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ABSTRACT

FACULTY OF ENGINEERING AND THE ENVIRONMENT

ENGINEERING SCIENCES

PhD Thesis Title

CHARACTERISATION AND OPTIMISATION OF ENERGY STORAGE INSTALLATIONS

FOR LOW VOLTAGE NETWORKS AND EV CHARGERS

by George Hilton

Energy storage has been widely suggested as an enabling technology to aid society’s

transition to zero carbon emissions. This thesis focuses on twoof the locations inwhich

energy storage can be installed to aid this transition.

Energy storage installations in high rate electric vehicle chargers are also examined in

this thesis. To inform this work, a model for predicting the power demand at high rate

chargers was produced. This model is based on open source, freely available data and

can be used for any location on the strategic road network in the UK.

Using this model paired with solar energy generation patterns, it was found that energy

storage is able to balance the load and supply in the day scale for a high rate charger

powered by renewable energy. However, for longer durations, a grid connection is nec-

essary due to the seasonal changes inherent in solar power generation.

A model of a high rate electric vehicle charger is also presented in this thesis. This was

used to examine the different potential use cases for a high rate EV charger with an

associated off-vehicle energy store and solar PV generation. Additionally, the optimal

design of such a system is presented in this thesis for various future scenarios. This

shows that the inclusion of energy storage at high rate EV chargers is both technically

and financially sensible when the price of the grid connection is high and the EV fleet

grows at a high rate.

The efficacy of batteries installed on the low voltage feeder network are then compared

to domestic batteries. It was seen that feeder connected batteries are better able to

respond to changes in the feeder load patterns, leading to more desirable outcomes.



iv



Contents

List of Figures ix

List of Tables xiii

Acronyms xv

Declaration of Authorship xvii

Acknowledgements xix

1 Introduction 1
1.1 Claims for Novelty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.2.0.1 Journal Papers . . . . . . . . . . . . . . . . . . . . . . . 5
Second Author Journal Papers . . . . . . . . . . . . . . . . 6

1.2.0.2 Conference Papers . . . . . . . . . . . . . . . . . . . . . 6
Second Author Conference Papers . . . . . . . . . . . . . 6

2 Background 9
2.1 Energy storage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.1.1 Frequency Response . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.1.2 Energy arbitrage . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.1.3 Behind the meter . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.1.4 Energy storage technologies . . . . . . . . . . . . . . . . . . . . . 14

2.1.4.1 Lithium ion batteries . . . . . . . . . . . . . . . . . . . . 15
2.1.4.2 Other battery technologies . . . . . . . . . . . . . . . . . 17
2.1.4.3 Other storage technologies . . . . . . . . . . . . . . . . 18

2.2 High Rate EV Charging . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.2.1 Charging Standards and Systems . . . . . . . . . . . . . . . . . . 19
2.2.2 Charging rate limits . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.2.2.1 Cost . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
2.2.2.2 Grid connection maximum power . . . . . . . . . . . . . 22
2.2.2.3 Vehicle charging capability . . . . . . . . . . . . . . . . 23

2.2.3 High rate charging motivation . . . . . . . . . . . . . . . . . . . . 26
2.2.4 Grid effects of high rate charging . . . . . . . . . . . . . . . . . . 27

2.2.4.1 Power quality . . . . . . . . . . . . . . . . . . . . . . . . 28
2.2.4.2 Network connection considerations . . . . . . . . . . . 30

2.3 Renewable power integration into electrical networks . . . . . . . . . . . 31

v



vi CONTENTS

2.3.1 Power quality . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
2.3.2 Thermal overload . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
2.3.3 Fault level . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
2.3.4 South of England case study . . . . . . . . . . . . . . . . . . . . . 36

2.4 Pairing of renewables and EV charging . . . . . . . . . . . . . . . . . . . 38
2.4.1 EV chargers with renewable energy and energy storage . . . . . . 41

2.5 HREVC demand - transportation modelling . . . . . . . . . . . . . . . . . 43
2.5.1 Demand pattern time distribution . . . . . . . . . . . . . . . . . . 44
2.5.2 Future EV range prediction . . . . . . . . . . . . . . . . . . . . . . 46

2.6 Grid modelling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
2.6.1 Open source tools . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

2.6.1.1 GridLAB-D . . . . . . . . . . . . . . . . . . . . . . . . . . 47
2.6.1.2 OpenDSS . . . . . . . . . . . . . . . . . . . . . . . . . . 48

2.6.2 Simscape power systems . . . . . . . . . . . . . . . . . . . . . . 48
2.7 Optimisation techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

2.7.1 Linear programming . . . . . . . . . . . . . . . . . . . . . . . . . . 49
2.7.2 Gradient methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
2.7.3 Heuristic methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

2.7.3.1 Genetic algorithm . . . . . . . . . . . . . . . . . . . . . . 51
2.7.3.2 Particle swarm . . . . . . . . . . . . . . . . . . . . . . . 53

2.8 Sensitivity analysis techniques . . . . . . . . . . . . . . . . . . . . . . . . 55
2.8.1 Local sensitivity analysis . . . . . . . . . . . . . . . . . . . . . . . 55
2.8.2 Global sensitivity analysis . . . . . . . . . . . . . . . . . . . . . . 57

2.8.2.1 Morris method . . . . . . . . . . . . . . . . . . . . . . . 57
2.8.2.2 Sobol method . . . . . . . . . . . . . . . . . . . . . . . . 58
2.8.2.3 Fourier amplitude sensitivity test . . . . . . . . . . . . . 59
2.8.2.4 PAWN method . . . . . . . . . . . . . . . . . . . . . . . . 59

2.8.3 Sensitivity analysis tools . . . . . . . . . . . . . . . . . . . . . . . 60
2.9 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

3 Predicting EV Charge Demand in the UK 63
3.0.1 Novel contributions . . . . . . . . . . . . . . . . . . . . . . . . . . 63

3.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
3.1.1 The Open Street Map . . . . . . . . . . . . . . . . . . . . . . . . . 65
3.1.2 Assumptions used in this work . . . . . . . . . . . . . . . . . . . 66

3.2 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
3.2.1 Data Mining Approach . . . . . . . . . . . . . . . . . . . . . . . . 70
3.2.2 Constructing Probability Distributions from Mined Data . . . . . . 72
3.2.3 Including Traffic Flow Data . . . . . . . . . . . . . . . . . . . . . . 76
3.2.4 EV Battery Capacity Prediction . . . . . . . . . . . . . . . . . . . . 77
3.2.5 Running the Stochastic Simulation . . . . . . . . . . . . . . . . . 83

3.2.5.1 Assumptions . . . . . . . . . . . . . . . . . . . . . . . . 85
3.2.5.2 EV charge calculations . . . . . . . . . . . . . . . . . . . 86

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
3.3.1 Effect of EV Battery Size . . . . . . . . . . . . . . . . . . . . . . . 88
3.3.2 Effect of HREVC Location . . . . . . . . . . . . . . . . . . . . . . 90

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91



CONTENTS vii

3.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

4 High Rate Electric Vehicle Charger Model 97
4.1 Novel Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
4.2 Statistical analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

4.2.1 Correlation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
4.2.2 Energy pattern visualisation . . . . . . . . . . . . . . . . . . . . . 101
4.2.3 The requirement for energy storage . . . . . . . . . . . . . . . . . 102

4.3 HREVC Model Methodology . . . . . . . . . . . . . . . . . . . . . . . . . 104
4.3.1 Model Inputs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

4.3.1.1 Input Modules . . . . . . . . . . . . . . . . . . . . . . . . 107
4.3.2 Model Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

4.3.2.1 Off-Vehicle Energy Store Module . . . . . . . . . . . . . 107
4.3.2.2 Model Power Flows . . . . . . . . . . . . . . . . . . . . . 108

4.3.3 Model Equations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109
4.3.3.1 Queuing . . . . . . . . . . . . . . . . . . . . . . . . . . . 112
4.3.3.2 Grid Charge . . . . . . . . . . . . . . . . . . . . . . . . . 112
4.3.3.3 Grid Capacity . . . . . . . . . . . . . . . . . . . . . . . . 114

4.3.4 Power Flows . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
4.3.5 Static grid charge effects . . . . . . . . . . . . . . . . . . . . . . . 115
4.3.6 Dynamic Grid Charge . . . . . . . . . . . . . . . . . . . . . . . . . 117

4.4 Potential use cases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120
4.4.1 Solar farm with HREVC . . . . . . . . . . . . . . . . . . . . . . . . 121
4.4.2 HREVC with small solar . . . . . . . . . . . . . . . . . . . . . . . . 125

4.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

5 Bespoke Installation Design 131
5.1 Novel Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
5.2 Financial model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132
5.3 Optimisation procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

5.3.1 EV growth scenarios . . . . . . . . . . . . . . . . . . . . . . . . . 134
5.3.2 Grid connection cost . . . . . . . . . . . . . . . . . . . . . . . . . 134
5.3.3 Fitness functions . . . . . . . . . . . . . . . . . . . . . . . . . . . 135
5.3.4 Constraints . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

5.3.4.1 Bound constraints . . . . . . . . . . . . . . . . . . . . . 136
5.3.4.2 Linear constraints . . . . . . . . . . . . . . . . . . . . . . 137
5.3.4.3 Non-linear constraints . . . . . . . . . . . . . . . . . . . 137

5.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138
5.4.1 Optimisation for financial gain . . . . . . . . . . . . . . . . . . . . 138
5.4.2 Optimisation for network gain . . . . . . . . . . . . . . . . . . . . 141

5.5 Global sensitivity analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 142
5.5.1 Profitability sensitivity analysis . . . . . . . . . . . . . . . . . . . 143
5.5.2 Grid interchange energy sensitivity analysis . . . . . . . . . . . . 144

5.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145
5.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

6 Location of energy storage on the low voltage network 149



viii CONTENTS

6.0.1 Novel contributions . . . . . . . . . . . . . . . . . . . . . . . . . . 150
6.1 Modelling methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

6.1.1 Data and software used . . . . . . . . . . . . . . . . . . . . . . . . 150
6.1.2 Domestic battery Dispatch Model . . . . . . . . . . . . . . . . . . 151

6.1.2.1 Feeder connected battery model . . . . . . . . . . . . . 153
6.1.3 OpenDSS Simulation . . . . . . . . . . . . . . . . . . . . . . . . . 154
6.1.4 Limitations and Assumptions . . . . . . . . . . . . . . . . . . . . 157

6.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157
6.2.1 20% PV penetration without storage - Case 1 . . . . . . . . . . . . 158
6.2.2 20% PV Penetration with Domestic Energy Storage - Case 2 . . . 160
6.2.3 20% PV penetration with feeder connected storage - Case 3 . . . 163
6.2.4 Export characteristics . . . . . . . . . . . . . . . . . . . . . . . . . 166

6.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169
6.3.1 Domestic Batteries . . . . . . . . . . . . . . . . . . . . . . . . . . 169
6.3.2 Feeder Connected Battery . . . . . . . . . . . . . . . . . . . . . . 170

6.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 172

7 Conclusions 173
7.1 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 175

Appendices 201

A EV demand prediction code 203

B HREVC Model code 209

C Optimisation Results 221



List of Figures

1.1 Schematic of HREVC with integrated Solar PV and energy storage. . . . 2

2.1 Schematic view of the principle of using energy storage to control grid
frequency. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2 Schematic view of the principle of using energy storage for energy arbi-
trage. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.3 Ragone plot of different energy storage technologies. . . . . . . . . . . . 14
2.4 Schematic representation of cylindrical, prismatic and pouch cells. . . . 15
2.5 Schematic representation of cell, module and packs for lithium ion bat-

tery applications. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.6 A demonstration flow battery built by cohort 1 of the Centre for Doctoral

Training in Energy Storage and its Applications . . . . . . . . . . . . . . . 18
2.7 Schematic representation of a high rate EV charger with single main con-

verter. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.8 Schematic representation of a typical high rate EV charger, with convert-

ers at each charge point. . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.9 System configuration for a grid-connected large scale PV farms [102]. . 32
2.10 Map of constrained (red) and un-constrained (green) sub-stations in the

area surrounding Southampton UK [117]. . . . . . . . . . . . . . . . . . . 37
2.11 Map of grid connected PV farms in the area surrounding Southampton

UK [118]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
2.12 Schematic of an EV charger with integrated Solar PV. . . . . . . . . . . . 39
2.13 Schematic of HREVC with integrated Solar PV and energy storage. . . . 41
2.14 Schematic representation of convergence for a gradient method optimi-

sation algorithm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
2.15 Schematic representation of the key processes in the genetic algorithm 52
2.16 Schematic representation of the convergence of particles in the particle

swarm algorithm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
2.17 Schematic representation of particle velocity components in the particle

swarm algorithm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.1 Screen-shot of the Open Street Map showing the United Kingdom. . . . 66
3.2 Highways England Shapefile shown at macro andmicro scales. The area

in green represents land managed by Highways England. . . . . . . . . . 70
3.3 Example GPS traces from the Open Street Map shown at 3 scales. . . . 71
3.4 Representative, schematic journey with grey box showing the area which

would be assessed for intersection with the SRN shapefile. . . . . . . . 71
3.5 Histogram of GPS trace journey distance over duration 1400-1500, over-

layed with the fitted Weibull Distribution. . . . . . . . . . . . . . . . . . . 74

ix



x LIST OF FIGURES

3.6 Weibull Shape parameter for each hour distribution. . . . . . . . . . . . . 75
3.7 Mean journey distance against time of day for Weibull Distributions. . . 75
3.8 Cumulative probability of journey distance for each hourly probability dis-

tribution. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76
3.9 Measured traffic for the A45 (between A509 and A509) on 01/06/2014. 77
3.10 Predicted journey distances for the A45 (between A509 and A509) on

01/06/2014. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
3.11 Probability density functions for Ecap for each segment of car. . . . . . . 83
3.12 The effect of varying Ecap

EngineCapacity on the probability density function for
Ecap for the sum of all segments. . . . . . . . . . . . . . . . . . . . . . . 84

3.13 EVpower demand forEcap = 100kWh,Pmax = 300kW,SOCini =0.1, SOCini
= 0.8 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

3.14 Example HREVC EV Demand for M25 J15-16. . . . . . . . . . . . . . . . . 89
3.15 Probability of HREVC use against time of day for 3 different EV battery

capacity factors on the M25 J15-16. . . . . . . . . . . . . . . . . . . . . . 90
3.16 Traffic flow measurements for 3 motorway locations in the UK. . . . . . 91
3.17 HREVC demand stochastically generated for three locations in the UK

from traffic flow data available for that location, assuming an EV pene-
tration of 10%. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

4.1 Normalised power patterns (total energy = 1) for mean solar day (over 1
year) and EV demand at EV factor = 50. . . . . . . . . . . . . . . . . . . . 100

4.2 Scatter plot of normalised mean solar day power and normalised mean
EV demand for one day. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

4.3 Scatter plot with histograms showing data point density of normalised
solar power and normalised mean EV demand for one year. . . . . . . . 103

4.4 The requirements of anOVES in balancing supply anddemand in anHREVC
for the general case of one day. . . . . . . . . . . . . . . . . . . . . . . . 104

4.5 The requirements of anOVES in balancing supply anddemand in anHREVC
over one year. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

4.6 Schematic overviewof the systemunder consideration in themodel, high-
lighting the 5 key design variables. . . . . . . . . . . . . . . . . . . . . . . 106

4.7 Schematic work flow of the HREVC Model. . . . . . . . . . . . . . . . . . 107
4.8 Data used for look-up tables for theOVESModule charge voltage (8.25Wh

cell) [218]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
4.9 A detailed flow diagram of the iteration loop containing the HREVC algo-

rithm. The code for this is included in Appendix B . . . . . . . . . . . . . 110
4.10 EV Charge demand power and queue for an HREVC with 1 charge point . 113
4.11 EV Charge demand power and queue for an HREVC with 2 charge points 113
4.12 EV Charge demand power and queue for an HREVC with 3 charge points 113
4.13 EV Charge demand power and queue for an HREVC with 4 charge points 113
4.14 Power flowswithin HREVC for one day. Solar farm is removed to highlight

the Grid Charge feature. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
4.15 Power flows within HREVC for one day. Solar farm is removed and grid

capacity set to 150kW to highlight the Grid Capacity leading to EV charge
curtailment. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

4.16 Power flows within an HREVC for one day. . . . . . . . . . . . . . . . . . 116



LIST OF FIGURES xi

4.17 Absolute sum of grid interconnection energy over one year for varying
OVES capacity. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

4.18 Cumulative grid interchange energy over one year for varying OVES ca-
pacities. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

4.19 Solar power generation moving average (MA) for differing MA terms. . . 118
4.20 PGC through the year for PGCmax = 100kW and PGCmin = 10kW . . . . . 119
4.21 Absolute sum of grid interchange power for one year with dynamic (0-

150kW) and static (100kW) PGC and varying OVES capacities. . . . . . . 119
4.22 Cumulative grid interchange energy over one year for varying OVES ca-

pacities and a dynamic grid charge power. . . . . . . . . . . . . . . . . . 120
4.23 Exported energy by month for dynamic and static PGC . . . . . . . . . . 120
4.24 Imported energy by month for dynamic and static PGC . . . . . . . . . . 120
4.25 Energy imported for one year of operation of an HREVC with Solar Farm

capacity 1-5MWp on the M25 J15-16 plotted against OVES capacity. . . . 123
4.26 Import power standard deviation for OVES capacity. PV = 1MWp . . . . . 124
4.27 Import power mean plotted against OVES capacity. PV = 1MWp . . . . . 124
4.28 Percentage of EV charge power curtailed plotted against OVES capacity

for HREVC with solar farm capacity 1-5MWp. . . . . . . . . . . . . . . . . 125
4.29 Exported energy for HREVC with small solar (100-500kWp) for varying

OVES capacity over one year. . . . . . . . . . . . . . . . . . . . . . . . . . 126
4.30 Reduction in imported energy for HREVC with small solar (100-500kWp)

for varying OVES capacity over one year. . . . . . . . . . . . . . . . . . . 128

5.1 EV growth scenarios 2020-2040. [219] [220] [221] . . . . . . . . . . . . . 135
5.2 Optimum capacities of the solar farm and OVES. . . . . . . . . . . . . . 139
5.3 Optimum values of minimum and maximum grid charge powers. . . . . 139
5.4 Optimum values for the import and export grid connections. . . . . . . . 139
5.5 20 year Profit for the optimal solutions found for each scenario. . . . . . 141
5.6 Elementary effectmeans plotted against standard deviation for theHREVC

profit. The circle represents the final achieved value, with the box repre-
senting the standard differentiation of the elementary effect over all gen-
erations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

5.7 Elementary effectmeans plotted against standard deviation for theHREVC
grid interchange energy. The circle represents the final achieved value,
with the box representing the standard differentiation of the elementary
effect over all generations. . . . . . . . . . . . . . . . . . . . . . . . . . . 145

5.8 Scatter plots of absolute sum of grid interchange energy for each design
variable of the HREVC. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

6.1 Dispatch strategy for a domestic battery solely aiming to maximise self-
consumption. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

6.2 An example of the specification of the buses in the IEEE European LV Test
Case [163]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155

6.3 Schematic diagram of the LV network simulation model. Red parts of the
model are simulated for the feeder connected and domestic battery cases.155

6.4 The topological view of bus orientation in the IEEE European LV Test Case
supplied with the OpenDSS package. X and Y axes are length coordinate
system with units of meters. The red dot shows the position of the sub-
station. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156



xii LIST OF FIGURES

6.5 The three phase per unit voltage plotted against distance from the sub-
station for the feeder. This is the base case voltage profile. . . . . . . . 158

6.6 The three phase per unit voltage plotted against distance from the sub-
station for the feeder with 20% PV penetration and either no storage or a
feeder connected battery. . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

6.7 Feeder without Battery and 5 homes each with 4kWp solar PV. . . . . . . 159
6.8 Typical feeder load profile with 11x7kWh domestic batteries for a day hav-

ing high solar irradiation levels. . . . . . . . . . . . . . . . . . . . . . . . . 160
6.9 Typical feeder load profile with 11x7kWh domestic batteries for a day with

low solar irradiation levels. . . . . . . . . . . . . . . . . . . . . . . . . . . 161
6.10 The three phase per unit voltage plotted against distance from the sub-

station for the feeder with 20% PV penetration and 11x7kWh domestic
batteries. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161

6.11 Line thickness view of power flows on the feeder lines for high solar irra-
diance levels with Domestic Batteries. . . . . . . . . . . . . . . . . . . . 162

6.12 Typical feeder load profile with a 77kWh feeder connected battery for a
day with high solar irradiation levels. Charge command for the battery is
at dispatch factor 1.2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163

6.13 Typical feeder load profile with 77kWh feeder connected battery for a day
low high solar irradiation levels. Charge command for the battery is at
dispatch factor 0.75. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

6.14 The three phase per unit voltage plotted against distance from the sub-
station for the feeder with 20% PV penetration and either no storage or a
feeder connected battery (subject to it being located at the sub-station). 165

6.15 Line thickness view of power flows on the feeder lines for high solar irra-
diance levels with Feeder connected battery. . . . . . . . . . . . . . . . . 165

6.16 Export characteristics of domestic and feeder batteries plotted against
battery size for the feeder with 20% PV penetration, i.e. 11 x 4kWp PV ar-
rays. Dispatch of the feeder connected battery occurs at dispatch factor
0.75. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 166

6.17 Moving minimummean characteristics of domestic and feeder batteries
plotted against battery size for the feeder with 20% PV penetration, i.e.
11 x 4kWp PV arrays. Dispatch of the feeder connected battery occurs at
dispatch factor 0.75. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

6.18 Moving minimummean characteristics of domestic and feeder batteries
plotted against battery size for the feeder with 20% PV penetration, i.e.
11 x 4kWp PV arrays. Dispatch of the feeder connected battery occurs at
dispatch factor 0.75. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168



List of Tables

2.1 Cost of charging at HREVCs. . . . . . . . . . . . . . . . . . . . . . . . . . 21
2.3 EVs and PHEVs currently available in the UK capable of fast charging. . 25

3.1 Market share of vehicle segments in the EU in 2011 [209]. . . . . . . . . 80
3.2 Classification of current EVs capable of high rate charging . . . . . . . . 81
3.3 Comparison of Engine capacity and Ecap for vehicle segments . . . . . . 81
3.4 Assumptions using in the calculation of the HREVC use parameters. . . 86
3.5 Effect of EV battery size on HREVC use for 10% EVs at the M25 J15-16. . 89
3.6 Effect of location on number of uses per day of the HREVC with an EV

capacity factor of 30 and an EV penetration of 10%. . . . . . . . . . . . . 90

4.1 Correlation betweenHREVCpower demand and solar power for themean
solar day and the year. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

4.2 System design variables for solar farm with HREVC simulation . . . . . 122
4.3 Annual Imported Energy for HREVC located at a solar farm. . . . . . . . 123
4.4 System design variables for HREVC with small solar simulation . . . . . 126
4.5 Annual exported energy reduction for HREVC with small solar. . . . . . 127
4.6 Annual imported energy reduction for HREVC with small solar. . . . . . 127

5.1 CAPEX, OPEXand revenue values forHREVC. Values selected correspond-
ing to internal information at Wood PLC. . . . . . . . . . . . . . . . . . . 133

5.2 Grid connection cost for the 3 scenarios considered. . . . . . . . . . . . 135
5.3 Options for use in the optimisation of fitness functions. . . . . . . . . . . 136
5.4 Optimisation bounds for each input variable . . . . . . . . . . . . . . . . 137
5.5 Change in profitability of anHREVC through including andoptimisedOVES

and solar farm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141
5.6 System design for minimum absolute grid energy exchange (Grid Energy

figures are cumulative absolute sum over 20 years) . . . . . . . . . . . . 142
5.7 Cumulative absolute sum of grid Energy for maximum profit system de-

signs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143

C.1 Optimisation Results: Full HREVC System . . . . . . . . . . . . . . . . . . 221
C.2 Optimisation Results: HREVC system no solar . . . . . . . . . . . . . . . 221
C.3 Optimisation Results: HREVC system no OVES . . . . . . . . . . . . . . . 222
C.4 Optimisation Results: HREVC system no solar or OVES . . . . . . . . . . 222

xiii





Acronyms

CAES Compressed Air Energy Storage

CCCV Constant Current Constant Voltage

CDT Centre for Doctoral Training

DNO Distribution Network Operator

EFR Enhanced Frequency Response

EHV Extra High Voltage

EV Electric Vehicle

FFR Firm Frequency Response

HV High Voltage

HREVC High Rate Electric Vehicle Charger

ICE Internal Combustion Engine

NPV Net Present Value

NREL National Renewable Energy Laboratory

O&M Operation and Maintanance

OVES Off-Vehicle Energy Store

PHS Pumped Hydro Storage

PV Photo- Voltaic

SOC State of Charge

SRN Strategic Road Network

xv





Declaration of Authorship

I, George Hilton, declare that this thesis entitled Characterisation and optimisation of

energy storage installations for low voltage networks and EV chargers and the work

presented in it are my own and has been generated by me as the result of my own

original research.

