicle charging structure design

In terms of EV charging architecture design, there are several types available, for instance, a station with

a single power source, or a station with multiple hybrid power sources. EV charging stations that use

hybrid power sources may offer benefits over those that use single power sources. Numerous concepts are

offered to improve the usage of RE systems in conjunction with the utility grid to charge EVs. These

include reducing the charging costs of EVs while simultaneously reducing the electricity bills from the

utility grid through the power generated by RESs. Moreover, to meet charging demands, the charging

process is sustained by power from the RESs in the event of a utility grid failure [38–40]. In order to store

surplus RES, a battery energy storage system (BESS) needs be installed as an energy buffer. However,

compared to a standalone renewable energy installation, the grid-connected station has higher penetration

levels [41,42].

2.4 Electric vehicle battery swapping station

This section examines the EV BSS in terms of its concept, configuration, and approach perspective.

2.4.1 Definition and concept

EV BSSs represent a significant advancement in electric mobility by offering a rapid and efficient alter-

native to traditional charging methods. In a battery swapping process, a depleted EV battery is quickly
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replaced with a fully charged one, thereby reducing downtime. This approach is particularly beneficial

for applications that require quick turnaround times, such as public transportation and commercial fleets.

Moreover, integrating hybrid RESs with utility grid power further enhances the sustainability and oper-

ational efficiency of these stations. Typically, such hybrid systems combine wind turbines and solar PV

power with grid electricity, harnessing the advantages of RE while ensuring a reliable power supply. The

optimal design of these systems involves determining the appropriate size and capacity of wind and PV

installations relative to the number of charging ports, as well as incorporating energy storage solutions to

mitigate the variability in RE generation [37,43,44].

2.4.2 Electric vehicle charging and swapping configuration

EV charging and swapping configurations represent a critical component in the transition to sustainable

transportation. At its core, these configurations ensure that EVs can be efficiently and reliably powered,

whether through traditional charging methods or battery-swapping systems. The design typically involves

careful planning of electrical infrastructure, communication protocols, and user interfaces, all essential for

managing energy flows and optimizing vehicle uptime.

In a traditional EV charging configuration, multiple charging levels are available to accommodate various

user needs and vehicle capabilities. For instance, Level 1 charging uses standard household power, while

Level 2 charging involves higher power delivery suitable for home and public installations. Fast-charging

systems, often classified as DC fast chargers, can quickly recharge a battery by delivering high-voltage

direct current. Each of these configurations requires specific hardware, safety mechanisms, and control

systems that monitor energy delivery, thermal management, and grid interactions, ensuring a seamless

charging experience while maintaining the longevity of the battery systems [45].

Battery swapping configurations offer an alternative approach, such as replacing the depleted EV battery

with a fully charged one in minutes. This method relies on a modular design in which EV batteries are

standardized to fit in a wide range of vehicles, allowing for quick interchangeability. BSSs are equipped

with automated systems and mechanical interfaces that handle the physical removal and installation of

battery packs. These stations often integrate sophisticated battery management systems (BMS) that track

the state of each EV battery and ensure that each unit meets quality and performance standards before

being deployed again. The overall configuration thus supports rapid turnaround and minimizes downtime,

which is particularly beneficial in commercial fleet operations [46,47].

Modern infrastructure increasingly moves toward hybrid models combining charging and battery swap-

ping capabilities. These integrated configurations allow operators to provide the flexibility of traditional

charging alongside the rapid service of battery swapping. Advanced energy management systems, often

linked with innovative grid technologies, dynamically allocate resources to manage peak loads and optimize

energy consumption. Interoperability between charging standards and networked control systems is key to

this approach, enabling centralized monitoring and real-time adjustments that improve overall efficiency

and reduce energy costs.
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Despite the clear advantages, both charging and swapping configurations face several challenges. Stan-

dardization remains a critical hurdle as manufacturers and service providers work to agree on standard

battery formats and charging protocols. Additionally, integrating these systems with existing power grids

requires robust cybersecurity measures and adaptive control systems to ensure reliability under varying

demand conditions. As technology evolves, emerging trends such as wireless charging and improved bat-

tery chemistries are poised to reshape these configurations further, promising even faster, safer, and more

convenient solutions for electric mobility [48].

2.4.3 Electric vehicle battery swapping approach perspective

The perspective of the BSS approach is based on dynamic collaboration between key stakeholders, in-

cluding EV owners, station operators, and power systems. EV owners demand a rapid swap, replacing a

depleted EV battery with a fully charged one within minutes to minimize downtime. At the same time,

station operators must effectively manage electricity costs to keep recharging expenses low. This signifi-

cant interdependency between the swapping station and the power system requires carefully coordinated

strategies. The following sections examine the BSS concept and its benefits from multiple perspectives.

2.4.3.1 Electric vehicle owner perspective

In the context of sustainable mobility, the primary objective of deploying EVs is to provide the level of

service that owners expect. To achieve this, EVs draw electrical energy from the utility grid, store it

in onboard EV batteries, and then convert that stored energy into the propulsion energy required for

operation [22, 49]. From the perspective of an EV owner, BSSs offer a promising solution to address the

challenges of EV charging. BSSs have several key advantages and considerations that can significantly

influence the adoption and usage of EVs such that:

• Faster EV battery charging: Swapping depleted EV batteries at a BSS can be as quick as

refuelling a conventional gasoline-powered vehicle, drastically reducing recharge time.

• Extended trip distance: Access to fast battery swapping allows EV owners to travel longer

distances without requiring lengthy charging stops.

• Battery lifetime management: The BSS operator employs advanced control strategies to main-

tain EV battery health and prevent sequential damages, alleviating concerns about EV battery

longevity.

• Lower household infrastructure costs: By utilizing BSS, EV owners can avoid the expense of

upgrading their home infrastructure to accommodate high-power chargers.

• Reduced selling price of EVs: Since the BSS owns the EV batteries, the upfront cost of purchasing

an EV is significantly lowered.
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These advantages collectively enhance the convenience and cost-effectiveness of owning an EV, making

BSS a valuable component in the broader adoption of EVs.

2.4.3.2 Station owner perspective

The rapid advancement in battery technology is driving down the costs of EV batteries and their associated

infrastructure, making BSS increasingly viable. For a BSS owner, understanding and optimizing various

aspects of the operation is crucial for maximizing benefits and profitability [22, 50]. Here are some key

considerations and advantages from the BSS owner’s perspective:

1. Initial investment and EV battery management:

• The BSS owner must determine the optimal initial number of batteries to purchase. Expected

demand, vehicle types, and battery lifespan influence this decision.

• A time-scheduled charging strategy based on fluctuating electricity prices can significantly re-

duce operational costs. The owner can minimize expenses by charging batteries during off-peak

hours when electricity is cheaper.

2. Grid services and ancillary revenue streams:

• The storage capability of batteries presents an opportunity for the BSS owner to participate in

electricity markets. The BSS owner can generate additional revenue by returning stored energy

to the grid during peak demand periods.

• Providing ancillary services, such as demand response and spinning reserve, further enhances

profitability. These services help stabilize the grid and can be a lucrative source of income.

3. Real estate and space optimization:

• Unlike traditional charging stations that require large parking spaces, BSS can operate in more

compact areas. This reduces real estate costs and allows for more flexible location choices,

including urban areas where space is premium.

4. Convenience and standardization:

• BSS offers a convenient solution for EV owners by providing quick battery swaps, reducing

downtime compared to traditional charging methods.

• The adoption of consistent battery standards ensures compatibility across different EV models,

making the swapping process more efficient and reliable for customers.

5. Environmental and sustainability benefits:

• By promoting the use of EVs, BSS contributes to reducing greenhouse gas emissions and sup-

ports sustainability initiatives. This can enhance the owner’s reputation and attract environ-

mentally conscious customers.
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6. Technological integration and innovation:

• Integrating advanced technologies like internet of things (IoT) and artificial intelligence (AI) can

optimize battery management, predict maintenance needs, and enhance operational efficiency.

• Staying updated with the latest battery technologies and market trends allows the owner to

adapt and innovate, maintaining a competitive edge.

Deploying a BSS offers numerous benefits for the owner, including cost savings, additional revenue streams,

and operational efficiencies. The BSS owner can achieve a sustainable and profitable business model by

strategically managing battery inventory, leveraging grid services, and optimizing space utilization.

2.4.3.3 Power system perspective

The behaviour of EV owners is inherently stochastic and unpredictable, making it challenging to imple-

ment a controlled strategy for charging and discharging batteries when an EV is in plug-in mode. This

uncontrolled charging can significantly impact the power system, increasing peak load and network con-

gestion. In contrast, the BSS approach offers a controlled charging strategy to schedule battery charging

times. This means that the BSS can postpone battery charging to nighttime or off-peak hours, thereby

mitigating the aforementioned problems. The potential peak demand or overloading caused by the in-

creasing penetration of EVs can be effectively managed by treating the BSS as a large, flexible load from

the power system perspective. The BSS achieves this by determining an intelligent charging schedule

that does not require upgrading the current grid infrastructure. This controlled approach helps flatten the

demand curve and ensures that the power system operates more efficiently. By strategically scheduling the

charging and discharging times of batteries, the BSS can play a crucial role in stabilizing the utility grid

and accommodating the growing number of EVs without compromising the reliability of the power supply.

This controlled charging strategy is supported by research highlighting BSS’s benefits in managing EV

integration into the power grid. Studies have shown that by implementing such strategies, it is possible to

optimize the use of existing infrastructure while minimizing the adverse effects on the power system. This

approach benefits the power grid and provides a convenient and efficient solution for EV owners, ensuring

that their vehicles are charged and ready for use during peak hours [22,47].

2.5 Hybrid renewable energy systems for battery swapping sta-

tion

EVs and RE generation are two independent technologies, but when integrated together they can bring

considerable benefits like the reduction of costs and ecological footprint. Eventually, the synergy between

the two could also stimulate the development of each technology. Moreover, RE electricity has the advan-

tage of being generated at both medium and low voltage levels within power systems, which additionally
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reinforces the idea of embedding RE generation with EVs. A smart control strategy is necessary to op-

timize the power flows in the system, mostly by adapting the EV charging to variations from renewable

energy generation. For example, with photovoltaic energy, the main idea can be to exploit daytime hours,

when the solar radiation is at its peak, to store solar power in car batteries for future usage and eventually

discharge part of its battery capacity back at the right time. Therefore, a key element in these strategies

is the ability of EVs to use bidirectional flow, known as vehicle-to-grid (V2G) [51].

The first step of a smart strategy consists in defining an objective of the strategy. An objective can

be either monetary, for example, decreasing electricity costs, or physical, such as reducing the ecological

footprint or increasing energy efficiency. The ecological footprint can be direct or indirect emissions of

CO2, while energy efficiency can be the reduction of grid power imports [51]. The literature identifies

two possible control modes for the coordination of EVs and renewable energy, which are centralized and

decentralized modes. The following are the explanations of different modes:

• Centralised mode: an agent, usually called an aggregator, manages the scheduling of the EV fleet

charging. An aggregator could be, for example, the charging station or the BSS itself. The drawback

is the necessity to have a heavy communication architecture handling large amounts of data.

• Decentralised mode: EVs set up their charging themselves by reacting to incentives of an aggrega-

tor, such as dynamic changes in the electricity prices. On one hand, this requires a less complex

communication architecture, on the other hand, the system events are less predictable.

In the latter case, EVs are not directly coordinated by a central entity controlling all charging processes.

EVs belong to individuals with specific preferences and constraints, who would not allow control of the

charging process without being properly compensated. This happens in the case of plug-in charging

mechanisms, where EV owners have the right and chance to charge their vehicle at any time, therefore

creating an impossibility for the central power supplier to control and coordinate the charging times

directly. In fact, a BSS can act as an aggregator, collecting discharged batteries from EVs and deciding to

schedule the charging of such batteries to the best available time frame, avoiding peak demand by proper

coordination with the grid. This, of course, should consist of a trade-off, where the BSS tries to avoid

excessive loads while keeping a certain amount of charged batteries to ensure service at any time.

With the help of V2G technology, EVs, and RE generation could achieve multiple benefits if combined

together, as in the case of the BSS. The BSS can serve as an energy storage station or controllable load,

in addition to providing EV users with battery swapping services. Therefore, the cooperation between RE

and BSS could not only benefit the power grid but also promote the evolution of the RE business and the

electric vehicle industry [52,53].
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2.6 Energy management in battery swapping stations

An effective energy management system (EMS) is essential for optimizing the performance of a BSS by

coordinating energy resources efficiently. EMS functions as the intelligence behind BSS operations, col-

lecting data from various energy sources and demand points to ensure an optimal energy balance. The

complexity of BSS energy management comes from the integration of multiple energy sources, including

renewable generation, grid supply, and battery storage, while accounting for economic and technical con-

straints. A well-designed EMS within a BSS must address multiple operational scenarios, including utility

grid integration, energy forecasting uncertainties, and the dynamic interaction between charging stations

and battery swapping operations. Incorporating RESs, such as solar PV and wind power, plays a crucial

role in reducing dependence on the power grid and minimizing operational costs. The EMS must dynam-

ically schedule power generation and consumption to ensure a reliable and cost-effective energy supply.

In this context, the objective is to maximize the profitability of BSS while ensuring cost-effective energy

availability for EV users [54].

The IoT can significantly enhance EMS capabilities by enabling real-time energy monitoring, predictive

maintenance, and automated energy flow control. By integrating IoT-based EMS, energy can be efficiently

allocated from various renewable sources to meet load demand while maintaining a strategic reserve of

charged batteries. Energy transactions in BSS can be further optimized through multiple operational

strategies, including Grid-to-Battery (G2B), Battery-to-Grid (B2G), Battery-to-Battery (B2B), RES-to-

Battery, and RES-to-Grid, each of which must consider constraints such as battery state-of-charge (SoC)

and quality-of-service requirements [55].

Real-time EMS strategies transform complex energy scheduling into single-optimization problems by ac-

commodating dynamic electricity prices, load variability, and forecast uncertainties. This approach not

only enhances the economic viability of BSS by integrating aggregator models and advanced IoT-enabled

control systems but also enables flexible energy trading that maximizes profit and supports sustainable

energy practices. Furthermore, incorporating G2V, V2G, and vehicle-to-vehicle (V2V) functionalities can

strengthen the financial sustainability of BSS. Aggregators act as intermediaries between EV users and

the utility grid, leveraging price differences to maximize profits while ensuring energy availability. How-

ever, improper scheduling in aggregator-based models can lead to unreliable operations and increased

greenhouse gas emissions, highlighting the need for precise optimization techniques [56].

2.7 Optimization and control strategies in electric vehicle bat-

tery swapping station

BSSs are critical infrastructures to accelerate the adoption of EVs by addressing range anxiety and long

charging times, necessitating advanced optimization and control methods to ensure operational efficiency,

cost-effectiveness, and grid stability. These stations face challenges such as fluctuating user demand, het-

erogeneous EV battery SoC levels, dynamic electricity pricing, and integration with RESs, requiring robust
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algorithms to balance supply-demand mismatches. Optimization frameworks often employ mixed-integer

linear programming (MILP) or stochastic dynamic programming to schedule battery swaps, prioritize

charging cycles, and allocate resources while minimizing energy costs and maximizing throughput [57].

Predictive analytics, leveraging historical usage patterns and machine learning (ML), forecast peak de-

mand periods to pre-charge EV batteries and optimize inventory management, reducing wait times and

enhancing user satisfaction. Real-time control systems utilize IoT sensors and distributed control ar-

chitectures to monitor battery health, temperature, and SoC, ensuring safe charging and discharging

rates [58,59].

To address uncertainties in EV arrival times and grid electricity prices, stochastic optimization models

incorporate probabilistic scenarios, while reinforcement learning adapts policies dynamically based on real-

time feedback. EMS integrate RES and BESS to reduce grid dependency, using model predictive control

(MPC) to align RES generation with charging schedules and store surplus energy. Dynamic pricing strate-

gies encourage off-peak battery charging and swaps, helping to balance demand and reduce grid stress

during high-tariff periods, by making energy consumption during off-peak hours cheaper [60, 61]. EV

battery degradation is mitigated through multi-objective optimization that balances fast charging with

longevity, using electrochemical models to limit C-rates and depth-of-discharge (DoD). Queuing theory

models, such as Markov decision processes, optimize station layout and workforce allocation, ensuring

minimal idle time for EVs and efficient battery retrieval. Vehicle-to-grid (V2G) integration enables bidi-

rectional energy flow, allowing BSS to participate in demand response programs, stabilize grid frequency,

and generate ancillary revenue streams. Decentralized control architectures, like multi-agent systems,

coordinate multiple BSS nodes across a network, optimizing regional energy distribution and load sharing.

Cybersecurity protocols embedded in control systems safeguard against data breaches and ensure reliable

communication between EVs, station controllers, and grid operators. Digital twins simulate BSS operations

under varying scenarios, enabling proactive maintenance and algorithm refinement without disrupting live

systems. Economic dispatch algorithms prioritize low-cost grid or RESs while adhering to carbon emission

caps, aligning with sustainability goals. Finally, heuristic algorithms like genetic algorithm (GA) and

particle swarm optimization (PSO) resolve combinatorial complexities in battery assignment and routing,

achieving near-optimal solutions with reduced computational overhead. Together, these methods create

a resilient, scalable BSS ecosystem that supports mass EV adoption while enhancing grid reliability and

operational profitability [62].

2.8 Summary

This chapter provided a theoretical foundation for understanding the key technological and operational

aspects of BSSs within the broader context of EV charging infrastructure. It examined fundamental

EV charging technologies, the configuration and functionality of BSSs, and their integration with hybrid

renewable energy systems. Additionally, the chapter explored optimization and control strategies essential

for improving the efficiency, reliability, and sustainability of BSS operations.
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By establishing this theoretical background, the chapter highlights the significance of BSSs in addressing

challenges such as long charging durations, grid stress, and renewable energy integration. These insights

lay the groundwork for further discussions on the implementation, optimization, and economic feasibility

of BSSs in subsequent chapters.
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LITERATURE REVIEW

3.1 Chapter Overview

The energy consumption of EV BSSs has been a key focus in industrial energy efficiency research for over

a decade. Various studies have explored the design and operation of EV battery swapping stations and the

effectiveness of demand-side management (DSM) interventions in optimizing energy consumption. This

chapter reviews existing EV BSS energy consumption literature, examining research on design principles,

operational strategies, and DSM techniques. It highlights key findings from previous studies, identifies

research gaps, and provides insights into the role of optimization and energy management strategies in

improving the efficiency and sustainability of EV charging infrastructure.

Section 3.2 reviews the existing literature on the BSS, summarizing key findings and identifying research

gaps. while Section 3.3 concludes the literature study.

3.2 Review on previous studies related to the battery swapping

station

3.2.1 Development and implementation of BSSs

The growing demand for sustainable transportation has led to an increasing focus on BSSs as a viable

alternative to conventional plug-in charging. Various companies worldwide are currently undertaking pilot

projects to develop and implement BSSs [24, 63–66]. For example, in Taiwan, companies like Kymco and

Gogoro have actively promoted the adoption of electric scooters by developing advanced battery swapping

stations. These companies have launched smart electric scooters that allow users to quickly swap their

depleted batteries for fully charged ones. These BSS are integrated with smartphone applications, en-

abling efficient battery management and enhancing the overall convenience and operational performance

20
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for riders [65]. In China, company such as NIO has played an important role in the advancement of electric

vehicle technology by introducing a comprehensive battery swapping system. The company operates a

vast network of fully automated Power Swap Stations, allowing drivers to exchange depleted batteries for

charged ones in just a few minutes. Its latest stations, equipped with advanced LiDAR (Light Detection

and Ranging) and high-performance computing systems, are capable of performing hundreds of swaps per

day. By mid 2024, NIO had deployed more than 2,400 of these stations across cities and highways, with

expansion plans that include rural areas. These stations accommodate various battery sizes and vehicle

types and offer high-speed charging through advanced cooling and automation, providing a fast and con-

venient alternative to traditional charging methods [66]. Several studies highlight the cost-effectiveness of

BSS compared to traditional plug-in charging. For instance, [23] proposed proposed a robust optimization

model for an EV-integrated RES incorporating BSSs. Their approach introduced an enhanced uncertainty

set that integrates source–load distribution and employs a multi-time-scale scheduling method to minimize

system costs while ensuring stable operation. Using a nested column and constraint generation algorithm,

the model reduces conservatism in uncertainty modeling, resulting in improved economic efficiency and

stable operation while meeting EV charging demands. Similarly, [56] developed a real-time energy man-

agement strategy for a smart community microgrid integrating BSSs. Their novel Lyapunov optimization

framework based on queuing theory demonstrated that a dual purpose BSS could improve the economics

of the overall system and facilitate the integration of RE. [67] explored optimal BSS sizing and placement

under power reliability and load fluctuations. The results of their study revealed that BSSs contribute

to reduced EV waiting times, improved EV battery recharging, and improved grid regulation especially

in microgrids. Their analytical model, based on Berlin’s transit data, identified optimal locations that

maximize revenue while supporting ancillary services. Furthermore, [68] developed an energy manage-

ment strategy for an EV charging station integrated with a PV system at the University of Trieste, Italy.

The system maximizes solar power consumption using real-time data and a rule-based approach while

demonstrating a reduction in grid dependence from 28.82% to 5.66% .

3.2.2 Optimization and energy management in BSSs

Optimization models for BSS operations have been a central research focus. [69] developed an inventory-

based charging/discharging (IIC) model that optimizes BSS allocation under load uncertainty. Their

data-driven addressed the tradeoff between depleted and fully charged EV batteries. The simulation re-

sults indicate that the IIC model effectively balances economic performance with robustness in inventory

management. Similarly, [70] proposed an optimal planning method for BSS that integrates dynamic power

distribution reconfiguration with technical grid considerations. Their multi-objective framework deter-

mines optimal placement and capacity while addressing power quality, grid constraints, and operational

costs. The results from their case studies showed that this approach reduces system losses, improves

voltage stability, and mitigates environmental impacts, underscoring its benefits for both EV users and

grid operators. [71] introduced a distributed decision-making framework to jointly optimize power distri-

bution networks and BSS under uncertainty. Their method minimizes worst-case costs while addressing

fluctuations in wind and PV power. By reformulating the problem as a MILP using affine decision rules,
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duality theory, and analytical target cascading, the approach preserves information privacy and proves

less conservative than traditional robust optimization. Case studies confirm its effectiveness in coordinat-

ing operations and reducing costs. Additionally, [72] developed an optimization strategy for PV-powered

BSSs using spare transformer capacity, thus avoiding new transformer investments. Their approach de-

veloped load models, charging rules, and segmented pricing to incentivize off-peak transformer rental.