I confirm that:

1. This work was done wholly or mainly while in candidature for a research degree

at this University;

2. Where any part of this thesis has previously been submitted for a degree or any

other qualification at this University or any other institution, this has been clearly

stated;

3. Where I have consulted the published work of others, this is always clearly at-

tributed;

4. Where I have quoted from the work of others, the source is always given. With the

exception of such quotations, this thesis is entirely my own work;

5. I have acknowledged all main sources of help;

6. Where the thesis is based on work done by myself jointly with others, I have made

clear exactly what was done by others and what I have contributed myself;

7. Parts of this work have been published as:

• Hilton, G., Cruden, A., Kent, J. (2017). Comparative analysis of domestic and

feeder connected batteries for low voltage networks with high photovoltaic

penetration. Journal of Energy Storage, 13, 334-343.

• Hilton, G., Kiaee, M., Bryden, T., Dimitrov, B., Cruden, A., Mortimer, A. (2018).

A Stochastic Method for Prediction of the Power Demand at High Rate EV

Chargers. IEEE Transactions on Transportation Electrification..

• Hilton, G., Bryden, T. S., de Leon, C. P., Cruden, A. J. (2018) Dynamic charging

algorithm for energy storage devices at high rate EV chargers for integration

of solar energy. 3rd Annual Conference in Energy Storage and Its Applications,

• Hilton, G., Kiaee, M., Bryden, T., Cruden, A., Mortimer, A. (2019). The case for

energy storage installations at high rate EV chargers to enable solar energy

xvii



xviii DECLARATION OF AUTHORSHIP

integration in the UK. An optimised approach. Journal of Energy Storage, 21,

435-444.

Signed:

Date:



Acknowledgements

Firstly I would like to thankmy supervisorProf. Andy Cruden. Always truthful and robust

with his comments, his guidance has kept me working hard and improving.

Dr. Mahdi Kiaee was a strong, calming and positive influence when improvements

needed to bemade. His straight talking, no-nonsense approach did a great deal to teach

me how to research.

The support and teaching I recieved from the CDT Energy Storage and its Applications

provided an excellent basis for me to begin my research. Sharon Brown was a pivotal

part of this, and her hard work and determination to do the best for all the students is

truly admirable.

I must acknowledge Alan Mortimer at SgurrEnergy / Wood. His support, through of-

fering me two placements, allowed me to gain perspective and guidance outside the

university setting.

A crucial part of the journey for me was in making the strong friendships I found with

Tom Bryden and Alex Holland. The help I found from their laughs when times were

tough, and questions when times were good, cannot be measured.

And finally, Jess, you have been an inspiration to me throughout this process, I have

been incredibly lucky to have your unwavering support. Thank you for believing in me

when I didn’t believe in myself.

Thank you all, I could not have done it alone.

xix





Chapter 1

Introduction

Climate change is a critical issue leading to the need to reduce greenhouse gas emis-

sions caused by our society. The two largest sources of emissions in the UK are power

generation and transportation [1]. Alternative methods of power generation exist, such

as wind and solar power. These do not release greenhouse gases but are not yet used in

sufficient quantities to significantlymitigate climate change. Additionally, emission-free

surface transportation can be enabled by electric vehicles (EVs) when they are powered

by renewable sources. Therefore, it is important to facilitate and promote rapid uptake

of these technologies in order to effectively combat climate change.

The UK Government has taken action against fossil fuel powered cars with a ban on

petrol and diesel cars expected to come into force in 2040 [2]. In addition, and at a

closer timescale to this, clean air zones will be implemented in the centre of many UK

cities, limiting the use of conventionally fuelled vehicles well before 2040. With this

in mind, the importance of developing an alternative, widely available option for road

transport is clear.

Without the proliferation of enabling technologies, power distribution issues will limit

the penetration of low carbon technologies as renewable energy sources are, by their

nature, intermittent. A mechanism must be adopted to reduce mismatch between the

demand and supply of electrical energy. Energy storage has been proposed as one

method of achieving this [3], where energy is stored when supply peaks and released

1



2 Chapter 1 Introduction

FIGURE 1.1: Schematic of HREVC with integrated Solar PV and energy storage.

when demand peaks. Additionally, capacity issues within the electrical distribution net-

work cause limitations on the deployment of renewable energy sources. This is a signif-

icant effect as, due to the nature of the resource, solar energy must be harvested over a

wide geographical area. This leads to a paradigm shift in the generation and distribution

of electrical energy; instead of easily controlled centralised generators with a hierarchi-

cal distribution network based on uni-directional power flow from high voltage to low

voltage, distributed energy sources can cause unpredictable and reverse power flows

[4]. Local energy storage co-located with the renewable resource can prevent these re-

verse power flows and as such, reduce the constraints in the distribution network to

unlock higher penetration levels.

With ever tightening constraints for renewable energy installations on the distribution

network, it is important to assess not just the algorithms for controlling energy storage

to best effect, but the locations at which they are most effective. For this, high value,

specialist locations should be found. A particular location of interest is when energy

storage is co-located with other technologies, this enables it to enhance the usability of

these technologies by reducing power/energy constrains. The case which was selected

for further study in this thesis is the pairing energy storage with EVs and renewable

energy.
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One particular enabling technology which, if implemented, will ease the transition from

conventional vehicles to wide-scale use of EVs is high rate electric vehicle chargers

(HREVCs). This has the potential for the charging of an EV to be equivalent in time to

that of a fuel stop for conventional vehicles. Such high power flow levels can require

reinforcement of the distribution network [5]. However, co-locating the HREVC with the

renewable generators enables this grid impact to be minimised by preferentially charg-

ing the EVs with the renewable energy generated on-site. Indeed, by utilising the energy

storage within the charger, a reduction in the grid impact of the solar array could also be

achieved. Thereby allowing installation of further PV farmswithin constrained networks

and encouraging wider EV take-up. Such a charging system can be seen schematically

in Figure 1.1. The off-vehicle energy store charges from the solar PV whenever excess

power is available. An EV can then rapidly charge without such a high power level being

drawn from the grid by discharging the off-vehicle energy store. This thesis, therefore,

addresses the suitability of using energy storage in this way.

The location of an energy storage installation has a significant effect on its efficacy.

Each location of installation comeswith a set of constraintswhich govern the use of that

energy store. For example energy stored in a home must be done so for the maximum

benefit of the home owner, as it is invariably they who have invested in it. Equally, energy

storage on the grid must not overload the local network, or cause voltage violations. It

is to further understand the implications of these effects that the locational aspect of

energy storage is studied in Chapter 6 of this thesis.

1.1 Claims for Novelty

The author makes the following claims for novel contributions resulting from the work

in this thesis:

Novel Contributions Associated Publication
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1. Direct comparison between domestic and feeder
connected batteries, operating within the same sys-
tem and responding to the same load patterns. Pre-
sented in Section 6.1.
2. Conclusions showing the lower levels of grid sta-
bility improvement available from domestic batter-
ies when compared to feeder connected batteries.

(a) Domestic batteries exhibit lower peak load ex-
port reduction, particularly in periods of high
solar irradiance. Shown in both the specific
case in Figure 6.8 compared to Figure 6.12, and
the general case with Figures 6.17 and 6.18.

(b) Domestic batteries lead to higher energy ex-
ports from feeder systems. Figure 6.16.

Hilton, G., Cruden, A., Kent, J.
(2017). Comparative analysis
of domestic and feeder con-
nected batteries for low volt-
age networks with high photo-
voltaic penetration. Journal of
Energy Storage, 13, 334-343.

3. A novel method is proposed for predicting future
EV battery capacity distributions in a future scenario
when the EV market has become balanced i.e. it re-
flects the use and purchase patterns currently seen
with conventional vehicles. This is discussed in de-
tail in Section 3.2.4.
4. A novel method for predicting HREVC power de-
mandpatterns in a locationally dependentway at any
location on the SRN in the UK.

(a) This method uses new data which has not pre-
viously been used for a similar study, mined
from theOpen streetmap [6]. This is discussed
in Section 3.1.1.

(b) Discreet probability distributions for journey
distance for each hour of the day are gener-
ated. These can be used to temporally predict
demand at HREVCs. This is highlighted in Sec-
tion 3.2.2.

(c) This shows a potentially earlier peak in high
rate EV demand when compared to other pre-
diction methods.

Hilton, G., Kiaee, M., Bryden, T.,
Dimitrov, B., Cruden, A., Mor-
timer, A. (2018). A Stochastic
Method for Prediction of the
Power Demand at High Rate
EV Chargers. IEEE Transac-
tions on Transportation Electri-
fication.
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5. A unique HREVC model has been produced. This
is detailed in Section 4.3.

(a) This integrates EV queuing and limited charge
points as discussed in Section 4.3.3.1.

(b) A novel OVES charging methodology is pre-
sented in Section 4.3.6 where the charge rate
responds to seasonal changes in solar farm
production resulting in greater utilisation of the
energy store.

6. Analysis of two potential use cases for an HREVC:

(a) Solar farm with HREVC - Section 4.4.1

(b) HREVC with small solar - Section 4.4.2

7. A methodology to optimise the author’s models
from Chapters 4 and 5 to:

(a) Optimise for maximum profit. Results shown
in Section 5.4.1 supported by the financial
model presented in Section 5.2. These re-
sults indicate higher profitability for the energy
storage installation when compared with other
business cases for energy storage in the UK.

(b) Optimise for minimum use of grid connection.
Results shown in Section 5.4.2.

1. Hilton, G., Bryden, T. S.,
de Leon, C. P., Cruden, A. J.
(2018) Dynamic charging algo-
rithm for energy storage de-
vices at high rate EV chargers
for integration of solar energy.
3rd Annual Conference in En-
ergy Storage and Its Applica-
tions
2. Hilton, G., Kiaee, M., Bry-
den, T., Cruden, A., Mortimer,
A. (2018). The case for energy
storage installations at high
rate EV chargers to enable so-
lar energy integration in the UK
- an optimised approach. Jour-
nal of Energy Storage. SUBMIT-
TED 24/09/2018 - Under Re-
view ref EST 2018 572.

1.2 Publications

A number of publications have also resulted from the work in this thesis. They are listed

here, with the corresponding claims for novelty to which they contribute.

1.2.0.1 Journal Papers

1. Hilton, G., Cruden, A., Kent, J. (2017). Comparative analysis of domestic and feeder

connected batteries for low voltage networks with high photovoltaic penetration.

Journal of Energy Storage, 13, 334-343.
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2. Hilton, G., Kiaee, M., Bryden, T., Dimitrov, B., Cruden, A., Mortimer, A. (2018). A

Stochastic Method for Prediction of the Power Demand at High Rate EV Chargers.

IEEE Transactions on Transportation Electrification.

3. Hilton, G., Kiaee, M., Bryden, T., Cruden, A., Mortimer, A. (2019). The case for energy

storage installations at high rate EV chargers to enable solar energy integration in

the UK. An optimised approach. Journal of Energy Storage, 21, 435-444.

Second Author Journal Papers

1. Bryden, T. S., Hilton, G., Cruden, A., Holton, T. (2018). Electric vehicle fast charging

station usage and power requirements. Energy, 152, 322-332.

2. Bryden, T. S., Dimitrov, B., Hilton, G., de Leon, C. P., Bugryniec, P., Brown, S., Cruden,

A. (2018). Methodology to determine the heat capacity of lithium-ion cells. Journal

of Power Sources, 395, 369-378.

3. Dimitrov, B., Cruden, A., Sharkh, S., PonceDe LeonAlbarran, C., Bryden, T., Hilton, G.

(2017). Design process for a parallel LLC resonant converter for powered electric

vehicle charging systems. International Journal of Health Sciences and Research

(IJHSR).

1.2.0.2 Conference Papers

1. Hilton, G., Bryden, T. S., de Leon, C. P., Cruden, A. J. (2018) Dynamic charging algo-

rithm for energy storage devices at high rate EV chargers for integration of solar

energy. 3rd Annual Conference in Energy Storage and Its Applications

Second Author Conference Papers

1. Bryden, T. S., Cruden, A. J., Hilton, G., Dimitrov, B. H., de Leon, C. P., Mortimer, A.

(2016). Off-vehicle energy store selection for high rate EV charging station. 6th

Hybrid and Electric Vehicles Conference (HEVC 2016)



Chapter 1 Introduction 7

2. Bryden, T. S., Holland, A., Cruden, A. J., Hilton, G., Dimitrov, B. H., de Leon, C. P.

(2018). Lithium-ion degradation at varying discharge rates. 3rd Annual Conference

in Energy Storage and Its Applications





Chapter 2

Background

In this chapter background information is given for each of the key components ad-

dressed in the modelling approaches used in this thesis: energy storage, EV charging

and renewable energy as well as information relating to themethods used in this thesis:

grid modelling techniques, optimisation techniques and sensitivity analysis techniques.

A key aspect of the work in Chapters 3, 5 and 6 is regarding the rating, implementation

and control of energy storage, as such a discussion of energy storage technologies and

current use cases is included first in Section 2.1. Then, as an understanding of high rate

EV charging is critical for Chapters 4, 5 and 6 a detailed review of current installations

and issues associated with them is covered in Section 2.2.

The motivation for the work in Chapter 2 is covered in Section 2.3 where difficulties

arising from the integration of renewable energy resources with the electrical network

are addressed. Subsequently, the literature providing motivation for the system studied

in Chapters 4, 5 and 6 is discussed in Section 2.4 where the potential for overcoming

the difficulties highlighted in Section 2.3 by pairing with EV charging is presented. As

Chapter 4 discusses the field of transportation modelling, which differs from the rest

of the thesis, a discussion of modelling techniques used for simulating EV mobility is

included in Section 2.5.

Finally, background relating to the modelling techniques used in this thesis, particularly

in Chapter 6, is included in Sections 2.7 and 2.8 and also background relating to the grid

modelling tools used in Chapter 3 is included in Section 2.6.

9
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2.1 Energy storage

Energy storage has widely been recognised as a key enabling technology for the devel-

opment of an electrical grid largely powered by renewable energy [7]. The development

of energy storage technologies and their effective use in the grid is therefore key to the

future low carbon agenda.

There are three main emerging use cases for energy storage:

1. Frequency response - High power, short duration (<30 mins) grid connected inter-

ventions to aid stabilisation of grid frequency at 50Hz.

2. Energy arbitrage - Bulk energy storage, store energy at low prices and release at

high prices.

3. Behind the meter - Energy storage used to reduce costs of a customer by, for

example: attempting to reduce grid connection costs through usage alteration

(for example triad avoidance), reducing peak loads and time shifting load to avoid

associated grid costs.

2.1.1 Frequency Response

Frequency response forms part of the ancillary services procured by National Grid [8].

It involves providing additional power in low frequency situations and absorbing power

in high frequency situations. A schematic view of this is shown in Figure 2.1. There are

two specific services pertaining to frequency response; Enhanced frequency response

(EFR) and firm frequency response (FFR).

EFR is a relatively new product, announced in 2016 [9]. It requires participants to com-

mit to providing or absorbing power in relation to the grid frequency at that time and

rapidly responding to changes in frequency (under 1 second). There are two specifica-

tions - wide and narrow - relating to the width of the “deadband” around 50Hz where

no response is required. These are ±0.05Hz and ±0.015Hz respectively. Beyond this

“deadband” the energy store must respond to maintain frequency stability. The EFR

contracts stipulate that projects must deliver at least 1MW response. This maximum

power must be available for at least 15 minutes, equating to a 2C (power level which
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FIGURE 2.1: Schematic view of the principle of using energy storage to control grid fre-
quency.

would charge/discharge the battery in 30 mins) charge or discharge (since the battery

is typically held at 50% State of Charge (SOC) by default).

In 2016 National Grid released a tender for 200MW of EFR. This was wholly taken by en-

ergy storage projects and now forms the bulk of energy storage projects in the UK. The

tender price for these projects varied between 7 £/MW/h to 12 £/MW/h. This equates

to 61 320 £/MW/year to 105 120 £/MW/year discharge to meet contractual minimum

power provision timesof 30minutes, these figures canbedoubled to give £/MWh/year)[9].

FFR differs from EFR by having a longer response time. This is within 10 seconds, main-

tained for 20 seconds for primary response or within 30 seconds, maintained for 30

minutes for secondary response. This means that it is popular with traditional power

generating assets such as gas turbines. However, a small number of energy storage

facilities participate in FFR [9].

2.1.2 Energy arbitrage

Energy arbitrage is the act of charging the energy store when the electricity price is

cheap and discharging when it is expensive, as shown in Figure 2.2. In this way, a profit

can be made by taking advantages of the varying price of energy over time.

It is thought that the increasing inclusion of renewables onto the grid will lead to wider

fluctuations in energy price and therefore a greater scope for energy arbitrage. In par-

ticular it was found that whilst solar power substantially reduced the price of energy in
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FIGURE 2.2: Schematic view of the principle of using energy storage for energy arbi-
trage.

the day time, that is paired with an increase in electricity price on the shoulders of this

price reduction in the USA [10] . These findings were echoed in other work where the

authors found an overall reduction in average electricity price and an increase in price

volatility following the introduction of variable renewable energy [11].

It has been suggested by the UK consultancy company Aurora Energy Research that it

is possible for an energy store to be profitable by conducting energy arbitrage in the UK.

However, a key variable in this is the cost arising from degradation of the battery. Ad-

ditionally, it is highlighted that arbitrage is ultimately the bigger market (than frequency

response) for energy storage [12].

Energy arbitrage also provides a key system requirement from energy storage by auto-

matically valley filling and peak shaving. Thereby working to match the supply and de-

mand in the system. This can be done at either the day scale, i.e. responding to shifts

in price throughout the day, or the season scale, whereby inter-seasonal differences in

energy supply due to solar penetration are accounted for.

Revenue for arbitrage has been estimated by Aurora Energy Research [13]. In their anal-

ysis two scenarios were envisaged, optimal battery penetration which would give arbi-

trage revenues of £/MWh/year of 68000and anover-build casewhere toomuch storage

has been installed leading to revenue cannibalisation of 20% (55 000 £/MWh/year). Ad-

ditionally, in the USmarket in New Jersey, revenue was presented to be 50 000 - 100 000

$/MWh/year dependent on the duration of the store (revenue per MWh diminished for
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storage durations over 4 hours). Therefore, dependent on exchange rates, this is similar

to the revenue for EFR in the UK. However, the same paper highlighted the difficulty in

achieving the higher end of these revenues due to shifting locations where arbitrage is

most profitable (although this would not be the case in the UK).

2.1.3 Behind the meter

Behind the meter energy storage refers to energy storage installations which are co-

located with another installation with which it shares a grid connection. This can be

done for a number of reasons, not limited to:

1. Domestic energy storage - store domestic solar energy to enable greater self suf-

ficiency [14] .

2. Reduce energy cost arising from a variable tariff by shifting load patterns [15].

3. Reduce necessary grid connection capacity for a given project (renewable, EV

charging, large but intermittent energy user etc) by providing or absorbing energy

at peak demand or generation times [16].

4. Reduce variability of energy supplied to the grid in the case of co-location with

intermittent renewables by providing a back up power supply [17].

In the case of behind the meter energy storage, the key beneficiary of that installation

is the system with which the energy store is combined. Therefore, behind the meter

energy storage does not primarily lead to positive grid impact. However, in the case of

responding to variable tariffs or other policies, the greater flexibility enabled through the

inclusion of the energy store does lead to grid stability improvements.

It is difficult to assess the revenue available for behind the meter installations in the UK

as it depends heavily on the specific use case in question. In particular, the other tech-

nologies the energy store is paired with, the location of the installation and the control

algorithms would each play a key role in generating a business case.
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FIGURE 2.3: Ragone plot of different energy storage technologies.

2.1.4 Energy storage technologies

Many different energy storage technologies exist, each with key differences in their op-

eration and capability. This leads to some technologies beingmore suited for particular

applications.

Energy storage technologies can be categorised as follows [18]:

• Electrochemical - such as batteries, supercapacitors and flow batteries

• Kinetic - such as flywheels

• Thermodynamic - such as pumped heat or superconductingmagnetic energy stor-

age

• Potential - such as compressed air or pumped hydro.

A typical way of visualising which technology is suited to a given application is the

ragone plot shown in Figure 2.3. This is intended to show comparison between the

technologies, and is not a presentation of simulation results, therefore it is not specific

in nature. It is based on published data [18] [19] [20].
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FIGURE 2.4: Schematic representation of cylindrical, prismatic and pouch cells.

2.1.4.1 Lithium ion batteries

The key technology which is currently the most popular for each of the use cases of

energy storage is the lithium ion battery. This consists of two intercalation electrodes

which exchange lithium ions to enable charge and discharge of the battery. The posi-

tive electrode is generally a metal oxide (such as iron phosphate (LFP), or lithium nickel

cobalt aluminium oxide (NCA), amongst others) whilst the negative electrode is gener-

ally graphite, although titanate is also used for some applications [21].

The lithium ion battery is popular due to its high energy density (200Wh/kg), long cy-

cle life (2000+ cycles)[22] and relatively low cost. There is however, a requirement for

lithium ion batteries to remain within temperature (25◦C - 55◦C) [23] and voltage limits.

This is achieved through complex and costly battery management equipment.