Simulation results demonstrate improved profitability, greater swapping capacity, and more effective peak

load reduction. [73] formulated a multi-objective optimization model for a hybrid BSS integrating grid,

PV, and biogas energy to maximize profitability and efficiency. Using mixed-integer programming, the

model optimizes battery charging schedules and battery-to-grid operations, increasing daily net profit by

up to 20 times compared to the base case. Allowing grid discharge further boosts profits by 8%. The

study highlights BSS as a solution to EV range anxiety while promoting RE adoption, reducing green-

house gas emissions, and accelerating EV market acceptance. [74] proposed a multi-objective optimization

method for a centralized battery swap charging system (CBSCS) integrated with PV. Using a modified

non-dominated sorting genetic algorithm III (NSGA-III), their developed model minimizes total opera-

tional costs by considering opportunity and inventory costs of reserve EV batteries. Simulation results

show that PV integration reduces costs and grid impacts, with the modified NSGA-III generating superior

pareto fronts compared to traditional algorithms. Further, [75] developed a mathematical model to address

uncertainty constraints in BSSs, focusing on optimizing operation costs through demand shifting. Their

simulation results validated the feasibility of minimizing energy expenses while ensuring battery avail-

ability and to assess its practicality in terms of reaching the lowest possible operating cost. [76] explored

risk-aware energy management for microgrids incorporating BSSs, demonstrating that BSS can act as

bulk storage while improving revenue under uncertainty. Responsive loads further improve revenue under

uncertainty. [77] proposed an optimization model for scheduling BSSs in isolated microgrids powered by

distributed energy sources. Using YALMIP + CPLEX, their model optimizes charging during low-load

periods to reduce power purchase costs, grid losses, and voltage fluctuations while improving stability. Sim-

ulation results demonstrate that orderly BSS charging enhances grid security and efficiency, preventing

peak overloads. Similarly, [78] introduced a demand response management framework for BSSs, optimiz-

ing battery swapping schedules to reduce peak-valley load differences in local power grids. Their time

series analysis model predicts battery swapping demand, while an optimal scheduling model enhances grid

stability and RE utilization. The study highlights benefits such as improved grid response, enhanced user

experience through faster energy replenishment, and better EV battery management at BSS, extending

EV battery life. [79] employed particle swarm optimization (PSO) to optimize BSS placement and sizing

but note its limitations in dynamic grid reconfiguration. To address asynchronous EV battery swapping

and centralized charging in isolated microgrids, they propose a service model leveraging backup batteries.

They further introduce a quantum-behavior PSO (QPSO) algorithm, which improves BSS reliability and

profitability compared to traditional methods.

3.2.3 Identified research gaps

Despite significant advancements in EV BSS research, several gaps remain unaddressed:



Chapter 3. Literature review 23

1. Limited utilization of BSSs for RE integration and energy trading: Most studies focus on

hybrid RE generation for BSSs but fail to explore the potential of integrating multiple RESs for

efficiently charging EV batteries before swapping.

2. Underexplored impact of frequent EV battery discharging on battery life cycle costs:

Existing research often overlooks the effects of repeated charging and discharging on battery degra-

dation, which directly affects operational costs and long-term economic feasibility.

3. Insufficient consideration of market-based energy dispatch and pricing strategies: While

optimization models focus on cost reduction, there is limited research on leveraging real-time elec-

tricity pricing and energy trading mechanisms to maximize revenue generation.

4. Need for multi-objective optimization approaches: Most studies focus on single-objective

cost minimization, whereas a more comprehensive multi-objective approach is necessary to balance

operational efficiency, economic viability, and sustainability.

To address these gaps, this research work proposes a multi-objective optimization model that minimizes

the design and operational costs of EV BSSs while maximizing revenue through optimal energy dispatch.

The model will:

• Strategically integrate RE and grid power supply systems.

• Optimize energy sales to the utility grid based on market price signals.

• Incorporate dynamic energy trading mechanisms to enhance economic viability.

• Improve energy management strategies to ensure sustainability and efficiency.

This novel approach will support the widespread adoption of EVs while enhancing the financial and

operational feasibility of BSS deployment.

3.3 Summary

A review of the literature on BSSs reveals substantial progress in optimizing their internal operational

aspects, including rapid EV battery swapping, extended battery life, and enhanced EV range through

advanced charging methodologies and renewable integration. However, most studies have primarily fo-

cused on internal factors such as scheduling and revenue generation while overlooking external challenges,

including dynamic RE integration and its impact on overall utility grid efficiency.

To achieve maximum energy efficiency in EV charging infrastructure, it is essential to optimize not only

the core operations of BSSs but also their interactions with external power networks and energy markets.

Properly integrating RESs and implementing effective demand-side management strategies can enhance

system reliability, reduce operational costs, and improve the overall sustainability of EV charging systems.
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The subsequent chapter proposes novel methodologies for the optimal design and techno-economic feasi-

bility of EV BSS intergrated with grid-connected wind-solar PV system. The proposed approach aims to

minimize the total life cycle cost and energy consumption costs from the utility grid while maximizing

system reliability through effective demand-side management strategies. By addressing these challenges,

this research contributes to the development of more efficient, cost-effective, and sustainable BSS solutions,

ultimately supporting the transition toward a cleaner and more resilient EV ecosystem.



Chapter 4

OPTIMAL DESIGN AND

TECHNO-ECONOMIC

FEASIBILITY OF

GRID-CONNECTED

WIND-SOLAR ENERGY SYSTEM

FOR BATTERY SWAPPING

STATION

4.1 Chapter overview

The content of this chapter is adapted from our previously published work [80], titled ”Techno-economic

feasibility and optimal design approach of grid-connected hybrid power generation systems for electric

vehicle battery swapping stations.” This chapter focuses on evaluating the technical and economic per-

formance of a grid-connected wind-solar power supply system for an electric vehicle battery swapping

station. The mathematical models of the components of the proposed system are presented to investigate

the viability of the hybrid system as an alternative energy source. The objective is to evaluate its potential

for cost savings and overall cost-effectiveness by minimizing total life-cycle cost, reducing dependence on

the utility grid, and maximizing system reliability. To achieve this, an optimal control model is designed

and solved using MILP. Decision variables include the power drawn from the utility grid, the number of

25
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wind turbines, and the number of solar PV panels. The effectiveness of this model is verified through a

case study, with simulation results demonstrating the desirable performance of the proposed system. The

optimal number of wind turbines and solar PV panels leads to energy cost savings for the case studied.

The results of the LCC analysis indicate a payback period demonstrates that the proposed hybrid system

is economically and technically feasible. It is important to note that this chapter does not consider the

battery energy storage system (BESS).

The remainder of this chapter is structured as follows: An overview of the mathematical model formulation

of the proposed system is given in Section 3.2. The case data used are introduced in Section 3.3. Following

that, Section 3.4 analyzes the simulation results and discusses the optimization findings. Lastly, Section

3.5 concludes the chapter.

4.2 Mathematical model formulation

A mathematical model has been developed to evaluate the feasibility and performance of the proposed

hybrid power supply system for an EV BSS. This model aims to optimize system operation by minimizing

the total life cycle cost while ensuring a reliable power supply. The formulation incorporates key decision

variables, including grid power consumption, the number of WTs, and the number of solar PV panels.

Constraints related to power balance, system reliability, and economic feasibility are considered. The op-

timization problem is solved using mixed-integer linear programming, ensuring an efficient allocation of

resources and cost-effective system operation

4.2.1 Schematic model layout

Figure 4.1 illustrates the schematic layout of the proposed grid-connected wind–photovoltaic hybrid power

generation system designed for the EV BSS. The main components of the proposed system are the vertical

wind turbines (WTs), the solar photovoltaic generator (PV), the inverters, and the battery swapping

station (BSS), which comprises the charging apparatus and swapping service for the depleted EV batteries.

For such a proposed system, the size of the hybrid renewable power generation system depends on the

charging and swapping demand service at the BSS. The BSS uses three distinct sources of electrical energy

to recharge the depleted swapped EV batteries. These sources include the electric power generated by

vertical WT, the electric power generated by the solar PV generator, and the electric power acquired

from the utility grid. To ensure that the demand for swapping depleted EV batteries is met efficiently,

it is crucial to accurately determine the properties of power sources utilized to charge the depleted EV

batteries. By doing so, the charging process can be optimized to effectively replenish the EV batteries

and meet the needs of the drivers. The depleted EV batteries are charged with the utmost priority

using clean and renewable energy generated by the vertical WT and solar PV generator. This ensures

optimal charging of depleted EV batteries while minimizing electricity use from the utility grid. However,

the charging process depends on the accessibility of sufficient resources. In other words, if the electric
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power generated by the vertical WT and solar PV generator is inadequate, the utility grid supplies the

necessary power to charge the depleted EV batteries. Suppose the electric power generated by the vertical

WT and solar PV generator exceeds the charging demand of the depleted EV batteries. In that case,

the excess electricity can be sold back to the utility grid. The fluctuating electricity prices throughout the

day significantly influence the overall cost of the charging process. Implementing a time-of-use (TOU) tariff

helps to manage this cost by strategically selecting the power source for recharging depleted EV batteries.

The TOU tariff is strategically designed to incentivize power consumption during off-peak periods when

electric power prices are at their lowest. This approach serves the dual purpose of minimizing stress on the

utility grid during peak hours and optimizing the cost-effectiveness of the charging process. Depending on

the prevailing TOU tariffs, the BSS can be supplied by either hybrid power generation or the utility grid.

This flexibility enables the BSS to draw power from the utility grid during off-peak periods, leading to

cost savings. By doing so, the power flow from the utility grid is managed efficiently and cost-effectively,

maintaining reliability and stability. This strategic utilization of the TOU tariff and power source selection

not only minimizes operational costs but also contributes to the overall sustainability and resilience of the

EV charging infrastructure. The decision to charge the depleted EV batteries is determined by multiple

factors, such as the power flow’s limitations and the TOU electricity tariff within the utility grid. The power

flow’s limitations depend on the available power capacity and the current power demand in the system.

The TOU tariff considers the cost of electricity at different times of the day, where charging the depleted

EV batteries during off-peak periods can be more cost-effective. On the other hand, the decision to

replace the depleted EV batteries with fully charged ones is determined by the EV driver’s arrival or the

swapping service demand at the BSS. The BSS can offer a convenient solution for EV drivers who want

to continue their journey without waiting for their EV battery to charge. In this chapter, the electrical

energy generated by the renewable hybrid power generation system is deliberately not reintegrated into

the utility grid.

Figure 4.1: Schematic layout of the proposed system.
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4.2.2 Wind turbine system

In wind energy systems, the air is moved to generate power through its kinetic energy. Wind energy is

a resource that has the potential to be abundant and that might be easily harvested and converted into

useful energy using standard technology. In addition to enabling the efficient utilization of distributed

resources, wind energy systems offer the potential to make energy supply systems more flexible, robust,

secure, stable, and profitable [81]. As a result, it is crucial to have a reliable assessment of the resources

available at a wind farm to generate electricity there. In general, when the wind speed ranges between the

“cut-in wind speed” (Vci) and the “rated wind speed” (Vr), the power output of the WT is proportional

to the cube of the wind speed. The model used to determine the power output of the WT is displayed

in Figure 4.2. When the wind speed is below the cut-in speed, the WT is unable to generate electricity.

Once the wind speed surpasses the cut-in speed, the power generated by the WT increases with the cube

of the wind speed, reaching its maximum output at the rated speed. It is known as the rated power

(PrWT ), and it is the power for which the wind turbine is designed. As shown in Figure 4.2, the wind

speed is very high at some given time, which is dangerous for wind turbines. This is referred to as “cut-out

wind speed” (Vco). The wind turbine operation must stop at this point because it has reached the (Vco).

Equation (4.1) represents a description of the simplest straightforward model of this behavior to simulate

the power output of the WT [82]:

pWT (t) =



0 V (t) ≤ Vci

PrWT
V (t)− Vci

Vr − Vci
Vci ≤ V (t) ≤ Vr

PrWT Vr ≤ V (t) ≤ Vco

0 V (t) ≥ Vco

(4.1)

where V (t) denotes the wind speed at sampling time t, Vr denotes the rated wind speed, Vci denotes the

cut-in wind speed, Vco denotes the cut-out wind speed, and PrWT denotes the rated power of the wind

generator. If the wind speeds and rated power are known, Equation (4.1) can be used to calculate the

power output of the WT. Thus, the rated power of the WT generator can be expressed as

PrWT =
1

2
ηtηgφaCpAWTV

3
r (4.2)

where ηt denotes the gearbox efficiency, ηg denotes the generator efficiency, φa denotes the density of air,

Cp denotes the power coefficient of the WT, which is the ratio of the power output of the wind generator

divided by maximum power, and AWT denotes the sweeping area of the turbine rotor. In contrast, Vr

denotes the rated wind speed.
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Figure 4.2: Wind generator power curve.

Adjustments to the wind speed profile may be required to optimize energy generation from the WT system

depending on the turbine’s height. The wind speed profiles can be simulated using two mathematical

models: the logarithmic law and the power law. As a standard analytical approach in the field, this paper

employs the power-law model to calculate wind speed at the hub height [83]. When applying this model,

the wind speed at the hub height is calculated from

V

Vref
=

(
h

href

)α

(4.3)

where Vref denotes the wind speed measured at the reference height (href ), V denotes the wind speed

measured at the hub height (h), and α denotes the coefficient of ground surface friction, which has a value

of more than 0.25 in forested areas and less than 0.1 in flat or watery areas [83].

Multiple WTs can be coupled in parallel to meet the proposed system requirements. One of the design

variables is the number of WTs (NWT ) when operating in parallel. The size of the WT is among the

variables that influence the power output of the WT. When NWT is taken into account as the number of

WTs, the power output generated by the WT at sampling time (t) is calculated from

PWT (t) = NWT pWT (t) (4.4)

Under varying operational conditions, the net power supply of the WT to the power system is limited by

boundaries, which can vary between zero and the maximum power output generated. This relationship

can be mathematically expressed as

0 ≤ PWT (t) ≤ Pmax
WT (t) (4.5)

where 0 is the minimum capacity of the power output generated by the WT and Pmax
WT is the maximum

capacity of the power output generated by the WT.

Furthermore, the limited availability in number of WTs is constrained so that

Nmin
WT ≤ NWT ≤ Nmax

WT (4.6)
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where Nmin
WT is the minimum number of WTs taken as zero and Nmax

WT is the maximum number of WTs

that can fit into the allocated area as provided by

Nmax
WT =

ATWT

AWT
(4.7)

where ATWT is the total sweeping area available for the WT at the EV BSS and AWT is the sweeping

area of the WT rotor.

4.2.3 Solar photovoltaic system

By definition, PV is a technology that converts the radiant (photon) energy from sunlight into DC

power [84]. A PV cell is a crucial element in converting light energy directly into electrical energy through

a chemical and physical process called the PV effect. The term describes a device whose electrical proper-

ties change when exposed to light, such as voltage, current, or resistance. Solar PV panels, also known as

solar PV modules, comprise solar PV cells. A solar PV module or solar PV panel comprises several solar

PV cells arranged in an integrated group, all facing the same direction. In contrast, an array or solar PV

array comprises the solar PV module or solar PV panel connected in parallel, series, or a combination of

the two [85]. The size of the PV panel, its efficiency, solar radiation, and the surrounding temperature all

affect how much electricity the PV system can generate. The power output generated by a solar PV array

is provided by [85]

pPV = ηPV APV IPV (4.8)

where pPV is the power output generated by the PV array, APV is the area of the PV array exposed to

solar radiation, IPV is the solar radiation that reaches the PV array, and ηPV is the energy conversion

efficiency of the PV generator.

It is possible to express the solar irradiation according to the time during the day using

IPV (t) = RB [IB(t) + ID(t)] + ID(t) (4.9)

where RB is a geometric factor used to indicate the ratio between plane-tilted beams’ irradiation incident

and plane-horizontal beams’ standard irradiation, ID(t) is the diffuse irradiation, and IB(t) is the hourly

global irradiation.

The ambient temperature and hourly isolation impact the solar PV generator energy conversion efficiency

η. It can be stated that

ηPV = ηrηpc
[
1− β

(
Tc − Tcref

)]
(4.10)

where β denotes the temperature factor for PV generator efficiency, which ranges from 0.004 to 0.006

per ◦C, Tc,ref denotes the reference cell temperature, ηpc denotes the efficiency of power conditioning, Tc

denotes the cell temperature, and ηr denotes the manufacturer-rated efficiency of the solar array module.
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The cell temperature is

Tc = Ta +

(
TNOCT − 20

800

)
IPV (t) (4.11)

where TNOCT is the nominal cell operating temperature, while Ta is the ambient temperature.

The power output of a PV array depends on the number of installed PV panels (NPV ). Factors such as

the size of the panels and others influence the total power generated by the PV system. When considering

NPV as the number of solar PV panels, the total power output generated by the PV panels at a given

sampling time (t) can be calculated from

PPV (t) = NPV pPV (t) (4.12)

Depending on the operation conditions, the net power supply of the solar photovoltaic panels to the power

system is determined by sizing and optimal positioning, and it can vary between zero and the maximum

power output generated. This can be stated in the following way:

0 ≤ PPV (t) ≤ Pmax
PV (t) (4.13)

where 0 and Pmax
PV represent the minimum and maximum capacity of the solar PV panel, respectively.

Furthermore, the limited availability number of solar PV arrays is constrained so that

Nmin
PV ≤ NPV ≤ Nmax

PV (4.14)

where Nmin
PV is the minimum number of solar PV panels taken as zero and Nmax

PV is the maximum number

of solar PV panels that can fit into the allocated area as provided by

Nmax
PV =

ATPV

APV
(4.15)

where ATPV denotes the total available surface area for the solar PV panel at the EV BSS and APV

denotes the area of the PV array that is exposed to solar radiation.

4.2.4 Inverter

The inverter is a very important device in grid-connected renewable energy systems. It is used to synchro-

nize the output power and set the output voltage. Inverters convert DC power sources to AC power and

vice versa. The power output of the WT is AC, which is converted into DC by the inverter for later use.

Therefore, it is essential to have high inverter efficiency. The inverter efficiency is provided by [86]

ηINV =
Pout(t)

Pin(t)
(4.16)
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where ηINV is the efficiency of the inverter, Pout is the power out from the inverter, and Pin is the power

that enters into the inverter. In order to ensure safe operation and efficiency, the inverter’s rated power

should often be oversized by 10% to 30% [87]. Therefore, the inverter-rated power is

PrINV =

N∑
t=1

Pin(t)KINV (4.17)

where KINV is the oversized coefficient of the inverter. The inverter lifetime is less than the installation

lifespan. The total number of inverter replacements required over the system’s operational lifetime can be

quantified as

NRep,INV =
Lp

LINV
− 1 , (4.18)

where Lp is the lifetime of the installation project, while LINV is the lifetime of the inverter.

4.2.5 Utility grid power supply system

The current utility grid was not designed to accommodate the charging demand of depleted EV batter-

ies [88]. In contrast to household loads, the full charge of the depleted EV batteries requires high power

levels and substantial amounts of energy [89,90]. Charging the depleted EV batteries can have a significant

impact on voltages, component loads, and losses depending on the supplied loads and the design of the

utility grid. The impacts on the utility grid are significantly influenced by the charging power and pene-

tration level of the EVs. The number of EV batteries as a percentage of all EVs at the BSS is the general

definition of the penetration level. The power from the utility grid is modeled as an all-time available

power source for recharging depleted EV batteries at the BSS. The total energy supplied by the utility

grid is provided by

Eg =

N∑
t=1

PG−BSS(t) ∆t (4.19)

where PG−CSS is the power flow from the utility grid to charge the depleted EV batteries at the BSS

and ∆t is the sampling time.

Therefore, the energy cost that can be extracted from the utility grid is established by the local electricity

market policy and time of use (TOU) tariff. Two parameters are required for utility grid modeling: the

utility grid’s maximum power demand (measured in kW), which defines the upper limit of electricity

that can be drawn, and the energy procurement cost (expressed in ZAR/kWh), representing the cost of

electricity supplied by the utility grid. The energy cost CEg that can be drawn from the utility grid when

charging the depleted EV batteries can be calculated from

CEg = pe(t)

N∑
t=1

PG−BSS(t) ∆t (4.20)
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where Pe(t) is the TOU electricity price at the t-th sampling interval per kWh. Additionally, the power

drawn from the utility grid can be constrained to a limited range using

0 ≤ PG−BSS (t) ≤ +∞ (4.21)

4.2.6 Battery swapping station power demand

An EV BSS is a facility designed for EV owners to efficiently exchange their depleted EV batteries for

fully charged ones in just several minutes. This innovative concept has emerged as a potential solution to

address the challenges associated with traditional plug-in charging methods for EVs [91, 92]. A standard

EV BSS has one or more battery swapping units, enabling multiple EVs to exchange their depleted EV

batteries simultaneously. Several factors, such as the charging and swapping processes of depleted EV

batteries and the specific characteristics of the EV batteries themselves, typically influence the power

demand of a BSS. These specific characteristics encompass parameters such as EV battery capacity, EV

battery technology, and the depleted EV battery’s state of charge (SoC) before charging [93]. Proper

modeling of power demand at the BSS is crucial, especially during the charging period of depleted EV

batteries, to ensure sufficient supply for swapping demand when EVs arrive. Equations (4.22) and (4.23),

respectively, represent the total charged and discharged power of depleted EV batteries at the BSS. These

equations calculate the cumulative power by summing the power contributions or power outputs of all

depleted EV batteries present at the BSS [94].

Pc,BSS(t) =

n∑
EV,b=1

Pc,(EV,b)(t) (4.22)

Pd,BSS(t) =

n∑
EV,b=1

Pd,(EV,b)(t) (4.23)

where n is the total number of depleted EV batteries at the BSS, Pc,BSS(t) is the total charging power of

the depleted EV batteries at the BSS, Pd,BSS(t) is the total discharging power of the depleted EV batteries

at the BSS, Pc,(EV,b)(t) is the charging power of one depleted EV battery at the BSS, and Pd,(EV,b)(t) is

the discharging power of one depleted EV battery at the BSS. Each depleted EV battery undergoes a

charging or discharging process similar to a conventional battery. The charging process of depleted EV

batteries is determined by their state of charge (SoC) at specific time intervals, representing the available

capacity relative to the maximum capacity when fully charged. Taking these factors into account, the SoC

of every EV battery at tth sampling interval inside the BSS can be generally expressed by [75,94]

SOCEV,b(t) = SOCEV,b(t− 1) +

(
Pc,(EV,b)(t)−

Pd,(EV,b)(t)

ηEV,b

)
× Idur(t) (4.24)



Chapter 4. Optimal design and techno-economic feasibility for EV BSS 34

where Idur(t) is the duration of time interval in minutes and ηEV,b is the efficiency of one EV battery (%)

and provided by Equation (4.25).

ηEV,b =

∑N
t=1 Pd,(EV,b)(t)× Idur(t)∑N
t=1 Pc,(EV,b)(t)× Idur(t)

(4.25)

The battery swapping procedure at a BSS involves replacing a depleted EV battery with a fully charged

one from an incoming EV. This swap period prevents the EV battery from charging or discharging as the

swapping operation progresses. As a result, the EV battery’s power and SoC are reset to zero during the

swapping period, as defined by Equation (4.26).


Pc,(EV,b)(t) = 0

Pd,(EV,b)(t) = 0 ∀t = tswap

SoCEV,b(t) = 0

(4.26)

Before the battery swapping period, the depleted EV battery must be fully charged in preparation for

the next swap. Thus, the energy management system must guarantee that an adequate number of fully

charged EV batteries are available at each time interval to meet the demand for upcoming swaps. This

requirement is articulated in Equation (4.27).

SoCEV,b(t) = SoCEV,b(t− 1) ∀t = (tswap − 1) (4.27)

The total power demand at the BSS is based on the power capacity of the charging station. The discretized

charging power demand for each depleted EV battery is added together to determine the overall charging

power demand. In other words, the total expected power demand required to charge all n depleted EV

batteries at the BSS during time t can be calculated using Equation (4.28).

PLd,BSS(t) =

n∑
EV,b=1

(
Pc,(EV,b)(t)− Pd,(EV,b)(t)

)
(4.28)

where PLd,BSS(t) is the total expected power demand of all depleted EV batteries charged at time (t)

and n is the total number of depleted EV batteries at the BSS.

4.2.7 Economic evaluation parameters of the proposed system

The economic evaluation indicators are mathematical methods used to compare the costs and benefits of

the installations in terms of economic, commercial, and social aspects. These indicators play a crucial role

in the optimization design of grid-connected hybrid systems [95,96]. This chapter considers the economic

parameter based on the life cycle cost (LCC) concept as the economic criterion to evaluate the financial

viability of the installation system. The LCC method accounts for the time value of money and the system’s

lifespan by discounting all future cash flows to their present value. In other words, the LCC covers all the



Chapter 4. Optimal design and techno-economic feasibility for EV BSS 35

cash inflows and outflows into the proposed system in its entire lifetime. It evaluates initial investment

options and determines the most cost-effective alternative over a year x [97,98]. The costs included in the

LCC evaluation are the initial capital investment cost (IIV ST ), operation and maintenance cost (CO&M ),

replacement cost (CR), and salvage cost (CS). Mathematically, the LCC is provided by [99,100]

LCC = IIV ST + CO&M + CR − CS (4.29)

The initial capital investment cost is the amount of money required to set up all components in the proposed

system, which includes the cost of purchasing materials, installation of each component, and civil works.

Meanwhile, the operating and maintenance cost value indicates the maintenance costs incurred throughout

the proposed system’s lifespan for all components to ensure proper operation. This represents the total of

all yearly planned operation and maintenance costs. The operator’s wage, inspections, insurance, and any

necessary planned maintenance are all included in the operation and maintenance cost. A general formula

for calculating the present value of the CO&M of a hybrid system is provided by [101,102]

CO&M =


C(O&M)0 ×

1 + r

i− r

[
1−

(
1 + r

1 + i

)LP
]

for i ̸= r

C(O&M)0 × Lp for i = r

(4.30)

where C(O&M)0 is the operation and maintenance cost in the first year, r is the inflation rate, i is the

interest rate, and LP is the lifespan of the installation. The replacement cost is a cautionary expense over

the lifetime of the proposed system for replacing any components. During the lifespan of the proposed

system, some components, like the inverter, could need to be changed. Again, the price of these components

is liable to change in the future. The present value of CR can be determined by incorporating the real

interest rate (i) and accounting for the inflation rate (r0) of the component to be replaced [101, 102]. It

can be expressed as

CR = Cunit Cnom

Nrep∑
y=1

[
(1 + r0)

(1 + i)

] Ly

Nrep + 1


(4.31)

where Cunit is the capital cost of the component per wh, Cnom is the nominal capacity of the replacement

system component in wh, r0 is the inflation rate of the component replaced taken equal to r, y is the index

of the components, Ly is the lifetime of the components, and Nrep is the number of replacements of each

component over the system lifespan period of the installation (Lp). Finally, the cost incurred at the end

of the system’s lifespan is known as the salvage cost. This includes the cost of removal and disposal and

the proposed system’s salvage value.

Assessing the economic viability of the hybrid system requires calculating its overall life cycle cost. This

is achieved by summing the LCC of each component so that

LCCTot = LCCWT + LCCPV + LCCINV (4.32)
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where LCCWT is the life cycle cost of the WT, LCCPV is the life cycle cost of the solar PV generator,

and LCCINV is the life cycle cost of all the inverters.

(a) LCC of the wind turbine system

The initial capital investment cost of the wind turbine system includes the cost of purchasing and installing

the wind turbine at the BSS. The purchase cost of the wind turbine may vary depending on its size,

efficiency, and brand. In addition, installation costs can vary based on various factors, including the site’s

location and the complexity of the installation process. Overall, the initial capital investment cost of the

WT system can be estimated by factoring in the cost of purchasing and installing the WT, as shown in

(4.33).

IIV ST,WT = ICWT + IINST (4.33)

where IIV ST,WT is the initial capital investment cost of the WT generator system, ICWT is the initial

cost of the WT, and IINST is the installation cost of the WT. If the installation cost is assumed to be

20% of the initial cost of the WT generator [103,104], then the initial capital investment cost for the WT

generator can be expressed as

IIV ST,WT = 1.2 γ NWT PrWT

N∑
t=1

PWT (t) (4.34)

where γ is the capital cost of the WT generator per kW , NWT is the total number of WT generators,

and PrWT is the power rating of the WT. It is assumed that the operation and maintenance cost of the

WT generator (CO&M,WT
) will be 5% of its initial capital investment cost [103, 104]. Considering the

annual cost of WT generator increasing at the inflation rate (r), the net present value of the CO&M,WT

can be calculated using

CO&M,WT
= 0.06 γ NWT PrWT

N∑
t=1

PWT (t)× Γ (4.35)

with Γ =

[
1 + r

i− r

(
1−

(
1 + r

1 + i

)Lp
)]

Assuming that the installation lifespan and the wind turbine generator lifetime are equal, the replacement

cost of the wind turbine generator is zero (CR,WT
= 0). The salvage cost is neglected. As a result, by using

(4.34) and (4.35), the LCC of the WT generator (LCCWT ) can be obtained from

LCCWT = (1.2 + 0.06 Γ) γ NWT PrWT

N∑
t=1

PWT (4.36)

(b) LCC of the photovoltaic system

The initial capital investment cost of the PV system includes the purchase and installation costs of the

solar panel at the BSS. The purchase cost of the solar panel may vary depending on its size, efficiency,

and brand. Additionally, installation costs may vary based on various factors, including the site’s location
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and the complexity of the installation process. Overall, the initial capital investment cost of solar PV

system can be estimated by factoring in the cost of purchasing and installing the solar panel, as shown in

(4.37).

IIV ST,PV = ICPV + IINST (4.37)

where IIV ST,PV is the initial capital investment cost of the solar PV system, ICPV is the initial cost of

the solar panel, and IINST is the installation cost of the solar panel. Some studies indicate that solar PV

system installation cost represents approximately 40% of total initial cost [103, 104]. By considering the

installation costs along with other associated expenses, the initial capital investment cost of the solar PV

panel is provided by

IIV ST,PV = 1.4 δ NPV PrPV

N∑
t=1

PPV (t) (4.38)

where δ is the capital cost of the solar PV panel pekW, NPV is the total number of solar PV panels, PrPV

is the power rating of the solar PV, and PPV (t) is the output power generated by the solar PV panel

at each instant t. The CO&M of solar PV panels is assumed to be 1% of their initial capital investment

cost [103,104]. Considering the annual cost of solar PV panels increasing at the inflation rate (r), the net

present value of the operation and maintenance cost (CO&M,PV ) can be calculated from

CO&M,PV
= 0.014 δ NPV PrPV

N∑
t=1

PPV (t)× Γ (4.39)

with Γ =

[
1 + r

i− r

(
1−

(
1 + r

1 + i

)Lp
)]

If it is assumed that the installation and the solar PV panels have the same lifetime, then the replacement

cost of the solar PV panel is zero (CR,PV = 0). The salvage cost is ignored. By using Equations (4.38)

and (4.39), the overall LCC of the PV power generation system (LCCPV ) is provided by

LCCPV = (1.4 + 0.014 Γ) δ NPV PrPV

N∑
t=1

PPV (t) (4.40)

(c) LCC of the inverters

The initial capital investment cost of the inverter (IIV ST,INV ) includes all the expenses incurred in the

purchase and installation of the inverter at the BSS. This includes the cost of the inverter unit, as well

as any additional equipment, parts, and labor required to complete the installation. The IIV ST,INV is

provided by

IIV ST,INV = IC,INV + IINST (4.41)

where IIV ST,INV is the initial capital investment cost of the inverter, IC,INV is the initial cost of the

inverter, and IINST is the installation cost of the inverter. This paper does not take into account the
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installation cost of the inverters. Then, the initial capital investment cost can be calculated from

IIV ST,INV =λKINV ηINV ×[
NPV PrPV

N∑
t=1

PPV (t) +NWT PrWT

N∑
t=1

PWT (t)

]
(4.42)

where λ is the capital cost of the inverter per kW , KINV is the oversize coefficient of the inverter, and ηINV

is the efficiency of the inverter. The inverter lifespan (LINV ) is less than the installation lifespan of the

proposed system. Additional investment is required before the end of the installation project. Then,

the net present value of the replacement cost of the inverter CR,INV is provided by

CR,INV =λ KINV ηINV ×[
NPV PrPV

N∑
t=1

PPV (t) +NWT PrWT

N∑
t=1

PWT (t)

]
×Π

(4.43)

where Π =
∑Nrep

y=1

(
(1+r0)
(1+i)

)( Ly
Nrep+1

)
.

In this chapter, the operation and maintenance cost of the inverter, as well as its salvage cost, have not

been taken into account. The LCC of the inverter (LCCINV ), in general terms, is provided by

LCCINV = λKINV ηINV ×[
NPV PrPV

N∑
t=1

PPV (t) +NWT PrWT

N∑
t=1

PWT (t)

]
× [1 + Π]

(4.44)

4.2.8 Reliability consideration of the proposed system

This paper evaluates the reliability of the proposed system using the loss of power supply probability

(LPSP). LPSP is a statistical parameter that represents the inability of a distributed power system to

meet the required charging demand [105]. The reliability of grid-connected hybrid systems is sized and

evaluated using the LPSP approach as one of the technology-implemented criteria. For a given period

N , the LPSP is the ratio of the total loss of power supply (LPS) accumulated during that period N

to the overall charging demand. Due to the proximity of the substation and the installation area for

the proposed system to the EV BSS, wiring losses within the distribution network are assumed to be

insignificant. The LPSP is provided by [106,107]

LPSP =

∑N
t=1 LPS(t)∑N

t=1 PLd,BSS(t)
(4.45)

where LPS(t) is the loss of power supply at sampling time ts and PLd.BSS(t) is the hourly load demand

of the charging demand of depleted EV batteries at the BSS.

Assuming that the LPSP is between 0 and 1, a value of 1 indicates that the charging demand at the BSS

is never met. On the other hand, the charging demand is always satisfied when the LPSP is equal to 0.
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Therefore, the LPS is provided by

LPS = PPV−BSS(t) + PWT−BSS(t) + PG−BSS(t)− PLd,BSS(t) (4.46)

where PG−BSS is the power flow from the utility grid charging the depleted EV batteries at the BSS,

PPV−BSS is the power flow from the solar PV system charging the depleted EV batteries at the BSS,

and PWT−BSS is the power flow from the wind turbine charging the depleted EV batteries at the BSS.

4.2.9 Objective function

The objective function of the optimization model is to minimize the total life cycle cost (LCCTot) of the

proposed system and the electricity cost purchased from the utility grid (CEG) to recharge the depleted EV

batteries at the BSS through optimal power flow control within the demand-side management framework

while maximizing its reliability. The objective function is provided in (4.47), in which the first part

represents the total LCC and the second part is the electricity cost purchased from the utility grid.

minZ = ξ LCCTot + (1− ξ) CEg (4.47)

where ξ is a weighting factor. The weighting factor ξ transforms the multi-objective optimization problem

into a single-objective framework, which should generate one optimal solution. This paper assigns equal

weighting to the LCCTot and the CEg, ensuring a balanced consideration of both factors. Thus, the weight-

ing factor is 0.5. The decision variables are the hourly power from the utility grid PG−BSS(t), the number

of WT (NWT ), and the number of solar PV panels (NPV ). NWT and NPV depend on the total surface

area (ATWT ) for the WT and (ATPV ) for the solar PV panel available in the EV BSS. The hourly power

from the utility grid is a continuous variable, while NWT and NPV must be integer values. The objective

function in Equation (4.47) can thus be reformulated in light of these decision variables as

minZ =ξ

{
[1.2 + 0.06Γ]γNWTPrWT

N∑
t=1

PWT (t) + [1.4 + 0.014Γ]δNPV PrPV

N∑
t=1

PPV (t)

+ λKINV ηINV

(
NWTPrWT

N∑
t=1

PWT (t) +NPV PrPV

N∑
t=1

PPV (t)

)}
∆t

+ (1− ξ)pe(t)

N∑
t=1

PG−BSS(t)∆t

(4.48)

where δ denotes the capital cost of the solar PV generator per kW , NPV denotes the number of solar

PV panels, PPV (t) denotes the output power generated by the solar PV panel at sampling time t, PrPV

denotes the power rating of a solar PV generator, γ denotes the capital cost of the WT generator per kW ,

NWT denotes the number of WTs, PWT (t) denotes the output power generated by the WT at sampling

time t, PrWT denotes the power rating of a WT, λ denotes the capital cost of the inverter per kW ,

ηINV denotes the efficient of the inverter, KINV denotes the oversize coefficient of the inverter, N the
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sampling period, PG−CS denotes the power from the utility grid, ∆t is the sampling time, and ξ is the

weighting factor.

4.2.10 System Constraints

As a result of power supply generation and charging demand at the EV BSS, the objective function has

some operational, technical, and reliability constraints. These constraints are mathematically represented

as follows:

▶ Reliability : To enhance the reliability of the proposed hybrid system, the LPSP is subject to the

following constraints:



LPSP ≥ 0

PPV−BSS(t) + PWT−BSS(t) + PG−BSS(t)− PLd,BSS(t) ≥ 0

PPV−BSS(t) + PWT−BSS(t) + PG−BSS(t) ≥ PLd,BSS(t)

− [PPV−BSS(t) + PWT−BSS(t) + PG−BSS(t)] ≤ −PLd,BSS(t)

(4.49)

▶ The power flow limits For safety reasons, all the power flows connected to various components should

be kept within the manufacturer’s requirements. Therefore, at any sampling time t, the power flows can

be within a specific limited range of zero to their rated power, and these can be represented as follows:

0 ≤ PPV (t) ≤ Pmax
PV (t) (4.50)

0 ≤ PWT (t) ≤ Pmax
WT (t) (4.51)

0 ≤ PG−BSS (t) ≤ +∞ (4.52)

▶ Wind turbine numbers The limited number of WTs bounded by the maximum and minimum units

of WTs considered. The economic constraints define the upper limit, while the configuration considered

determines the lower limit. This means

0 ≤ NWT ≤ Nmax
WT (4.53)

▶ Solar photovoltaic panel numbers The limited number of solar PV panels bounded by the maximum

and minimum units of solar PV panels considered. The economic constraints define the upper limit, while

the configuration considered determines the lower limit:

0 ≤ NPV ≤ Nmax
PV (4.54)
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4.2.11 Algorithm formulation

The optimization model developed in this paper is structured as MILP problem. Since NWT and NPV

must be integers and, at the same time, PG−BSS must be a continuous value, the optimization problem

is solved using the solving constraint integer program (SCIP) solver in the Matlab R2024a OPTI Toolbox

1. The algorithm for solving an MILP problem using the SCIP solver involves several key steps. Initially,

SCIP reads and parses the problem, converting it into an internal representation. This is followed by

preprocessing, where SCIP simplifies the problem by removing redundant constraints and variables, tight-

ening bounds, and detecting infeasible sub-problems. The core of the algorithm is the branch-and-bound

method, which iteratively divides the problem into smaller sub-problems by branching on fractional vari-

ables. At each node of the branch-and-bound tree, SCIP uses linear programming (LP) relaxations to

obtain bounds and employs cutting planes to improve these bounds. Additionally, heuristics are applied

to find feasible solutions quickly, and primal and dual bounds are updated to guide the search process.

SCIP also integrates constraint propagation techniques to further reduce the search space. The process

continues until all sub-problems are either solved or pruned, resulting in the optimal solution to the MILP

problem [108, 109]. A scalarization technique is necessary to solve multi-objective optimization problems

using MILP. This technique employs weight factors to convert multiple objective functions into a single ag-

gregated objective function [110,111]. Therefore, the objective function and constraints can be formulated

using the canonical form as follows:

min fT (x) (4.55)

subject to 

Ax ≤ b ; linear inequality constraint

lb ≤ x ≤ ub ; lower and upper bounds

x; integer decision variables

x = NPV , NWT , PG−BSS(t)

NPV ∈ N

NWT ∈ N

PG−BSS(t) ∈ R

(4.56)

where fT (x) represents the objective function, x is the vector containing the decision variables representing

the optimal number of wind turbines and solar panels, as well as the cost of the energy purchased from

the utility grid, A and b are the coefficients associated with inequality constraints, and lb and ub are the

lower and upper bounds of the decision variables.

4.3 Case study

A case study is conducted using real-world data from an operational BSS network to validate the feasibility

and effectiveness of the proposed system, as illustrated in Figure 4.1. The choice of data sources is

1https://www.mathworks.com/help/optim/ug/intlinprog.html(accessed on 15 August 2024)

 https://www.mathworks.com/help/optim/ug/intlinprog.html
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constrained by data availability. This data provides reliable and practical input parameters for analysis

and simulations, making it ideal for addressing this multi-optimization problem. The study leverages RES

to demonstrate the applicability and benefits of the developed model. The charging demand at the EV

BSS is met through a combination of vertical WTs, solar PV panels, and the utility grid. Notably, this

chapter does not consider feeding the generated energy back into the utility grid.

The subsequent sections present the daily load profile of the EV BSS power demand, followed by an

introduction to the necessary input data used in the model for simulating hybrid renewable power output

and the time-of-use (TOU) electricity tariff for the selected location

4.3.1 EV BSS power demand load profile

To accurately assess the energy requirements of the EV BSS, a detailed load profile was constructed using

historical data from an operational BSS. The chosen EV BSS is a heavy-duty truck swapping station

situated at a central logistics hub in Shanghai Port, China, where energy consumption patterns reflect

the high and variable demand associated with commercial EV operations. The data from Shanghai Port

were readily accessible and reliable for the respective purposes, making them practical choices for this

optimisation problem. The data were recorded over a representative period, capturing daily and seasonal

demand variations. Figure 4.3 illustrates the daily energy consumption at the EV BSS, highlighting peak

demand periods that coincide with high traffic volumes and operational hours. The background colors

in Figure 4.3 are designated as green for off-peak, yellow for standard, and light red for peak periods.

The load profile serves as the basis for sizing the hybrid renewable energy system and determining the

optimal mix of energy sources.

Figure 4.3: Charging patterns of electric vehicles battery swapping station.

.
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4.3.2 Renewable energy power supply

The proposed hybrid system incorporates WTs and solar PV panels as primary energy sources, sup-

plemented by grid electricity, to ensure a reliable supply. The input parameters for WT system power

generation, such as the wind speed, and for solar PV power generation, such as the solar radiation and

ambient temperature, are obtained from a typical day in the low-demand season in Cape Town, South

Africa, as referenced in [112]. Figure 4.4 illustrates the hourly average wind speed measured at a height

of 10 m above ground level. The wind speed varies throughout the day, with a daily average of 2.46 m/s.

The windiest period occurs between 2:00 and 3:00 PM, with an average wind speed of 4.6 m/s, while the

calmest period is observed between 1:00 and 2:00 AM, with an average wind speed of 1.08 m/s. For more

information, the average hourly wind speed over the year is presented in Figure 4.5. Additionally, the daily

average for PV generation is depicted in Figure 4.6, indicating that the peak incident shortwave radiation

for solar PV power generation reaching the ground’s surface over a wide area is approximately 0.42 kW/m
2

around 12:45 PM. For more information, the annual shortwave radiation for solar PV power generation

reaching the ground’s surface over a wide area is presented in Figure 4.7, which provides significant seasonal

variation, with the brightest peak around December and the darkest period around June. respectively.

The proposed hybrid power system is designed to ensure that the EV BSS charging demand is met at any

given time, particularly when electricity from the utility grid is expensive. The sizing of the WT and solar

PV system is tied to the initial equipment cost and available capital, directly impacting power generation

and reducing energy costs from the utility grid.

Figure 4.4: Average hourly wind speed.

Figure 4.5: Monthly average wind speed.
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Figure 4.6: Daily average shortwave solar power.

Figure 4.7: Monthly average shortwave solar energy.

4.3.3 Time-of-use electricity tariff

The South African power grid is operated by the national utility company ”Eskom”, Sandton, South

Africa, while electricity tariffs are regulated by the National Energy Regulator of South Africa (NERSA).

Eskom’s tariff structure typically includes both flat and dynamic TOU pricing systems. TOU pricing is a

demand-side management strategy that reflects the varying costs of electricity production throughout the

day and is divided into three periods: off-peak (pe off ), standard-peak (pe std), and on-peak (pe pk). These

periods correspond to times when electricity demand and generation costs are low, moderate, and high,

respectively. In the context of the optimization problem, the TOU electricity tariff significantly influences

the energy efficiency of the EV BSS. This chapter considers the Eskom Megaflex TOU tariff scheme, which

applies to urban and industrial consumers who both consume energy from the utility grid and generate

energy at the same point of supply. For this case study, the 2023/2024 Eskom Megaflex electricity tariff

for high-demand season (from June to August) weekdays is used as the basis for the TOU electricity tariff
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analysis given as 2

pe(t) =


pe off = 1.0370 ZAR/kWh ; if t ∈[00 : 00, 06 : 00) ∪ [22 : 00, 24 : 00),

pe std = 1.8991 ZAR/kWh ; if t ∈[09 : 00, 17 : 00) ∪ [19 : 00, 22 : 00),

pe pk = 6.2421 ZAR/kWh ; if t ∈[06 : 00, 09 : 00) ∪ [17 : 00, 19 : 00).

(4.57)

with ZAR being the South African currency (Rand) and t representing the time of day in hours.

4.4 Results and discussion

The following section breaks down the simulation results from the optimization model presented in the

previous section. The simulation results regarding the system’s performance, cost-effectiveness, and re-

liability are analyzed. Additionally, the impact of varying key input parameters, such as the number of

WTs, PV panels, and TOU electricity tariffs, is also discussed. The outcomes provide insights into the

optimal design and management strategies for a grid-connected wind–solar hybrid power supply system

for the EV BSS. Furthermore, a comprehensive economic analysis is conducted by assessing the payback

period and cost-effectiveness of installing the proposed system. Table 4.1 presents the overall simulation

parameters used in this chapter.

2https://www.eskom.co.za/distribution/wp-content/uploads/2023/03/Schedule-of-standard-prices-2023_

24-140323.pdf (accessed on 20 August 2024)

https://www.eskom.co.za/distribution/wp-content/uploads/2023/03/Schedule-of-standard-prices-2023_24-140323.pdf
https://www.eskom.co.za/distribution/wp-content/uploads/2023/03/Schedule-of-standard-prices-2023_24-140323.pdf
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Table 4.1: Simulation parameters used in this chapter.