There are three common cell geometries for lithium-ion batteries, cylindrical, prismatic

and pouch [24]. These are shown schematically in Figure 2.4. For the cylindrical cell the

electrodes are rolled and inserted into a small cylinder. Each end of the cylinder is then

enclosed and used as an electrode [25]. Cylindrical cells are common due to low costs

and high reliability, however their packing density is lower than other methods [26]. In

the prismatic geometry, the electrodes are also rolled, however, into amuchflatter shape

such that they can be inserted into a rectangular container. The connection electrodes

are generally on the top of the enclosure. Pouch cells on the other hand, are simple and

easy to manufacture as they do not require electrode rolling; the electrodes are layered

and then enclosed in a bag. These offer the highest packing density, however, due to

the low stiffness of the enclosure material are liable to swelling and puncture [27].
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FIGURE 2.5: Schematic representation of cell, module and packs for lithium ion battery
applications.

Large, grid scale (such as those constructed for the National Grid EFR tender which are

typically >1MWh) lithium ion batteries are manufactured by combiningmany thousands

of cells. This requires the addition of many components to maintain the batteries at

serviceable temperatures and voltages [28]. The cells are organised into modules, by

combining them in series (to achieve the desired voltage) and parallel (to achieve the de-

sired capacity). Multiple modules are then combined to achieve the desired voltage and

capacity of the entire storage installation, as shown schematically in Figure 2.5. Battery

management systems (BMS) are used to monitor and control cell voltages and temper-

atures, these are generally controlled by cell balancing and air/liquid cooling systems

respectively [29].

Overcharging of the lithium-ion cell, or heating above 100◦C can result in break-down

of the charged positive electrodes, this can cause thermal runaway, leading to the cell

degassing [30]. In the case of a large battery pack, this may lead to a chain reaction as

the adjacent cell is taken out of safety limits by the runaway of the first cell. As such,

great care is needed when charging the cells, a constant voltage charging regime is

used for the final part of charging to prevent overcharging. However, cell imbalances

in large battery packs can lead to overcharging of a cell if not properly managed [31].

Indeed, in a large scale battery application evenmodest overcharging causes corrosion,

reduced cell life and an increased risk of safety incidents [29].
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Specific figures for the cost of lithium ion batteries are difficult to find due to commer-

cial sensitivity. However, it is clear that their costs are falling rapidly [32]. Bloomberg

New Energy Finance suggest that the average cell cost had fallen to $208/kWh as of

2017 [33]. The cost of the cell does not however, account for the full cost of a battery

installation. For this, the turnkey battery installation company Tesla has widely been

reported to supply and install a grid connected lithium ion battery for $400/kWh [34].

2.1.4.2 Other battery technologies

The lead-acid battery has been the most popular battery technology for over 100 years,

no other battery technology has been able to compete with lead-acid on cost grounds

and the technology is very effectively recycled with over 90% recovery of material.

Lead-acid batteries often exhibit a relatively low cycle life of <1000 due to physical

changes in the positive activematerial specifically when the battery is subject to regular

deep discharge [35]. This foreshortening effect is due to the expansion and contraction

of the active mass, as it changes form it progressively dislodges from the positive elec-

trode [36] and is one of the major drawbacks of the lead-acid battery. Other disadvan-

tages of the lead-acid battery are the low power to weight ratio due to the intrinsically

high mass of lead.

Flow batteries differ from conventional batteries in that the stored energy is held sep-

arately to the reactor cell. This is achieved through the use of large electrolyte storage

tanks and pumping of the electrolyte through the reactor. An image of a demonstration

flow battery is shown in Figure 2.6. Thus, the maximum amount of energy stored de-

pends solely on the size of these tanks. Peak current is controlled by the surface area

of the cell electrodes, and the voltage by the number and connectivity of the cells. Thus,

the power and voltage can be specifically designed for an application independently

of energy capacity [37]. When the battery is in discharge mode the electrolyte flows

through the reaction chamber and reacts at the anode to produce electrons, a reduction

reaction occurs at the cathode of equal rate to absorb the resulting electron flow. A key

attribute of the flow battery is that (for the majority of chemistries) the reactants are

soluble in the electrolyte, as such there is no deposition of compounds onto, or physi-

cal changes of the electrodes. This allows greater simplification of the electrode design
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FIGURE 2.6: A demonstration flow battery built by cohort 1 of the Centre for Doctoral
Training in Energy Storage and its Applications

and electrode life is significantly increased. A change in the concentration of reduced

and oxidised compounds in each tank is an indicator of the level of charge [38].

The cell usually consists of porous electrodes to provide a large surface area for re-

actions to occur and an ion exchange membrane, which forces the electrons to flow

through the external circuit. This arrangement is held in a chamber through which the

electrolytes are pumped. Generally, each cell is connected to the next in series to create

a bipolar stack. Since the tank size is the only factor affecting energy storage quan-

tity, increasing the energy capacity is a very easy and economical way of storing large

amounts of chemical potential, even into the MWh range [39].

2.1.4.3 Other storage technologies

Pumped hydro storage (PHS) is the oldest form of energy storage, dating back to the

1920s. It works by transferring water between two lakes at different altitudes. When the

water is pumped to the higher lake, energy is stored, and when it is released through tur-

bines to the lower lake energy is released. Clearly, PHS must be installed where there is

readily available water, and a significant change in height, this limits potential locations

significantly. This is by far the most popular form of energy storage in the world to date

and accounts for 87% of global energy storage capacity [40].
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Compressed air energy storage (CAES) is a technique for storing large quantities of

electrical energy in the form of compressed air [41]. It is thought that CAES has scope

for use for long duration storage needs, such as those posed by energy arbitrage (intra-

day to intra-season). It is achieved by compressing air using electrical energy, storing

this air in large containers, and then recombining this compressed air with natural gas

in a combustion process [42].

CAES, does not have the same locational restriction as PHS. However, for large scale

storage it has been suggested that underground caverns (vacant due to the extraction

of oil) could be used to store compressed gas [43]. This would clearly reduce the scope

for suitable locations, however a reduction in cost would be seen for the project.

2.2 High Rate EV Charging

2.2.1 Charging Standards and Systems

There is no commonly accepted power level which defines the transition to "High Rate"

EV chargers (HREVCs). However, current chargingmethods canbe split into four regimes

[44].

1. Level 1 (3kW) - 13 amp, single phase AC connection, commonly in a domestic

setting. Most units have a standard 3-pin connection to the mains.

2. Level 2 (7-22kW) - 32 amp, single or three phase AC connection. Commercial and

public charging stations are often of this type.

3. Level 3 (43kW) - 63 amp, three phase AC connection. Not commonly available as

there are few vehicles capable of charging in this mode.

4. Level 4 (Up to 400kW) - DC connection throughoff-vehicle AC/DCconverter. Power

levels vary with manufacturer and grid connection.

High rate charging is generally considered to be either Level 3 or 4. A schematic rep-

resentation of standard HREVC topologies are shown in Figures 2.7 and 2.8. Level 4

chargers are more common and offer higher power level capabilities. It is this charging
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FIGURE 2.7: Schematic represen-
tation of a high rate EV charger

with single main converter.

FIGURE 2.8: Schematic represen-
tation of a typical high rate EV
charger, with converters at each

charge point.

level which is discussed further. There are currently 4 DCHREVCs connection standards

available:

1. CHAdeMO [45] - The DC HREVC supported by Japanese vehicle manufacturers

[46]. This is currently the most common charging regime with 20 EV models able

to use this charger. CHAdeMO is recognised by the IEC61851-23:2014 standard

[47]. The maximum power available through a CHAdeMO charger is 62.5kW, how-

ever most currently installed are only capable of 50kW. Typically these charging

stations have a converter at each charge point (as shown in Figure 2.8).

2. Combined Charging System (CCS) - The DC HREVC supported by European and

American vehicle manufacturers. It allows for Levels 2 and 4 charging with a sin-

gle plug. CCS is recognised by the IEC61851-23:2014 standard [47]. Themaximum

power available from CCS chargers is currently 350kW. However, most charging

installations are not capable of this and are limited to 80kW. Typically these charg-

ing stations have a converter at each charge point (as shown in Figure 2.8).

3. Tesla Supercharger - The DC HREVC supported by Tesla Motors Inc. [48]. It

is currently the HREVC with the highest power capability (145kW) [48]. As the

Tesla Supercharger is a proprietary charging system, very little information regard-

ing it is available to the public and it is the only HREVC not to be recognised by

the IEC61851-23:2014 standard [47]. Typically these charging stations have one

central converter with multiple charge points connected in DC (as shown in Fig-

ure 2.7).
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TABLE 2.1: Cost of charging at HREVCs.

Provider Cost Citation
Ecotricity 15-30p/kWh [55]
Engenie 36p/kWh [56]

Genie Point 30p/kWh + £1 - 1.80 [57]
INSTAVOLT 35p/kWh [58]

Polar 9p/kWh + £7.85/month [59]
Shell Recharge 49p/kWh [60]

4. GB/T - The DC HREVC standard supported in China and by Chinese vehicle manu-

facturers [49]. Chargers based on this standard have a range of maximum power

levels from 50-80kW [50] [51].

The most widely used charging profile for Lithium-Ion batteries is the constant-current-

constant-voltage (CCCV) protocol [52]. In this strategy a constant current is applied

to charge the battery up to a nominal value, this voltage is then maintained, thus, the

current reduces until a set shut-off point where the charge is terminated. This strategy

is popular as it prevents overcharging of the battery by limiting the voltage to a set value.

Thismeans lithium plating on the anode and can be effectively prevented inmany cases

[53]. However, due to the prolonged constant current section of the charge, the charging

rate is reduced significantly. If it is accepted that the battery does not need a full charge

then the charging time can be shortened.

Attempts to achieve a short charge duration for lithium-ion batteries always result in

reduced cycle life of the battery [54]. When the current selected for the constant current

period of the CCCV charge protocol is increased, the SOC the battery achieves when

the nominal voltage is reached is reduced. This is due to increased ohmic losses and

a higher over-potential. Thus, when the CCCV charge method is used at high initial cur-

rents, in order to achieve faster charging, the efficiency drops and cycle life is reduced.

Although the charge time is reduced, the energy delivered to the battery and the eventual

SOC is also reduced.

HREVCs tend to charge a higher price for the electricity (30 - 50 p/kWh) than a standard

domestic tariff (12 - 16 p/kWh). This is shown in Table 2.1. There are many providers of

HREVCs with many different charging regimes and memberships etc.
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2.2.2 Charging rate limits

There are three main factors which impose limits on the maximum power a HREVC

charger can transmit.

1. Cost - The cost of a DC high rate charger is significantly higher than level 1 and

2 chargers due to the greater complexity and higher power rating of the charger

[61].

2. Grid connection maximum power - Locational constraints apply for low cost, high

power installations. If the charger is to be located where available grid capacity

is low the charger power will be limited to the available capacity or the charger

owner will be required to pay for additional network reinforcement to achieve a

greater capacity.

3. Vehicle capability - Only 12 EVs and 1 PHEV models are currently able to accept

DC fast charge (shown in Table 2.3). These EVs do not all have the same charge

capability.

2.2.2.1 Cost

The cost of a Level 4 charger is an order of magnitude more expensive than a Level 2

charger [62] [61] and is generally quoted as being in the region of £50,000. Due to the

higher usage rate of level 4 chargers, this higher cost can be justified, especially since

there is some scope for the electricity to be sold at a higher price per kWh. However, as

rated power increases the cost of the installation increases. Chargers of higher power

levels are likely to use higher component ratings. This places limits on the maximum

achievable charger power for a certain cost.

2.2.2.2 Grid connection maximum power

High power loads on the grid (such as high rate EV charging) can cause many nega-

tive effects if not properly managed. These include power system instability, voltage

violations, thermal overload of distribution network components and increasing losses

[63].
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Requesting a high power connection from the distribution network operator (DNO) may

require network enhancements in order to protect against these issues. Conditions

where additional work is necessary are described in Engineering Recommendation G81

[64]. The costs of these upgrades, and the cost of additional work is met by the organ-

isation requesting the high power connection. Where large works must be completed

to provide the required power, these costs can be prohibitively expensive. However,

in locations where there are already strong network connections (such as close to a

33kV/11kV transformer), additional work and upgrades can be limited, as such the cost

of connection can be low. This geographically limits HREVC installations if a large net-

work reinforcement cost is to be avoided. Since the requester of a connection must

pay for grid reinforcements at the voltage level of the connection and reinforcements at

one voltage level higher (for their share of usage), there is a great incentive to connect at

lower voltage levels. As such, HREVC power can be limited by the network conditions

at the location it is to be sited. However, reducing peak power drawn by the HREVC

can mitigate these constrains by reducing the need for reinforcement and by allowing

connections at lower voltages.

2.2.2.3 Vehicle charging capability

In the UK there are currently 12 EV models capable of fast charging. These are detailed

in Table 2.3. This number is anticipated to grow with many new EVs coming to the

market. There are also many other EVs available in the UK at the moment which are

not capable of high rate charge, as such the charging rate when charging these EVs is

limited by the EV itself.

Many EVs which are currently in development are going to be capable of higher driving

ranges and charge powers. The Audi Q6 e-tron Quattro has recently been announced.

This EV will have a range of 248 miles and a fast charge capability of 150kW [65]. The

Porsche Mission E is currently under development and will feature a higher battery volt-

age of 800V and be capable of charging at 300kW [66]. It has been announced that this

EV will be in production by 2020. The battery capacity with which both these EVs will

be equipped has not been disclosed, however it is anticipated that this will be greater

than 100kWh due to the expected range.
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The trend of the EVs shown in Table 2.3 and those not yet in production is towards

bigger batteries and higher power charging. EVs are emerging as a luxury product and

as such, purchasers of these EVs expect fast and easy charging, this is a leading driver

of higher power charging infrastructure.

Currently, the capability of the EV to accept a high charge rate is a limiting factor due to

the relatively small capacity of the batteries on the EVs. However, it is anticipated that

with the emergence of new EVs capable of much higher charging powers than current

models, this will change and the capability of charging infrastructure will become the

limiting factor. Indeed, if the Porsche Mission E is the first of a new standard EV operat-

ing with a battery voltage in the region of 800V, the capability gap between the EVs and

the charging infrastructure will be especially large.
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EV Reference Release
Year

EV/PHEV Charger Type Battery
Ca-
pacity
(kWh)

All
electric
range
(km)

Battery
Type

Charge
time
to 80%
(mins)

Maximum
current
(A)

Battery
Voltage
(V)

Motor
Power
(kW)

BMW i3 [67] 2013 EV CCS 18.8 190 Li-Ion 30 125 125
Kia Soul EV [68] 2014 EV CHAdeMO 27 212 Li-Ion 33 125 360 81.4
Citroen C-Zero [69]
Mitshubishi
i-Miev

[70] 2012 EV CHAdeMO 16 160 Li-Ion 30 125 330 49

Peugeot iON [71]
Jaguar I-Pace [72] 2018 EV CCS 90 479 Li-Ion 294
Mitshubishi
Outlander

[73] 2014 PHEV CHAdeMO 12 52 Li-Ion 30 125 300 60

Nissan Leaf [74] 2013 EV CHAdeMO 24-60 200 Li-Ion 30 125 80
Nissan e-NV200 [75] 2014 EV CHAdeMO 24 171 Li-Ion 30 125 80
Tesla Model S [76] 2014 EV Tesla 60-100 443-

563
Li-Ion 40 400 193/375

Tesla Model X [77] 2015 EV Tesla 90-100 414 Li-Ion 193/375
VW E-Up [78] 2014 EV CCS 18.7 150 Li-Ion 30 125 374 82
VW E-Golf [79] 2014 EV CCS 24.2 190 Li-Ion 35 125 323 115

TABLE 2.3: EVs and PHEVs currently available in the UK capable of fast charging.
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2.2.3 High rate charging motivation

Ubiquitous high rate charging infrastructure has been stated to be necessary for large

scale EV up-take [80]. This is linked to the three main disadvantages of EVs, which are

limited range, slow recharging time [81] and availability of charging infrastructure [82].

High rate charging has the potential to mitigate each of these issues, leading to greater

uptake of EVs. The increased rate of charge leads to users remaining with their vehicles

for the duration of the charge, thus, the charging procedure becomes very similar to that

of refilling a petrol vehicle.

Limited range is a major concern for prospective EV owners. However, fast charging

has the potential to alleviate this concern. When fast chargers are used such that a

charging instance has a small enough duration and gives enough additional range to

act as a range extender. In this way the vehicle can cover much further distances in a

single trip than could with only level 1 and 2 chargers. This is only enabled when there

are widespread level 4 chargers such that, on any given journey, there will be a suitable

charger. This was shown by the review of psychological factors affecting EV ownership

conducted by Anable et al. [83] where the importance of public charging infrastructure

was highlighted. Additionally, the Element Energy report Pathways to high penetration

of electric vehicles [82] discusses charging infrastructure effects on overall EV uptake

rates. It has been reported that EV owners would use their vehicles more if increased

public charging infrastructure were present and non-EV owners are more reluctant to

purchase an EV due to the lack of available charging infrastructure and due to the range

extending ability of the HREVC. Both studies, directly linking fast charging and public

charging infrastructure to increased uptake of EVs.

Reliability is a key issue for vehicle owners. HREVCs lend the EV greater reliability when

longer trips are planned. With the range of EVs currently being lower than that expected

for a conventional vehicle, consumers are justified in feeling "range anxiety" [84]. As the

overall length of a trip is not always known, HREVCS give an assurance that a trip can

remain timely even if the SOC of the battery runs low. Some trips have a very high im-

portance to consumers, such as those in emergency situations [85]. The nature of EVs

prevents the EV being used for the time when the SOC of the battery is low. Fast charg-

ing, though provides the possibility that prospective EV owners would not have to give
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up this capability since charging would becomemore akin to fuel filling for conventional

vehicles.

In an EV usage pattern trial, measured data also highlighted the role of high rate charg-

ing in growing public charging infrastructure [86]. When level 2 chargers are common

EV users tend to use the chargers as parking spaces. Thus, the charging infrastructure

becomes under-utilised. It was suggested that level 4 chargers be installed in prefer-

ence to level 2 to enable higher utilisation of the charging network. Morrissey et al.

[87] conducted a study of public charging infrastructure in Ireland. It was seen that the

HREVCs recorded the highest usage frequencies, indeed, although the number of stan-

dard chargers is far greater than fast chargers, the usage of fast chargers is higher than

the usage of standard chargers.

As well as increasing the effective range and reliability of an EV HREVCs are essential

for those who occupy a property without off-road parking and therefore have no ability

to charge an EV at home. As of 2010, 32% of dwellings rely on on-street parking and

2% of homes have no parking provision at all [88]. If the occupants of these dwellings

purchase an EV, they will be reliant on public infrastructure for charging. It is important

that the owners of these EVs do not use public charging infrastructure for long term

parking, therefore (as shown in [86]) level 4 chargers are preferable to prevent this. The

company Fastned [89] has cited this reason for their progressive deployment of fast

charge infrastructure in the Netherlands since 75% of all Dutch households do not have

their own driveway or parking space.

Thus, it can be seen that increased public infrastructure should lead to a greater uptake

of EVs and this public infrastructure should include fast charging to be most effective

and have the highest utilisation rate.

2.2.4 Grid effects of high rate charging

The topic of the impact of EVs on the distribution network and wider electrical grid has

received much attention in recent years. Most research has been based on domestic

and low power charging as these are the preferred charge procedure for most EV own-

ers [87] [90]. These studies have demonstrated the need for smart charging protocols

[91],[92], Vehicle-to-Grid (V2G) technologies [93] and variable tariff structures. However,
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the field of the impact of fast charging is far less explored despite the load pattern being

more intermittent and at a higher power level.

High rate charging at low voltage is limited by the rating of the network infrastructure at

this level. Masoum et al [94] performed a comparative study on the effects of charging

rates on the distribution grid. All charging points were specified in a domestic setting,

as such high rate charging was limited to 11.4kW. It was noted that the higher rate of

charging lead to the highest level of voltage deviation and power losses in the distribu-

tion system. If a higher charge rate is desired the charger would need to be connected

at a higher voltage level within the distribution network for this simulation.

A main issue of having very high power charging capability is that this limits availability

of connections to the grid. A study was conducted by Yunus et al [95] based on 250kW

chargers responding to 500 charge instances per day with a stochastic distribution of

charge demand. These chargers were simulated on the 11kV network. It was shown that

voltages in the distribution network dropped below 0.95pu and voltage flicker increased

by 2%. These results are both beyond allowable limits and suggest that this simulated

high rate charge demand is not suitable for the 11kV network. Thus, a more expensive,

higher power grid connection is required. This study has a high power and usage case

for the high rate charger, therefore the deleterious effects of high rate charging are ex-

aggerated. But, the same effects will be seen at lower power levels, although to a lower

extent.

As such, the connection to the grid must always be rated correctly due to the high ca-

pacity needed for HREVCs. However, higher power grid connections are geographically

limited without substantial additional cost implications. So providing high power with

lower grid impact through the use of energy storage is of clear value.

2.2.4.1 Power quality

As well as capacity issues, HREVCs can have an adverse effect on power quality.

One effect caused by many electrical devices connected to the distribution network is

harmonics. Harmonics are defined as:
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Nonlinear devices are a common cause of distortion, i.e. the current is not proportional

to the voltage of the device. This leads to periodic disturbances in the voltage or current

waveform. Harmonics cause power losses in the distribution system and can introduce

inefficiencies in network connected devices. Power electronic devices can commonly

cause harmonic distortion due to intermittent nature of power flows in common power

electronic topologies [96].

IEEE 519-1995 is the standard which describes allowable harmonic distortion levels on

an electrical network [97]. It is required that any individual distortion should be less than

3% of the fundamental frequency, and the total harmonic distortion of voltage (THDV )

should be less than 5% with harmonic distortion of currents being less.

Electric vehicle chargers were highlighted as a source of harmonic distortion in refer-

ence [98]. In thiswork the effect ofmany geographically clustered EV chargers on power

quality was studied. It was shown that 25kW chargers can cause 3rd order harmonic

currents of up to 3.5A, however, total harmonic distortion is less than the sum of all

harmonic distortions. This study shows the motivation for low harmonic charging so-

lutions. Additionally, the harmonic content of the GB/T fast charge protocol used in

China was studied in reference [99], it was found that a peak harmonic distortion of

2.9% was seen in the 3rd order and the total harmonic content was 3.58%. The authors

also predicted that increasing numbers of EV chargers does not lead to a proportional

increase in the harmonic distortion, rather a saturation occurs due to the counteraction

of harmonic currents.

Whilst harmonic content was not seen to be excessively high in these studies, they were

conducted at a low charge rate. Power drawn from HREVCs may have substantially

more harmonic content, causing issues on the distribution network, however, no studies

were found looking at higher rate charging.

Due to the rapidly fluctuating power demand causing voltage drop, fast charging is par-

ticularly deleterious to the local network and requires to be connected at a higher voltage

per capacity than most other loads.
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2.2.4.2 Network connection considerations

If capacity or power quality issues are deemed to be too severe, network reinforcement

works will be required.

Regulations for connecting to the distribution network are described in The Distribution

Connection and Use of System Agreement (DCUSA) [100].

Since the circumstances of each connection is different, the cost of new connections

to the distribution network is calculated on a case by case basis. It is dependent on the

work which needs to be carried out to maintain grid stability. Extension assets are all

infrastructure which needs to be installed in addition to the existing network in order

to provide a connection for a new customer. Costs of extension assets are payed by

the requester of the connection. Thus, if distance of the requested connection from the

existing network is large, this cost will be higher due to the length of cabling required.