Parameters Symbol Values

Installation lifetime Lp 20 years

Sampling period N 24

Sampling time ∆t 1 h

Weighting factor ξ 0.5

Upper bound ub [481 2802 ∞]

Lower bound lb [0 0 0]

Inflation rate r 4.60%

Interest rate i 8.25%

Photovoltaic systems

Lifetime of the PV system LPV 25 years

Rated power of the PV panel PrPV 0.545 kW

Conversion efficiency of the PV panel ηPV 19.4%

Rated efficiency of the PV panel ηr 18.1%

Initial cost of the PV panel ICINV T,PV ZAR 3 199.99

Annual O & M cost of PV CO&M,PV
1% of ICINV T,PV

Capital cost of the solar PV per kW δ ZAR 8 220.16/kW

Wind turbine systems

Lifetime of the WT system LWT 25 years

Rated power of the WT generator PrWT 8 kW

Rated WT speed Vr 12 m/s

Cut-in WT speed Vci 2.5 m/s

Cut-out WT speed Vco 25 m/s

WT gearbox efficiency ηT 90%

WT generator efficiency ηg 80%

Air density φa 1.225 kg/m3

WT power coefficient Cp 0.48

Initial cost of the WT ICINV T,WT ZAR 10,580.63

Annual O & M cost of WT CO&M,WT
5% of ICINV T,WT

Capital cost of the WT per kW γ ZAR 15,403/kW

Inverter

Lifetime of the inverter LINV 15 Years

Efficiency of the inverter ηINV 98%

Inverter factor KINV 1.25

Initial cost of the inverter IC,INV ZAR 38,860.00

Capital cost of inverter per kW λ ZAR 3 108.80/kW
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4.4.1 Optimal hybrid power system sizing and management strategy

The optimization problem, formulated as an MILP, is solved through the SCIP solver within MATLAB’s

R2024a OPTI Toolbox during a 24 h horizon with a sampling interval ∆t = 1 h. The objective is to

determine the most cost-effective and reliable design for the hybrid system, focusing on the optimal sizing

of WTs and solar PV panels to meet the charging demand while minimizing reliance on the utility grid.

The simulation utilized technical and economic input parameters, as outlined in Table 4.1, to identify the

optimal configuration of the hybrid system. With a weighting factor of 0.5, the simulation results indicate

that the optimal configuration for the hybrid systems consists of 64 WTs and 402 solar PV panels, resulting

in a total LCC of ZAR 1,963,520.12. This configuration remains optimal for weighting factor values within

the range of 0.27 to 0.71. For weighting factors below 0.27, the hybrid system is prioritized over the utility

grid, potentially leading to excess energy absorbed by the utility grid. Conversely, weighting factors above

0.71 prioritize the utility grid, resulting in an oversized hybrid system with all the charging power supplied

by the utility grid.

Figure 4.8 illustrates the power generated by the hybrid power system over a 24 h period. It shows that both

wind and PV power sources exhibit diurnal patterns, with peaks occurring at different times of the day.

The PV power generation starts increasing in the morning, reaching its peak between 12:00 and 15:00 when

solar irradiance is at its highest. It gradually decreases towards the evening as sunlight diminishes, showing

a typical bell-shaped curve. In contrast, the WT power output exhibits more variability throughout the day,

with multiple peaks occurring at different times, reflecting the intermittent nature of wind speed. Notably,

wind power generation complements the PV output by producing power during the early morning and

late afternoon hours when solar power is negligible, demonstrating a synergistic effect that enhances the

overall renewable energy availability. This complementary behavior benefits hybrid renewable systems as

it can reduce dependency on grid power.

Figure 4.9 presents the simulation results of the charging demand along with the optimal output power flows

from each source over a 24 h period. It can be observed that the charging demand fluctuates throughout

the 24 h, with peak demands occurring around 10 AM, 3 PM, and 8 PM. Hybrid power generation systems

supply a significant portion of the power required to meet this charging demand, thereby substantially

reducing the operational costs associated with the utility grid. During the off-peak hours (00:00–06:00),

hybrid power generation is minimal due to low wind speeds and the unavailability of solar PV, resulting

in higher reliance on the utility grid to meet the charging demand. As the wind speed increases from

06:00 onwards, WTs contribute more significantly to the power supply, reducing utility grid dependency.

The solar PV system begins generating power at sunrise, reaching its peak around noon. During these

hours, the combined contribution of solar PV and WTs is sufficient to meet the charging demand of the

EV BSS, significantly decreasing the operational cost of the system. The utility grid supplements any

remaining deficit power. Between 17:00 and 19:00, there is another peak in charging demand. Solar PV

generation declines at this time, and WTs partially compensate for the power deficit. However, some

reliance on the utility grid is necessary to meet the demand. The system’s optimization strategy ensures
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Figure 4.8: Wind and photovoltaic power generated by the hybrid systems.

.

that electricity is predominantly drawn from renewable sources whenever available, limiting the use of

expensive grid electricity during peak TOU tariff periods.

Applying Eskom’s TOU electricity tariff to the proposed system generates a daily electricity cost of R7

676.39 for the charging demand. Incorporating the optimization model reduces this cost to ZAR 4483.53,

representing 41.6% of the daily cost savings. Table 4.2 and Table 4.3 summarize the simulation results,

including the number of WTs, PV panels, total LCC, and cost savings achieved through optimal control

intervention. These results are based on the average daily cost in the case study, with the daily cost

annualized to reflect an average yearly amount. The results demonstrate the feasibility and effectiveness

of integrating wind and solar energy, significantly reducing the dependency on the utility grid and offering

a sustainable and resilient solution for EV charging and swapping infrastructure.

Table 4.2: Simulation results of the proposed system.

Number of WTs Number of PV panels Total life cycle cost

64 402 1 963 520.12 ZAR

Table 4.3: Daily optimal energy and annual cost savings of the proposed system.

Baseline cost Optimal cost Cost saving

Daily 7 676.39 ZAR 4 483.53 ZAR 3 192.5 ZAR

Annualized 1 165 262.5 ZAR
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Figure 4.9: Load side power flows at EV-BSS.

.

The proposed optimization model is tailored to a specific region but has been demonstrated as operational

in the existing literature. An analysis of the methodology and simulation results indicates that the model

effectively demonstrates the techno-economic feasibility and provides an optimal design approach for man-

aging grid-connected hybrid power generation systems in EV BSSs over multiple days under different

operational scenarios. Although the optimization model is designed for a particular use case, the simula-

tion results suggest that its straightforward structure enables adaptation to a more generalized framework

that is applicable to various electricity markets.

The study’s findings highlight that integrating grid-connected hybrid wind–PV systems into EV BSSs

aligns with South Africa’s energy objectives, particularly the Integrated Resource Plan (IRP, 2023) [113],

which emphasizes RE diversification and emission reductions in the transport sector. These findings aug-

ment the country’s broader policy aspirations of reducing dependence on fossil fuels and implementing dis-

tributed generation systems, promoting energy security through minimized grid dependency. To fully cap-

ture such innovations, strategic policy changes are required. Governments can provide economic incentives,

such as tax rebates and low-interest loans, to help lower hybrid system adoption barriers. Streamlining

the permitting procedure and reforming TOU tariff prices would also promote off-peak RE consumption,

matching economic benefits with sustainable strategies. Encouraging public–private partnerships and in-

vesting in adaptive grid technologies could create a regulatory environment that accelerates infrastructure

development with rapid technological advancements. Collaboration among policymakers, utilities (e.g.,

Eskom), and private stakeholders is equally vital. Collaborative efforts in co-funding pilot trials and de-

veloping harmonized technical standards would close the gap between research and large-scale deployment

and align with national climate change policies [113] and energy security agendas.
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4.4.2 LCC analysis for the payback period

Economic feasibility is assessed through a cost–benefit analysis of cash outflows and inflows associated

with installing the proposed system. The installation feasibility can be evaluated using various methods,

considering both environmental benefits and economic indicators [114–116]. The LCC method considers

the time value of money and the lifespan of the installation by converting all the future cash flows into

their present value through discounting. The comparative advantage of LCC is that it covers all the cash

inflows and outflows into the system in its lifetime. As a result, the discounted present value (DPV) of a

cash flow occurring in a future period (z-th year) can be expressed as

DPV (z) =
FV (z)

(1 + d)z
(4.58)

where DPV is the discounted present value of the future cash flow, FV is the nominal value of a cash

flow amount in a future period (z-th year), d is the discount rate, and z is the time in years before the

future cash flow occurs. In this LCC analysis, d represents the time value of money or the cost of holding

capital and may also account for the risk of not receiving the full payment. The actual d is calculated

as the difference between the average interest rate and the inflation rate. The interest rate (r) reflects

the opportunity cost of time, representing the compensation required to delay spending from the current

to a future year. On the other hand, the inflation rate (i) indicates the percentage change in prices

over a specific period, typically measured monthly or annually, and shows how quickly prices increased

during that time. The i is an essential parameter in the LCC analysis of an installation project, and,

thus, the unit cost of generation is an essential parameter. In this chapter, the average interest rate 3 is

8.25%, and the inflation rate 4 is 4.6%, reflecting the time value of money in South Africa as of July 2024.

The component prices are based on South African market rates. In this LCC economic analysis of energy

efficiency projects, both operational and maintenance costs, as well as cost savings, are considered. Once

FV (z) is determined, the net present value (cumulative cash flow) is calculated as follows [116]:

NPV m
z=1 =

m∑
z=1

DPV (z)− CC (4.59)

where NPV is the net present value (or cumulative cash flow) and CC is the total investment capital cost.

Subsequently, the discounted payback period (PBP) can be determined using the following equation [116]:

PBP = my +
−NPV m

z=1

DPV (my + 1)
(4.60)

where my denotes the last year with a negative NPV. Table 4.4 provides the approximate prices of the

various components of the proposed system, leading to a total investment capital cost.

3https://tradingeconomics.com/south-africa/interest-rate(accessed on 20 September 2024)
4https://tradingeconomics.com/south-africa/inflation-cpi (accessed on 20 September 2024)

https://tradingeconomics.com/south-africa/interest-rate
https://tradingeconomics.com/south-africa/inflation-cpi
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Table 4.4: Costs components of the proposed system.

Components Costs (ZAR)

Wind turbines 677 160.32

Solar photovoltaic 1 286 359.80

Inverters 77 720

Installation cost 649 975,98

Accessories 3 000 000

Total investment capital cost 5 691 216.10

Certain assumptions are made when conducting the LCC analysis for the proposed system. It is assumed

that the annual operation and maintenance costs CO&M , as well as the annual optimal cost–benefit,

will increase proportionally over the installation service lifetime. The annual cost–benefit represents the

amount the EV BSS owner would have spent each year without implementing the proposed system.

Table 4.5 presents the LCC analysis of the proposed system under the optimal control strategy, with the

salvage cost neglected when calculating the PBP. As shown in Table 4.5, the projected total investment

capital cost is recorded as a negative cash flow in brackets as (ZAR 5,691,216.10) in the financial statement.

The cash flows and PBP are calculated following the assumptions that the annual optimal cost–benefit

and CO&M will increase proportionately during the lifetime of the proposed system. The cumulative cash

flows decrease as negative ones until they eventually turn positive. The PBP occurs when the cumulative

cash flow reaches zero, and, at this point, the total invested capital cost has been fully recovered. For the

proposed system, the PBP occurs after 5 years and 6 months. Afterward, the cumulative cash flow

becomes positive, and all the revenue in the following years represents pure profit or benefit. Suppose

that the proposed system installation has a lifetime of 20 years and a payback period of approximately 5

years and 6 months. In that case, the EV BSS owner can recover the total capital investment within a

reasonable timeframe and will have over 10 years to generate guaranteed profit.

4.5 Summary

This chapter presented a novel techno-economic evaluation and optimal design approach for a grid-

connected wind-solar PV hybrid power supply system tailored for EV BSS. The proposed optimization

model, developed using MILP, aims to minimize the total LCC and the cost of electrical energy con-

sumption from the utility grid while maximizing system reliability. The decision variables considered

include the number of wind turbines, solar PV panels, and power drawn from the utility grid. For the

case study, the optimal solution consists of 64 WTs and 402 solar PV panels, resulting in a total LCC of

1,963,520.12 ZAR. The results demonstrate that the implementation of energy cost management under a

TOU electricity tariff yields substantial savings, reducing electricity costs from the utility grid by 41.58%.

A cost-effectiveness analysis performed using LCC as the economic performance indicator reveals a pay-

back period of 5 years and 6 months, highlighting the financial benefits of the proposed hybrid system.

Furthermore, this optimization approach not only significantly reduces energy costs but also ensures high
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system reliability. This techno-economic feasibility and design optimization offers an adaptable solution in

various applications. The developed system can be extended to different locations, proving its flexibility

in optimizing grid-connected wind-PV hybrid power systems, especially in areas where storage system

may be prohibitive. The proposed system offers a cost-effective and reliable solution for EV BSS, with

promising potential for widespread implementation in South Africa’s roadways, driving both economic and

environmental benefits.

The next chapter discusses the optimal operation control of a grid-connected wind-solar energy system

designed for battery swapping stations. It presents advanced control strategies and optimization tech-

niques that balance renewable generation with grid reliability, ensuring efficient and cost-effective energy

management.



Chapter 5

OPTIMAL OPERATION

CONTROL OF

GRID-CONNECTED

WIND-SOLAR POWER

GENERATION WITH STORAGE

SYSTEM FOR BATTERY

SWAPPING STATION

5.1 Chapter overview

In this chapter, an integrated approach to optimizing the operation and control of a grid-connected wind-

solar hybrid power system coupled with a BESS for an EV BSS is presented. It begins by describing the

overall system architecture, including WT, solar PV arrays, and the BESS, all of which are interconnected

with the utility grid. The proposed model builds upon previous chapter that focused on minimizing the

total LCC and the cost of electrical energy consumption from the utility grid while maximizing system

reliability. Here, the optimal operation control problem is formulated with key objectives such as minimiz-

ing operational associated with the power flow drawn from the utility grid and the wear cost of the hybrid

system due to the frequent charging and discharging of the BESS, and maximizing the use of locally gen-

erated RE. Simulation results illustrate the cost savings, energy efficiency gains, and emissions reductions

54
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achieved through the proposed control strategy under scenarios where the objectives are equally weighted.

This chapter is a substantial extension of the short version presented at the Southern African Universities

Power Engineering Conference (SAUPEC 2025) [117].

For the remainder of this chapter, an overview of the optimal operation modelling is given in Section 4.2.

The case data used are introduced in Section 4.3. Following that, Section 4.4 analyzes the results and

discusses the optimization findings. Lastly, Section 4.5 concludes the chapter.

5.2 Operation modelling and problem formulation

5.2.1 Schematic model layout

The proposed grid-connected wind–solar hybrid power generation system with storage comprises four main

components: a vertical-axis WT system, a solar PV generator, a battery energy storage system (BESS),

and an EV BSS. The EV BSS includes both the charging apparatus and the battery swapping service

for depleted EV batteries. Figure 5.1 illustrates the schematic layout of this hybrid power system, where

the arrows indicate the direction of power flow among the components. Specifically, P1 represents the

power flow from the PV generation to the EV BSS, P2 represents the power flow from the PV generation

to the BESS, P3 represents the power flow from the PV generation to the utility grid, P4 represents the

power flow from the WT to the EV BSS, P5 represents the power flow from the WT to the BESS, P6

represents the power flow from the WT to the utility grid, P7 represents the power flow discharging from

the BESS to the EV BSS, and P8 represents the power flow from the utility grid to the EV BSS. In the

proposed hybrid system, various inverters are essential to match voltage and current levels. Compared to

the configuration in Figure 4.1, the BESS has been added to store surplus energy generated by the PV and

WT systems, thereby enhancing the reliability and efficiency of the EV BSS power supply. The proposed

design aims to integrate RESs (PV and WT), a BESS, and utility grid support to consistently meet the

charging demands of depleted EV batteries while reducing reliance on the grid. Under normal conditions,

renewable energy sources serve as the primary power supply, with any excess energy directed to the BESS

for later use. During periods when renewable generation is insufficient, the stored energy in the BESS is

dispatched to ensure uninterrupted operation of the EV BSS. In the event that both the RESs and the

BESS are unable to meet demand, the utility grid provides supplemental power as a backup. Finally, when

the EV BSS charging demand are satisfied and the BESS is fully charged, any remaining surplus power is

exported back to the utility grid, further optimizing overall energy utilization and system resilience.

5.2.2 Wind turbine system

Wind turbines harness the mechanical energy of the wind to generate electrical power. The wind turbine

operates as an AC generator, with its efficiency depending on the speed and height of the wind. The wind

turbine begins to generate power at a specific wind speed known as the cut-in wind speed (Vci). As the
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Figure 5.1: Schematic layout of the proposed system.

wind speed increases, the generated power increases until it reaches the rated capacity of the turbine. At

this rated wind speed (Vr), further increases in wind speed do not affect the output power, which remains

constant. When the wind speed exceeds a critical point, called the cut-out wind speed (Vco), the turbine

is shut down to protect the rotor from damage. The relationship between wind speed and turbine power

generation can be expressed mathematically as follows [82]:

PWT (t) =


0 V (t) ≤ Vci

PrWT
V (t)−Vci

Vr−Vci
Vci ≤ V (t) ≤ Vr

PrWT Vr ≤ V (t) ≤ Vco

0 V (t) ≥ Vco

(5.1)

where V (t) is the wind speed at a given sampling time t, Vr is the rated wind speed, Vci is the cut-in wind

speed, Vco is the cut-out wind speed, and PrWT is the rated power of the wind turbine, which is further

expressed by:

PrWT (t) = 0.5ηtηgφaCpAWTV
3
r (5.2)

where ηt and ηg are the efficiencies of the turbine’s gearbox and generator, respectively, φa is the air

density (measured in kg/m3), Cp is the power coefficient (also known as the Betz limit), which represents

the ratio of the actual power output to the theoretical maximum, AWT is the swept area of the turbine

rotor, and Vr is the rated wind speed. The power generation capacity of a wind turbine is influenced by
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its height, which makes the turbine’s height a crucial parameter to consider. The wind speed data at a

specific height can be adjusted to other heights using the following relation:

V

Vref
=

(
h

href

)α

(5.3)

where V is the wind speed measured at a hub height (h), Vref is the wind speed measured at a reference

height (href ), and α represents the ground surface friction coefficient, ranging from values above 0.25 in

forested areas to below 0.1 in flat or water-covered areas [83].

The wind turbine system supplies power P4(t) to the EV BSS, P5(t) to the BESS, and P6(t) to the utility

grid. The power balance for the wind turbine system is given by Equation 5.4.

P4(t) + P5(t) + P6(t) ≤ PWT (t) (5.4)

The power generated by the wind turbine is constrained between a minimum and a maximum power limit.

The minimum power output is zero, which indicates that there is no generation when wind speeds are too

low to produce electricity. The maximum power output is capped at the turbine’s rated capacity, beyond

which it cannot generate additional power. This constraint can be expressed as shown in Equation 5.5.

0 ≤ PWT (t) ≤ Pmax
WT (t) (5.5)

5.2.3 Solar PV system

The solar PV cell converts solar irradiation into direct current (DC) electrical energy and is modelled as

an intermittent DC power generator. The power output of a solar PV system fluctuates based on solar

irradiation, making its reliability dependent on both the availability and intensity of sunlight. The power

generated by the solar PV system is influenced by solar irradiation, ambient temperature, efficiency of the

PV collector, and its surface area. The output power generated by the solar PV array is given by [85]:

pPV = ηPV APV IPV (5.6)

where pPV is the power output generated by the solar PV array, APV is the area of the solar PV array

exposed to solar irradiation, IPV is the solar irradiation incident on the solar PV array, and ηPV is the

energy conversion efficiency of the solar PV system. The energy conversion efficiency is expressed by:

ηPV = ηr

[
1− 0.98β (

IPV

IPV,NT
) (Tc,NT − TA,NT )− β (TA − TR)

]
(5.7)

where ηr is the reference efficiency of the PV generator at a standard cell temperature TR (typically 25°C),

β is the temperature coefficient for cell efficiency (typically 0.004–0.005 per °C), IPV,NT represents the
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average hourly solar irradiation incident on the array under nominal test conditions (0.8 kWh/m²), and

Tc,NT (typically 45°C) and TA,NT (20°C) are the cell and ambient temperatures at nominal test conditions,

respectively. The solar irradiation received by a solar PV array varies on an hourly basis and is influenced

by several factors, including the time of day, the season, the tilt and azimuth angles of the array, the

geographical latitude of the site, and the components of global solar irradiation, both direct (beam) and

diffuse. The total hourly solar irradiation incident on the PV array is given by:

IPV (t) = [IB(t) + ID(t)]RB + ID(t) (5.8)

where IB(t) and ID(t) are the hourly beam and diffuse irradiation, respectively, and RB is a geometric

factor representing the ratio of beam irradiation on a tilted plane to that on a horizontal plane.

The total output power generated by a solar PV array depends on the number of PV panels installed.

Considering NPV as the total number of PV panels, the overall output power generated by the solar PV

system at a given sampling time (t) is given by:

PPV (t) = NPV pPV (t) (5.9)

The PV system supplies power P1(t) to the EV BSS, P2(t) to the BESS, and P3(t) to the utility grid. The

power balance for the PV system is given by Equation 6.10.

P1(t) + P2(t) + P3(t) ≤ PPV (t) (5.10)

The installed capacity of a solar PV system depends on its size and optimal positioning, and its power

output is constrained from zero to its maximum rated power, as shown in Equation 6.11.

0 ≤ PPV (t) ≤ Pmax
PV (t) (5.11)

5.2.4 Battery energy storage system

The process of charging the depleted EV batteries harms the power distribution utility grid. These reduce

the efficiency of the power grid and increase stress on its infrastructure. The integration of a BESS within

a BSS enhances the system’s reliability and operational flexibility. The BESS acts as a buffer between the

intermittent RE supply, the EV battery swapping demand, and the utility grid, ensuring the uninterrupted

availability of energy during periods of peak demand. This strategy reduces the dependence on the power

grid while enhancing the utilization of RES, such as solar PV and wind power. Additionally, the BESS

facilitates energy arbitrage by storing excess RE generated during low-demand periods and discharging

it during high-demand or low-renewable generation periods, optimizing the system’s overall operational

cost. A BESS is typically characterized by its SoC, which increases with charging power and decreases

with discharging power over each time step duration. The SoC increases when surplus power from RESs



Chapter 5. Optimal operation control for EV BSS with grid-tied wind/PV systems 59

is available for charging, and it decreases when the stored energy is used to meet the charging demand

of depleted EV batteries at the BSS. This dynamic response ensures efficient energy utilization and helps

stabilize the power supply within the system. To accurately determine the real SoC of a BESS, it is

essential to know the initial SoC, as well as the charging and discharging power. However, most BESSs are

not ideal, as losses occur during charging, discharging, and even during idle storage periods. Considering

these factors, the SoC of the BESS at time (t+ 1) can be generally expressed as follows [118]:

SoC(t+ 1) = SoC(t)× (1− db) +

{
ηC

ENom
[Pchg(t)]−

1

ηD × ENom
[Pdis(t)]

}
∆t (5.12)

where SoC(t) is the state of charge of the BESS at any sampling time t, db is the self-discharged rate of

the BESS, ηC is the BESS charge efficiency, ENom is the BESS nominal energy, ηD is the BESS discharge

efficiency, Pchg and Pdis are the charging and discharging power at time t respectively, ∆t is the sampling

time. By applying inductive reasoning from equation (5.12), the dynamics of the BESS SoC at tth sampling

interval can be expressed in terms of its initial value SoC(0) using the following equation [118]:

SoC(t) = SoC(0)× (1− db) +

{
ηC

ENom

t−1∑
τ=0

[Pchg(τ)]−
1

ηD × ENom

t−1∑
τ=0

[Pdis(τ)]

}
∆t (5.13)

where SoC(0) is the initial SoC of the BESS. The following Equations (5.14) and (5.15) describe the

charging and discharging power flow of the BESS, respectively.