Similarly, if the voltage of the connection is different to that of the local network and a

substation is required, this will add to the cost of connection. Thus, geographical and

voltage limitations exist for designers and installers of HREVCs if the cost of connection

is to be minimised.

The cost of reinforcement of the existing infrastructure is payed by both the DNO and

the requester of the connection. The cost apportionment factor (CAF) for reinforcement

is calculated by using one of two formulas 2.1, 2.2.

Security CAF =
Required Capacity

New Network Capacity
× 100 (2.1)

Fault Level CAF = 3× Fault Level Contribution from Connection

New Fault Level Capacity
× 100 (2.2)

When the main cost of reinforcement is driven by thermal capacity or voltage stability

the Security CAF equation 2.1 is used. Equally, when the main cost of reinforcement

is due to fault level restrictions, the Fault Level CAF equation 2.2 is used. Thus, for a

new connection the cost to both the DNO and the requester of the connection can be

significantly reduced through lowering the fault level and the required capacity of the

connected device.
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The fault level is defined in Equation 2.3.

Fault Level = Open Circuit Voltage× Short Circuit Current (2.3)

Since a HREVC is neither a generator or a spinning load with inertia, it will not signif-

icantly increase the open circuit voltage of the network and as such will not have a

substantial effect on the fault level. As such, the reinforcement which will be caused by

the HREVC will be due to capacity issues caused by the large power demand.

Faults on the distribution network are generally classified as either a short circuit be-

tween 2 phases, or 1 phase to ground. These faults cause a large spike in the current

which, if no action is taken, can cause substantial damage to the network infrastructure.

Circuit breakers are placed on the network in order to interrupt fault currents. When the

fault current is interrupted, an arc occurs between the contacts, the ability of the cir-

cuit breaker to clear this arc is dependent on its rating. As such, the rating of a circuit

breaker must always be above the fault level of the circuit it needs to break [101]. Thus,

increasing the fault level on the grid can be very dangerous unless the rating of local

circuit breakers is also increased.

2.3 Renewable power integration into electrical networks

The need to provide low carbon electricity has motivated the proliferation of many dis-

tributed renewable generators. Solar power is particularly popular due to the predictabil-

ity of its power generation profile, the high energy density and minimal geographical

constraint of the resource. Southern parts of the UK have seen a substantial growth of

large scale solar farms due to the relatively high solar irradiance levels. Current solar

farms operating in the area surrounding Southampton are shown in Figure 2.11.

Since PV arrays produce DC power, solar farms need power conversion equipment. This

is achieved through power electronic inverters. There aremany configurations of invert-

erswhich can be used to connect the PV arrays to the grid, these are shown in Figure 2.9.

One approach is to use string inverters (Fig 2.9 b) whereby large numbers of low rating

inverters are placed at a string of PV arrays and convert the power from that string.



32 Chapter 2 Background

FIGURE 2.9: System configuration for a grid-connected large scale PV farms [102].

This allows maximum power point tracking (MPPT) control for each string individually,

improving overall efficiency of the solar farm [102]. Alternatively a single large central

inverter can be used (Fig 2.9 a) . This simplifies the installation and results in low cost,

however the sameMPPT control must be used for thewhole farm. This results in losses

when partial shading occurs [103]. A multi-string system (Fig 2.9 c) provides MPPT at a

string level with cheaper DC-DC converters whilst using a larger AC-DC inverter, serving

the entire farm. This allows a reduction in cost over the string inverter system without

sacrificing string level MPPT control, although the extra level of conversion results in

an efficiency loss [102]. AC module systems are also available (Fig 2.9 d), where an

inverter is placed within each PVmodule such that it produces AC power automatically.

These aremore popular in small scale installations since a greater level of complexity is

introduced and lifetime of themodule is reduced [104]. As such, there is awide variety of

connectionmethods, however, further discussion in this work is not connection specific

and refers instead to generic effects of large scale solar.

Lines and substations in the distribution network becomeconstrained due to the voltage

and thermal issues arising from grid connected renewable resources. The extent of this

is shown in Figure 2.10. It can be seen that, for the area near Southampton, the pattern
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of constrained substations suggests that the rural network is more constrained. This is

due to longer feeders leading to a greater likelihood of voltage violations and a higher

density of renewable generation. There are three issues which cause constraint of the

distribution network. These are:

1. Voltage Violations - Power quality issues such as harmonic distortion and volt-

age rise cause substations to become constrained through voltage. This effect

is where the voltage and power quality in the network supplied by the substation

does not conform with regulation.

2. Thermal Overload - Reverse power flows in the network caused by renewable gen-

erators can excessively load the distribution network causing heating of compo-

nents. Cables and transformers have a thermal rating and as such networks can

become thermally constrained when apparent power flows become to high.

3. Fault Level - Protective instruments on the distribution network such as circuit

breakers must be able to interrupt current flow in the event of a fault. If the fault

level is close to that of the protection equipment rating the network becomes con-

strained.

2.3.1 Power quality

In order to achieve the stated Quality of Service Guaranteed Standards [105] the voltage

on the system must not go above or below set limits of 1.1pu and 0.94pu [106]. These

regulations are in place in order to prevent damage to network connected infrastructure.

In the case of renewable generators the rise can be very large and unpredictable due to

the nature of the generation profile.

Voltage rise at the connection point of a distributed generator is caused by power injec-

tion. For a radial feeder layout it can be expressed by Equation 2.4 [107].

∆V ≈ (PG − PL)R+ (QG −QL)X

V
(2.4)

Where PG and QG are the real (kW) and reactive (kVA) powers of the distributed gen-

erator and PL and QL are same for the line load. R and X are the line resistance and
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reactance between the distributed generator and the substation and V is the line volt-

age at the connection point. As such it can be seen that the problem of voltage rise is

exacerbated by low load power on the feeder and high line resistance and reactance or

line length.

Voltage rise is a major issue with domestic solar installations since the PV arrays can

be connected to long feeders with low load. Large solar farms, however, are necessarily

connected toHVor EHVcables. The voltage on these lines ismore stable to to inherently

high loads, however high penetration of large PV farms can see voltage rise. In addition

to being more critical due to having wider ranging effects, issues at this higher voltage

level require more substantial reinforcement works and as such, are more serious.

As discussed, harmonic distortion is caused by non-linear loads and is a power quality

issue. Solar PV installations cause harmonic distortions on the network dependent on

the inverter technology, the control strategy used and the presence of a coupling trans-

former [108]. A study showed the THDI emitted by the PV array, peaking in the morning

and the evening, when the PV array is producing only a small amount of power. This

is due to an inverse relationship between generated power and TDHI [108]. This result

was confirmed by measurement in reference [109].

Voltage unbalance is caused by non-equal loads on each of the phases in the distri-

bution system. Imbalance is one of the biggest problems facing LV networks [110]. It

is recommended in Engineering Recommendation P29 [111] that voltage unbalance be

kept to within 3% for the entire network. This recommendation is in place to prevent

damage to 3-phase equipment which can be caused by voltage unbalance [112]. Large

scale solar power necessarily has a 3-phase connection and therefore voltage unbal-

ance is mitigated.

2.3.2 Thermal overload

Thermal overload threatens the components of the distribution system through heating

caused by the actual power exceeding equipment rated power levels.

Power transformers are themost expensive and important components in the electrical

distribution network [113] and a power overload of this component can lead to multiple
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failure mechanisms [114]. Heating of the top oil in a power transformer, is often a pre-

cursor to failure.

The maximum current which overhead lines are permitted to carry is dependent on the

overall heat transfer to the cable and the resistance as described in Equation 2.5 [115].

IOL =

√
∆H

R
(2.5)

Where IOL is the current in the overhead line (A), R is the resistance (Ω) of those lines

and ∆H is the heat transfer from the cable to the surrounding environment. Thus, it

can be seen that, for increasing overload currents, reducing the resistance has a dimin-

ishing positive effect, and reducing the current has a squared effect on power loss and

overload compared to resistance.

Exceeding the rated thermal capacity of components leads to a need for upgrade to

a higher rating. Therefore, large scale solar which exports high levels of power into

the surrounding network necessitates high ratings of components on the surrounding

distribution network. However, if the peak energy export can be reduced, this will reduce

the necessary rating level of the surrounding infrastructure and thus, lower the cost of

installation.

2.3.3 Fault level

A third potential effect of large scale solar power which leads to a need for network

reinforcement is increases to the fault level. Most literature in the field of fault level

contributions looks at synchronous machines since the fault contribution of these is

substantial. However, large scale solar PV farms cause an increase in the current which

will flow in the event of a short circuit through increased power flows. The standard

fault current from a PV system is in the region of twice the inverter rated current and

varies based on the inverter specification [116]. Thus, for a large solar farm, this can be

significant and require upgrades to the fault tolerance of the local network. This cost

must be covered by the solar installer.
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2.3.4 South of England case study

Constraints within a real network are complex and can arise from multiple sources.

The issues of fault level, thermal overload and voltage violations have caused limita-

tions to be placed on further renewable generator connection in the south of England.

Figure 2.10 shows constrained substations in the area surrounding Southampton. The

red substations are constrained (As defined by Scottish and Southern Electricity Net-

works [117]) and as such substantial reinforcement work must be carried out in order

to connect further renewable generators in the area these substations serve. in 2016

there was a strong geographical preference towards connections of renewable genera-

tors in the cities of Southampton, Bournemouth and Portsmouth since the substations

in these areas were, mostly, unconstrained. The rural substations, serving long feeder

lines, with low load levels are more likely to become constrained. However, now even

the cities have become constrained. This can be seen in Figure 2.10. Since PV farms are

suited to rural area installation, the cost and complexity of their installation increases

and measures must be taken to allow their safe connection.

More detailed analysis is available for the constraints affecting the distribution network

in the South West. Western Power Distribution published data [119] show that the ma-

jority of the 33kV lines are constrained through voltage violations with small parts ther-

mally constrained. Indeed, every substation in Exeter and the surrounding area is con-

strained through fault level.

In addition to that Western Power Distribution released a statement regarding the con-

straints on the 132kV lines in this area [120]. This states that the South West area has

1.95GW connected generation, whilst the minimum summer demand is only 0.98GW.

Therefore, it is likely that generation will be exceeding demand for the South West area

during summer months. Since the “F route” 132kV line is the main electrical connector

to other areas, it has become constrained thermally due to this effect. In order to deal

with this, Western Power Distribution, in conjunctionwith National Grid Electricity Trans-

mission, are in the process of reinforcing the transmission system in this area. A delay

of 3-6 years for future distributed generator connections in now in place in the South

West Area.
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FIGURE 2.10: Map of constrained (red) and un-constrained (green) sub-stations in the
area surrounding Southampton UK [117].

FIGURE 2.11: Map of grid connected PV farms in the area surrounding Southampton UK
[118].
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Clearly, due to the substantial delay, this is not a suitable solution when the importance

of renewable generation is considered. Additionally, transmission level reinforcement

is only available when surrounding areas are not experiencing similar capacity issues.

It also places a substantial restriction on the further installation of renewable energy.

Therefore, a solution which allows further installation of renewable energy into con-

strained networks, such as those in the south of England, without increasing the re-

quired capacity from the transmission and distribution networks is highly desirable.

2.4 Pairing of renewables and EV charging

It is widely agreed that further development of renewable generators is a necessary

step for reducing the carbon footprint of electricity generation. As previously discussed

though, there are network associated difficulties with high penetrations of renewable

generators. This has led to constraints in the network, in places, preventing further in-

stallations of renewable generators.

On the other hand, efforts to de-carbonise transport have led to ever increasing num-

bers of EVs in use, however, the charging of EVs will dramatically increase demand

on the distribution networks. One aspect of EV charging with substantial grid impact

is fast charging [94] [95], although such wide scale high rate electric vehicle chargers

(HREVCs) are seen as critical for EV uptake [80] as their use alleviatesmany concerns of

the potential EV owner such as range anxiety [83], and give a greater sense of reliability

[82]. As such they are a popular choice for consumers [86], [87]. Attempts to mitigate

their negative effects i.e. capacity demands, on the distribution network must be made

in order for effective charger installations.

There is potential for EV charge demand and renewable generation supply to be paired

in order to reduce the negative effects of both of them. This would allow further renew-

able integration within constrained networks whilst promoting EV uptake by providing

fast charge stations. A schematic of a system which could achieve this is shown in

Figure 2.12.

Much of the work in the area of pairing EV demand with renewables has focused on

slow charging of EVs to absorb PV power. For example an older study investigated a
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FIGURE 2.12: Schematic of an EV charger with integrated Solar PV.

solar powered EV charging system in the work place, suggesting, in 2009, that this was

the ideal scenario for “commuters of the future” [121]. This idea was further developed

when it was discovered that solar carports could provide 15-40% of the energy demand

of road passenger transport in Switzerland [122]. Additionally, this idea was shown to

be economically feasible for the installer (employer, university etc), with an additional

parking charge entitling users to a free share of the renewable energy generated [123].

Slow EV charging such as this, has the benefit of power demand over a longer timescale

which can more easily be matched to the PV generation profile. Indeed, there is the

suggestion that charging rates for workplace installations could follow the generation

patterns of the renewable energy resource and as such, the entire system would need

no grid connection.

Smart charging can be used at a system scale to match the supply of the PV power

with the demand of the EV charging. In this solution there is no need for an interme-

diary energy store due to the large number of EVs charging. The authors in [124] [125]

take a system wide modelling approach to analyse the energy demand of Portugal. It

was suggested that for scenarios of high PV penetration EV charging should take place

during the day in order tominimise excess PV energy. Lookingmore closely at the distri-

bution network topology and limiting EV charging to domestic settings, in a study on the

combined effect of EV charging and PV penetration in residential distribution systems.

It was concluded that, due to the time difference between EV charge demand and PV
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generation, energy storage devices are needed if network reinforcement is to be avoided

[126]. In contrast, other work concluded that if smart charging and time of day tariffs

are implemented effectively EVs could be used to increase demand and reduce expor-

tation related capacity issues in the constrained network of Nova Scotia [127]. When

looking at a similar, system wide approach, it was concluded that the smart charging

of EVs provided benefit to the system, but the authors stopped short of saying that it

would eliminate the need for energy storage [128]. It is not clear then, that EV charging

can be proved to be flexible enough to wholly prevent network issues at a system scale

without the inclusion of energy storage for high renewable energy penetration levels. In

any case, it stands to reason that a good correlation between EV charging and renew-

able generation is only able to alleviate local grid constraints when close geographical

proximity occurs.

More specifically, since the charging location of the EVs will generally be either at home

or in the workplace and the main location of network constraints arising due to dis-

tributed generation is in rural feeder networks there is little scope to alleviate these with

smart EV charging. The location of the EV charge demand is important since adverse

grid impacts are mostly at a local level. Matching workplace demand to rural PV gen-

eration is only effective when there are no constraints on the grid in between the two.

However, as can be seen through the case study of the South of England, this is not the

case.

The demand for high rate charging is different though. Since charging of this nature is

done during a long journey, rural charging stations are beneficial. If it is assumed that

there will be similar demand for charging as their is for fuel, a comparison can be drawn

between charge point types and fuel station uses. Currently there are two uses for fuel

stations:

1. Local Serving Stations are located close to residential centers. They provide fuel

for local travel on an ad hoc basis, when the vehicles tank becomes empty.

2. Through Traffic Stations are located along major roads. They provide fuel de-

mand for vehicles on longer journey travelling through areas.

It is anticipated that local serving stations will be replaced with smart home charging

and workplace charging, since these methods are preferred by the consumer [87] [90].
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FIGURE 2.13: Schematic of HREVC with integrated Solar PV and energy storage.

However, through traffic stations will correspond to a HREVC, these fuels stations are

generally located on or near main roads. Thus, HREVC demand is likely to be in rural

areas, where the network is more constrained and there is a higher penetration of solar

farms. Comparing this to the map in Figure 2.11 it can be seen that there is good geo-

graphical correlation between the potential HREVC demand and current solar farms.

2.4.1 EV chargers with renewable energy and energy storage

It is clear from very simple analysis that high rate charging of EVs cannot be supplied

solely from renewable energy in a stand alone system. This particular topic has there-

fore received very little academic attention. However, if this system includes an energy

store, then there is a potential for viability. The conceptual framework for this system

was first proposed in the academic community in 2013 [129]. A schematic of this type

of charger is shown in Figure 2.13.

The potential implementation topologies for this systemhave been presented by Sujitha

et al [61], showing that there are a number of ways to design the power electronics

of such a system. In each of these topologies, a DC bus is included to which a DC

charger is connected to enable EV charging. Various energy storage and renewable

energy generation devices can then be connected to this DC bus in order to design the
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system. The wide variety of possible designs for this system show that it is an ideal

candidate for designing throughmodelling as it is likely that proposed optimal solutions

are feasible.

The only HREVCwith integrated energy storage demonstrator found in the literature has

been implemented at the Italian National Agency for New Technologies [130]. A 16kWh

lithium-polymer battery is integrated into a CHAdeMODC fast charger capable of 50kW.

The battery is set to provide 35kW for the first 320s of EV charging, then 15kW for the

remaining charge duration. Despite this crude energy store control strategy the grid

power for a 50kW charge of the EV was limited to 20kW. This system does not have

paired renewable power, however it is a proof of concept on which further work can

build.

Capasso and Veneri [131] [132] have designed a HREVC system based on a common DC

bus. The possibility of renewable energy integration within such a system is highlighted

since additional connections onto the DC bus are simple. A laboratory scale prototype

was developed with the ability to integrate Lead acid, LiFePO4 and Li[NiCoMn]O2 batter-

ies of varying capacities. Again a reduction in the grid power was seen through the use

of energy stores, however the focus was on presenting the architecture of the charger

and as such repeated analysis including vehicle usage patterns was not included.

Limited work exists which focuses on integrating renewable energy into HREVCs. A

system based on a central DC bus, similar to that in [131] [132], the voltage of this bus

was used to control the charge and discharge of the energy store [133]. Different con-

trol states were imposed, leading to charge and discharge of the energy store when DC

bus voltage fluctuated above and below reference voltage. Simulations shows a reduc-

tion of 50% in grid power, however transience at switching caused a large spike (50kW)

in the power drawn from the grid for 20ms. This was an entirely modelled simulation

and no real-life data was used. No work has been found which experimentally looks at

integration of HREVCs and renewable energy.

These papers focus on the technical aspect of the HREVC system involving renewable

energy, as such, exploration of the control, functionality and optimisation of these sys-

tems is under-developed. This is an area of particular importance due to the potential

of providing additional renewable energy within constrained networks whilst simultane-

ously facilitating wider EV uptake.
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Other work looked into the optimal design (minimisation of system cost) of a “com-

pletely green charging system” [134] i.e. one that is powered by solar panels and uses

an energy store. This work attempted to find optimal values of EV charger design vari-

ables. It concluded that the capacity of the solar farm and energy store depend mostly

on the desired queue length and the number of charging stations. Equally, if the solar

farm and energy store capacities were reduced, then longer queues would accumulate.

This work has two main flaws; firstly not all the design variables are included in the op-

timisation process. The number of charging stations is pre-determined, therefore the

optimisation does not accurately respond to the expected EV demand. Secondly, the EV

demand itself is artificially generated with set and constant interval times, this clearly

does not reflect the real scenario. Additionally, whilst not necessarily a flaw, this work

does not include a grid connection and therefore does not represent real-world imple-

mentations of this system.

Further work has also looked into this area with work on the optimum power flow for

each timestep of a simulation [135]. This aims to minimise costs arising from battery

degradation whilst responding to a variable grid tariff by finding an optimal schedule for

charging and discharging the battery.

Despite this relative lack of academic work in the area, many companies are proceeding

with installations of this nature. For example Fastned [89], the Danish company are

including energy storage and solar panels with some of their high rate chargers and

Tesla [48] have also publicly stated an indention to do so. With this in mind, it is of clear

importance to establish the potential impact on grid stability that these installations will

have and also inform their design such that these systems are rolled out in an optimal

way.

2.5 HREVC demand - transportation modelling

Transportationmodelling is a broad section of computationalmodelling concernedwith

analysing the movement of various entities within transport systems [136]. It can be

classified into two broad areas:
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1. MicroModelsThese are concernedwith transportation interactions at small scale.

Examplesmight be interactions between pedestrians and pelican crossings or ve-

hicles at roundabouts.

2. Macro Models These are concerned with bulk movement within a wide area. For

example, assessing traffic flow within a city.

In this thesis, the area of interest is in bulk movement of vehicles over long distances

on main roads. As such, methods of predicting HREVC demand through macro trans-

portation modelling are investigated.

2.5.1 Demand pattern time distribution

The expected time distribution of low rate EV charging has been extensively examined,

as well as smart techniques which can be used to reduce grid stress [137] [138] [139].

A common method of analysis is using a probability distribution of EV use, such that

charging can be predicted for when it is not in use [140]. This is an effective technique

for low rate (7kW) “level 2” charging is likely to occur when an EV is parked and the

owner is conducting another activity.

The use case of HREVCs differs from that of level 2 chargers since they are designed

to be used when the range of the EV is not high enough for the distance of the journey

being undertaken. In order to determine a probable time of use a study conducted by

The Department for Transport of trip distance for private vehicles in the UK [141] was

consulted. 80% of all trips are less than 10 miles in distance. However, these trips only

represent 26% percent of the distance covered. Contrasting this to the use of the SRN,

which accounts for all the high demand roads in the UK, such as motorways and large

A-roads, it is clear that the distances covered using these roads are substantially higher

per trip. Unfortunately, details given in [141] regarding long distance journeys are inade-

quate for this study as journey distances and the type of road used are needed. Since

HREVC use will predominantly be during a long trip, it follows that HREVCs should be

located on large roads such as those in the SRN. Therefore, in this thesis, the assess-

ment of traffic patterns and journey distances is calculated for journeys which use the

SRN.
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The literature addressing the problem of predicting EV demand at HREVCs is quite lim-

ited. Many studies assume demand will be proportional to traffic flow measurements

[142], [143] or "mobility" measurements for urban areas [144]. This gives a characteristic

two peak EV demand profile, with EVs more likely to visit an HREVC in the morning or

evening, aligning with the high use times for the road network. This has the clear flaw of

not taking into account the distance of the journey which the EV is undertaking, which

is an important predictive factor for HREVC use.

Another method for predicting EV is to liken the HREVC demand to ICE demand for fuel

[145]. This gives a demand shape similar to the studies assuming charge demand pro-

portional to traffic flow, with a slight increase through themiddle of the day. Whilst this is

more enlightening than assuming proportionality with traffic flow, the use of an HREVC

will be different to that of a fuel station. The main difference is that there is no option to

refill an ICE vehicle whilst it is parked overnight, whereas this is commonplace amongst

EVs and therefore will change the charge demand. Due to this, and the extended range

of ICE vehicles, their users must use refuelling stations on a more ad-hoc basis, as and

when the car is in use and the fuel tank becomes empty.

In addition to these methods vehicle usage data has been previously used to predict

HREVC demand. A number of vehicle GPS data studies suitable for this have been

found through the National Renewable Energy Laboratory’s (NREL) Secure Transporta-

tion Data Project [146]. In particular a study with real-world driving times, speeds, and

distances collected from thePuget SoundRegional Councils 2008TrafficChoices Study

was used in [147], [148] and [149]. This study comprised of installing GPS devices on 400

vehicles between April and June 2005, resulting in measured 149,000 trips. [148] and

[149] were concerned mainly with calculating the necessary battery size for EVs to en-

able the mobility levels seen in the dataset. However, reference [147] uses this data to

predict HREVC demand. This study assigns EVs to the usage patterns of vehicles in the

study and initiates an HREVC session whenever the range of that EV is depleted through

driving. As this study is based on real world data it can be assumed to be the most ac-

curate in the literature. However, each EV is given either 16kWh or 40kWh of battery

capacity which does not reflect the EVs currently on the road and is a major simplifi-

cation. Additionally, in the real world HREVC locations are set and as such, a HREVC

use only when the range is depleted is not reflective of real-world driving conditions.
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The demand pattern generated in this study is different to the other two, it shows a de-

mand peak in the evening, with a relatively small demand in the morning. Thus, a move

away from a two peak demand pattern is seen when journey distance and overnight EV

charging are taken into account.

2.5.2 Future EV range prediction

EV range prediction is clearly critical to enable an accurate prediction of the demand

at an HREVC as HREVCs are used when the range is lower than the journey distance.

The EV battery capacity is closely linked to the EV range. Very little research has been

conducted in the literature on the subject of predicting future EV battery capacities. On

a broader sense, many reports have stated an expectation for EV battery capacities to

increase and costs of battery packs to reduce [32], [150] and [151] however quantitative

analysis is often lacking. It is therefore desirable to develop a method to predict future

EV battery capacities.

Research on the topic of EV battery prediction tends to focus on the cost of the EV

battery pack per kWh with extensive reviews and highly respected work [32] [152] [153].

However, little thought has been given to the likely distribution of kWhs needed for each

EV. Clearly this is influential for predictions of the battery cost and needed to inform

global supply chains. The work which has been completed in this area uses simple as-

sumptions of compound growth rates applied to current EV fleet [154] [155] and indeed,

work looking purely at the techno-economic perspective suggests a capacity in a small

range around 15kWh is ideal, independent of the vehicle class [156]. As the EV mar-

ket is in its infancy and evolving rapidly these methods and predictions quickly become

outdated.

2.6 Grid modelling

Gridmodelling and simulation is important for quantifying the effects of renewable gen-

eration and electric vehicles on the stability of the grid.

The problem of gridmodelling, including transient effects, harmonic distortions, voltage

drop etc, acting on ever more complex electrical grids is non-trivial and as such many
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tools have been developed which researchers can use. These models can be ordered

into three categories [157]:

1. Transient state simulation tools - these are generally used to evaluate impacts of

effects that cause a transient state such as lightening strikes or short circuit. This

means these models must be valid over a large frequency range.

2. Real time software applications - these are mainly to simulate the effect of addi-

tional equipment installation onto the grid. These are designed to be used in real

time, with a data feed from the grid and as such concessions are often made in

terms of simulation accuracy.

3. Frequency based load flow tools - these are designed for load flow calculations

and are mainly focused on the steady state condition. As such, the user can en-

ter any network design parameters they wish to. Then the software calculates

the voltage and phase at each node, and therefore the power flows can be gener-

ated. This is particularly useful for checking for overloaded lines or voltage levels

outside of specification.

Frequency based models are those of interest in this thesis as they offer the best value

to a researcher interested in an hypothetical case. Many commercial software packages

offer this such as: Eaton CYME power engineering software [158], ETAP PS [159] or

Siemens PSS/E [160]. However, due to the expense involved with using these software

packages, an open source or already available solution was sought.

2.6.1 Open source tools

2.6.1.1 GridLAB-D

GridLAB-D is a grid simulation tool developed by the Pacific Northwest National Lab-

oratory [161]. It was initially designed for simulation of domestic loads and as such

includes models for consumer appliances. Additional integration for distributed gen-

eration and energy storage is also included. This includes load flow calculations and

electricity market integration.
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GridLAB-D is capable of linking to Matlab [162] through second party plug-ins providing

streamlined model development.

2.6.1.2 OpenDSS

OpenDSS is an open source grid modelling tool developed by the Electric Power Re-

search Institute. It was designed to support the analysis of distributed generation con-

nections to the utility distribution system. It also supports energy efficiency calculations

and harmonic current flow [163].

The OpenDSS interface is a command line tool, however graphing functions have been

included within the program to facilitate the presentation of results. The IEEE have pro-

duced a number of test case feederswithin theOpenDSS frameworkwhich are designed

to be representative of various areas of the electricity network. Additionally, OpenDSS

can be used with Python and Matlab through a COM interface and can therefore be

included within wider research models.

2.6.2 Simscape power systems

Within the Matlab Simulink environment is the Simscape power systems package [164].

It is therefore not open source as Matlab and Simulink must be purchased under a li-

cense. The university does subscribe to this license though, and as such this tool can be

considered for use in this thesis. The integration into Simulink allows users to generate

models through the use of the graphical user interface.

Component libraries are included with the package which enable the inclusion of many

different pre-made models, such as three-phase machines, electric drives and renew-

able energy components. These allow the user to design a circuit to analyse. Harmonic

analysis and load flow are automated.



Chapter 2 Background 49

2.7 Optimisation techniques

Finding optimal solutions to problems is of clear importance in many different areas

of engineering, science and finance. In a simple sense optimisation is the process of

finding the minimum or maximum value of a function, subject to given constraints.

There are many different techniques for finding an optimal solution to a given problem.

The researcher must find and use a technique which is suitable for the aims in question.

For example, a simple and highly accurate technique would be to calculate all feasible

solutions at certain (suitably small) intervals of the input variables and choose the opti-

mal solution from the set of results. For all but the most simple and highly constrained

of problems though, this would be a vast waste of resources. For this reason, much

work has been completed to develop more efficient techniques, designed for ever more

complex problems. Popular techniques are discussed in greater detail in the following

sections.

Optimisation problems are typically defined using two concepts:

1. Objective function - the mathematical representation of the goal in question. Cal-

culation of this function gives the output which is to be maximised or minimised.

2. Constraints - the bounds of the problem, these can be defined in terms of the input

variables, or calculated separately.

2.7.1 Linear programming

Linear programming is a method where a linear objective function can be defined and

subjected to linear constraints in the form of inequalities. A solution space can then

be formulated which contains the set of feasible solutions and is bounded by these

inequalities. As this solution space is bounded by linear edges, and as the objective

function can be expressed as a linear equation an optimal solution will then be found

at one of the vertices of the solution space or along one of the edges.

Clearly this method is only suitable for problems of a linear nature. However, it has been

used in a wide range of research in the transportation and renewable energy fields [165]

[166] [167] [168].
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2.7.2 Gradient methods

For problemswhere either the objective function or the constraints cannot be expressed

in a linear way, gradient methods are popular. This method is iterative and follows a

path in the solution space by following the direction of greatest gradient at each step.

The algorithm thereby eventually converges on a local minimum. In these methods,

the gradient is either measured or calculated analytically at each iteration. The values

of the input variables are then adjusted by the gradient multiplied by a learning rate

(γ). This learning rate controls the speed of convergence. A low value will lead to slow

convergence, however, a high value will lead to overshooting. An optimal solution is

then found when the derivative is equal to zero.

FIGURE 2.14: Schematic representation of convergence for a gradient method optimi-
sation algorithm.

Gradient methods do have some limitations. Firstly, functions which have areas of high

gradients and areas of low gradients lead to difficulty in selecting an appropriate learn-

ing rate as a low value is needed to prevent overshoot and excessive zig-zagging in the

high gradient areas, but then a higher value is needed to achieve rapid convergence in

the low gradient areas.

Secondly, and most importantly, gradient based methods can easily converge at local

minima. To ensure a globalminimum is found, a number of pathsmust bewalked by the

algorithm from starting points around the solution space. This significantly increases

computational time.
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Thirdly, the calculation of the gradient at each point becomes very costly when deal-

ing with problems with many variables and an objective function where the derivative

cannot be analytically calculated. The objective function must then be calculated for a

small perturbation in each variable in order to calculate the gradient in that direction.

And fourthly, for stochastic models where the output space is granular and non-smooth

a gradient based model will be ineffective as the local gradient is not dependent on the

overall direction of solution improvement.

2.7.3 Heuristic methods

Gradient methods are effective at finding a local minimum, i.e. the algorithm may start

in the vicinity of an optimal solution and then will effectively find the closest minimum.

However, when there may be more than one minimum in a given solution space, or the

solution space is not smooth (as a result of a stochastic problem) thismethod becomes

ineffective Heuristicmethodswere developed to solve these problems [169]. The aim of

heuristic methods is not to find a guaranteed minimum, but rather seek a good solution

which satisfies the algorithm stop criteria. Most heuristic methods find their inspiration

from aspects of nature (i.e. genetic algorithm, based on genetics and evolution; particle

swarm, based on swarming birds/fish; neural networks, based on the human brain etc).

2.7.3.1 Genetic algorithm

Agenetic algorithmwas first introduced in 1975 [170], it is an optimisationmethod based

on evolution and adaptation in nature. Each species adapts to the environment and

makes incremental changes each generation with the aim of survival. Individuals in-

teract to form new generations, with positive characteristics being carried through be-

tween generations by the process of natural selection. Other improvements or other-

wise of individuals can be caused caused by mutation, where changes are induced in

an individual which are not inherited from its parents.

This process is represented mathematically by a population of feasible solutions (chro-

mosomes) being acted upon by three operators - selection, crossover andmutation. Se-

lection allows for the process of natural selection to be expressed. The chromosomes
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providing the best output to the fitness function are selected to reproduce in pairs (or

higher numbers of parents can also be used [171]). A schematic representation of the

genetic algorithm is shown in Figure 2.15.

FIGURE 2.15: Schematic representation of the key processes in the genetic algorithm

The crossover operator then acts on these chromosomes to produce offspring. In this

procedure parts of the two (or more) parent chromosomes are combined to make the

children chromosomes. The combination method is not specific and changes between

implementations of the algorithm [172]. For example, a segmented or uniform crossover

may take place, where segments or individual elements of the chromosomesare swapped

to form the children. Alternatively, a weighted average of parental elements may be cal-

culated for each child element.

Mutations are then needed to enable input variables that are not included in the initial

population. This is implemented by randomly changing input variables to a random
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value. The rate at which this occurs in general is 1 in every 1000 variables addressed by

the algorithm, but this is subject to design and fitting for best performance.

The result of these steps is an algorithmwhich allows for quick convergence at a global

minimum making incremental changes to input variables. There is also the less clear,

but important, benefit of enabling the optimisation of problems with discrete variable

inputs.

2.7.3.2 Particle swarm

The particle swarm algorithm is a more recent invention. It was proposed by Kennedy

et al in 1995 [173]. It is similar to a genetic algorithm in that it uses a set number of

feasible solutions (particles) and iteratively changes/moves them through the solution

space to converge on the optimal solution.

The method and rationale behind particle movement lies in their analogy to a swarm

of fish or birds. In a swarm the particles can communicate with their neighbours and

through these communications can move together to reach a common goal [174]. The

aim of this algorithm is for all particles to congregate around the global optimum, as

shown in Figure 2.16.

FIGURE 2.16: Schematic representation of the convergence of particles in the particle
swarm algorithm.

Initialisation of particle positions is generally uniform across the solution space and

each particle is assigned a velocity. This velocity describes the rate at which the input

variables change each iteration. After the first iteration the velocity becomes dependent

on a number of factors [175]:
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• Physical component - the particle has inertia and therefore its velocity is depen-

dent on its previous velocity.

• Cognitive component - the particle moves towards its best previous position.

• Social component - the particle moves towards the best position reached by its

neighbours.

Many implementations of this velocity updatemethodology exist, for example see equa-

tion 2.6 [176]:

vt+1
i = wtvti + φ1u1(pi − xti) + φ2u2(Ii − xti) (2.6)

Where:

• v is the particle velocity.

• w is the particle inertia.

• φ is the acceleration coefficient.

• p is the particle’s best historic position.

• I is the best historic position of the particle neighbours.

• u is a random number to introduce a chaotic element.

Thereby the first term in Equation 2.6 is the physical component, the second term is

the cognitive component and the third term is the social component. This is shown

schematically in Figure 2.17.

The algorithm updates the velocity of each particle according to these rules until a stop-

ping criteria is met. These include an iteration limit, or spacial distribution of particle

reduction to satisfactory limits or the fitness value of the particles to be deemed satis-

factory.
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FIGURE 2.17: Schematic representation of particle velocity components in the particle
swarm algorithm.

2.8 Sensitivity analysis techniques

Sensitivity analysis is an important and widely used tool for assessing scientificmodels

[177]. The aim of this technique is to apportion the sensitivity of the model in question

to each of the designated inputs i.e. find which inputs, when adjusted, have the greatest

effect on model outputs.

There are two categories into which sensitivity analysis techniques generally fall:

1. Local Sensitivity Analysis - Adjustment of input parameters around a fixed nomi-

nal input value. Typically deterministic in approach.

2. Global Sensitivity Analysis - Adjustment of input parameters over the global input

space.

2.8.1 Local sensitivity analysis

Sensitivity analysis that is carried out around a specific point of interest of the input

parameters is called local sensitivity analysis. This is typically carried out in a deter-

ministic framework where no probability distributions are used to select input variable

values [178].

One such example of this style of analysis is one at a timemethods. In thismethod each

variable is adjusted individually. The calculated sensitivity then arises from the relative
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change in the output following each input change. Whilst this is a very simple method

to implement, there is the clear limitation of the potential for missing interaction ef-

fects between separate input variables. First order sensitivity effects can be calculated

through one at a timemethods, as shown in Equation 2.7 (using the notation in reference

[178]) also known as trajectories. A nominal and sensitivity case ( x0, x+ respectively)

are assigned where x denotes the set of inputs to the model y.

∆+
i y = g(xi + ∆x+

i , x
0
∼i)− g(x0) (2.7)

Where g is the output of model y. ∆+
i y is then the sensitivity measure for the input

variable i. This is classed as the individual sensitivity measure:

φi = ∆+
i y (2.8)

However, higher order sensitivity measures describe the interaction sensitivity arising

from synergistic relationships between input variables. These can be calculated at a

penalty of increased model iterations. If the total change in y is defined in Equation 2.9:

∆y = y(x+)− y(x0) (2.9)

It can be seen that ∆y consists of not only of
∑n

i φi but also the higher order sensitivity

measures shown by Equation 2.10.

∆y =

n∑
i

φi +
∑
i<j

φi,j + · · ·+ φ1,2,...,n (2.10)

Where

φi = g(x+
i , x

0
∼i)− g(x0)

φi,j = g(x+
i , x

+
j , x

0
∼i,j)− φi − φj − g(x0)

φi,j,k = g(x+
i , x

+
j , x

+
k , x

0
∼i,j,k)− φi,j − φi,k − φj,k − φi − φj − φk − g(x0)

(2.11)
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From this analysis three indices can be extracted. Firstly the individual sensitivity mea-

sure shown in Equation 2.8. Secondly, the total finite change measure is the sum of all

measures relating to a given input as shown in Equation 2.12

φTi = φi +

n∑
j=1

φi,j +

n∑
j=1

n∑
k=1

φi,j,k + · · ·+ φ1,2,...,n (2.12)

Then the interaction measure can be inferred from Equation 2.13.

φIi = φTi − φi (2.13)

Where φTi and φIi are the total finite change and interaction measures respectively. To-

gether, thesemetrics can be used to describe individual and interaction based sensitivity

of each input variable to a model [179]. Local, deterministic based methods are prefer-

ential for when a specific point in the model space is to be addressed for sensitivity,

however, many scenarios arise where sensitivity analysis is required over a broader set

of input values. For this, global sensitivity analysis is used.

2.8.2 Global sensitivity analysis

2.8.2.1 Morris method

In the Morris method, the gradient of the output space is calculated at each point. The

derivative components in the direction of each input variable are known as elementary

effects from the original work by Helton [180] and further developed by Morris et al [181]

[182].

In this method a uniform input distribution is generally used. This method is generally

used for large, computationally expensive models [183]. One at a time sampling tech-

niques are used, similar to that described in Section 2.8.1. However r different trajecto-

ries are used, sampled randomly across the input space. Therefore, a global estimation

for sensitivity is established.

The elementary effect (EE) can then be calculated for each variable at each trajectory

as shown in Equation 2.14.
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EEi =
Y (x1, . . . , xi−1, xi + ∆ . . . , xk)− Y (x1, . . . , xk)

∆i
(2.14)

Where k is the number of model inputs. r EEs are then calculated for each variable.

Thus, the mean (µ) of these EEs is the global sensitivity to that variable, as shown in

Equation 2.15.

µi =

∑r
t=1EEi,t
r

(2.15)

Where t is the index of r. Additionally, the standard deviation (σ) is a measure of the

interaction effects with other parameters, as shown in Equation 2.16.

σi =

√∑r
t=1(EEi,t − µi)2

(r − 1)
(2.16)

The number of model evaluations for this sensitivity method then is r(k + 1) as (k +

1) evaluations are made in each trajectory. Heiselberg et al. [184] suggests a figure

between 4-10 for r, with r = 4 a minimum for reliable results. It is common practise,

however, to use values of rwhich aremuch higher (50 < r < 100) to accurately estimate

the sensitivity across a large input space and achieve stable EE values [185].

2.8.2.2 Sobol method

The Sobol method was first proposed in 1993 [186] and further developed by Satelli in

2002 [187] the Sobol method uses the variance in model output to estimate the sensi-

tivity to input parameters.

Instead of finding the change in the function output arising from small deviations in

inputs, the Sobol method measures changes across the entire input solution space.

This is achieved by calculating the variance (σ2) arising fromperturbations in each input.

The overall variance in function output can be written as shown in Equation 2.17:

σ2
Y =

∑
i

σ2
i +

∑
i

∑
j>i

σ2
i,j + σ2

1,2,...,k (2.17)
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The individual and total sensitivities can then be calculated for each variable in the same

way as that described in Section 2.8.1.

The Sobol method generates very accurate sensitivity results. However, the number of

model evaluations can be very large in some cases. Model evaluations grow linearly

with the number of inputs asN = r(k+ 2) whereN is the number of model evaluations

Pianosi [188] suggested that r lies in the range 102 to 104. Therefore, depending on the

application a very large number of model evaluations is often needed for conversion of

the sensitivity measures. This means it is not suitable for complex models.

2.8.2.3 Fourier amplitude sensitivity test

The Fourier amplitude sensitivity test (FAST) method was developed after the Sobol

method by Cuckier et al [189], it used variance as a measure of sensitivity but decom-

poses the variance results using a Fourier transformation. This creases partial vari-

ances for each parameter, which can then be compared to the overall model variance

to estimate the sensitivity to that variable.

The use of the Fourier transformation has been found to be computationally less ex-

pensive than the Sobol method, however this is at the expense of implementation com-

plexity [190].

Theminimum number of model evaluations for FAST is determined byN = 2Msωmax+

1, whereMs is the maximum harmonic (no less than 4, usually taken to be 4 or 6) and

ωmax is the maximum frequency [191]. ωmax is dependent on the number of input vari-

ables, a frequency free of interference to an order of 4 should be selected as discussed

in [192]. This is roughly equal to 10k. It can therefore be seen that whilst the overall num-

ber of model evaluations can be lower for FAST than Sobol, it is still a computationally

expensive method when compared to Morris.

2.8.2.4 PAWN method

The PAWN (derived from author names) method [188] is designed to be used in con-

junction with variance based analysis. In some cases the variance is not an accurate
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measure of sensitivity, therefore the PAWN method was developed to examine the en-

tire output distribution. A cumulative probability distribution is generated to describe

the output.

This method is particularly useful if the output is especially skewed or multi-modal.

The required number of model evaluations for this method is N = Nu + k(nNc) where

Nu is the number of samples of inputs at nominal values, n is the number of condition-

ing values, Nc is the number of conditioned samples. This is the case as the method

uses a two stage process whereNu samples are used to generate a cumulative density

function which is then compared to a conditioned cumulative density function gener-

ated from Nc input samples. Typically n is in the order of a few dozens and Nu, Nc are

in the order of a few hundreds.

2.8.3 Sensitivity analysis tools

A popular toolbox which includes a number of global sensitivity analysis techniques is

the SAFE toolboxwhich is implemented inMatlab [193] (additional details given in [194]).

This is implemented in matlab and therefore can be easily used to assess sensitivity

in models implemented on the matlab platform. This toolbox is available for free and

the documentation is freely available with open access meaning it is ideally suited to

academic work.

Additional commercial software packages exist, such as the Vanguard software pack-

age [195] and implementations in R [196]. However, as there is a cost associated with

the Vanguard package and R is not used within this PhD these are not considered any

further.

2.9 Summary

This chapter has presented the theoretical background which the following work builds

upon. This is through analysis of energy storage, electric vehicles and renewable energy.

A summary was also presented on the various options for research and computation

methods for use in this project, of these, the methods selected are:
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• OpenDSS - selected for use of the IEEE test case feeder, and the open source

nature of the programme.

• Genetic Algorith - Given the stochastic nature of the optimisation problem consid-

ered in this these, heuristic methods must be used. Additionally, the implementa-

tion of the genetic algorithm in matlab allows for integer specification of values:

important in this work due to the discrete nature of some of the variables (eg. no.

of charge points).

• Morris method implemented in the SAFE toolbox - The morris method is car more

computationally efficient than the other global sensitivity analysis tools, an impor-

tant factor given the complexity of the approaches used in this thesis. The SAFE

toolbox allows for simple integration into Matlab and some degree of customisa-

tion.





Chapter 3

Predicting EV Charge Demand in the

UK

This chapter aims to create a method to enable robust, representative generation of EV

power demand data. Thiswill be used to inform awider HREVCmodel developed in later

chapters. The intermittency of the renewable energy resource (which is to be integrated

into anHREVC) causes the temporal nature of the EVdemand to be of particular interest.

If, for instance, the EV demand has a peak at midday, there will be clear synergies with

solar power, however, sustained demand through the night will lead to difficulties when

attempting this match. Additionally, there is a need for the EV demand throughout the

charge cycle to represent realistic charging patterns.

The predicted EV demand can then used used to inform a model of the HREVC which

is used to assess the system feasibility and calculate optimum values of design vari-

ables. As this will be heavily dependent on the nature of the EV demand there is a clear

requirement for the work in this chapter.

The aim of the work set out in this chapter is, therefore, to create amethod of predicting

the EV power demand at an HREVC throughout a given time period.

3.0.1 Novel contributions

The novel contributions found in this Chapter 3 are highlighted below:

63
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1. A novel method is proposed for predicting future EV battery capacity distributions

in a future scenario when the EV market has become balanced and reflects the

use and purchase patterns currently seen with conventional vehicles.

• This is discussed in detail in Section 3.2.4.

2. A novel method for predicting HREVC power demand patterns in a locationally

dependent way at any location on the SRN in the UK is explained.

• This method uses new data which has not previously been used for a similar

study, mined from the Open street map. This is discussed in Section 3.1.1.

• Discreet probability distributions for journey distance for each hour of the day

are generated. These can be used to temporally predict demand at HREVCs.

This is highlighted in Section 3.2.2.

3.1 Background

To generate the demand pattern at an HREVC requires an understanding of the factors

which will lead an EV to use the HREVC. Since EV charging can largely be achieved at

home [87], it can be assumed that most journeys begin with a fully charged battery.