P2(t) + P5(t) = Pchg(t) (5.14)

P7(t) = Pdis(t) (5.15)

where P2(t) is the power flow from the PV system to the BESS, P4(t) is the power flow from the WT system

to the BESS, P5(t) is the power flow from the BESS to the EV BSS, and P6(t) is the power flow from the

BESS to the utility grid. Additionally, at any given sampling interval, the BESS must adhere to specific

constraints to ensure safe and reliable operation. These constraints stipulate that the BESS capacity must

not fall below the minimum allowable capacity nor exceed the maximum permissible capacity, as defined

in Equations (5.16), (5.17), and (5.18), respectively.

SoCmin ≤ SoC(t) ≤ SoCmax (5.16)

0 ≤ Pchg(t) ≤ Pmax
chg (t) (5.17)
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0 ≤ Pdis(t) ≤ Pmax
dis (t) (5.18)

where SoCmin and SoCmax are the minimum and maximum allowable states of charge, respectively,

Pmax
chg (t) is the maximum allowable charging power to the BESS, and Pmax

dis (t) is the maximum allowable

discharging power from the BESS. The SoCmin is related to the BESS depth of discharge (DoD), which

is given by:

SoCmin = (1−DoD) SoCmax (5.19)

where DoD denotes the depth of discharge given in percentage.

5.2.5 Utility Grid

The utility grid system serves as a critical source of power for charging depleted EV batteries, especially

when renewable energy sources like wind and solar PV systems are unavailable or insufficient to meet the

charging demand. In this context, the power from the utility grid is modelled as an all-time available

power source supplying the charging demands at the EV-BSS. The grid system in this setup not only

supplies power for charging depleted EV batteries but also facilitates the selling of excess electricity back

to the utility grid, providing an additional revenue stream. This bidirectional flow of energy allows for

better integration of renewable sources like wind and solar PV systems, optimizing the use of generated

power. The energy drawn from the utility grid for charging EV batteries can be modelled mathematically

to determine its impact on the total cost and energy optimization of the system. The energy purchased

from the utility grid, denoted as Eg(t), is calculated based on the power demand of the depleted EV

battery charging process at any time t and is expressed as:

Eg =

N∑
t=1

P8(t) ∆t (5.20)

where P8 is the power flow from the utility grid to supply the depleted EV batteries at the BSS, and ∆t

is the sampling time. Therefore, the energy cost that can be extracted from the utility grid is determined

by the local electricity market policy and time of use (TOU) tariff. The cost of energy CEg that can be

drawn from the utility grid when charging the depleted EV batteries can be calculated from

CEg = pe(t)

N∑
t=1

P8(t) ∆t (5.21)

where Pe(t) is the TOU electricity price at the t-th sampling interval per kWh.

On the other hand, the energy sold back to the utility grid, denoted as Egin(t), is expressed as:

Egin = [P3(t) + P6](t) ∆t (5.22)
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where P3 is the power flow from the PV generation to the utility grid at time t, P6 is the the power flow

from the WT to the utility grid at time t. The revenue generated from selling electricity back to the utility

grid, R, is calculated by:

R = pr1(t)

N∑
t=1

P3(t) ∆t+ pr2(t)

N∑
t=1

P6(t) ∆t (5.23)

where pr1(t) represents the feed-in tariff for the solar PV at time t, pr2(t) represents the feed-in tariff for

the WT at time t. This model helps optimize energy exchange with the utility grid, balancing costs and

revenue to enhance the overall economic performance of the hybrid renewable power system. Additionally,

the power from the utility grid can be constrained to a limited range which is given by:

0 ≤ P8 (t) ≤ +∞ (5.24)

5.2.6 Battery swapping station power demand

An EV BSS is a facility designed to allow EV drivers to quickly exchange depleted batteries for fully

charged ones, addressing the challenges of traditional plug-in charging methods [91, 92]. A standard EV

BSS features multiple battery swapping units, allowing simultaneous battery exchanges for several EVs.

The power demand at the BSS is influenced by the charging and swapping processes and the characteristics

of EV batteries, such as capacity, technology and initial SoC [93]. Accurate modelling of power demand is

crucial, especially during the charging of depleted EV batteries, to meet the swapping requirements when

EVs arrive. The total charging and discharging power of depleted EV batteries at the BSS are represented

by Equations (5.25) and (5.26), respectively:

Pc,BSS(t) =

n∑
EV,b=1

Pc,(EV,b)(t) (5.25)

Pd,BSS(t) =

n∑
EV,b=1

Pd,(EV,b)(t) (5.26)

where n is the total number of the depleted EV batteries, Pc,BSS(t) is the total charging power of the

depleted EV batteries, Pd,BSS(t) is the total discharging power of the depleted EV batteries, Pc,(EV,b)(t)

is the charging power of one depleted EV battery, Pd,(EV,b)(t) is the discharging power of one depleted EV

battery. Each depleted EV battery undergoes charging and discharging processes akin to a conventional

battery. The charging of these depleted EV batteries is determined by their SoC during specific time

intervals, which quantifies the available capacity relative to the maximum capacity when fully charged.

Taking into account these factors, the SoC of the EV battery at the tth sampling interval can be generally

expressed as [75,94]:

SoCEV,b(t) = SoCEV,b(t− 1) +

(
Pc,(EV,b)(t)−

Pd,(EV,b)(t)

ηEV,b

)
× Idur(t) (5.27)
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where Idur(t) is the duration of time interval, ηEV,b is the EV battery efficiency (%), calculated as:

ηEV,b =

∑N
t=1 Pd,(EV,b)(t)× Idur(t)∑N
t=1 Pc,(EV,b)(t)× Idur(t)

(5.28)

During the battery swapping process, the power and SoC of the EV battery are set to zero, as described

by Equation (5.29).


Pc,(EV,b)(t) = 0

Pd,(EV,b)(t) = 0 ∀t = tswap

SoCEV,b(t) = 0

(5.29)

Prior to the battery swapping period, the depleted EV battery must be fully charged to prepare for the

next swap. Consequently, the energy management system must ensure that an adequate number of fully

charged EV batteries are available at each time interval to meet the demand for upcoming swaps. This

requirement is formalized in Equation (5.30).

SoCEV,b(t) = SoCEV,b(t− 1) ∀t = (tswap − 1) (5.30)

The total power demand at the BSS, which is based on the power capacity of the charging station,

is determined by summing the discretized charging power requirements for each depleted EV battery.

Consequently, the total expected power demand for all n depleted EV batteries charged at the BSS at

time t can be estimated using Equation (5.31).

PLd,BSS(t) =

n∑
EV,b=1

(
Pc,(EV,b)(t)− Pd,(EV,b)(t)

)
(5.31)

where PLd,BSS(t) is the total expected power demand of all depleted EV batteries charged at time (t).

5.2.7 Objective function and constraints

The optimization problem addressed in this chapter is a multi-objective function problem. The objective

function aims to simultaneously minimize the operational costs associated with power purchased from the

utility grid and the wear-related costs of the hybrid system while maximizing revenue from electricity

sold back to the grid. This is achieved by determining the optimal operation strategy that meets the

charging demand of the EV BSS, ensuring its continuous operation. The wear-related cost of the hybrid

system is influenced by the frequent charging and discharging cycles of the battery energy storage system,

which directly affects its operational lifespan. The mathematical formulation of the objective function is
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presented as follows:

min J =

(
ξ1

N∑
t=1

pe(t)P8(t) + ξ2

N∑
t=1

[ϕ(P7(t) + 24a]− ξ3

N∑
t=1

[pr1(t)P3(t) + pr2(t)P6(t)]

)
∆t (5.32)

where ξ1, ξ2, ξ3 are weighting factors respectively, pe(t) is the electricity price under the TOU tariff, pr1(t)

is the feed-in tariff for the solar PV, pr2(t) is the feed-in tariff for the WT, P7 is the power flow from the

utility grid to the EV BSS, P5 is the power flow from the BESS to the EV BSS, P6 is the power flows

from the BESS to the utility grid, ∆t is the sampling time, N is the sampling period number, ϕ is the

wearing cost coefficient of the hybrid system, and a is the hourly wearing cost of other components. The

TOU electricity tariff and the feed-in tariff are key parameters in the optimization process. The weighting

factor is adjusted according to the EV BSS’s preferred outcomes where ξ1 + ξ2 + ξ3 = 1.

5.2.8 Constraints

The objective function has some operational constraints, and these constraints are mathematically repre-

sented as follows:

• Power balance : At any sampling time t at the EV BSS, the total charging demand must be met by

the combined power supplied from the utility grid, PV system, wind turbine, and BESS, as expressed

in Equation 4.33:

P1(t) + P4(t) + P7(t) + P8(t) = PLd,BSS(t) (5.33)

• Wind turbine power supply : At any sampling time t, the total power supplied by the wind

turbine to both the EV BSS and the BESS must not exceed the total power generated by the wind

turbine, as expressed in the following equation:

P4(t) + P5(t) + P6(t) ≤ PWT (t) (5.34)

• Solar PV power supply : At any sampling time t, the total power supplied by the solar PV to

the EV BSS, the BESS, and the one feedback to the utility grid must not exceed the total power

generated by the solar PV, as expressed in the following equation:

P1(t) + P2(t) + P3(t) ≤ PPV (t) (5.35)

• State of charge of the BESS : At any sampling time t, the SoC of the BESS must remain within

acceptable limits as indicated in the following equation:

SoCmin(t) ≤ SoC(t) ≤ SoCmax(t) (5.36)
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• The power flow limits: At any sampling time t, the power output from each source is constrained

within a specific controllable range, from zero up to its maximum available instantaneous power.

These constraints ensure that the power flow remains within feasible operational limits. The math-

ematical representation of these limits is given in Equation 5.37, which defines the upper and lower

bounds for each source’s power output.

0 ≤ Pi(t) ≤ Pmax
i (t), (5.37)

where i = 1,2,3,..,8 is the index of power flows, Pmax
i (t) is the maximum limits for each decision

variable Pi(t) at the sampling time t.

• Fixed-final state condition for the BESS : Equation 5.38 enforces a fixed-final state condition

for the BESS, ensuring that the total energy inflows and outflows remain balanced over the simulation

horizon. This constraint is essential for maintaining a stable SoC at the beginning of each simulation

cycle, which enhances the accuracy and reliability of performance modeling. By stabilizing the SoC,

this condition enables repeatable and balanced BESS operation, supporting optimal operation and

effective battery storage management.

N∑
t=1

P7(t)− P5(t)− P2(t) = 0 (5.38)

5.2.9 Algorithm formulation

An optimal control method is used to manage the power flows Pi in all sampling time to minimize the

electricity cost consumption from the grid of the objective function 6.32, subject to constraints from 5.33

to 5.38. Because the objective function and constraints are linear, therefore, the optimization problem

can be solved using the OPTI toolbox SCIP algorithm in MATLAB R2024a 1. The objective function is

formulated in the following canonical form:

min fT (x) (5.39)

subject to: 
Ax ≤ b ; linear inequality constraint

Aeqx = beq ; linear equality constraint,

lb ≤ x ≤ ub ; lower and upper bounds

(5.40)

where fT (x) represents the objective function, A and b represent the coefficients corresponding to the

inequality constraints, Aeq and beq represent the coefficients corresponding to the equality constraints, lb

and ub are the lower and upper bounds of the decision variables.

1https://www.mathworks.com/help/optim/ug/intlinprog.html(accessed on 05 December 2024)

https://www.mathworks.com/help/optim/ug/intlinprog.html
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5.3 Case study

A case study using real-world data from an operational BSS network is conducted to validate the feasi-

bility and effectiveness of the proposed system. The charging demand at the EV BSS is met through a

combination of wtS, solar PV panels, and the utility grid, with surplus energy fed back into the utility grid

or stored in the BESS for late use. This subsequent section presents the daily load profile, input data for

hybrid renewable power generation, and the time-of-use (TOU) electricity tariff for the selected location.

5.3.1 EV BSS power demand load profile

To accurately assess the energy requirements of the EV BSS, a detailed load profile was constructed using

historical data from an operational BSS. The chosen location is a heavy-duty truck swapping station at

a central logistics hub in Shanghai Port, China, where energy consumption patterns reflect the high and

variable demand associated with commercial EV operations. The data was recorded over a representative

period, capturing daily and seasonal demand variations. Figure 6.2 and Figure 5.3 illustrate the daily

energy consumption for one day in the weekday and weekend at the EV BSS, highlighting peak demand

periods that coincide with high traffic volumes and operational hours. The load profile serves as the basis

for sizing the hybrid renewable energy system and determining the optimal mix of energy sources.
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Figure 5.2: Charging patterns of the electric
vehicle battery swapping station on a weekday.
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Figure 5.3: Charging patterns of the electric
vehicle battery swapping station on a Weekend.

5.3.2 Renewable energy power supply

The proposed hybrid renewable power generation system incorporates wind turbines and solar PV panels as

primary energy sources, supplemented by grid electricity to ensure a reliable supply. The input parameters

for WT system power generation, such as the wind speed, and for solar PV power generation, such as the

solar radiation and ambient temperature, are obtained from a typical day in the low-demand season in
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Cape Town, South Africa, as referenced in [112]. Figure 6.3 presents the hourly average wind speed at

10 m above the ground in high demand season. The wind speed varies throughout the day, with a daily

average of 2.54 m/s. The windiest period occurs between 2:00 PM and 4:00 PM, with an average wind

speed of 4.6 m/s, while the calmest period is observed between 0:00 and 1:00 AM, with an average wind

speed of 0.48 m/s, while Figure 6.4 presents the hourly average wind speed at 10 m above the ground in

low demand season. The wind speed varies throughout the day, with a daily average of 3.27 m/s. The

windiest period occurs between 9:00 AM and 10:00 AM, with an average wind speed of 3.81 m/s, while the

calmest period is observed between 11:00 PM and 3:00 AM, with an average wind speed of 2.72 m/s. For

more information, the average hourly wind speed over the year is presented in Figure 6.7. Additionally,

the daily average for PV generation is depicted in Figure 6.5, indicating that the peak incident short-wave

radiation for solar PV power generation reaching the ground’s surface over a wide area is approximately

0.67 kW/m² around noon in high demand season, while Figure 6.6 indicating that the peak incident

short-wave radiation for solar PV power generation reaching the ground’s surface over a wide area is

approximately 0.79 kW/m² between 1PM and 2PM in low demand season. For more information, The

annual short-wave radiation for solar PV power generation reaching the surface of the ground over a wide

area is presented in Figure 6.8, which gives significant seasonal variation with the peak brighter and lowest

darker period of the year around December and June, respectively. The hybrid power system is designed

to ensure that the EV BSS charging demand is met at any given time, particularly when electricity from

the utility grid is expensive. The sizing of the wind and PV system is tied to the initial equipment cost

and available capital, directly impacting power generation and reducing energy costs from the utility grid.
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Figure 5.4: Average hourly wind speed HD.
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Figure 5.5: Average hourly wind speed LD.

5.3.3 Time-of-use electricity tariff

The South African power grid is managed by the national utility, ”Eskom”, with electricity tariffs regulated

by the National Energy Regulator of South Africa (Nersa). Eskom’s tariff structure typically includes both

flat and dynamic TOU pricing systems. TOU pricing is a demand-side management strategy that reflects
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Figure 5.6: Daily average shortwave solar
power HD.
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Figure 5.7: Daily average shortwave solar
power LD.
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Figure 5.8: Monthly average wind speed.
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Figure 5.9: Monthly average shortwave PV
power

the varying costs of electricity production throughout the day and is divided into three periods: off-peak

(pe off ), standard-peak (pe std), and on-peak (pe pk). These periods correspond to times when electricity

demand and generation costs are low, moderate, and high, respectively, implementing in a seasonal price

variation. In the seasonal pricing, the winter months of June to August are classified as high demand season

and electricity prices per unit are higher, while the remaining months of the year, September to May are

classified as low demand season with lower electricity prices. In the context of our optimization problem,

the TOU electricity tariff significantly influences the energy efficiency of the EV BSS. The 2023/2024

Eskom Megaflex TOU tariff scheme, which applies to industrial consumers who both consume energy from

the utility grid and generate energy at the same point of supply is considered for the case study for the high

and low-demand season weekday and weekend is used as the basis for the TOU electricity tariff analysis
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given by (6.55) to (5.44), respectively 2:

High demand season for weekdays and weekends:

pe(t) =


pe off = 1.0370 ZAR/kWh ; if t ∈[00 : 00, 06 : 00) ∪ [22 : 00, 24 : 00) ,

pe std = 1.8991 ZAR/kWh ; if t ∈[09 : 00, 17 : 00) ∪ [19 : 00, 22 : 00) ,

pe pk = 6.2421 ZAR/kWh ; if t ∈[06 : 00, 09 : 00) ∪ [17 : 00, 19 : 00) .

(5.41)

pe(t) =

 pe off = 1.0370 ZAR/kWh ; if t ∈[00 : 00, 07 : 00) ∪ [12 : 00, 18 : 00) ∪ [20 : 00, 00 : 00) ,

pe std = 1.8991 ZAR/kWh ; if t ∈[07 : 00, 12 : 00) ∪ [18 : 00, 20 : 00) ,

(5.42)

Low demand season for weekdays and weekends:

pe(t) =


pe off = 0.8992 ZAR/kWh ; if t ∈[00 : 00, 06 : 00) ∪ [22 : 00, 24 : 00) ,

pe std = 1.4104 ZAR/kWh ; if t ∈[06 : 00, 07 : 00) ∪ [10 : 00, 18 : 00) ∪ [20 : 00, 22 : 00) ,

pe pk = 2.0440 ZAR/kWh ; if t ∈[07 : 00, 10 : 00) ∪ [18 : 00, 20 : 00) .

(5.43)

pe(t) =

 pe off = 0.8992 ZAR/kWh ; if t ∈[00 : 00, 07 : 00) ∪ [12 : 00, 18 : 00) ∪ [20 : 00, 00 : 00) ,

pe std = 1.4104 ZAR/kWh ; if t ∈[07 : 00, 12 : 00) ∪ [18 : 00, 20 : 00) ,

(5.44)

where ZAR is the South African currency (Rand), t represents the time of day in hours, and pe(t) represents

the daily electricity price. One can notice that in both high and low demand seasons on the weekend (5.42)

and (5.44), respectively, the TOU electricity pricing has only two periods, which are off-peak and standard-

peak periods. There is no on-peak period. The utility grid can accommodate excess power generated by

the wind and solar PV systems while supplementing renewable resources to meet the charging demand

of the EV BSS. The feed-in tariff for distributed renewable energy sources (DREs) is regulated by the

National Energy Regulator of South Africa (NERSA) 3, which oversees the establishment of feed-in tariffs

for RE in the country. The current feed-in tariff is 1.12 ZAR/kWh for solar PV power generation and

1.0398 ZAR/kWh for WT power generation. The power is supplied to the utility grid to maximize sales

when charging demand within the control horizon, which has been met at different times of the day. This

strategy benefits the utility grid by enabling optimal network operation and reducing system losses.

2https://www.eskom.co.za/distribution/wp-content/uploads/2023/03/Schedule-of-standard-prices-2023_

24-140323.pdf
3https://www.nersa.org.za/

https://www.eskom.co.za/distribution/wp-content/uploads/2023/03/Schedule-of-standard-prices-2023_24-140323.pdf
https://www.eskom.co.za/distribution/wp-content/uploads/2023/03/Schedule-of-standard-prices-2023_24-140323.pdf
https://www.nersa.org.za/
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5.4 Simulation results and discussion

This section presents and analyzes the simulation results obtained from the optimization model, focusing

on the system’s performance and efficiency. The impact of key input parameters, including the power

capacity of WTs, solar PV panels, the utility grid, and TOU electricity tariffs, is examined to provide

insights into optimal operational strategies for the grid-connected wind-solar hybrid power system with

BESS supplying the EV BSS. The optimization problem is solved using the SCIP solver in MATLAB’s

OPTI Toolbox over a 24-hour horizon, with a sampling interval of ∆t = 1h, starting at midnight. Table

5.1 presents the parameters used in the simulation. Furthermore, four operational scenarios are considered

to minimize the daily operational cost of the proposed system.

Table 5.1: Simulation parameters used in this chapter.

Parameters Symbol Values

Sampling period N 24

Sampling time ∆t 1 h

Weighting factor ξ1 0.35

Weighting factor ξ2 0.3

Weighting factor ξ3 0.35

Rated power of the PV panel PrPV 0.545 kW

Conversion efficiency of the PV panel ηPV 19.4%

Rated efficiency of the PV panel ηr 18.1%

Total number of PV panels NPV 402

Rated power of the WT generator PrWT 8 kW

Rated WT speed Vr 12 m/s

Cut-in WT speed Vci 2.5 m/s

Cut-out WT speed Vco 25 m/s

WT gearbox efficiency ηT 90%

WT generator efficiency ηg 80%

Air density φa 1.225 kg/m3

WT power coefficient Cp 0.48

Total number of WTs NWT 64

Wearing cost coefficient of the hybrid system ϕ 0.001

Hourly wearing cost of other components a 0.002

BESS nominal capacity Enom 600 kWh

BESS maximum SoC SoCmax 90%

BESS minimum SoC SoCmin 30%

BESS initial SoC SoC(0) 50%

BESS charging efficiency ηC 90%

BESS discharging efficiency ηD 80%
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5.4.1 High demand electricity pricing season

5.4.1.1 Scenario 1: Optimal operation strategy of the proposed system in high demand

season for one day on the weekday (June to August).

Figure 5.10 illustrates the power generation and supply dynamics of the grid-connected wind-solar hybrid

system with BESS, ensuring optimal operation of the EV BSS for a selected day in winter over a weekday.

The figure presents the contributions of solar PV power flow (P1), WT power flow (P4), the BESS power

flow (P7), and the utility grid power flow (P8). During the off-peak period, early hours in the morning

00:00 to 06:00 and late 22:00 to 00:00, the charging demand of the EV batteries at the BSS relies primarily

on the power flow from the utility grid due to the low electricity price first and second to minimal renewable

generation. As solar radiation increases after sunrise, the power flow from the solar PV system starts to

contribute significantly and reduce dependency on the utility grid. In contrast, the power flow from the

WT exhibits variability throughout the day, complementing PV generation. The BESS is strategically

used to store excess energy and discharge power during peak periods from 06:00 to 09:00 or low generation

from the hybrid system from 17:00 to 19:00, helping to balance the power supply and charging demand.

During these times, the system relies heavily on the RE and the BESS to meet the charging demand, and

the power flow from the utility grid serves as a crucial backup, mainly during morning peak periods when

the power from the PV, WT and the BESS are insufficient. During the standard period, from 09:00 to

17:00 and 19:00 to 22:00, the charging demand of the depleted EV batteries at the EV BSS is only met

by the hybrid system, reducing reliance on the utility grid and charging the BESS.