Therefore, an HREVC will be needed when the journey distance exceeds the range of

the EV. To find the demand at an HREVC then, two questions must be answered:

1. What is the range of the EV?

2. What is distance of the journey?

The range of the EV is linked to the battery capacity of that EV. Very little research has

been conducted in the literature on the subject of predicting future EV battery capacities.

On a broader sense, many reports have stated an expectation for EV battery capacities

to increase and costs of battery packs to reduce [32], [150] and [151] however quanti-

tative analysis is often lacking. It is therefore desirable to develop a method to predict

future EV battery capacities.

Within this area four main questions must be asked to determine the modelling proce-

dure [197]:
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1. How many Trips will there be?

2. Where do the trips go?

3. How will people travel?

4. What route will they take?

This approach can lead to some very complex models which are beyond the scope of

this PhD as the main aim of transportation modelling here is to find the distance and

time at which EV journeys occur. The particular route is not of concern at this stage

and the mode of transportation is predefined as EVs. Nonetheless the principle of the

modelling approach should be adhered to by finding reliable data in order to answer the

remaining questions.

3.1.1 The Open Street Map

The Open Street Map [6] is an online, open source map which is under an open license,

as such, anybody canmake changes to it. A screen-shot is shown in Figure 3.1. Crucially

for this work, it also has the capability for anyone to upload GPS traces onto it. These

GPS traces are available to anonymously download and the overall size of the data is≈

250GB. This has led to a dataset consisting of 848,062 journeys which are available to

download. Whilst these tracks cover all aspects of daily movement of the uploader, a

proportion of them are journeys relevant to the HREVC model.

This repository has received little academic interest, however, the information it holds

could provide critical insight for many fields of work. It is the aim to use this journey

data repository in order to find travel patterns along main roads in the UK to enable a

prediction of HREVC demand. Specifically, detailed traffic count data is widely available

for many roads in the UK. This is not adequate for predicting HREVC use as the distance

of each journey being counted is not known. However, the open street map can be used

to find journey distance patterns which can then be added to the existing traffic count

data. This enriches the existing data resource and allows for more accurate HREVC use

predictions.
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FIGURE 3.1: Screen-shot of the Open Street Map showing the United Kingdom.

3.1.2 Assumptions used in this work

Any modelling approach must be based on assumptions about the system which is to

be modelled. In this chapter, there are two on which the work is based.

1. Firstly, it is predicted that EVs will be used in the same manner as conventional

vehicles today. This accounts for two specific assumptions, firstly that the pro-

portion of EVs within each segment (i.e. mini cars, small cars etc) is the same

as that for conventional vehicles. Secondly, the journeys made by EVs will be the

same as thosemade with conventional vehicles. Ceteris paribus, this assumption

is thought to be valid as the motivations for buying and using a vehicle are tech-

nology agnostic i.e. a vehicle user needs to go from one location to another at a

certain time, this need is not dependent on the type of vehicle which is used to

provide this transportation need. This assumption was examined by [198] where

EV trials revealed the similar use patterns to conventional vehicles with the ex-

ception of long distance journeys. The range of EVs has increased substantially

since this work was published, which suggests that similar use patterns will now
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extend to journeys of longer distance. This assumption has been used in many

works (e.g. [199] [200] [148] [201]) and discussed in greater detail by [202].

2. Secondly, psychological factors which may affect EV use are not considered in

this thesis. This assumption is made in order to maintain simplicity in the simula-

tion. There are two likely implications of this. Firstly, it is assumed that there is no

link between the type of vehicle being used and the journey it takes. Thematching

between generated EVs and journey distance is entirely random in this method.

Therefore psychological factors such as “I use my EV for a lot of long distance

journeys, so I will buy an EV with a high range” are not considered. Secondly, it is

assumed that the driver will use the last feasible HREVC prior to the EV SOC reach-

ing zero. Therefore, any fear associated with having a low SOC leading to earlier

charging is not considered, neither is a charging method designed to save money

and time by arriving at the destination at or close to zero SOC. Linked to this, the

EVs are each charged to 100% usable SOC when visiting the HREVC, thereby elim-

inating any preference the driver may have. This assumption greatly improved the

simplicity of this study and allows for the use of the Open Street Map dataset.

However, there may be some associated limitations with this assumption high-

lighted in the literature. For example, leading EV charging infrastructure providers

suggest that the provision of public charging infrastructure leads to EVs driving

further and charging their vehicles more often [203] this correlation could not be

possible for ICEs. Equally, reference [204] suggest that EVs will often be used as a

second car in a household, leading to shorter journeys and a reduced need for high

capacity batteries. These references look at current EV use where there is no con-

sensus on how the future use of an EV (where battery capacities have increased

and costs have fallen) compares to that of an ICE. Therefore, this assumption is

thought to be the best approach for this work.

3.2 Method

If the assumption that probability of an HREVC charge event during a trip is linearly pro-

portional to the distance of that trip, then it follows that the method needed for HREVC
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use prediction is dependent on finding the distance against time of day for trips occur-

ring on the SRN.

There are substantial, freely available data sets, published by the UK government and

Highways England regarding traffic flow. These have been collated through counting

the number of vehicles passing a certain point for set periods [205].

It is desirable to configure an approach for predicting HREVC demand which uses this

data as it is both geographically dependent and has high temporal resolution. It could

therefore be used as a tool for predicting HREVC demand dependent on geographical

placement. As the number of journeys passing near the HREVC can be assessed by the

traffic flow data, an accurate method for predicting the distance of those journeys is

needed. Such a method is presented in this work.

In this work, journey data from GPS traces were used to generate probability distribu-

tions of the journey travelled for each hour of the day. Thus, dependent on the time of

day of the journey, it’s distance can be stochastically predicted based on real-world jour-

neys available in open-source GPS tracks downloaded from the Open Street Map [206].

The need for a high-rate charge during this journey can then be calculated if the battery

capacity and energy usage per mile of the EV is known. With an average speed then

applied to the journey, the time and energy demand of the high rate charge instance can

be calculated.

The initial input for thismethod of HREVC demand prediction is the number of EVs using

the SRN each day. For each of these the following calculations are carried out:

1. Calculate battery capacity

2. Calculate departure time

3. Calculate distance of journey

4. Using results from calculations 1-3, calculate whether the range of the EV is suffi-

cient for the journey distance. If it is not, then the EV must utilise the HREVC.

These calculations filter out the EVs which do not need to use the HREVC. Further cal-

culations are then needed to determine the specific use case of the HREVC for each EV.

These are:
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1. Calculate point along journey at which charging occurs.

2. Calculate time to begin charge.

3. Calculate SOC of EV when arriving at the HREVC.

The results of these calculations, with the battery capacity of the EV, form the outputs

from the EV demand prediction model. The method briefly covered here is discussed in

detail in the following sections.

The five main steps within the method presented in this thesis are as follows:

1. Extraction of relevant journeys from Open Street Map GPS Track Dump. Detailed

in Section 3.2.1. Assumed to be those journeys which intersect with the SRN.

2. Prediction of journey distances for each hour of the day. This will be achieved

through fitting probability distributions to extracted journeys. The aim of this pro-

cess is to create a probability distribution for each hour of the day which can be

used to predict the distance of a given journey which has its mid point (in time)

within that hour. This information can be used to find the time of arrival at the

HREVC and estimate the EV’s State of Charge (SOC) at arrival. This is detailed in

Section 3.2.2.

3. Production of locationally dependent probability distributions of journey distance.

This is achieved through scaling the probability distributions to the traffic flow ob-

served at the chosen site. This is detailed in Section 3.2.3.

4. Prediction of battery capacities of the EVs which will use the HREVC. This is re-

quired to find the energy demand for a given EV if the initial and final SOCs are

known (through use of probability distributions created in steps 2 and 3 above).

This is achieved through probability distributions fitted to characteristics in the

current conventional vehicle fleet in order to predict a future case where EV own-

ership is widespread. This is discussed in Section 3.2.4.

5. Execution of Stochastic Simulation. In this step, random numbers are generated

from the probability distributions. In this way, an EV is given a battery capacity, a

journey distance and a departure time. This information is then used to calculate

the HREVC demand. This is detailed in Section 3.2.5.
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3.2.1 Data Mining Approach

As the dataset is large a data mining approach was utilised to find relevant GPS traces.

The aim of this approach was to identify all the traces which overlapped with the SRN.

As very little walking or cycling is conducted on the SRN it is assumed that each GPS

trace which intersects with it is a vehicle journey.

The strategic road network is managed by Highways England. A shapefile describing

the land managed by Highways England is available as an open source download from

the data.gov.uk repository [207]. This is shown in Figure 3.2.

FIGURE 3.2: Highways England Shapefile shown at macro and micro scales. The area
in green represents land managed by Highways England.

Examples of some of the GPS traces can be seen in Figure 3.3. Each journey consists of

a number of GPS points, with a timestamp. As the timestamps follow in chronological

order, these points can be joined to form a trace.

Individually assessing each point on each GPS trace to determine whether it lay within

the bounds of the SRN shapefile would have been far too computationally intensive
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FIGURE 3.3: Example GPS traces from the Open Street Map shown at 3 scales.

(indicated time to compute this was 3 years!). As such, an imaginary box was con-

structed for each GPS trace, the edges of which lay at the furthest bounds of the jour-

ney, this could then be assessed for intersection with the SRN shapefile. This reduced

the computational time substantially. A schematic example of this method is shown in

Figure 3.4.

FIGURE 3.4: Representative, schematic journey with grey box showing the area which
would be assessed for intersection with the SRN shapefile.

After running this datamining procedure on the dataset, the number of relevant journeys

on the SRN was found to be 2287.
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3.2.2 Constructing Probability Distributions from Mined Data

The aim of using the Open Street Maps GPS tracks was to create representative prob-

ability distributions of journey distance. In order to achieve this, the filtered GPS tracks

were split into distinct arrays dependent on the mid point in time for that journey. This

gave 24 datasets each corresponding to the previous hour. Journeys with distance of

less than 1 mile were removed as they were assumed to be anomalous for journeys

on the SRN. The 24 datasets can then be used to generate probability distributions for

each hour of the day. The mid point in time for each journey was used to generate the

probability distributions since, in the general case, this is the point at which the EV is

most likely to be using the SRN and therefore able to use the HREVC.

It was decided that for this task, the log-normal distribution was not suitable as it does

not represent the varying shape of the distribution of journey distances exhibited in dif-

ferent hours of the day (in particular journeys beginning early in the morning do not

follow a log-normal distribution shape). For this feature either the Weibull or Gamma

distributions must be used. The gamma distribution assumes an equal chance of a

journey termination in each timestep, however the Weibull distribution allows for either

increasing or decreasing chances of journey termination as the journey progresses.

This feature of the Weibull distribution was found to enable a better fit to the journey

distances found and also to provide distinction between journeys beginning at different

times of the day.

The Weibull distribution was therefore selected for fitting to these datasets. It is com-

monly used in failure and reliability analysis. In this use case, the predicted variable x

refers to the lifetime of a component allowing a prediction of the “time-to-failure”, how-

ever, in this work it refers to the point at which the EV journey finished or the “distance-

to-end”. Therefore, this use of the Weibull distribution can be seen to be appropriate for

journey length prediction. This is supported because the Weibull Distribution can have

a long tail, which reflects real world journey distance distributions well as high journey

distances are relatively common and would not be evident if a gamma or log-normal

distribution were chosen.

The three parameter Weibull distribution is shown in Equation 3.1:
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f(x) =
γ

α

(
x− µ
α

)(γ−1)

exp

(
x− µ
α

)γ
(3.1)

Where:

• γ is the shape parameter.

• α is the scale parameter.

• µ is the location parameter.

µ indicates the beginning value of the distribution and is commonly equal to zero i.e. a

journey distance of zero at the start of the journey. In this case the Weibull distribution

becomes:

f(x) =
γ

α

(x
α

)(γ−1)
exp

(x
α

)γ
(3.2)

An example of the fit of the Weibull distribution to the measured data is shown in Fig-

ure 3.5. The distribution returns a higher number of very short journeys than is observed

in the GPS traces. However, as the model concerns itself only with the journeys of high

distance, accurately predicting probability of high mileage journeys is the key output of

the selected distribution.

This fitting procedure was carried out for each array of journey distances (accounting

for each hour of the day) as shown in Figures 3.6 and 3.7. However, despite the size of

the original dataset, in the hours 02:00-04:00, 05:00-06:00 and 23:00-00:00 there were

not enough journeys to generate a probability distribution (<5).

It it not surprising that, for the majority of the hourly distributions γ is less than 1 as

drivers are more likely to reach their destination as distance increases. However, for

journeys beginning between 22:00 and 23:00 this is not the case. This parameter of

the distributions alone does not reveal the propensity for long distance journeys in each

hour though, the scale parameter is needed for this.

The scale parameter α is the mean journey distance. This is not constant through the

day. In the morning for the hour 04:00-05:00, a distinctly higher mean journey distance



74 Chapter 3 Predicting EV Charge Demand in the UK

0 10 20 30 40 50

Journey Distance (miles)

0

10

20

30

40

50

60

70
F

re
qu

en
cy

GPS trace data
Weibull Distribution Fit

FIGURE 3.5: Histogram of GPS trace journey distance over duration 1400-1500, over-
layed with the fitted Weibull Distribution.

is observed (Figure 3.7). This could be caused by a preference for long distance, non-

routine, journeys to be started in the morning.

This effect is further seen in Figure 3.8 which shows the probability that a journey will

finish by given distances, as calculated from the Weibull Distributions for each hour.

For journeys with mid-points between 04:00 and 08:00 a preference for long distance

(>100 mile) can be seen. The hours with the highest probability of short journeys are

between 16:00 and 18:00 with the probability of long journeys beginning in this window

becoming small to non-existent. This representation is independent of the frequency

with which journeys begin, which is clearly higher during busy periods (see Figure 3.10).

To make a prediction of the number of journeys of a given distance being undertaken

at a given time, this analysis must be combined with measured traffic flow data.
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FIGURE 3.6: Weibull Shape parameter for each hour distribution.
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FIGURE 3.7: Mean journey distance against time of day for Weibull Distributions.
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FIGURE 3.8: Cumulative probability of journey distance for each hourly probability dis-
tribution.

3.2.3 Including Traffic Flow Data

The Highways England data repository [208] is a rich source for traffic flow data in the

UK. 15 minute resolution vehicle count data can be found for all the roads on the SRN.

Additionally, it is possible to select the section of road at which the traffic flow count

is desired. The database is also kept up to date with monthly updates for each road

section.

This data resource is used in this work to provide relevant traffic flow data. Indeed, this

method of high rate EV demand prediction was designed to be used as a tool with this

dataset such that EV demand can be calculated in any location on the SRN.

For example Figure 3.9 shows the measured traffic flow for a section of the A45 on

01/06/2014.

For this data to be useful in predicting high rate EV demand at this section of the A45,

the Weibull distance distributions can be utilised with the number of journey distances
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FIGURE 3.9: Measured traffic for the A45 (between A509 and A509) on 01/06/2014.

predicted, using the probability distribution, for each hour, dependent on the measured

traffic flow for that hour. This gives a detailed distribution of the number of journeys

of certain lengths being undertaken in a given hour. A representation of this analysis is

shown in Figure 3.10. Importantly, the figures shown in Figure 3.10 can be recreated for

any point on the SRN by using the traffic flow data for that point.

In order to use this analysis to predict the demand for the HREVC the capacity of the

EV battery must first be assessed. This will allow a calculation of the EV range and

therefore, whether a HREVC must be used en-route in order to complete the journey.

The work covering this analysis is discussed in the following section (Section 3.2.4).

3.2.4 EV Battery Capacity Prediction

An estimation of the distribution of future EV battery capacity (Ecap) has been formu-

lated from the market share of current vehicle segments. Previously proposed vehicle
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FIGURE 3.10: Predicted journey distances for the A45 (between A509 and A509) on
01/06/2014.

segmentation characteristics is shown in Table 3.1 from [209], this follows the segmen-

tation employed by the European Commission and adopted in the UK. A UK source of

this data was sought, however, the inclusion of the mean and standard deviation of en-

gine capacity and mean annual mileage with the market share for each segment led to

the selection of this reference for the data source. The market share for each segment

of vehicle in the UK is similar to that presented by [210].

Since the conventional vehicle market is mature, it can be assumed that proportions of

each segment of vehicle are likely to remain the same after electrification, specifically,

the mean annual mileage and the market share of each segment will remain constant.

Therefore, with these assumptions, in order to predict the distribution of Ecap in a fu-

ture fleet of EVs a prediction must be made for the mean and standard deviation Ecap
within each segment. This will differ from the current distribution of EV capacities as

the priorities of future EV buyers will be different from the current early adopters [211].



Chapter 3 Predicting EV Charge Demand in the UK 79

In order to use this assumption to generate EV battery capacity distributions a relation-

ship must be sought between a current attribute of the vehicles and Ecap, so an equiva-

lent attribute toEcap in conventional vehicles must be used. Although both the capacity

of the fuel tank and Ecap are directly proportional to vehicle range, the cost of the fuel

tank is very low and adding additional capacity is relatively easy. This is not the case for

Ecap where additional capacity is very costly. Additionally, for the most part, fuel tank

capacity is not a primary driver for purchasing decisions in the same way that battery

capacity will be [212]. For this reason, the engine capacity is taken as proportional to

equivalent Ecap.

Whilst at first impression this may seem illogical, a larger battery pack will lead to a

greater available power in the same way as a larger engine capacity. The sales of each

segment of vehicle are largely driven by consumer preferences, in this context, the bat-

tery capacity is a primary driver for purchasing decisions in the same way as engine

capacity. Indeed, EV manufacturers use the Ecap value for branding (displayed on the

body of the EV) in the same way as conventional vehicle manufacturers. This is likely

to be due to customer perception that a higher capacity battery correlates to a more

capable and expensive vehicle. This assumption is backed up by Hidrue et al [212] who

conducted a study of the willingness to pay for enhanced features of EVs, it was seen

that consumers are willing to pay substantially more for higher range and faster charg-

ing capabilities.
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TABLE 3.1: Market share of vehicle segments in the EU in 2011 [209].

Segment Segment Name Examples Market Share (%) Engine Capacity (l) Mean Annual Mileage
u σ

A Mini Cars Fiat 500, Smart ForTwo 8.7 1.12 13.4 8600
B Small Cars Vauxhall Corsa, Peugeot 207 26.0 1.34 14.5 10800
C Medium Cars Volkswagen Golf 23.3 1.63 22.8 13300
D Large Cars Ford Mondeo, BMW 3-series 11.0 2.02 36.4 15900
E Executive Cars Audi A6, Lexus GS 3.3 2.48 59.5 17500
F Luxury Cars Mercedes S-Class 0.3 3.76 97.8 13000
J Sport Utility Cars Toyota RAV 4, Hyundai Santa Fe 10.3 2.08 56.2 14000
M Multi Purpose Cars Citroen C4 Picasso, Honda F-RV 13.1 1.66 28.2 16800
S Sport Vehicles Maxda MX-5, Porsche 911 1.3 2.45 110.3 8700
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TABLE 3.2: Classification of current EVs capable of high rate charging

EV Model Ecap Segment
BMW i3 18.8 B
Kia Soul EV 27 C
Citroen C-Zero
Mitshubishi i-Miev 16 A
Peugeot iON
Nissan Leaf 24-30 C
Tesla Model S 70-100 F
Tesla Model X 90 J
VW E-Up 18.7 A
VW E-Golf 24.2 C

In order to find the relationship between engine capacity and Ecap, current EVs (Table

2.3) are compared to conventional vehicle counterparts. First, these EVs are classified

into the European Commission segments. This is shown in Table 3.2.

The ratio Ecap
EngineCapacity is then found for each segment, as shown in Table 3.3. There is

some variation here due to the relative immaturity of the EVmarket and recognising that

the Tesla vehicles have proportionally larger batteries. Since the aim is for an indicative

ratio this is ignored. The mean of the Ecap
EngineCapacity ratios for each vehicle segment is

calculated to be 21.8. In this chapter values of Ecap
EngineCapacity of 30, 40 and 50 are used

as these correspond to a growth in the size of batteries installed in EVs consistent with

the future scenario assumed.

The probability distribution forEcap can, therefore, be calculated as the sum of the prob-

ability distributions for as shown in Equation 3.3. The probability density function for

each vehicle segment is scaled to the proportion of total miles driven by that segment.

TABLE 3.3: Comparison of Engine capacity and Ecap for vehicle segments

Segment Mean Ecap (kWh) Mean Engine Capacity (l) Ecap
EngineCapacity

A 17.35 1.12 15.49
B 18.8 1.34 14.03
C 26.06 1.63 15.99
D - 2.02 -
E - 2.48 -
F 85 3.76 22.61
J 85 2.08 40.87
M - 1.66 -
S - 2.45 -



82 Chapter 3 Predicting EV Charge Demand in the UK

This is achieved by multiplying each segment by the market share and mean annual

mileage for that segment. A log-normal distribution is assumed for each vehicle seg-

ment since a normal distribution is assumed, but zero or negative values of Ecap do not

make sense, and so attenuation of the probability of small values of Ecap is useful.

PDFEcap =
S∑
A=i

Mi · Yi ·
1

σi
√

2π
e

−(Ecap−(µi×21.8))2

2σ2
i (3.3)

Where:

• M is the market share

• Y is the normalised annual mileage

• i is the vehicle segment

• S is the no. of vehicle segments

• µ is the mean battery capacity

• σ is the standard deviation of battery capacities

The probability density function for each vehicle segment is shown in Figure 3.11. The

two vehicle segments which have the largest impact on the overall probability density

function are B and C, this is mainly due to the higher market share of these vehicles.

Conversely, the S and F segments have very little contribution to the overall probability

density function since their market share is low. It should be noted that this is not what

is currently seen in the EVmarket, as it is distorted by an over-sized luxury segment due

to the popularity of the Tesla model S. It is expected that this factor will increase in this

case and Figure 3.12 shows the effect of this change in the future.

The sum of the probability density functions for each segment is shown in Figure 3.12.

The Ecap
EngineCapacity figure of 21.8 is derived from EVs currently available. However, as the

price of lithium-ion batteries is subject to further reductions, this is likely to change. It

is expected that this factor will increase in this case and Figure 3.12 shows the effect of

this. As this factor increases, the peaks for each vehicle segment becomemore distinct

and Ecap covers a wider range. By varying the value of this factor, a future case can be

analysed. In this case the values of 30, 40 and 50 are used.
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FIGURE 3.11: Probability density functions for Ecap for each segment of car.

3.2.5 Running the Stochastic Simulation

The relevant parameters for calculating the charge profile for the EV are described in

Section 3.2.5.2 and are the EV battery capacity, the initial SOC and the final SOC. As

such, the use of the probability density functions must result in relevant predictions of

these parameters. Additionally, the time at which a charge instance begins is also a key

output. These parameters are calculated as follows:

By generating random numbers from the distributions discussed in Sections 3.1.1 and

3.2.4 and assigning these numbers to the following variables, we find for each EV:

• D - Journey Distance (miles)

• TStart - Journey Start Time

• Ecap - EV battery capacity

The range of the EV is then calculated:
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FIGURE 3.12: The effect of varying Ecap

EngineCapacity on the probability density function for
Ecap for the sum of all segments.

Range = Ecap ×Wavg (3.4)

WhereWavg is the number of miles which can be driven for each kWh or stored energy,

this is constant for all vehicle segments. If the Range (R) is less than the journey dis-

tance (D) then a HREVC must be used. For EVs where the Range exceeds the journey

distance, the HREVC is not needed and therefore no further calculation is needed. For

the journeys where a HREVC use is required two pertinent questions now arise. Firstly,

at what distance in the journey will the HREVC use be required? And secondly, at what

time will this arise?

To find the distance, a mesh of potential HREVC locations is created, each 28 miles

(justified in Table 3.4) apart with the first being a random number in the range 0 < X <

28:
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if D > R

n = floor

(
R−X

28

) (3.5)

Where:

• n is the HREVC number

• X is a random number in the range 0 < X < 28

The selected HREVC is then the last feasible station prior to the EVs SOC reaching zero:

HREV Cdist = X + 28n (3.6)

Where HREV Cdist is the distance to the selected HREVC from the journey start point.

Thus, we have the distance after beginning the journey at which the HREVC use will

arise, hence the outstanding variable is now the journey time. For this the distance to

the HREVC is divided by themean speed and that time is then added to the journey start

time.

Tcharge = Tstart +

(
HREV Cdist

VEV

)
(3.7)

The state of charge at the HREVC can then be found by dividing the energy used to get

to the selected HREVC by the energy capacity of the EV.

SOCini =

(
HREV Cdist/Wavg

Ecap

)
(3.8)

3.2.5.1 Assumptions

These calculations are based on a number of assumptions included for simplicity. They

are detailed in Table 3.4.

Whilst these assumptions are largely representative, the inclusion of them leads to ad-

ditional error in the model. For example, the Pavg is unlikely to be the same for each
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TABLE 3.4: Assumptions using in the calculation of the HREVC use parameters.

Variable Value Justification
EV SOC at the start 1 Overnight charging is the

of the journey main form of EV charging. This
leads to an EV beginning each
journey with full charge.

Mean Speed 48 mph Quoted mean speed in
Free Flow Vehicle Speed Statistics:
Great Britain 2015 [213].

Distance between HREVCs 28 miles This is set as a target for spacing
of services in Department for
Transport Circular 01/2008 [214].

EV Energy Use (Pavg) 3 m/kWh Conservative estimate from [215].

vehicle segment and Wavg will not always be 28 miles. However, these assumptions

are assumed to be the average across the system within the case considered and as

such, at the scale of this model where thousands of cars are simulated, have minimal

impact on the accuracy of results.

3.2.5.2 EV charge calculations

The energy demand per charge instance is dependent on the EV battery capacity, the

initial SOC and the final SOC. Therefore the energy transferred to an EV utilising the

HREVC can be given by Equation 3.9.

Etrans = Ecap × (SOCfin − SOCini) (3.9)

Where:

• Etrans is the energy transferred to the EV (kWh)

• Ecap is the battery capacity of the EV (kWh)

• SOCini and SOCfin are the initial and final SOCs of the EV battery when arriving

and leaving the HREVC respectively (0-1).

As such, the three variables; Ecap, SOCini and SOCfin are key to predicting the power

demand of the HREVC since they control the overall energy transferred to the EV and

the power profile during the charging process.
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The temporal change in power demand over the duration of the EV charge has been

derived from Tesla Supercharger power data [216]. This is shown in equation 3.10.

The charge demand for each EV can be split into two stages, the first is given by max-

imum charging power (Pmax ) until SOC is increased to SOC 0.22. The second stage

increases the SOC from 0.22 to 1 with diminishing power following the relationship de-

rived from Tesla Supercharger curves [216]. Equation 3.10 shows how the power to the

EV changes as a function of SOC.

P (t) =


Pmax 0 < SOC(t) < 0.22

Pmaxe
(−k·0.22)) 0.22 ≤ SOC(t) < 1

(3.10)

Where k is the exponential decay constant of Power with respect to SOC. With SOC

changing as a function of energy transferred and battery capacity, as shown in Equa-

tion 3.11:

SOC(t) =

∫ t
0 P (t)dt

Ecap
(3.11)

Solving Equations 3.10 and 3.11 yields Equation 3.12, where SOC(t) is expressed solely

as a function of Pmax and Ecap:

SOC(t) =
ln
(
−k
(
C − Pmax·t

Ecap

))
k

(3.12)

Where C is the integration constant found using initial conditions.

For this simulation a future situation where EV batteries have an increased ability to

accept fast charging is used, therefore Pmax is set to 300kW. It is more difficult to pre-

dict a value for k, a smaller value of k would result in a quicker overall charge, however,

this may not be achievable within the constraints of a future EV battery. In this simu-

lation, it is assumed that k remains the same as is currently observed using the Tesla

Supercharger profiles and is set to 2.0, this value is found through curve fitting.

A sample EV charge demand profile is shown in Figure 3.13.
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FIGURE 3.13: EV power demand forEcap = 100kWh, Pmax = 300kW, SOCini = 0.1, SOCini

= 0.8

3.3 Results

In order to generate these example results, traffic flow data from 3motorways in the UK

were used. These are highly utilised roads and are therefore locations likely to require

HREVC installations. The motorways selected are the M25, the main circular motorway

around London, the M3 and the M4. The location on these motorways is indicated by

the numbers of the junctions the measurement point lies between (i.e. J15-16).

An EV demand for an HREVC can now be generated stochastically for any location on

the SRN in the UK. An example is shown in Figure 3.14, showing results for the M25.

3.3.1 Effect of EV Battery Size

The effect of different EV battery size scenarios is shown in Figure 3.15 where the prob-

ability of HREVC use for each hour of the day is plotted for 3 EVcap factors (30,40,50).
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FIGURE 3.14: Example HREVC EV Demand for M25 J15-16.

TABLE 3.5: Effect of EV battery size on HREVC use for 10% EVs at the M25 J15-16.

EV Battery Capacity Factor Mean No. HREVC Uses / day Mean Total Energy (MWh)
30 58.8 2.40
40 27.8 1.47
50 13.8 0.89

Due to the tendency for long journeys to start in the morning (as shown in Figure 3.8), a

peak in demand is seen in the late morning. This is in contrast to the predictions made

in the literature; if the demand is assumed to be proportional to traffic flow, two peaks

would be evident, one in the morning and one in the evening. However, as is shown in

Figure 3.15, the journeys which are long enough to result in a HREVC use tend to begin in

the morning and lead to a high demand for charging in the middle of the day. After this

peak, demand diminishes through the rest of the day. This reduction in demand after

the initial peak is due to the increasing probability that a given journey will finish as its

distance increases, thus additional HREVC use is increasingly unlikely.

Larger EV batteries (higher EV capacity factors) lead to a later HREVC demand due to

their increased range leading to longer journey times before needing an HREVC charge.

Additionally, the overall number of charges (Table 3.6) is reduced through increasing

EV battery capacity factor as the probability of the range of the EV being sufficient to

power the entire journey increases. The predicted total energy transferred to EVs also

diminishes with higher EV battery capacities due to fewer charging instances.
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FIGURE 3.15: Probability of HREVC use against time of day for 3 different EV battery
capacity factors on the M25 J15-16.

TABLE 3.6: Effect of location on number of uses per day of the HREVC with an EV ca-
pacity factor of 30 and an EV penetration of 10%.

Location Total Traffic Flow Mean HREVC Uses / day Percentage Use (EVs)
M25 J15-16 112 675 58.8 0.52
M4 J17-18 45 474 31.4 0.69
M3 J13-14 64 393 43.2 0.67

3.3.2 Effect of HREVC Location

An EV demand pattern for an HREVC can now be generated stochastically for any loca-

tion on the SRN in the UK. Three locations have been selected for illustration purposes,

as shown in Table 3.6, and the traffic flow patterns for these locations are also shown

in Figure 3.16. To populate the data in Table 3.6, the simulation was repeated ten times

to achieve mean values with an EV penetration value of 10%. Clearly, when there is a

higher level of traffic flow over a road, the HREVC is utilised more. Curiously though, the

percentage of vehicles using the HREVC is not constant. In the examples studied here,

it varies between 0.5-0.7% of EVs.

The cause of this variation lies in the difference in shape of the traffic flow patterns. The
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FIGURE 3.16: Traffic flow measurements for 3 motorway locations in the UK.

M3andM4motorways have higher percentage of HREVC use due to a higher proportion

of the journeys occurring in the morning. Likewise, the M25 has sustained high traffic

flow levels throughout the day, thus, a lower proportion of journeys occur in themorning

leading to lower overall percentage HREVC use on the M25 as shown in Figure 3.16.

Using traffic flow data for different locations on the SRN, an HREVC demand pattern

can be generated for each of them. An example of this is shown in Figure 3.17. For

these simulations, the number of EVs was assumed to be 10% of the overall traffic flow,

the peak charge power for each EV was 300kW and the EV battery factor was 30. Of

these EVs, 0.5-0.75% required an HREVC to complete the required journey. The main

difference in the demand, arising from simulating different HREVC locations, is the dif-

ference in magnitude. There is more traffic flow on the M25, which results in higher

HREVC demand.

3.4 Discussion

The method to predict EV charge demand uses existing travel data sources in the UK

and adds to them through the information gathered in the Open Street Map GPS track

dump. When comparing the HREVC use patterns derived in this thesis to those in the

literature, some differences are evident. The HREVC demand patterns derived here ex-

hibit a greater tendency to have high demand levels in the early afternoon than other

methods used in the literature. This effect is partly due to the nature of the data ex-

tracted from the open street map and partly due to the novel methods presented. This



92 Chapter 3 Predicting EV Charge Demand in the UK

FIGURE 3.17: HREVCdemand stochastically generated for three locations in the UK from
traffic flow data available for that location, assuming an EV penetration of 10%.

method does not rely solely on traffic flow measurements which gives a tendency to

produce an HREVC demand pattern with two peaks, each aligned with the times of high

road use. A single peak in HREVC demand is predicted here which aligns with other

methods which also do not assume proportionality with traffic flow, such as the work in

ref [147]. Contrasting the previousmethods which do not assume proportionality to traf-

fic flow ([147] [148] and [149]) to this work, an earlier peak in demand is predicted here.

This is due to the travel patterns observed in the Open Street Map GPS trace dump. A

tendency for long journeys to begin in the morning was observed. As this data has not

been previously used for similar work it is not surprising that there are differences in the

outcomes. The journey information extracted from the open streetmap relates solely to

main roads in the UK, it is therefore an important consideration for future planning de-

cisions that demand on these roads may be different to that generally seen in literature

from around the world. Additionally, it should be noted that the method presented here

avoids the need for expensive and time consuming vehicle tracking. It also provides a

more general, locationally dependant result.

Thismethod also allows for locationally dependant predictions of HREVC demand. This

will enable informedplanning ofHREVCson theSRN.Whilst a general increase inHREVC

demand can be expected with roads with higher traffic flow, the characteristics of that
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traffic flow are also important in predicting HREVC demand. A higher than average

traffic flow in the morning will result in a more distinct peak in HREVC demand, whilst

HREVC demand which is more consistent through the day is seen on roads which have

lower than average demand in the morning. Understanding this effect and its depen-

dence on location is important in HREVC design as a demand with a distinct peak will

need greater power availability and a larger number of charge points than one with a

sustained demand pattern through the day (assuming the same overall charger usage).

The assumption that EV SOCs are equal to 1 at the start of the day will not hold for

all cases. Specifically, the low power levels available in a domestic setting may not be

capable of returning an EV with large battery capacity to full SOC within the duration

of overnight parking. Therefore there may be additional uses of an HREVC, by owners

of EVs with high battery capacities, to compensate for this which are not predicted in

this thesis. Additionally, there may be usage of the HREVC which is not related to long

journeys in the way presented, such as charging in preparation for a journey at a later

time. There are inevitably many factors such as these which may, or may not, affect the

use of HREVCs which a predictive tool such as that proposed in this work is unlikely to

sufficiently represent, however it is important to be aware of them and of the potential

effect on the charging pattern they may have.

The choice of theWeibull distributionmay lead to an under-reporting of the overall num-

ber of charges per journey due to over estimation of short journeys (< 1 mile) which do

not lead to an HREVC charge. This has been addressed in this work by the removal of

these < 1 mile journeys. However, the improved fit with longer distance journeys which

is enabled by use of the weibull distribution leads to greater accuracy of the prediction.

For this reason, over estimation of short journeys is likely equalled by under estima-

tion of medium length journeys, leaving long journeys accurately represented. This is

enabled through varying the rate at which the probability of journey finish varies with re-

spect to the journey distance (by varying the shape factor) and a preference for accurate

fitting of the tail of the distribution. This effect was important as accurate predictions

of long distance journeys are clearly the priority of this work.

It is impossible to state the accuracy of this work as it is studying a future scenario,

and so real world validation is impossible. However, the data used for the probability

distribution is from a wide range of real journeys conducted on the specific type of road
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in question, and the locational element arising from the traffic count can also be veri-

fied for accuracy. Therefore, with the combination of these the charge demand arising

from traffic flow should be accurately predicted. The method for forecasting EV battery

capacities introduces uncertainty as there is clearly no reliable way of predicting future

purchasing patterns for EV consumers, or indeed the overall number of EV consumers.

However, new data is continuously being published in this area and as the EV market

grows and becomes more generally accepted this forecast can be updated.

Thismethodwas designed to be practical and easy to use for developers of EV charging

stations. This is due to the ready availability of traffic flow data. Developers can down-

load the traffic flow data for their desired location - or a range of potential locations -

and use the methods presented here to predict the nature of the HREVC demand. This

forms a powerful tool for planning of the HREVC network.

This work enables improved accuracy of HREVC power demand predictions, both at

the current time and for the future. It has also opened the possibility of analysis of

the role HREVC power demand can potentially play in the wider energy system. For

example, an earlier peak in HREVC demand, as is suggested here has the potential to

offset grid unbalances caused by increasing solar power generation. So, this work has

wider implications than those of just HREVC design.

3.5 Conclusions

In conclusion a novel method for predicting EV demand at HREVCs has been presented.

Critically, this predicts HREVC demand in the UK, using data arising from the UK, in a

locationally dependent way. Therefore, HREVC demand can be predicted for varying

locations in the UK by using traffic flow measurements from that location.

It has been shown that ≈ 0.5% of SRN journeys undertaken by EVs result in HREVC

use. This figure is weakly dependent on the battery capacity factor assumed in the

simulation. Additionally, larger EV batteries result in a later peak in HREVC demand

The novel HREVC demand prediction method presented here shows strong potential

for pairing with solar power. The demand shapes shown in Figure 3.17 align with the
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expected PV generation more strongly than when other methods for predicting HREVC

demand have been used in the literature.

This work, therefore, provides a basis for further work to explore the potential for inte-

gration between HREVC demand and solar power generation.





Chapter 4

High Rate Electric Vehicle Charger

Model

Chapter 4 illustrated the potential correlation between the power demand at HREVCs

and solar power generation patterns, and this is further explored in this chapter.

Initially, a statistical analysis of the two aspects (solar energy supply and EV energy

demand) of the system is made. This has the aim of qualifying whether a system such

as this is viable.

An important aspect of an HREVC system powered by solar power is the associated

energy store. The control of the charging and discharging of the energy store must be

managed effectively to increase its effectiveness, this is further examined in the second

section of this chapter where the model methodology is developed.

Then, the potential use cases of an HREVC with OVES are investigated with particular

emphasis on the role an OVES can play in incorporating the HREVC demand with solar

power.

4.1 Novel Contributions

Novel analysis of HREVC with OVES and associated solar energy is a key contribution

of this chapter. This includes:

97
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1. A unique HREVC model has been produced. This is detailed in Section 4.3.

• Integration of EV queuing and limited charge points as discussed in Sec-

tion 4.3.3.1.

• A novel OVES charging methodology is presented in Section 4.3.6 - charge

rate responds to seasonal changes in solar farm production. This is work

published in the paperDynamic charging algorithm for energy storage devices

at high rate EV chargers for integration of solar energy [217]

2. Analysis of two potential use cases for an HREVC:

• Solar farm with HREVC - Section 4.4.1

• HREVC with small solar - Section 4.4.2

4.2 Statistical analysis

The EV demand patterns predicted in Chapter 3 show a peak in demand in the middle

of the day and diminishing demand in the afternoon. This is similar to solar power gen-

eration patterns. This is advantageous for implementing an HREVC powered by solar

PV as a good correlation between electricity generation and demand reduces the need

for associated energy storage and the reliance on grid power.

To assess the potential correlation between EV power demand at HREVCs and solar

power generation, effective and relevant datasetsmust be used. I.e. datasets which are

dependent on as few factors as possible. For this, an average EV demand profile was

generated by finding themean traffic flow across three locations (same as those used in

Figure 3.17) with the intention of removing dependencies on location within the dataset.

This data is then used as a representative example of high rate EV power demand in this

statistical analysis.

As high resolution solar power generation data for large solar farms (>1MW) is difficult

to find, only one dataset was used for solar generation data - the power output of a 5MW

solar farm in Nottinghamshire UK captured at 5 minute resolution. The mean solar day

was found by finding the average generation power for each timestep through the day,

which in turn was used for statistical analysis at the day scale.
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TABLE 4.1: Correlation between HREVC power demand and solar power for the mean
solar day and the year.

EV Factor Correlation (ρ)
Day Year

30 0.7532 0.2747
40 0.8633 0.2933
50 0.8651 0.2490

By using these datasets it was possible to find a standard representative use case for

a HREVC and remove locational and seasonal dependencies from statistical analysis.

4.2.1 Correlation

The most commonly used method for calculating the degree of interrelationship be-

tween two variables is the Pearson Correlation (Equation 4.1). This was used to find

the correlation between solar power and EV demand. This does not assume that there

is any relationship between solar power generation patterns and EV demand, as this

is clearly not the case, however, a measure of the strength of the correlation between

the two variables provides insight into the requirement for additional sources of energy

within the system.

ρ(A,B) =
1

N − 1

(N)∑
(i=1)

(
Ai − µA
σA

)(
Bi − µB
σB

)
(4.1)

WhereA,B are the variables to calculate the correlation, µ is themean, σ is the standard

deviation andN is the number of points. For this correlationmethod, a stong correlation

is indicated by a ρ value close to 1 and a weak correlation close to 0.

The correlation between these datasets was found for the mean day and the year and

shown in Table 4.1. For both of these calculations the solar generation and EV power

demand were each normalised by dividing each data point by the sum of that dataset

such that their integrals were equal to 1. Thereby the energy generated over the year/-

day and had the same sum as the energy used for EV charging in the simulation. This

corresponds to a well sized HREVC system.
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FIGURE 4.1: Normalised power patterns (total energy = 1) for mean solar day (over 1
year) and EV demand at EV factor = 50.

Analysis at the year scale shows correlation values lower than for the single day due

to the seasonal variation in solar power generation - a factor of 10 change in power

generation is seen between winter and summer. The level of correlation at the day scale

however, is high. The energy supply and demand for the day scale analysis is show in

Figure 4.1. A high level of correlation is evident, however a small amount of variation

between the two variables is also shown. Therefore, a system which enables these to

be matched will benefit as additional energy source interventions to enable matching

will be minimal in the general case.

Changing the EV battery factor changes the shape of the HREVC demand. At lower EV

battery capacities, the journey distance which requires a charge reduces. Therefore the

distribution of charge times becomes broader as the journey distance requiring HREVC

use are lower thus journeys requiring a HREVC use occur at a wider range of times. This

leads to a lower correlation over the mean day for EV Factor of 30. A similar effect can

be observed with the correlation between the HREVC power and solar power for an EV

factor of 50 over the full year. As the pattern of demand leads to higher peak powers
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FIGURE 4.2: Scatter plot of normalised mean solar day power and normalised mean EV
demand for one day.

over a smaller duration, the correlation is lower.

4.2.2 Energy pattern visualisation

Figure 4.2 is a scatter plot of the supply matched with the demand for the mean day.

There is deviation from the centre line caused by unbalance of generation and demand.

A general pattern can be seen though, as a consequence of the good correlation at

the day scale. The sum of absolute values of this difference is equal to 0.2613 - this

deviation accounts for the need for alternate power supply, such as energy storage.

However, this is a representative sample of an average day, whereas a real world system

must deal with variations in both demand and supply. Therefore, as many days in the

year will see an unbalance in power flows, it is important to assess how this affects the

need for energy storage within the system.
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To visualise the energy patterns occurring in theHREVC throughout the year the datasets

were normalised. This had the aim of modelling a well balanced system where the sup-

ply is equal to the demand at the year scale. Each value of solar power or EV demand

was divided by the total energy flux throughout the year for each variable. Therefore the

sum of both the supply and demand variables over the year are 1.

If it is intended that the OVES is capable of accommodating all of the power deviations

then it will have to absorb all the energy from the solar farm for the summer day and

provide all the energy for the EV charging for the winter day as the match between solar

and EV charging is poor at these times. This highlights the difficulty in designing an

off-grid HREVC due to the variability of solar power with the seasons.

This wide variation in weather conditions leads to a non-ideal system. The effect of

this is seen in Figure 4.3. There is clearly a range of solar power generation levels, and

while there is a smooth distribution over the year, the power level for any one moment

has a wide level of uncertainty. The same can be said for the EV demand but to an even

greater degree with a 10 times wider range of possible values. Therefore there is no well

defined correlation between these variables and clearly a need for an additional element

in the system which is capable of balancing the system power for various scenarios

throughout the year. Additionally, an OVESwill be required to discharge at a significantly

higher rate than it will be required to charge since the highest EV demand power is a

factor of 10 more than the highest solar power value for a normalised system.

4.2.3 The requirement for energy storage

Imbalances between the solar generation and EV power demand through the duration

of the day can be found by examining the sum of the difference between supply and

demand up to that point in the day. If all this deviation is accounted for by an energy

store, it stands to reason that the capacity of that energy store must be large enough to

accommodate the range of cumulative sum values over the given period.

This analysis is shown for the mean solar day and mean EV demand in Figure 4.4 over

the day scale using an EV factor of 50. The indicated necessary capacity from this

analysis is 0.91kWh/kWp i.e. 0.91 kWh of energy storage is needed for each kWp of
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FIGURE 4.3: Scatter plotwith histograms showing data point density of normalised solar
power and normalised mean EV demand for one year.

solar power. It can also be seen that the OVES will perform 2 cycles a day in this general

case.

When the scenario of an energy store balancing the HREVC power deviations for a year

is examined the required capacity is far larger than for one day. The requirement for

the energy store changes dramatically and it is now required to perform seasonal en-

ergy storage; storing solar power generated in the summer to power EV charging in the

winter. From Figure 4.5 this leads to a necessary capacity of 248kWh/kWp. The energy

store is then required to do just one cycle per year.

Clearly, inter-seasonal storage is not viable for an energy store in an HREVC as a typical

solar farm would need an OVES capacity of 50-250MWh. However, at 0.91kWh/kWp,

energy storage at the day scale is viable. For the OVES to add value throughout the year,

a larger capacity than that may be needed, further analysis is necessary to substantiate

this claim through a more detailed model.

If it is not viable for the OVES to balance power deviations over the whole year and a

smaller OVES capacity is used for day-scale deviations then an additional power source
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FIGURE 4.4: The requirements of an OVES in balancing supply and demand in an HREVC
for the general case of one day.

is required for the HREVC to be functional. This can be provided through a grid connec-

tion. To identify the optimum usage of this grid connection to best utilise the solar

power, again, a more detailed model is generated. This is the subject of the next sec-

tions in this chapter.