Figure 5.11 presents the simulation results for the optimal power flows of the proposed model at the BESS

side. Here, the power flows include the charging power flow from the solar PV (P2), the charging power

flow from the WT (P5) and the discharging power flow to supply the EV BSS (P7). When the solar PV

and WT output exceed the charging demand of the depleted EV battery at the EV BSS, the surplus power

is stored in the BESS. Most of the power flow from the BESS is used to meet the charging demand of the

depleted EV battery during peak periods and standard periods, especially in the evening.

Figure 5.12 shows the SoC of the BESS. It can be seen that most of the SoC increases during standard

periods between 09:00 and 17:00 due to the high irradiation of solar PV generation, and it decreases during

peak periods when stored energy is used to meet the charging demand of the depleted EV battery and

standard period of 19:00 to 22:00 due to unavailability of the solar PV. Both the SoC boundary constraint

and the fixed-final state condition constraint for the BESS are satisfied throughout the simulation.

The hybrid system generally generates more power during the day than at night. In Figure 5.13, the

surplus hybrid power generation shows the power sold to the utility grid with most coming from the solar

PV system. When the Eskom TOU electricity tariff is applied, without the hybrid power generation, the

charging demand results in a daily electricity cost of ZAR 7,676.39. However, implementing the proposed

optimization model for the optimal operation of the hybrid power generation reduces the daily electricity

cost to ZAR 564.81. The income of selling electricity back to the utility grid from the selected day over the
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weekdays is ZAR 129.00 which priority come from the solar PV. The system effectively integrates multiple

power sources to optimize power supply while complying with TOU electricity tariff constraints.
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Figure 5.10: Charging demand side power
flows.
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Figure 5.11: BESS side power flows.

0 3 6 9 12 15 18 21 24

Time(h)

0

0.2

0.4

0.6

0.8

1

S
o
C

 o
f 
th

e
 B

E
S

S
 (

%
)

Figure 5.12: BESS SoC.
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Figure 5.13: Hybrid power to the Grid.

5.4.1.2 Scenario 2: Optimal operation strategy of the proposed system in high demand

season for one day on the weekend (June to August).

Figure 5.14 illustrates the power generation and supply dynamics of the grid-connected wind-solar hybrid

system with BESS, ensuring optimal operation of the EV BSS for a selected day in winter over a weekend.

The figure presents the contributions of solar PV power flow (P1), WT power flow (P4), the BESS power

flow (P7), and the utility grid power flow (P8) to meet the charging demand of the EV BSS (Ld,BSSP ).

One can notice that during the weekend, there are only two peak time periods for the TOU electricity tariff,

including the off-peak period and the standard-peak period. During the off-peak period, early hours from

00:00 to 07:00, 12:00 to 18:00, and late from 20:00 to 00:00, the charging demand of the EV batteries at
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the BSS relies mainly on the power flow from the utility grid due to low electricity prices and minimal RE

generation. During the standard period (07:00 to 12:00 and 18:00 to 20:00), as solar radiation increases

after sunrise, the power flow from the solar PV system contributes significantly to meet the charging

demand for depleted EV batteries at the EV BSS, reducing dependence on the utility grid. Meanwhile,

the power flow from the WT varies throughout the day, complementing the PV generation. The BESS

is strategically used to store excess energy and discharge power during these periods, or when renewable

generation is low, helping to balance power supply and charging demand.

Figure 5.15 presents the simulation results for the optimal power flows at the BESS side. Here, the power

flows include the charging power flow from the solar PV (P2), the charging power flow from the WT (P5),

and the discharging power flow supplying the EV BSS (P7). When solar PV and WT generation exceed

the charging demand of the depleted EV batteries at the EV BSS, the surplus power is stored in the

BESS. One can notice that only power flow from the WT is stored to the BESS and these happen during

all off-peak periods. The stored energy is then used to meet the charging demand, particularly during

standard periods. The BESS plays a key role in shifting energy availability to times of high demand, thus

minimizing reliance on the utility grid and reducing operational cost.

Figure 5.16 illustrates the SoC of the BESS throughout the 24-hour period. The SoC increases significantly

during the off-peak period (00:00 to 7:00 and 12:00 to 18:00) due to high WT generation, allowing surplus

energy to be stored. Conversely, the SoC decreases during standard periods (07:00 to 12:00 and 18:00 to

20:00) as stored energy is utilized to meet the charging demand of the depleted EV battery at the EV

BSS, reducing reliance on the utility grid. Throughout the simulation, the SoC boundary constraint and

the fixed-final state condition constraint for the BESS are satisfied, ensuring optimal storage operation

without overcharging or excessive discharge.

Figure 5.17 shows the surplus hybrid power generation exported to the utility grid. This power includes

contributions from solar PV (P3) and WT (P6). Most of the exported power occurs during the midday,

when solar PV generation is at its peak. The sale of excess power generation back to the utility grid

generates revenue, improving the economic viability of the system. By implementing the Eskom TOU

electricity tariff on the proposed optimization model, the daily electricity cost of the EV BSS is significantly

reduced. Without hybrid power generation, the daily electricity cost would be ZAR 4,093.28. However,

applying the optimazation model on the system reduces the daily cost to ZAR 1,330.84. Additionally,

income from selling electricity back to the utility grid amounts to ZAR 643.56.

5.4.2 Low demand electricity pricing season

5.4.2.1 Scenario 3: Optimal operation strategy of the proposed system in low demand

season for one day on the weekday (September to May).

Figure 5.18 illustrates the power generation and supply dynamics of the grid-connected wind-solar hybrid

system with BESS, ensuring optimal operation of the EV BSS for a selected day in summer over a weekday.
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Figure 5.14: Charging demand side power
flows.
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Figure 5.15: BESS side power flows.
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Figure 5.16: BESS SoC.

0 3 6 9 12 15 18 21 24

Time (h)

0

50

100

150

200

250

P
o
w

e
r 

(k
W

)

P
3

P
6

Figure 5.17: Hybrid power to the Grid.

The figure presents the contributions of solar PV power flow (P1), WT power flow (P4), the BESS power

flow (P7), and the utility grid power flow (P8). During the off-peak period (00:00 to 06:00 and 22:00

to 00:00), the charging demand of the depleted EV batteries at the EBSS (PLd,BSS) primarily relies on

the power flow from the utility grid due to low electricity prices and minimal RE generation. As solar

radiation increases after sunrise, the power flow from the solar PV system starts contributing significantly,

reducing dependency on the utility grid. The power flow from the WT exhibits variability throughout the

day, complementing PV generation. The BESS is strategically used to store excess energy and discharge

power during peak periods (07:00 to 10:00 and 18:00 to 20:00), balancing the power supply and charging

demand. During the standard period (06:00 to 7:00, 10:00 to 18:00, and 20:00 to 22:00), the charging

demand of the depleted EV battery at the EV BSS is met primarily by the hybrid system. The system

relies on RE, with the power flow from the utility grid serving as a crucial backup, particularly in the

morning and later in the evening standard period.

Figure 5.19 presents the simulation results for the optimal power flows at the BESS side. Here, the power
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flows include the charging power flow from the solar PV (P2), the charging power flow from the WT (P5),

and the discharging power flow supplying the EV BSS (P7). When the output power from the solar PV

and WT exceeds the charging demand at the EV BSS, the surplus power is stored in the BESS. The stored

energy in the BESS is then used to meet the charging demand of the depleted EV battery, particularly

during peak periods. The BESS plays a key role in shifting energy availability to times of high demand,

thus minimizing reliance on the grid and reducing operational costs.

Figure 5.20 illustrates the SoC of the BESS throughout the 24-hour period. The SoC increases significantly

early in the morning due to the WT generation and then after during from 11:00 to 14:00 due to high

radiation of the solar PV, allowing surplus energy to be stored. Conversely, the SoC decreases during

peak periods as stored energy is used to meet the charging demand, reducing reliance on the utility grid.

Throughout the simulation, the SoC boundary constraint and the fixed-final state condition constraint for

the BESS are satisfied, ensuring optimal storage operation without overcharging or excessive discharge.

Figure 5.21 shows the surplus hybrid power generation exported to the utility grid. This power includes

contributions from solar PV (P3) and WT (P6). The majority of the exported power occurs during af-

ternoon from 13:00 to 17:00), when solar PV generation is at its peak. The sale of excess power back to

the utility grid generates revenue, improving the economic viability of the system. By implementing the

proposed optimization model, the daily electricity cost of the EV BSS is significantly reduced. Without

hybrid power generation, the daily electricity cost would be ZAR 3,883.59. However, applying the opti-

mization model on the system reduces the daily cost to ZAR 380.89. Additionally, income from selling

electricity back to the utility grid amounts to ZAR 322.78.

5.4.2.2 Scenario 4: Optimal operation strategy of the proposed system in low demand

season for one day on the weekend (September to May).

Figure 5.22 illustrates the power generation and supply dynamics of the grid-connected wind-solar hybrid

system with BESS, ensuring optimal operation of the EV BSS for a selected day in summer over a weekend.

The figure presents the contributions of solar PV power flow (P1), WT power flow (P4), the BESS power

flow (P7), and the utility grid power flow (P8) to meet the charging demand of the EV BSS (Ld,BSSP ).

One can notice that during the weekend, there are only two peak time periods for the TOU electricity

tariff, including the off-peak period and the standard-peak period. During the off-peak period, early hours

from 00:00 to 07:00, 12:00 to 18:00, and late from 20:00 to 00:00, the charging demand of the depleted

EV batteries at the EV BSS relies mainly on the power flow from the utility grid due to low electricity

prices. During the standard period (07:00 to 12:00 and 18:00 to 20:00), as solar radiation increases after

sunrise, the power flow from the solar PV system contributes significantly to meet the charging demand

for depleted EV batteries, reducing dependence on the utility grid. Meanwhile, the power flow from the

WT varies throughout the day, complementing the PV generation. The BESS is strategically used to store

excess energy and discharge power during these periods, helping to balance power supply and charging

demand.
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Figure 5.18: Charging demand side power
flows.
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Figure 5.19: BESS side power flows.
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Figure 5.20: BESS SoC.
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Figure 5.21: Hybrid power to the Grid.

Figure 5.23 presents the simulation results for the optimal power flows at the BESS side. Here, the power

flows include the charging power flow from the solar PV (P2), the charging power flow from the WT (P5),

and the discharging power flow supplying the EV BSS (P7). When solar PV and WT generation exceed

the charging demand of the depleted EV batteries at the EV BSS, the surplus power is stored in the

BESS. One can notice that only power flow from the WT is stored to the BESS and these happen during

all off-peak periods. The stored energy is then used to meet the charging demand, particularly during

standard periods. The BESS plays a key role in shifting energy availability to times of high demand, thus

minimizing reliance on the utility grid and reducing operational cost.

Figure 5.24 illustrates the SoC of the BESS throughout the 24-hour period. The SoC increases significantly

during the off-peak period (00:00 to 7:00, 12:00 to 18:00, and 20:00 to 00:00) due to high WT generation,

allowing surplus energy to be stored. Conversely, the SoC decreases during standard periods (07:00 to

12:00 and 18:00 to 20:00) as stored energy is utilized to meet the charging demand of the depleted EV

battery at the EV BSS, reducing reliance on the utility grid. Throughout the simulation, the SoC boundary
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constraint and the fixed-final state condition constraint for the BESS are satisfied, ensuring optimal storage

operation without overcharging or excessive discharge.

Figure 5.25 shows the surplus hybrid power generation exported to the utility grid. This power includes

contributions from solar PV (P3) and WT (P6). Most of the exported power occurs during the afternoon

and few in the morning, when solar PV generation is at its peak. The sale of excess power generation back

to the utility grid generates revenue, improving the economic viability of the system. By implementing the

proposed optimization model, the daily electricity cost of the EV BSS is significantly reduced. Without

hybrid power generation, the daily electricity cost would be ZAR 3,256.88. However, applying the opti-

mization model on the system reduces the daily cost to ZAR 1,456.11. Additionally, income from selling

electricity back to the utility grid amounts to ZAR 1,194.
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Figure 5.22: Charging demand side power
flows.
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Figure 5.23: BESS side power flows.
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Figure 5.24: BESS SoC.
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Figure 5.25: Hybrid power to the Grid.



Chapter 5. Optimal operation control for EV BSS with grid-tied wind/PV systems 77

5.4.3 Baseline and optimal cost saving

In order to evaluate the effectiveness of the proposed grid-hybrid wind-solar power generation with storage

system for the EV BSS, four scenarios are analyzed for the baseline and optimal cost saving. The baseline

assumes a conventional setup, where the charging demand of the depleted EV battery at the EV BSS

relies totally on the utility grid without sophisticated scheduling or significant RE penetration. On the

other hand, the optimal cost is the energy cost obtained after employing the proposed optimization model

strategy presented in this chapter. The optimal cost comprises the sum of energy used to charge the

depleted EV battery at the EV BSS. The hybrid energy sales are the revenue generated by selling wind and

solar energy to the power grid. Not all the hybrid power generated was sold, some went to supplement the

charging demand and charge the BESS. Table 6.1 summarizes the four scenarios’ daily energy consumption

cost savings and hybrid feed-in to the utility grid. The results clearly indicate that incorporating renewable

resources and optimal scheduling reduces reliance on the utility grid, thereby lowering overall operational

costs. Furthermore, the advanced control strategy leverages the BESS to store excess energy during low-

tariff or in high-generation periods, which is later discharged during peak period where the TOU electricity

tariff is expensive. This approach minimizes the EV BSS’s electricity expenses and enhances the power

supply’s resilience and sustainability.

Table 5.2: Different case scenario with daily optimal energy and cost savings .

Savings

Baseline cost Optimal cost Hybrid feed-in Energy Cost

(ZAR) (ZAR) (ZAR) (kWh) (ZAR)

Scenario 1 7 676.39 564.81 129.00 2 092.16 7 111.58

Scenario 2 4 093.28 1 330.83 643.56 1 638.72 2 762.45

Scenario 3 3 883.59 380.89 322.78 2 071.02 3 560.81

Scenario 4 3 256.88 1 456.11 1 194.70 1 319.51 2 062.18

As shown in Table 6.1, the proposed optimization model significantly reduces daily costs compared to the

baseline, primarily due to the coordinated operation of RE generation and the BESS. This optimal control

strategy is particularly effective on weekdays, when peak periods occur more frequently than on weekends.

In addition, the model generates considerable revenue from selling surplus hybrid energy. Usually the high

feed-in energy occurs during the weekend due to low TOU electricity tariff when the utility grid is used

to meet the charging demand of the depleted EV battery at the EV BSS.

Assuming daily charging demand remains constant across both weekdays and weekends, annual cost savings

can be extrapolated from weekly data throughout the year. During the high-demand season (June to

August, totaling 13 weeks), the weekly cost savings amount to (7 111.58 × 5) + (2 762.45 × 2) = 41

082.80 ZAR. During the low-demand season (September to May, covering 39 weeks), the weekly cost

savings are (3 560.81 × 5) + (2 062.18 × 2) = 21 928.41 ZAR. Consequently, the total annual cost savings
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of the proposed system are (41 082.8 × 13) + (21 928.41 × 39) = 1 389 284.39 ZAR. Table 5.3 summarizes

the weekly and annual cost savings achieved by this configuration.

Table 5.3: Weekly and Annual cost savings.

Savings

Baseline cost Optimal cost Hybrid feed-in Energy Cost

(ZAR) (ZAR) (ZAR) (kWh) (ZAR)

Weekly HD 46 568.51 5 485.76 1 932.12 13 738.24 41 082.80

Weekly LD 25 931.71 4 816.67 4 003.30 12 994.12 21 928.41

Annualized 181 246.26 685 367.80 1 389 284.39

5.4.4 Economic analysis for the payback period

The optimal operation of a grid-connected hybrid renewable energy system with storage, integrated with an

EV BSS, has been shown to enhance energy efficiency and reduce energy costs. A payback period analysis

is conducted to assess the economic viability of the proposed system by determining the time required to

recover the initial investment through energy cost savings. The baseline scenarios assume a conventional

grid-powered EV BSS without optimization, while the proposed system leverages the coordinated operation

of RESs and the utility grid. By contrast, the proposed optimization model achieves daily savings over the

24-hour control horizon, which are then annualized to evaluate long-term financial benefits. Throughout

this analysis, the maintenance costs, as well as the annual optimal cost-benefit and the operation cost are

assumed to increase proportinally over the lifetime of the system. A discounted present value approach

is applied to the cash flow evaluation, ensuring that the time value of money is accurately reflected in

determining the net economic gains. As a result, the discounted present value (DPV) of a cash flow

occurring in a future period (z-th year) can be expressed as [80,116]:

DPV (z) =
FV (z)

(1 + d)z
(5.45)

where DPV is the discounted present value of the future cash flow, FV is the nominal value of a cash flow

amount in a future period (z-th year), d is the discount rate, and z is the time in years before the future

cash flow occurs. In this economic analysis, d represents the time value of money or the cost of holding

capital and may also account for the risk of not receiving the full payment. The actual d is calculated as

the difference between the average interest rate and the inflation rate. The interest rate (r) reflects the

opportunity cost of time, representing the compensation required to delay spending from the current to

a future year. On the other hand, the inflation rate (i) indicates the percentage change in prices over a

specific period, typically measured monthly or annually, and shows how quickly prices increased during

that time. The average interest rate 4 is 8.25%, and the inflation rate 5 is 4.6%, reflecting the time value

of money in South Africa as of July 2024. Once FV (z) is determined, the net present value (or cumulative

4https://tradingeconomics.com/south-africa/interest-rate(accessed on 20 September 2024)
5https://tradingeconomics.com/south-africa/inflation-cpi (accessed on 20 September 2024)

https://tradingeconomics.com/south-africa/interest-rate
https://tradingeconomics.com/south-africa/inflation-cpi
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cash flow) is calculated as follows [116]:

NPV m
z=1 =

m∑
z=1

DPV (z)− CC (5.46)

where NPV is the net present value (or cumulative cash flow) and CC is the total investment capital cost.

Subsequently, the discounted payback period (PBP) can be determined using the following equation [116]:

PBP = my +
−NPV m

z=1

DPV (my + 1)
(5.47)

where my denotes the last year with a negative NPV. Table 5.4 provides the approximate prices of the

various components of the proposed system, leading to a total investment capital cost (CC). The compo-

nent prices are based on South African market rates6. Table 5.5 presents the payback period analysis of

the proposed system under the optimal control strategy, with the salvage cost neglected.

Table 5.4: Costs components of the proposed system.

Components Costs (ZAR)

Wind turbines 677 160.32

Solar photovoltaic 1 286 359.80

Storage system 159 340.00

Inverters 77 720

Installation cost 665 909.98

Accessories 3 000 000

Total investment capital cost 5 866 490.10

As shown in Table 5.5, the projected total investment capital cost is recorded as a negative cash flow

in brackets as (ZAR 5 866 490.10) in the financial statement. The cash flows and PBP are calculated

following the assumption that the annual optimal cost-benefit, the maintenance cost, and the operation

cost increase proportionately throughout the lifetime of the proposed system. The cumulative cash flows

decrease as negative ones until they eventually turn positive. The payback occurs when the cumulative

cash flow reaches zero, and, at this point, the total investment capital cost has been fully recovered. For the

proposed system, the PBP occurs after 5 years. Afterward, the cumulative cash flow becomes positive,

and all the revenue in the following years represents pure profit or benefit. Suppose that the proposed

system installation has a lifetime of 20 years and a payback period of approximately 5 years, in that case,

the EV BSS owner can recover the total capital investment within a reasonable timeframe and will have

over 15 years to generate guaranteed profit.

6https://www.sustainable.co.za/ (accessed on 14 March 2023)

https://www.sustainable.co.za/
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5.5 Summary

This chapter presented an advanced optimal operation control strategy for grid-connected wind-solar power

generation with a storage system for EV BSS. The proposed optimization model, developed using LP, aims

to minimize the total operation costs associated with the cost of electrical energy purchased from the utility

grid, and the wear cost of the hybrid system due to the frequent charging and discharging of the BESS,

while maximizing the use of RE generated. Four scenarios have been considered for the case study including

one day selected through the weekdays and weekend in high demand season, and on the other hand one day

selected through the weekdays and weekend in low demand season. The simulation results demonstrate

that integrating EV BSSs with the proposed grid-connected hybrid wind-solar PV power supply system

with energy storage not only optimizes energy utilization and reduces costs, but also increases hybrid

power feedback to the utility grid. This energy system offers significant advantages, including substantial

energy and cost savings, while generating additional revenue through surplus power sales. A comprehensive

economic analysis of the payback period is conducted to assess the feasibility of investing in the proposed

system. The results indicate that the system achieves a payback period of approximately 5 years, aligning

well with findings from similar studies, thereby demonstrating its economic viability. The proposed model

is well suited for various locations that experience intermittent power supply, which makes it applicable

in both urban and commercial areas. The proposed system provides a reliable and cost-effective solution

for EV BSSs, with strong potential for widespread adoption across South African charging hubs and fleet

depots.

Its implementation can drive both economic savings and environmental benefits, enhancing the sustain-

ability of electric mobility.

However, the next chapter discusses the model predictive control strategy for a grid-connected wind-solar

energy system designed for EV BSSs.



Chapter 6

MODEL PREDICTIVE CONTROL

STRATEGY FOR

GRID-CONNECTED

WIND-SOLAR POWER

GENERATION WITH STORAGE

SYSTEMS FOR BATTERY

SWAPPING STATION

6.1 Chapter overview

This chapter explores the application of model predictive control (MPC) to optimize the operation of a grid-

connected hybrid power generation system with storage for an EV BSS. It begins by detailing the system

configuration, which includes WTs, solar PV arrays, a BESS, the utility grid, and the EV BSS, comprising

both the swapping system and charging infrastructure. Building on the open-loop control optimization

from the previous chapter, this chapter develops an MPC-based strategy to determine the system’s optimal

operation while accounting for external disturbances and uncertainties. The multi-objective optimization

function aims to minimize the cost of energy drawn from the utility grid under a TOU electricity tariff

and the wear-related costs of the hybrid system, influenced by frequent BESS charging and discharging

cycles while maximizing revenue from surplus energy sold back to the grid. A key advantage of MPC is

82
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its ability to respond dynamically to external disturbances and uncertainties in real time through periodic

re-optimization. This chapter highlights the benefits of a closed-loop approach in maintaining system

stability and optimizing energy dispatch throughout the control horizon. Additionally, a comparative

analysis between open-loop and closed-loop control strategies demonstrates the limitations of open-loop

control in handling disturbances and the superior adaptability of closed-loop MPC in achieving a robust

and cost-effective operation.

The remainder of this chapter is structured as follows: Section 5.2 presents the system modelling and

formulation, Section 5.3 introduces the case study data, Section 5.4 discusses the optimization results, and

Section 5.5 concludes the chapter.

6.2 System modelling and Formulation

6.2.1 Schematic model layout

Considering the model predictive control (MPC) strategy, the schematic of the proposed system is shown

in Figure 6.1. The proposed grid-connected wind–solar hybrid power generation system with storage

comprises four main components: a vertical-axis WT system, a solar PV generator, a BESS, and an EV

BSS. The EV BSS includes both the charging apparatus and the battery swapping service for depleted

EV batteries. The proposed design aims to integrate RESs (PV and WT), BESS, and utility grid to

consistently meet the charging demands of depleted EV batteries while reducing reliance on the power

grid. Under normal conditions, renewable energy sources serve as the primary power supply, with any

excess energy directed to the BESS for later use. During periods when renewable generation is insufficient,

the stored energy in the BESS is dispatched to ensure uninterrupted operation of the EV BSS. In the event

that both the RESs and the BESS are unable to meet demand, the utility grid provides supplemental power

as a backup. Finally, when the EV BSS charging demand are satisfied and the BESS is fully charged, any

remaining surplus power is exported back to the utility grid, further optimizing overall energy utilization

and system resilience. In Figure 5.1, the arrows represent the directions of the power flows of the control

variables to be optimized. P1 represents the power flow from the PV generation to the EV BSS, P2

represents the power flow from the PV generation to the BESS, P3 represents the power flow from the PV

generation to the utility grid, P4 represents the power flow from the WT to the EV BSS, P5 represents

the power flow from the WT to the BESS, P6 represents the power flow from the WT to the utility grid,

P7 represents the power flow discharging from the BESS to the EV BSS, and P8 represents the power flow

from the utility grid to the EV BSS.

6.2.2 Wind turbine system

The wind turbine starts to generate power at a specific wind speed known as the cut-in wind speed (Vci).

As the wind speed increases, the generated power increases until it reaches the rated capacity of the
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Figure 6.1: Schematic layout of the proposed system.

turbine. At this rated wind speed (Vr), further increases in wind speed do not affect the power output,

which remains constant. When the wind speed exceeds a critical point, called the cut-out wind speed

(Vco), the turbine is shut down to protect the rotor from damage. The relationship between wind speed

and turbine power generation can be expressed mathematically as follows [82]:

PWT (t) =


0 V (t) ≤ Vci

PrWT
V (t)−Vci

Vr−Vci
Vci ≤ V (t) ≤ Vr

PrWT Vr ≤ V (t) ≤ Vco

0 V (t) ≥ Vco

(6.1)

where V (t) is the wind speed at a given sampling time t, Vr is the rated wind speed, Vci is the cut-in wind

speed, Vco is the cut-out wind speed, and PrWT is the rated power of the wind turbine, which is further

expressed by:

PrWT (t) = 0.5ηtηgφaCpAWTV
3
r (6.2)

where ηt and ηg are the efficiencies of the turbine’s gearbox and generator, respectively, φa is the air

density (measured in kg/m3), Cp is the power coefficient (also known as the Betz limit), which represents

the ratio of the actual power output to the theoretical maximum, AWT is the swept area of the turbine

rotor, and Vr is the rated wind speed. The power out generated capacity depends on its height, making

it a key parameter. Wind speed at a given height can be adjusted for other heights using the following

relation:
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V = Vref

(
h

href

)α

(6.3)

where V is the wind speed measured at a hub height (h), Vref is the wind speed measured at a reference

height (href ), and α represents the ground surface friction coefficient, ranging from values above 0.25 in

forested areas to below 0.1 in flat or water-covered areas [83].

The WT system supplies power P3(t) to the EV BSS and P4(t) to the BESS. The power balance for the

WT system is given by Equation 6.4.

P3(t) + P4(t) ≤ PWT (t) (6.4)

The power output generated by the WT is constrained from zero to its maximum power, as shown in

Equation 6.5.

0 ≤ PWT (t) ≤ Pmax
WT (t) (6.5)

6.2.3 Solar PV system

The output power generated by the solar PV array is given by [80,85]:

pPV = ηPV APV IPV (6.6)

where pPV is the power output generated by the solar PV array, APV is the area of the solar PV array

exposed to solar irradiation, IPV is the solar irradiation incident on the solar PV array, and ηPV is the

energy conversion efficiency of the solar PV system. The energy conversion efficiency is expressed by:

ηPV = ηr

[
1− 0.98β (

IPV

IPV,NT
) (Tc,NT − TA,NT )− β (TA − TR)

]
(6.7)

where ηr is the reference efficiency of the PV generator at a standard cell temperature TR (typically 25°C), β

is the temperature coefficient for cell efficiency (typically 0.004–0.005 per °C), IPV,NT is the average hourly

solar irradiation incident on the array under nominal test conditions (0.8 kWh/m²), and Tc,NT (typically

45°C) and TA,NT (20°C) are the cell and ambient temperatures at nominal test conditions, respectively.

The solar radiation incident on a solar PV array changes on an hourly basis and is affected by numerous

factors, such as the time of day, season, tilt angle and azimuth angle of the array, the geographical latitude

of the location, and the direct (beam) and diffuse components of global solar irradiation. The total hourly

solar radiation incident is given by:

IPV (t) = [IB(t) + ID(t)]RB + ID(t) (6.8)
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where IB(t) and ID(t) are the hourly beam and diffuse irradiation, respectively, and RB is a geometric

factor representing the ratio of beam irradiation on a tilted plane to that on a horizontal plane.

The total power output generated by a solar PV array depends on the number of PV panels installed.

Considering NPV as the total number of PV panels, then the total power output at any given sampling

time (t) is:

PPV (t) = NPV pPV (t) (6.9)

The PV system supplies power P1(t) to the EV BSS and P2(t) to the BESS. The power balance for the

PV system is

P1(t) + P2(t) ≤ PPV (t) (6.10)

The power output generated by a solar PV array is constrained from zero to its maximum rated power,

as shown in Equation 6.11.

0 ≤ PPV (t) ≤ Pmax
PV (t) (6.11)

6.2.4 Battery energy storage system

The integration of a BESS within the EV BSS enhances the system’s reliability and operational flexibility.

The BESS acts as a buffer between the intermittent RE supply, the charging demand, and the utility grid,

ensuring the uninterrupted availability of energy during periods of peak demand. This strategy reduces the

dependence on the power grid while enhancing the utilization of RES. In addition, the BESS facilitates

energy arbitrage by storing excess RE generated during low-demand periods and discharging it during

high-demand or low-renewable generation periods. A BESS is typically characterized by its SoC, which

increases when surplus power from RESs is available for charging, and it decreases when the stored energy

is used to meet the charging demand of depleted EV batteries. This dynamic response ensures efficient

energy utilization and helps stabilize the power supply within the system. To accurately determine the real

SoC, it is essential to know the initial SoC, as well as the charging and discharging power. However, most

BESSs are not ideal, as losses occur during charging, discharging, and even during idle storage periods.

Considering these factors, the SoC of the BESS at time (t+1) can be generally expressed as follows [118]:

SoC(t+ 1) = SoC(t)× (1− db) +

{
ηC

ENom
[Pchg(t)]−

1

ηD × ENom
[Pdis(t)]

}
∆t (6.12)

where SoC(t) is the state of charge of the BESS at any sampling time t, db is the self-discharged rate of

the BESS, ηC is the BESS charge efficiency, ENom is the BESS nominal energy, ηD is the BESS discharge

efficiency, Pchg and Pdis are the charging and discharging power at time t respectively, ∆t is the sampling
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time. By applying inductive reasoning from equation (6.12), the dynamics of the BESS SoC at tth sampling

interval can be expressed in terms of its initial value SoC(0) using the following equation [118]:

SoC(t) = SoC(0)× (1− db) +

{
ηC

ENom

t−1∑
τ=0

[Pchg(τ)]−
1

ηD × ENom

t−1∑
τ=0

[Pdis(τ)]

}
∆t (6.13)

where SoC(0) is the initial SoC of the BESS. The following Equations (6.14) and (6.15) describe the

charging and discharging power flow of the BESS, respectively.

P2(t) + P5(t) = Pchg(t) (6.14)

P7(t) = Pdis(t) (6.15)

where P2(t) is the power flow from the PV system to the BESS, P4(t) is the power flow from the WT system

to the BESS, P5(t) is the power flow from the BESS to the EV BSS, and P6(t) is the power flow from the

BESS to the utility grid. In addition, at any given sampling interval, the BESS must adhere to specific

constraints to ensure safe and reliable operation. These constraints stipulate that the BESS capacity must

not fall below the minimum allowable capacity nor exceed the maximum permissible capacity, as defined

in Equations (6.16), (6.17), and (6.18), respectively.

SoCmin ≤ SoC(t) ≤ SoCmax (6.16)

0 ≤ Pchg(t) ≤ Pmax
chg (t) (6.17)

0 ≤ Pdis(t) ≤ Pmax
dis (t) (6.18)

where SoCmin and SoCmax are the minimum and maximum allowable states of charge, respectively,

Pmax
chg (t) is the maximum allowable charging power to the BESS, and Pmax

dis (t) is the maximum allowable

discharging power from the BESS. The SoCmin is related to the BESS depth of discharge (DoD) given

by:

SoCmin = (1−DoD) SoCmax (6.19)

where DoD denotes the depth of discharge given in percentage.
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6.2.5 Utility Grid

The power flow from the utility grid is modelled as an all-time available power source supplying the

charging demands at the EV-BSS. The grid system in this setup not only supplies power for charging

depleted EV batteries but also facilitates the selling of excess electricity back to the utility grid, providing

an additional revenue stream. This bidirectional flow of energy allows for better integration of RES. The

energy drawn from the utility grid (Eg(t)) is calculated based on the power demand of the depleted EV

battery charging at any time t as follows:

Eg =

N∑
t=1

P8(t) ∆t (6.20)

where P8 is the power flow from the utility grid to supply the depleted EV batteries at the BSS, and ∆t

is the sampling time. Therefore, the energy cost that can be extracted from the utility grid is determined

by the local electricity market policy and time of use (TOU) tariff. The cost of energy (CEg) that can be

drawn from the utility grid when charging the depleted EV batteries can be calculated from

CEg = pe(t)

N∑
t=1

P8(t) ∆t (6.21)

where Pe(t) is the TOU electricity price at the t-th sampling interval per kWh.

On the other hand, the energy sold back to the utility grid (Egin(t)) is expressed as follows:

Egin = [P3(t) + P6](t) ∆t (6.22)

where P3 is the power flow from the PV generation to the utility grid at time t, P6 is the power flow from

the WT to the utility grid at time t. The revenue generated from selling electricity back to the utility grid

(R) is as follows:

R = pr1(t)

N∑
t=1

P3(t) ∆t+ pr2(t)

N∑
t=1

P6(t) ∆t (6.23)

where pr1(t) is the feed-in tariff for the solar PV at time t, pr2(t) is the feed-in tariff for the WT at time t.

This model helps optimize energy exchange with the utility grid, balancing costs and revenue to enhance

the overall economic performance of the hybrid renewable power system. In addition, the power from the

utility grid can be constrained to a limited range given by:

0 ≤ P8 (t) ≤ +∞ (6.24)

6.2.6 Battery swapping station power demand

A BSS is a facility designed to allow EV drivers to quickly exchange depleted EV batteries for fully

charged ones, addressing the challenges of traditional plug-in charging methods [91, 92]. A standard BSS
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features multiple battery swapping units, allowing the simultaneous exchange of EV batteries for several

EVs. The power demand is influenced by the charging and swapping processes and the characteristics of

EV batteries, such as capacity, technology and initial SoC [93]. Accurate modelling of power demand is

crucial, especially during the charging of depleted EV batteries, to meet the swapping demand when EVs

arrive. The total charging and discharging power of depleted EV batteries at the BSS are represented by

Equations (6.25) and (6.26), respectively:

Pc,BSS(t) =

n∑
EV,b=1

Pc,(EV,b)(t) (6.25)

Pd,BSS(t) =

n∑
EV,b=1

Pd,(EV,b)(t) (6.26)

where n is the total number of the depleted EV batteries, Pc,BSS(t) is the total charging power of the

depleted EV batteries, Pd,BSS(t) is the total discharging power of the depleted EV batteries, Pc,(EV,b)(t)

is the charging power of one depleted EV battery, Pd,(EV,b)(t) is the discharging power of one depleted EV

battery. Each depleted EV battery undergoes charging and discharging processes akin to a conventional

battery. The charging of these depleted EV batteries is determined by their SoC during specific time

intervals, which quantifies the available capacity relative to the maximum capacity when fully charged.

Taking into account these factors, the SoC of the EV battery at the tth sampling interval can be generally

expressed as [75,94]:

SoCEV,b(t) = SoCEV,b(t− 1) +

(
Pc,(EV,b)(t)−

Pd,(EV,b)(t)

ηEV,b

)
× Idur(t) (6.27)

where Idur(t) is the duration of time interval, ηEV,b is the EV battery efficiency (%), calculated as:

ηEV,b =

∑N
t=1 Pd,(EV,b)(t)× Idur(t)∑N
t=1 Pc,(EV,b)(t)× Idur(t)

(6.28)

During the battery swapping process, the power and SoC of the EV battery are set to zero, as described

by Equation (6.29).


Pc,(EV,b)(t) = 0

Pd,(EV,b)(t) = 0 ∀t = tswap

SoCEV,b(t) = 0

(6.29)

Prior to the battery swapping, the depleted EV battery must be fully charged to prepare for the next swap.

Consequently, the energy management system must ensure that an adequate number of fully charged EV

batteries are available at each time interval to meet the demand for upcoming swaps. This requirement is

formalized in Equation (6.30).
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SoCEV,b(t) = SoCEV,b(t− 1) ∀t = (tswap − 1) (6.30)

The total power demand at the BSS, which is based on the power capacity of the charging station,

is determined by summing the discretized charging power requirements for each depleted EV battery.

Consequently, the total expected power demand for all n depleted EV batteries charged at the BSS at

time t can be estimated using Equation (6.31).

PLd,BSS(t) =

n∑
EV,b=1

(
Pc,(EV,b)(t)− Pd,(EV,b)(t)

)
(6.31)

where PLd,BSS(t) is the total expected power demand of all depleted EV batteries charged at time (t).

6.2.7 Open loop optimal control model

The optimization framework aims to regulate power flow effectively, ensuring system efficiency while

leveraging economic benefits. The grid power P8 is modelled as a controllable variable power source with

minimum and maximum output power. The output power from the WT and solar PV systems are also

modelled as controllable variable power sources, with their output varying between zero and their maximum

available capacity within the 24-hour control horizon. Additionally, the BESS is modelled as an energy

storage unit with specified minimum and maximum capacity limits, allowing efficient energy management.

To solve the optimization problem, the OPTI Toolbox SCIP algorithm in MATLAB is utilized. This

approach ensures an effective balance between energy generation, storage, and grid interaction, thereby

enhancing the overall performance and profitability of the hybrid renewable energy system. The multi-

objective optimization function governing this model is mathematically expressed as follows:

min J =

(
ξ1

N∑
t=1

pe(t)P8(t) + ξ2

N∑
t=1

[ϕ(P7(t) + 24a]− ξ3

N∑
t=1

[pr1(t)P3(t)− ξ4

N∑
t=1

pr2(t)P6(t)]

)
∆t (6.32)

where ξ1, ξ2, ξ3, ξ4 are weighting factors, respectively, adjusted according to the BSS’s preferred outcomes

with ξ1 + ξ2 + ξ3 + ξ4 = 1, pe(t) is the electricity price under the TOU tariff, pr1(t) is the feed-in tariff for

the solar PV, pr2(t) is the feed-in tariff for the WT, P7 is the power flow from the utility grid to the EV

BSS, P5 is the power flow from the BESS to the EV BSS, P6 is the power flows from the BESS to the utility

grid, ∆t is the sampling time, N is the sampling period number, ϕ is the wearing cost coefficient of the

hybrid system, and a is the hourly wearing cost of other components. The TOU electricity tariff and the

feed-in tariff are key parameters in the optimization process. In this multi-objective function represented

by 6.32, the first term aims to minimize the cost of power drawn from the utility grid, the second term

minimizes the wear cost of the hybrid system influenced by the frequent charging and discharging cycles of

the BESS, which directly affects its operational lifespan, the third term maximizes the cost of power sale

to the utility grid from the solar PV system, and lastly, the fourth term maximizes the cost of power sale

to the utility grid from the WT. To achieve this, the multi-objective function is subject to the following



Chapter 6. Model predictive control approach for EV BSS 91

technical and operational constraints:

P1(t) + P4(t) + P7(t) + P8(t) = PLd,BSS(t) (6.33)

0 ≤ P4(t) + P5(t) + P6(t) ≤ PWT (t) (6.34)

0 ≤ P1(t) + P2(t) + P3(t) ≤ PPV (t) (6.35)

SoCmin(t) ≤ SoC(t) ≤ SoCmax(t) (6.36)

0 ≤ Pi(t) ≤ Pmax
i (t), (6.37)

where i = 1,2,3,..,7 is the index of power flows, Pmax
i (t) is the maximum limits for each decision variable

Pi(t) at the sampling time t.

6.2.8 MPC optimization problem

The optimal control strategy described above follows an open-loop approach, operating without feedback

from system states. However, the absence of feedback may make the system susceptible to disturbances

in charging demand, wind power, and solar PV generation. To address this limitation, this subsection

introduces a closed-loop linear MPC framework. The proposed MPC ensures that charging demand is

met at each sampling interval while minimizing operational costs. Additionally, it enhances the system’s

robustness against fluctuations and disturbances in charging demand and RES power output.

6.2.8.1 Discrete linear MPC model

MPC is a closed-loop control strategy designed to predict system outputs and optimize control actions

accordingly. The fundamental principle of MPC is based on an open-loop optimization process that is

solved iteratively within the control horizon at each sampling interval. At each step, the system state

is re-evaluated, and the optimization process is updated based on newly acquired data. This iterative

approach allows for continuous assessment and adjustment of the control strategy, ensuring that unforeseen

variations, such as energy flow to the grid or energy discharge from the storage system to the charging

demand, are effectively managed. This process is repeated at every sampling interval to enhance system

performance and robustness [119]. The discrete linear MPC model for a given system is defined as:

x(k + 1) = Ax(k) +Bu(k) (6.38)
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y(k) = Cx(k) (6.39)

Where A is the system matrix with dimensions n×n, B is the control matrix with dimensions m×n, C is

the output matrix with dimensions n× p, x(k) is a state matrix, u(k) is the input matrix, and y(k) is the

output matrix. The objective function of the MPC, which aims to minimize the cost function, is given by

the following equation:

J =

Np∑
i=1

(y(k + i− 1 | k)− r(k + i− 1))
2
= (Y −R)T (Y −R) (6.40)

subject to the following constraint:

Mu(k) ≤ γ (6.41)

where Y (k) = [yT (k), yT (k+1|k), . . . , yT (k+Np − 1|k)]T , and y(k+ i|k) represents the predicted value of

y at step i (i = 1, . . . , Np) from the sampling time k, R(k) = [r(k), r(k + 1), r(k + 2), . . . , r(k +Np − 1)]

represents the predicted reference value for Y , M and γ are matrices and vector with proper dimensions,

respectively, and Np represents the predicted horizon. In this chapter, the control horizon is chosen to be

equal to the predicted horizon. The predicted states are as follows:

x(k + 1|k) = Ax(k) +Bu(k), y(k) = Cx(k),

x(k + 2|k) = Ax(k + 1|k) +Bu(k + 1|k)

= A2x(k) +ABu(k) +Bu(k + 1|k),
...

x(k +Np − 1|k) = · · · = ANp−1x(k) +

Np−1∑
i=1

ANp−1−iBu(k + i− 1|k),

and the predicted outputs are:

Y (k) = [C,C, . . . , C]X(k) = Fx(k) + ΦU (6.42)

whereX(k) = [xT (k), xT (k+1|k), . . . , xT (k+Np−1|k)]T , U(k) = [uT (k), uT (k+1|k), . . . , uT (k+Np−1|k)]T ,
and

F =


CA

CA2

...

CANp

 , Φ =


CB 0 · · · 0

CAB CB · · · 0
...

...
. . .

...

CANp−1B CANp−2B · · · CANp−NcB

 . (6.43)

The predicted output, given by equation 6.42, can be substituted into equation 6.40. Therefore, it follows

that minimizing 6.40 is equivalent to minimizing Ĵ = UTEU + FU , where
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E = ΦTΦ, H = (Fx(k)−R(k))TΦ. (6.44)

Numerical tools are required to solve the optimization problem presented below, taking into account the

constraint specified in equation 6.41, as follows:

U = argmin
U

UTEU + FU, s.t. MU ≤ γ (6.45)

The receding control horizon forms the foundation of the MPC implementation. This is described as

follows:

u(k) = [I, 0, . . . , 0]U (6.46)

where I represents the identity matrix with the appropriate dimensions.

The fundamental principle of MPC involves calculating the control sequence U(k) at each time step k using

an optimal control strategy. However, only the first element of U(k), corresponding to the dimension of

u(k), is applied. Feedback is integrated into the system by optimizing a cost function. At the subsequent

time step k+1, the closed-loop system’s performance is evaluated, and the control sequence is recalculated

and re-implemented using updated information. This approach allows the system to address unforeseen

disturbances effectively.

6.2.8.2 Objective function

The primary objective of the MPC system is to reduce reliance on the utility grid by minimizing the cost

of energy purchased from the utility grid and to promote the utilization of RESs by maximizing the sale of

energy to the utility grid. To achieve these objectives, the cost function can be structured as a combination

of two components:

1. Minimization of grid usage: The first component aims to minimize the cost of power output

drawn from the utility grid, thereby reducing operational costs. This is expressed as:

min J1 = min

k+Np∑
t=k

pe(t)P8(t | k) = min

k+Np∑
t=k

(PLd,BSS(t | k)− ym(k))2 (6.47)

where PLLd,BSS(t | k) represents the charging power demand and ym(k) denotes the power supplied

by the utility grid.

2. Promotion of RE usage: The second component focuses on maximizing the use of RESs, such as

solar PV and wind power. This is formulated as:

max J2 = max

k+Np∑
t=k

(pr1(t)PPV (t | k) + pr2(t)PWT (t | k)− ya(k))
2 (6.48)
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where PPV (t | k) and PWT (t | k) are the total power outputs from solar PV and wind sources,

respectively, and ya(k) is the actual power utilized from RESs.

Define the reference value R(k) = [PLd,BSS(t|k), PPV (t|k) + PWT (t|k), PLd,BSS(t|k + 1), PPV (t|k + 1) +

PWT (t|k+1), . . . , PLd,BSS(t|k+Np − 1), PPV (t|k+Np − 1)+PWT (t|k+Np − 1)]T . The overall objective

function is then given by

min J = min(J1 − J2) = min(Y (k)−R(k))T (Y (k)−R(k)). (6.49)

By integrating these components, the MPC system effectively balances the need for reliable power supply

with the objective of enhancing sustainability through increased RE adoption. The objective function is

subject to the following technical and operational constraints:

P1(t) + P4(t) + P7(t|k) + P8(t|k) = PLd,BSS(t|k)− ym(k) (6.50)

0 ≤ P4(t) + P5(t) + P6(t|k) ≤ PWT (t) (6.51)

0 ≤ P1(t) + P2(t) + P3(t|k) ≤ PPV (t) (6.52)

SoCmin(t) ≤ SoC(t) ≤ SoCmax(t) (6.53)

0 ≤ Pi(t) ≤ Pmax
i (t), (6.54)

where i = 1,2,3,..,7 is the index of power flows, Pmax
i (t) is the maximum limits for each decision variable

Pi(t) at the sampling time t.

6.2.9 MPC algorithm

The following steps outline the development of the model using MPC gains:

1. Define the state-space representation and establish the initial conditions for the solar PV system,

wind power, BESS, and utility grid.

2. Compute the MPC gains to determine matrices E and H, as given by equation 6.44.

3. Solve the optimization problem by applying the objective function and its constraints, which are

defined in equations 6.40 and 6.41, respectively.
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4. Determine and implement the receding horizontal control, as described by equation 6.46.

5. Update the system information by incrementing k (k = k + 1) and applying the control input u(k).

6. Repeat steps 1–5 until k reaches the predicted value.

6.3 Case study

The case study focuses on a heavy-duty truck battery swapping station (BSS) located at a central logis-

tics hub in Shanghai Port, China. It examines the station’s energy demand patterns and evaluates the

effectiveness of the proposed energy management strategy under various operational scenarios.

6.3.1 EV BSS power demand load profile

The load profile of the EV BSS was developed using historical data from a heavy-duty truck-swapping

facility located at a central logistics hub in Shanghai Port, China. Figures 6.2 depict a typical weekday’s

daily energy consumption patterns, respectively. The results highlight peak demand periods that align with

increased traffic volumes and the station’s operational hours, providing valuable insights for optimizing

energy management strategies.
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Figure 6.2: Charging patterns of the electric vehicle battery swapping station on a weekday.

6.3.2 Renewable energy power supply

The proposed hybrid renewable power generation system incorporates WT and solar PV panels as primary

energy sources, supplemented by the power from the utility grid with a storage system to ensure a reliable

supply. The input parameters for WT system power generation, such as the wind speed, and for solar PV

power generation, such as the solar radiation and ambient temperature, are obtained from a typical day in
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Cape Town, South Africa, as referenced in [112]. Figure 6.3 presents the hourly average wind speed at 10

m above the ground in high demand season, while Figure 6.4 presents the hourly average wind speed at

10 m above the ground. For more information, the average hourly wind speed over the year is presented

in Figure 6.7. Additionally, the daily average for PV generation is depicted in Figure 6.5, indicating that

the peak incident short-wave radiation for solar PV power generation reaching the ground’s surface over a

wide area is approximately 0.67 kW/m² around noon in high demand season, while Figure 6.6 indicating

that the peak incident short-wave radiation for solar PV power generation reaching the ground’s surface

over a wide area is approximately 0.79 kW/m² between 1PM and 2PM in low demand season. For more

information, The annual short-wave radiation for solar PV power generation reaching the surface of the

ground over a wide area is presented in Figure 6.8, which gives significant seasonal variation with the peak

brighter and lowest darker period of the year around December and June, respectively.
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Figure 6.3: Average hourly wind speed HD.
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Figure 6.4: Average hourly wind speed LD.
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Figure 6.5: Daily average shortwave solar
power HD.

0 3 6 9 12 15 18 21 24

Time(h)

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

S
o
la

r 
p
o
w

e
r 

(k
W

/m
2
)

Average hourly shortwave solar power

Figure 6.6: Daily average shortwave solar
power LD.
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Figure 6.7: Monthly average wind speed.
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Figure 6.8: Monthly average shortwave PV
power

6.3.3 Time-of-use electricity tariff

The South African power grid is managed by the national utility, ”Eskom”, with electricity tariffs regulated

by the National Energy Regulator of South Africa (Nersa). Eskom’s tariff structure typically includes both

flat and dynamic TOU pricing systems. TOU pricing is a demand-side management strategy that reflects

the varying costs of electricity production throughout the day and is divided into three periods: off-peak

(pe off ), standard-peak (pe std), and on-peak (pe pk). These periods correspond to times when electricity

demand and generation costs are low, moderate, and high, respectively, implementing in a seasonal price

variation. In the seasonal pricing, the winter months of June to August are classified as high demand season

and electricity prices per unit are higher, while the remaining months of the year, September to May are

classified as low demand season with lower electricity prices. In the context of our optimization problem,

the TOU electricity tariff significantly influences the energy efficiency of the EV BSS. The 2023/2024

Eskom Megaflex TOU tariff scheme, which applies to industrial consumers who both consume energy from

the utility grid and generate energy at the same point of supply is considered for the case study for the high

and low-demand season weekday and weekend is used as the basis for the TOU electricity tariff analysis

given by (6.55) to (5.44), respectively 1:

High demand season for weekdays and weekends:

pe(t) =


pe off = 1.0370 ZAR/kWh ; if t ∈[00 : 00, 06 : 00) ∪ [22 : 00, 24 : 00) ,

pe std = 1.8991 ZAR/kWh ; if t ∈[09 : 00, 17 : 00) ∪ [19 : 00, 22 : 00) ,

pe pk = 6.2421 ZAR/kWh ; if t ∈[06 : 00, 09 : 00) ∪ [17 : 00, 19 : 00) .

(6.55)

Low demand season for weekdays and weekends:

1https://www.eskom.co.za/distribution/wp-content/uploads/2023/03/Schedule-of-standard-prices-2023_

24-140323.pdf

https://www.eskom.co.za/distribution/wp-content/uploads/2023/03/Schedule-of-standard-prices-2023_24-140323.pdf
https://www.eskom.co.za/distribution/wp-content/uploads/2023/03/Schedule-of-standard-prices-2023_24-140323.pdf
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pe(t) =


pe off = 0.8992 ZAR/kWh ; if t ∈[00 : 00, 06 : 00) ∪ [22 : 00, 24 : 00) ,

pe std = 1.4104 ZAR/kWh ; if t ∈[06 : 00, 07 : 00) ∪ [10 : 00, 18 : 00) ∪ [20 : 00, 22 : 00) ,

pe pk = 2.0440 ZAR/kWh ; if t ∈[07 : 00, 10 : 00) ∪ [18 : 00, 20 : 00) .

(6.56)

where ZAR is the South African currency (Rand), t represents the time of day in hours, and pe(t) represents

the daily electricity price. One can notice that in both high and low demand seasons on the weekend (5.42)

and (5.44), respectively, the TOU electricity pricing has only two periods, which are off-peak and standard-

peak periods. There is no on-peak period. The utility grid can accommodate excess power generated by

the wind and solar PV systems while supplementing renewable resources to meet the charging demand

of the EV BSS. The feed-in tariff for distributed renewable energy sources (DREs) is regulated by the

National Energy Regulator of South Africa (NERSA) 2, which oversees the establishment of feed-in tariffs

for RE in the country. The current feed-in tariff is 1.12 ZAR/kWh for solar PV power generation and

1.0398 ZAR/kWh for WT power generation. The power is supplied to the utility grid to maximize sales

when charging demand within the control horizon, which has been met at different times of the day. This

strategy benefits the utility grid by enabling optimal network operation and reducing system losses.

6.4 Simulation results and discussion

This section presents and analyzes the simulation results obtained from the optimization model, focusing

on the system’s performance and efficiency. The impact of key input parameters, including the power

capacity of WTs, solar PV panels, the utility grid, and TOU electricity tariffs, is examined to provide

insights into optimal operational strategies for the grid-connected wind-solar hybrid power system with

BESS supplying the EV BSS. The optimization problem is solved using the SCIP solver in MATLAB’s

OPTI Toolbox over a 24-hour horizon, with a sampling interval of ∆t= 1h, starting at midnight. The initial

values of Pi(k) (i = 1, 2, 3, ...8) are set to zeros. The initial values of the SoC are set to xm(1) = 0.6SoCmax.

Furthermore, two operational scenarios are considered: high-demand and low-demand seasons for every

control approach.

6.4.1 Open-loop control simulation results

The open-loop control strategy governs the power distribution within the grid-connected wind-solar hybrid

system with BESS, ensuring continuous operation of the EV BSS. Figure 6.9 illustrates the power flow

dynamics, highlighting the contributions of solar PV, WT, BESS, and the utility grid during high demand

season, while Figure 6.10 illustrates the BESS dynamic Soc. During off-peak hours (00:00–06:00 and

22:00–00:00), charging demand primarily relies on the grid due to low electricity prices and minimal

renewable generation. As solar radiation increases after sunrise, PV power reduces grid dependence,

2https://www.nersa.org.za/

https://www.nersa.org.za/


Chapter 6. Model predictive control approach for EV BSS 99

while wind power remains variable throughout the day. The BESS is utilized to store excess energy and

support peak demand periods (06:00–09:00 and 17:00–19:00). During standard periods (09:00–17:00 and

19:00–22:00), the hybrid system alone meets the charging demand, minimizing grid reliance and enabling

BESS charging.
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Figure 6.9: Simulation result of open loop
control.
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Figure 6.10: Simulation result of BESS dy-
namic SoC.

Figure 6.11 illustrates the power flow contributions from solar PV, wind turbines, BESS, and the utility

grid. During off-peak hours (00:00–06:00 and 22:00–00:00), the system relies primarily on grid power due

to low electricity prices and minimal renewable generation. As solar radiation increases after sunrise,

PV power significantly reduces grid dependence, while wind power remains variable throughout the day.

The BESS stores surplus energy and discharges it during peak periods (07:00–10:00 and 18:00–20:00) to

balance supply and demand. During standard periods (06:00–07:00, 10:00–18:00, and 20:00–22:00), the

hybrid system primarily meets charging needs, with the grid serving as backup, especially in the morning

and evening. Figure 6.12 shows the BESS state of charge (SoC), which rises in the early morning due to

wind generation and later between 11:00 and 14:00 due to high solar radiation, enabling energy storage.

The SoC decreases during peak hours as stored energy is used to reduce grid dependence. Throughout

the simulation, the SoC boundary and final-state constraints are maintained, ensuring optimal storage

operation without overcharging or excessive discharge.

6.4.2 Model predictive control simulation results in high demand season

The simulation for the case study is conducted for a selected weekday during a high-demand season,

implementing closed-loop control without disturbances in the proposed grid-connected wind-solar hybrid

power supply with a storage system. Figures 6.13 and 6.14 present the simulation results of the closed-loop

control strategy and the dynamic state of charge (SoC) of the BESS under these conditions. As shown

in Figure 6.13, the closed-loop system effectively schedules power flows to meet the charging demand of

depleted EV batteries. With the influence of MPC, the hybrid system prioritizes the use of PV (P1) and
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Figure 6.11: Simulation result of open loop
system.
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Figure 6.12: Simulation result of BESS dy-
namic SoC

WT (P4) power when sufficient RE is available. Any surplus energy from PV and WT is either fed back

to the utility grid or stored in the BESS. When RE is insufficient, the system prioritizes BESS discharge

to meet charging demand, particularly during peak periods. The utility grid power flow (P8) is used as

a last resort during peak and standard periods, while during off-peak hours, grid power is utilized due to

the lack of renewable generation. Figure 6.14 further illustrates the charging and discharging behavior of

the BESS, highlighting its role in stabilizing power supply during standard and peak periods.
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Figure 6.13: Simulation result of close loop
system without disturbances.

0 3 6 9 12 15 18 21 24

Time(h)

0

0.2

0.4

0.6

0.8

1

S
o
C

 o
f 
th

e
 B

E
S

S
 (

%
)

Figure 6.14: Simulation result of BESS Dy-
namic SoC without disturbances.

Figure 6.15 and Figure 6.16 present the simulation results of the closed-loop control and the dynamic SoC

of the BESS under disturbances during a high-demand period. The charging demand and RE generation

considered in the case study are based on prior expectations, but real-world conditions introduce uncer-

tainties due to weather variations, disasters, and migration. In this scenario, the proposed grid-connected

wind-solar hybrid system with energy storage encounters a particularly adverse condition where the actual
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charging demand is 30% higher than expected, while the energy supplied by RE generation and the power

grid is 30% lower than anticipated. As shown in Figure 6.15, the closed-loop system with disturbances

demonstrates superior performance, highlighting its robustness compared to the open-loop system. This

improvement is attributed to the predictive capability of MPC, which adjusts control actions based on

real-time feedback and anticipated future states, even under disturbances. In contrast, open-loop con-

trol lacks adaptability to unexpected changes, relying solely on activating grid power when the charging

demand exceeds expectations.
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Figure 6.15: Simulation result of close loop
system with disturbances.
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Figure 6.16: Simulation result of BESS Dy-
namic SoC with disturbances.

6.4.3 Model predictive control simulation results in low demand season

Figures 6.17 and 6.18 illustrate the simulation results of the MPC-based closed-loop control strategy

and the dynamic SoC of the BESS during a low-demand season without any disturbances. As shown

in Figure 6.17, the MPC effectively optimizes power flow to meet the charging demand of depleted EV

batteries. The system prioritizes RES, utilizing PV (P1) and WT (P4) when sufficient generation is

available. Any surplus energy is either stored in the BESS or exported to the utility grid. During periods

of low RE generation, the BESS discharges to support charging demand, particularly during peak periods,

while the utility grid serves as a last resort during standard and off-peak periods and is primarily used

during off-peak periods when renewable generation is minimal. Figure 6.18 presents the SoC profile of the

BESS over 24 hours. The SoC increases during high PV and WT generation, particularly around midday,

allowing surplus energy to be stored. Conversely, it decreases during peak periods as stored energy is

discharged to support charging demand, effectively minimizing reliance on the utility grid. The results

confirm the effectiveness of the MPC strategy in ensuring optimal energy management, stabilizing power

supply, and enhancing system efficiency without disturbances.

Figure 6.19 and Figure 6.20 present the simulation results of the closed-loop control and the dynamic SoC of

the BESS under disturbances during a low-demand period. The load demand and RE generation considered



Chapter 6. Model predictive control approach for EV BSS 102

0 3 6 9 12 15 18 21 24

Time (h)

0

50

100

150

200

250

P
o
w

e
r 

(k
W

)

P
Ld,BSS

P
1

P
4

P
7

P
8

Figure 6.17: Simulation result of close loop
system without disturbances.
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Figure 6.18: Simulation result of BESS Dy-
namic SoC without disturbances.

in this case study are based on prior expectations, but real-world conditions introduce uncertainties due to

weather variations, and migration. In this scenario, the proposed grid-connected wind-solar hybrid system

with energy storage encounters a particularly adverse condition where the actual charging demand is 30%

higher than expected, while the energy supplied by RE generation is 30% lower than anticipated. As shown

in Figure 6.19, the closed-loop system with disturbances demonstrates superior performance, highlighting

its robustness compared to the open-loop and close-loop system with disturbance. This improvement is

attributed to the predictive capability of MPC, which adjusts control actions based on real-time feedback

and anticipated future states, even under disturbances. The MPC system effectively manages the power

distribution among different generators, prioritizing RESs and utilizing the BESS and release as needed. In

contrast, open-loop control lacks adaptability to unexpected changes, relying solely on activating the grid

power when the charging demand exceeds expectations. Figure 6.20 illustrates the dynamic SoC of the

BESS, showing how the BESS is charged during periods of surplus renewable generation and discharged

to meet charging demand during deficits, thereby enhancing system resilience and efficiency.

A comparative analysis of the simulation results for the open-loop, closed-loop without disturbance, and

closed-loop with disturbance control strategies highlights the significant advantages of Model Predictive

Control (MPC) in optimizing the performance of the proposed system. The open-loop system, while func-

tional, lacks adaptability to fluctuations in renewable energy generation and charging demand, resulting

in inefficient energy utilization and increased reliance on the utility grid. In contrast, the closed-loop sys-

tem without disturbance demonstrates superior performance by dynamically adjusting power distribution

based on real-time conditions, effectively prioritizing renewable energy sources and battery storage while

minimizing grid dependency. When disturbances are introduced, such as unexpected variations in energy

supply and demand, the closed-loop system with MPC maintains a more stable and reliable operation com-

pared to the open-loop approach. The ability of MPC to predict and compensate for disturbances enhances

system robustness, ensuring efficient energy management even under uncertain conditions. These findings

emphasize the importance of advanced control strategies in achieving a cost-effective and resilient energy
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Figure 6.19: Simulation result of close loop
system with disturbances.
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Figure 6.20: Simulation result of BESS Dy-
namic SoC with disturbances.

management framework for the grid-connected wind-solar hybrid system with energy storage. Table 6.1

summarizes the cost savings achieved under the scenarios discussed above.

Table 6.1: Daily energy consumption savings and hybrid feed-in.

Open loop Close loop without dist. Close loop with dist.
hybrid Cost hybrid Cost hybrid Cost

feed-in (ZAR) saving (%) feed-in (ZAR) saving (%) feed-in (ZAR) saving (%)
Weekday HD 129.00 92.64 133.12 93.24 701.95 90.61
Weekday LD 322.78 91.69 364.51 88.87 1 018.13 62.34

6.5 Summary

This chapter has demonstrated the application of MPC for optimal operation management in a grid-

connected wind-solar hybrid power system with energy storage for the BSS. A comparative analysis was

conducted between open-loop and MPC-based closed-loop control models under varying conditions, in-

cluding high-demand and low-demand seasons and scenarios with and without disturbances. The results

indicate that the closed-loop system consistently outperforms the open-loop model, with the disturbance-

free closed-loop approach demonstrating superior robustness and adaptability in handling uncertainties.

The simulation results highlight MPC’s effectiveness in optimizing the proposed system’s operational costs

by ensuring efficient power distribution, minimizing dependence on the utility grid, and maximizing the

utilization of RESs. While the computational complexity of MPC may pose challenges, its benefits are

particularly significant for industrial operations, where real-time optimization can enhance efficiency, reli-

ability, and cost-effectiveness.

The next chapter will present the overall conclusions of this research study, summarizing key findings and

outlining potential directions for future work.



Chapter 7

CONCLUSIONS AND FUTURE

WORKS

This thesis presents a comprehensive approach to the optimal design and operation of electrical vehicle

battery swapping stations (BSSs), integrating hybrid renewable energy sources and grid power systems.

The primary objective is to address the challenges associated with electric vehicle (EV) charging infras-

tructure, focusing mainly on reducing charging times and enhancing energy efficiency through innovative

solutions. The work is structured into three main categories: optimal design of BSSs, optimal operational

control strategies, and model predictive control approach for real-time optimization in order to satisfy the

charging demand of the depleted EV battery at the BSS.

The study has developed and evaluated three complementary models. Specific optimization cases con-

sidered for minimizing system operational costs illustrate the benefits of energy management and system

reliability provided by RE-based grid-connected hybrid systems. This chapter includes a brief summary

of each chapter and important conclusions.

7.1 Conclusions

The pursuit of sustainable transportation solutions is critical in addressing climate change and reducing

dependence on fossil fuels. The transportation sector, being a significant contributor to air pollution and

energy consumption, necessitates innovative approaches to enhance energy efficiency and reduce greenhouse

gas emissions. Electric vehicles (EVs) have emerged as a promising solution, yet challenges such as long

charging times and range anxiety persist. Battery swapping stations (BSSs) offer a viable alternative by

enabling quick battery exchanges, thereby reducing downtime and enhancing EV adoption.

104



Chapter 7. Conclusions and Recommendations 105

This research focuses on optimizing the design and operation of BSSs, leveraging renewable energy sources

to minimize energy consumption and operational costs while improving charging performance. The fol-

lowing key approaches are presented:

• An optimization model is developed to minimize the overall life cycle cost and electricity costs for

a grid-connected hybrid power supply system in Chapter 3. The model considers the integration

of wind turbines and solar PV panels, providing a cost-effective and reliable power solution. The

optimization problem is formulated using mixed integer linear programming (MILP) to determine

key decision variables, such as the number of wind turbines and solar panels, and the power drawn

from the utility grid. Simulation results demonstrate substantial energy cost savings and a feasible

payback period, underscoring the economic benefits of the proposed system and robustness of the

design.

• In Chapter 4, an advanced control strategy is designed to minimize total operation costs, including

electricity purchases and wear costs of the hybrid system associated with battery energy storage

systems (BESS) while maximizing the use of locally generated renewable energy by enforcing power

feedback to the utility grid. Multiple scenarios, representing both high- and low-demand season

conditions, have validated that the integration of renewable energy with energy storage not only

enhances self-consumption but also facilitates revenue generation through surplus power feedback to

the grid. Simulation results across various scenarios show significant energy and cost savings, along

with additional revenue generation through surplus power sales.

• In chapter 5, the application of Model Predictive Control (MPC) for dynamic power flow optimiza-

tion is presented, demonstrating its superiority over traditional open-loop models. By leveraging

real-time data, MPC effectively manages system uncertainties, ensuring efficient power distribution

while minimizing operational costs and maximizing renewable energy utilization. The results high-

light MPC’s ability to enhance reliability and adaptability under varying demand conditions and

disturbances, continuously adjusting power dispatch to optimize overall performance. Despite its

computational complexity, the closed-loop control strategy of MPC significantly reduces dependency

on grid-supplied energy, reinforcing its effectiveness in achieving a more resilient and cost-efficient

energy management system.

In summary, the research contributes significant insights into the design and operational strategies for

EV BSSs. By bridging the gap between internal operational optimizations and the external challenges

of integrating renewable energy with grid systems, this work not only advances academic understanding

but also provides a practical framework for enhancing the efficiency and sustainability of urban transport

infrastructures. The demonstrated cost-effectiveness and reliability of the proposed models support the

broader transition toward cleaner energy sources in the transportation sector, thus aligning with global

environmental goals.
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7.2 Recommendations for Future Work

The strategies presented in this study demonstrate the potential for significant economic and environmental

benefits through the integration of renewable energy sources into BSS. Although the objectives of this

research have been met, however, further research and development are needed to enhance the impact of

these interventions:

1. Integration of Vehicle-to-Grid (V2G) and Grid-to-Vehicle (G2V) strategies. BSS can serve as energy

hubs, allowing electric vehicle (EV) batteries to supply power back to the grid during peak demand

and recharge when electricity prices are low. Optimizing the scheduling of battery swapping opera-

tions based on energy prices, grid demand, and renewable energy availability can help improve grid

stability while maximizing the financial benefits for both operators and users.

2. Implementing blockchain-based or peer-to-peer energy trading platforms can enable decentralized

energy transactions, enhancing operational efficiency and reducing dependence on centralized grid

infrastructure.

3. The application of real-time scheduling using machine learning (ML) is another promising research

direction. Machine learning models can analyze historical data on user demand, grid conditions,

and renewable energy generation to predict and optimize BSS operations. Reinforcement learning

(RL) algorithms can be employed to dynamically adjust battery allocation, improving efficiency and

minimizing waiting times for users while balancing energy supply and demand.

4. Further research can also explore hybrid renewable energy integration to enhance the sustainability

of BSS. Integrating energy storage systems such as second-life EV batteries or hydrogen fuel cells can

help store excess renewable energy and provide backup power when needed. Optimization models

can be developed to manage the balance between solar, wind, grid power, and stored energy, ensuring

continuous operation and reducing dependency on the traditional power grid.

5. Future research on economic and policy optimization is essential for large-scale BSS deployment.

This involves analyzing different pricing models, government incentives, and carbon credit mecha-

nisms to improve financial viability. Policymakers can develop regulatory frameworks that encourage

investments in BSS while ensuring fair electricity pricing and sustainable energy management. Op-

timizing these economic and policy aspects will be crucial for accelerating the widespread adoption

of BSS in smart city infrastructure.
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