4.3 HREVC Model Methodology

To provide a means for calculating the optimal design of an HREVC a model has been

developed. As it has been found that energy storage for the day scale is viable, but

this is not the case for the year scale, it is important to find a mode of operation of the

HREVC which best utilises the OVES throughout the entire year.

The model was written in Matlab and generates a temporal prediction of the grid in-

terface power for a system utilising energy storage to provide high rate charging for

EVs from solar energy. A schematic of the HREVC system being modelled is shown in

Figure 4.6. The code for this model is included in Appendix B.
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FIGURE 4.5: The requirements of an OVES in balancing supply and demand in an HREVC
over one year.

The model uses a temporal iteration loop in order to predict HREVC power flows. There

are two time-step durations dependent on the duration of the simulation: A single day

simulation uses a timestep of one second and a year simulation uses a timestep of one

minute.

4.3.1 Model Inputs

There are 7 key variables which themodel takes as inputs which are shown in Figure 4.6.

Changing these effects the way the HREVC operates through changing the relative ca-

pacities of each component.

Discussed in more detail, they are:

1. No. ChargePoints (NCP ) - The number of EVswhich can be charging at the station

simultaneously.
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FIGURE 4.6: Schematic overview of the system under consideration in the model, high-
lighting the 5 key design variables.

2. Grid Connection Capacity (GCmin, GCmax) (kVA) - The maximum available power

from the grid connection in import and export.

3. Grid Charge Rate (PGC) (kW) - The default charge rate of the OVES. This is the

minimum power the OVES will charge at when it has remaining capacity. This

power level will either be met by the grid or by the solar farm. Aminimum summer

value and a maximum winter value are taken for this (discussed in more detail in

Section 4.3.6).

4. Solar Farm Capacity (PVcap) (kWp) - The rated peak power of the solar farm.

5. OVES Capacity (OV EScap) (kWh) - The energy storage capacity of the OVES.
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FIGURE 4.7: Schematic work flow of the HREVC Model.

4.3.1.1 Input Modules

There are 3 input modules that feed into the temporal iteration calculation loop. The so-

lar powermodule uses data from a 5MWsolar farm in Nottinghamshire. Themethod for

predicting the power demandwas developed in Chapter 3. The EV demand is calculated

using two separate modules: the EV Demand module and the off-vehicle energy store

module. These are both discussed in Chapter 3. A stochastic prediction for each EV

charge session is made with this method and, similarly the EV charge characteristics.

A schematic overview of the work flow of the model is shown in Figure 4.7.

4.3.2 Model Overview

4.3.2.1 Off-Vehicle Energy Store Module

An equivalent circuit model of a LiFePo4 battery is used for the OVES. The model calcu-

lates the change in the SOC of the OVES along with the energy lost through inefficiency

each time step. All loses are assumed to be ohmic and therefore these arise solely from

voltage hysteresis (in the form I∆V ). This is achieved by calculating the voltage at a

given C-rate and SOC, from the look-up tables generated through curve fitting of voltage

and current graphs for varying charging rates. An example of which - the voltage range
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during charging of the cell - is shown in Figure 4.8. The maximum allowable power at

any SOC is calculated from the 10C charge and discharge profile.

The voltage at C-rates not falling on a specific curve are found through linear interpo-

lation. The difference between this calculated voltage and the voltage at this SOC ac-

counts for losses through ohmic heating. This model is taken from related work [216].
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FIGURE 4.8: Data used for look-up tables for the OVES Module charge voltage (8.25Wh
cell) [218].

The lifespan of the OVES is assumed to be 10 years.

4.3.2.2 Model Power Flows

It is the aim of the iterative loop section of themodel to calculate the power flowswithin

the system for each timestep, thereby performing an energy balance. The power flows

are essentially the sum of four individual power values:

• EV Demand Power (PEV ) Ideal power demand from Chapter 3 modified based on

the HREVC system constraints of grid connection and number of charge points.

This variable can only be demand, i.e. energy cannot be transferred from charging

EVs to the HREVC.

• Grid Power (PGrid) The grid power is a result of the OVES SOC, the EV demand

and the Solar Power at each timestep. The relationship between these factors
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is relatively complex due to the constraints (discussed in Section 4.3.3) and is

shown in Figure 4.9

• OVES Power (POV ES) The off-vehicle energy store is modelled through data look-

up tables. It is controlled to always fill the gap between solar power and EV charge

demand unless restrained by SOC or maximum power limits (defined by the 10C

charge profile in Figure 4.8). This control is achieved by a final energy balance

statement within the algorithm.

• Solar Generation Power (PPV ) This variable can only be generation, i.e. energy

cannot be transferred from the HREVC to the solar farm. This variable cannot be

changed by the algorithm - there is no control of the solar farm within the HREVC.

The detailed work flow of the energy balance algorithm is shown in Figure 4.9.

4.3.3 Model Equations

The energy balance solves Equation 4.2 through the algorithm shown in Figure 4.9. This

algorithm balances energy in the system through Equation 4.2 subject to a number of

constraints. Equation 4.2 is the constraint that there can no excess or unaccounted

energy within the system for each timestep. In practise this requires modification of

power flows for the charging EVs, the grid and the OVES to conform to a number of

constraints.

0 = −POV ES + PPV + PEV + PGrid (4.2)

The first constraint considered is themaximumnumber of charging EVs, shown in Equa-

tion 4.3. This cannot exceed the number of charging points specified for the HREVC.

NEV ≤ NCP (4.3)

If the EV demandmodule has predicted a charge demandwhich has led to an EV arriving

at the HREVC when all charge points are full, then the charge time for this EV will be
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FIGURE 4.9: A detailed flow diagram of the iteration loop containing the HREVC algo-
rithm. The code for this is included in Appendix B

adjusted to be equal to the time at which a charge point becomes available. I.e. a queue

will form.

Secondly, the grid power at any moment cannot exceed the capacity of the grid connec-

tion. This is shown in Equation 4.4. Different values are given to the grid capacity for

import and for export, therefore Equation 4.5 also holds.

PGrid ≤ GCmax (4.4)



Chapter 4 High Rate Electric Vehicle Charger Model 111

PGrid ≥ GCmin (4.5)

Thirdly, an available power figure is calculated for each iteration. This is equal to the

maximum power available to charge EVs, and is the sum of the solar generation power

in that timestep plus the available power from the OVES plus the grid capacity. This is

shown in Equation 4.6.

PEV ≤ GCmax + PPV − POV ESmax (4.6)

If PEV for an iteration has been calculated to be higher than the available power then the

power to each EV is curtailed by the same factor. This step enforces the grid capacity

constraint (equation 4.4).

By adjusting PEV such that the grid capacity and charge point constraints will be fol-

lowed, the algorithm can then calculate PGrid. This requires a decision, based on the

OVES SOC and the ratio of PPV , PEV and PGC as is shown in Equation 4.7.

PGrid =



PGC − PPV OV ESSOC > 0.9

0 OV ESSOC > 0.9 &PEV > PPV

PGC − PPV 0.1 < OV ESSOC < 0.9

0 0.1 > OV ESSOC &PEV < PPV &PPV > PGC

PGC 0.1 > OV ESSOC &PEV < PPV &PPV < PGC

PEV − PPV 0.1 > OV ESSOC &PEV > PPV &PPV + PEV < PGC

PGC 0.1 > OV ESSOC &PEV > PPV &PPV + PEV > PGC

(4.7)

Equation 4.7 sets PGrid each iteration to fill the gap between PPV and PEV if that lies

beyond the capability of the OVES (either through SOC or power limitations). The PGC
level allows for OVES charging at a low rate (PGrid = PGC) in the absence of PPV . PGrid
is then reduced if PPV increases to maintain an OVES charge rate of PGC .
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POV ES = PPV + PEV + PGrid (4.8)

The final stage of the algorithm sets POV ES as the difference between the other three

system powers. This ensures the energy conservation constraint in Equation 4.2 is met.

4.3.3.1 Queuing

Due to the implementation of a set number of charge points at the HREVC, the potential

for queuing becomes inevitable. The desired time for an EV to begin charging is gener-

ated prior to the iteration using the EV Charge Demand PatternModule. Each time an EV

charge session is due to commence, the algorithm looks through the charge stations,

if one is free the EV begins charging, otherwise, it is added to the queue. The order in

which the EVs enter the charge station remains constant, whether they queue or not.

Clearly, the number of charge points has a significant impact on the likelihood of a queue

forming. Figures 4.10 to 4.13 show how increasing the number of charge points both

substantially reduces the queue size throughout the day and also affects the EV charge

demand at the HREVC.

4.3.3.2 Grid Charge

PGC is set as an input. It describes the power level at which the OVES will be charged

in the absence of power flows from the solar farm. This feature allows for a reduction

in the peak grid power to be enabled under more situations, allowing the OVES to be of

use throughout the year. The grid charge feature allows the OVES to continue to perform

energy balancing at the day scale throughout the year despite the shift in solar power

generation between seasons.

A higher level of grid charge allows a smaller OVES capacity to be as effective as a

higher capacity OVES operating under a lower grid charge due to quicker recharging.

However, theOVESwould be cycledmore rigorously under these circumstances, leading

to a trade-off.
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FIGURE 4.10: EV Charge demand power
and queue for an HREVC with 1 charge
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FIGURE 4.11: EV Charge demand power
and queue for an HREVC with 2 charge

points
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FIGURE 4.12: EV Charge demand power
and queue for an HREVC with 3 charge

points
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FIGURE 4.13: EV Charge demand power
and queue for an HREVC with 4 charge

points

The grid charge feature is ineffective, though, when high EV demand leads to energy

demand which is continuously at a higher power level than that set by grid charge. In

this situation - when EV demand is higher than solar power and grid charge - the OVES

cannot charge.

Figure 4.14 shows the operation of the HREVC with a PGC = 100kW . The intermittency

of PEV is not transfered to PGrid for the majority of the day. The OVES SOC is increased

through the night and the reduction in SOC during high periods of demand is less severe

due to the additional power from the grid. However, PGC must be selected carefully as if

there is not enough power from the grid, the OVES will be ineffective due to diminishing

SOC, however, if PGC is too high the OVES will be under-utilised.
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FIGURE 4.14: Power flows within HREVC for one day. Solar farm
is removed to highlight the Grid Charge feature.

4.3.3.3 Grid Capacity

The grid capacity is the maximum allowable import/export power that the grid connec-

tion is capable of. This reflects engineering practice and network reinforcement works

are carried out based on the grid capacity required at each connection. Therefore, by

reducing the grid capacity, a lower connection cost will result. This is however, very

geographically dependent.

A low grid capacity can lead to longer charge times for each EV due to curtailment of the

charging power. This occurs under the situation where there is not enough solar power

to provide the required demand and simultaneously the OVES is discharged. Therefore,

the OVES is unable to provide the required power. Thus, if the EV demand is higher than

the grid capacity, the power level to each EV will be curtailed.

Figure 4.15 shows this happening for one day. The grid capacity is set to 150kWwith the

solar farm removed. This leads to curtailment of the EV charge power during periods of

high demand (between 0900 and 1400 in Figure 4.15). Analysis at the day scale for the

HREVC model does not lead to any conclusions as there is much variation in both the

HREVC demand and the solar generation. Therefore, analysis of system performance

at the year scale is necessary.
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FIGURE 4.15: Power flows within HREVC for one day. Solar farm
is removed and grid capacity set to 150kW to highlight the Grid

Capacity leading to EV charge curtailment.

4.3.4 Power Flows

In reality, these features of the HREVC algorithm combine in a complex way at many

timescales dependent on the values of design variables. The power flows for a typical

day are shown in Figure 4.16. The sporadic and peaky nature of PEV leads to the HREVC

changing states quickly and often throughout the day. The OVES responds to these

changes within the SOC bounds leading to rapid fluctuations in PPV ES .

4.3.5 Static grid charge effects

In order to show the effect of changing the OVES capacity on the overall energy flow

within the HREVC different graphing methods are used. The important benefit of intro-

ducing the OVES is to reduce the total energy exchanged with the grid. Both the exports

from the solar farm and imports to power the HREVC should be minimised. Therefore a

critical output from the model is the absolute sum of grid energy - as increased exports

adds to the total in the same way as increased imports.

The effect of changing theOVEScapacity for theHREVCcomponent capacities is shown

in Figure 4.17. Clearly a reduction in the absolute sum of grid power is seen, especially
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FIGURE 4.16: Power flows within an HREVC for one day.

for OVES capacities of up to 200kWh. However, despite there still being a substantial ex-

change of energy with the grid, additional OVES capacity is not as effective at reducing

this. This effect is further seen in Figure 4.18 (including higher OVES capacities). The

effectiveness of the OVES throughout the year can be seen with a cumulative sum. The

PGC does not allow for the HREVC to become self sufficient in the Summer, leading to

increasing absolute grid power through these months despite increased available solar

power.

This is indicative of under-utilisation of the OVES due to it being charged both by the grid

(during the night) and the solar farm (during the day) even though this is not necessary

with higher solar power availability during summer. This effect additionally leads to

reduced utilisation of solar power due to a needless use of the grid to charge the OVES

through the night, thereby reducing the capability of the OVES to absorb solar energy.

As, the PGC level is needed in the winter, but is deleterious to effective utilisation of the

OVES in the summer, a dynamic grid charge algorithm is introduced in Section 4.3.6.
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FIGURE 4.18: Cumulative grid interchange energy over one year
for varying OVES capacities.

4.3.6 Dynamic Grid Charge

For an effective dynamic grid charge, the power level must respond to the changing

generation patterns of the associated solar farm. In this simulation, this is achieved

by setting the grid charge power equal to the inverse of the moving mean of the solar

power subject to specified maximum and minimum power levels.

Firstly, the normalised moving average of the solar farm energy export data is calcu-

lated. Figure 4.19 shows the effect of the number of days over which the mean is cal-

culated. 100 days shows a smooth transition between summer and winter, as such this

is the data which was selected to be used as the sample for the dynamic grid charge.



118 Chapter 4 High Rate Electric Vehicle Charger Model

0 50 100 150 200 250 300 350

Day of year

0

0.05

0.1

0.15

0.2

0.25

G
en

er
at

io
n 

P
ow

er
 (

kW
/k

W
p)

MA 10 day
MA 50 day
MA 100 day
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To calculate the grid charge power for each time step of the simulation, the solar mov-

ing average array is first normalised between the limits of 1 and 0 by dividing by the

maximum value, giving PVMovMean. Equation 4.9 shows how this array is then used to

calculate PGC .

PGC(i) = PVMovMean(i)

((
1 +

PGCmin
PVMovMean(i)

)
+ (PGCmax − PGCmin)

)
(4.9)

Where:

• PVMovMean is the normalised PV generation power 100 day moving mean array.

• PGCmax and PGCmin are the specified maximum and minimum values for PGC .

Thus, the minimum value of PGC is equal to PGCmin and all values greater than the

minimum are multiplied by (PGCmax − PGCmin) such that the maximum value is equal

to PGCmax. The result of this can be seen in Figure 4.20.

By implementing a dynamic grid charge level with maximum power of 150kW and mini-

mum of zero, a reduction in the absolute sum of grid energy can be seen for a range of

OVES capacities. This is shown in Figure 4.21.
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The effect of using this technique is shown in Figure 4.22 for varying OVES capacities.

Clearly a reduction in the energy exchanged with the grid is enabled over the course

of one year. This reduction is through substantially lower grid interchange levels in the

summer arising from a lower grid charge level at these times. By comparing this figure

to Figure 4.18 a clear benefit can be seen by changing the grid charge level throughout

the year, especially at high OVES capacities.
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This effect is broken down to the change enabled, by introducing a dynamic grid charge,

in import and exports for each month of the year in Figures 4.23 and 4.24.
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As the relationship between PGC and OVES capacity needs tuning through optimisa-

tion, it is even more crucial for the relationship between PGCmin, PGCmax and the OVES

capacity. Especially as the solar farm capacity is now highly relevant to value selection.

4.4 Potential use cases

An HREVC could potentially be installed onto the grid in three ways:
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1. Solar farm with HREVC An existing, or planned, solar farm chooses to add an

HREVC to the system. In this case, it is anticipated that a constrained import

connection to the grid will be in place and the HREVC will be powered almost

entirely by the substantial solar power resource. This then provides a motivation

for the inclusion of an OVES as a way of providing the HREVC demand without

needing to import energy from the grid.

2. HREVC with small solar An existing, or planned, HREVC chooses to add a small

amount of solar power to reduce the net energy demand from the grid. In this

case, it is beneficial for all the solar power to be stored such that an export grid

connection can be avoided and all the generated electrical energy from the solar

can be used for charging EVs (minus conversion losses).

3. Bespoke installation A new HREVC installation where a motivation for powering

the charger from renewable energy exists. This may arise from financial concerns

- where the cost of a grid connection is too large to form a profitable business case

for either of the standalone systems. Or from environmental concerns - where pol-

icy has been put in place which motivates a direct link between renewable energy

and transportation. In this case, a method must be devised to find the optimal

design of this system such that it achieves the aims of maximal financial gain or

minimum environmental impact.

Therefore, the HREVC model was used to address each of these potential use cases to

assess the viability and benefit of including an OVES.

As the statistical analysis in Section 4.2 has shown that a grid connection is needed for

a well balanced system, it is of interest to asses whether a non-balanced system could

be functional without a grid connection in one direction. By this it is meant, whether a

large solar farm could power an HREVC without an import grid connection or whether

an HREVC could include a small solar installation without an export grid connection.

This is the subject of Sections 4.4.1 and 4.4.2.

4.4.1 Solar farm with HREVC

To asses the feasibility of adding an HREVC to a solar farm, a 1MWp solar farm was

simulated. A simulated EV charge demand arising from a 10% EV penetration at J15-16
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TABLE 4.2: System design variables for solar farm with HREVC simulation

Design Variable Value Unit
NCP 4 -
PVcap 1000 - 5000 kWp
OV EScap 0 - 5000 kWh
PGCMin 0 kW
PGCMax 0 kW
GCmax 0 kVA
GCmin 5000 kVA

on the M25 was then used. The system design variable values used for this simulation

are shown in Table 4.2.

Firstly, an HREVC is simulated with an import grid connection to ascertain how the in-

clusion of an OVES reduces the useage of that grid connection. In this configuration the

grid charge maximum and minimum values are each set to zero.

A key advantage of having the HREVC located at a solar farm is that the import grid

connection can be limited and the major source of power for the HREVC is that gener-

ated at the solar farm. It is important then that this idea is verified; Figure 4.25 shows

the substantial reduction in imported energy enabled by the inclusion of an OVES at an

HREVC configured as such. This reduction is enabled through charging of the OVES

from the solar farm, thereby displacing the need for grid energy.

The overall energy demand of the HREVC is 850MWh/year (as can be seen in Table

4.3). A 1MWp solar farm reduces this demand by 49.8% when no OVES is included,

this reduction arises solely from the direct interference between generated solar power

and HREVC demand. The inclusion of flexibility in the system from the OVES allows for

further reductions in the imported energy. A 73.6% reduction is evident when a 1MWh

battery is included. Even a modest OVES capacity of 50kWh can make a substantial

reduction in imports of a further 8.3% over the zero OVES capacity case.

To take the HREVC largely off-grid, i.e. have little need for an import grid connection,

a larger solar farm is needed. With a solar capacity of 5MWp, and OVES capacity of

>1MWh the imported energy can be reduced by >90%.

Furthermore, there are two other important factors which can be used to analyse the

effectiveness of the OVES in this situation. These are the standard deviation of the
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FIGURE 4.25: Energy imported for one year of operation of an HREVC with Solar Farm
capacity 1-5MWp on the M25 J15-16 plotted against OVES capacity.

TABLE 4.3: Annual Imported Energy for HREVC located at a solar farm.

OVES Capacity Solar Farm Capacity Imported Energy Import reduction
(kWh) (kWp) (MWh) (%)

0 0 850 -
0 1000 427 49.8
50 1000 356 58.1

1000 1000 224 73.6
0 2000 315 62.9
50 2000 266 68.7

1000 2000 140 83.5
2000 2000 110 87.0
0 5000 214 74.8
50 5000 181 78.7

1000 5000 69 91.8
5000 5000 23 97.2

imported power and the mean imported power. It is important for both of these factors

to be as small as possible as this indicates that the power demandat the grid connection

is low and is not prone to large spikes.

High rate EV charging is likely to lead to spikes in demand due to the EV charging power

profile. Therefore the ability of the OVES to mitigate these spikes can be equated to the
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reduction in the standard deviation of the imported energy profile. Equally, in this situa-

tion, a small mean imported power shows that the majority of the OVES is successfully

transferring the solar energy to the EVs without requiring high levels of power from the

grid.

Figures 4.26 and 4.27 show that both these metrics fall with larger OVES capacities.

However, there are clearly diminishing returns in both cases beyond 1MWh.
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It is anticipated though, that in this use cases many installers would prefer to install a

HREVC without an import grid connection at all. This may be due to the network con-

straints in place locally, or simply to avoid the added project complexity and lead time

associated with securing a grid connection. In this case, the reliability of the HREVC

would be reduced. However, this is mitigated by the inclusion of the OVES as shown in

Figure 4.28. This shows the percentage of time the EV charge power is curtailed i.e. the

power to the EV is less than requested due to power availability constraints. If there is

no import grid connection, and no OVES these constraints would arise whenever an EV

requests more power than is currently being generated by the solar farm. Figure 4.28

shows that this is very common in this situation - with EV charging power being cur-

tailed 99.5% of the time with no OVES. Substantial reductions in the curtailed power

are available with only a very small OVES (68.9% for 50kWh). With further increases in

OVES capacity yielding further reductions.

It should be noted that the curtailed charge power cannot be reduced to zero for reason-

able OVES capacities. Therefore, installers of grid free HREVCs should be aware that

there will inevitably be a usability penalty.
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FIGURE 4.28: Percentage of EV charge power curtailed plotted against OVES capacity
for HREVC with solar farm capacity 1-5MWp.

The demand used in this simulation is quite high - an HREVC on the M25. It is antici-

pated that HREVCs in this configuration would mainly be suited for low demand loca-

tions. However, as a worst case scenario it is beneficial to see the potential for import

reduction and HREVC reliability improvements available from an OVES.

For each potential installation a survey and model of EV demand should be created

such that the required OVES capacity can be calculated to avoid energy import for the

required percentage of EV charge interruption. In this way the curtailed charge power

percentage can be used to inform the design of the HREVC.

4.4.2 HREVC with small solar

The second potential use case for an HREVC with an associated OVES is to enable the

installation of a small amount of solar generation without, or with only a small export

grid connection.

For this configuration the system specification used for simulation was as shown in

Table 4.4.
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TABLE 4.4: System design variables for HREVC with small solar simulation

Design Variable Value Unit
NCP 4 -
PVcap 100-500 kWp
OV EScap 0 - 2500 kWh
PGCMin 50 kW
PGCMax 150 kW
GCmax 1000 kVA
GCmin 0 kVA

In this case an export grid connection may not be possible or may be expensive. It is

the main motivation when installing the additional solar power to reduce energy import

costs for the HREVC. Therefore, it is advantageous to utilise as much solar power as

possible by storing excess energy in the OVES.

In the case where an export grid connection is utilised it is useful to design a system

where the necessary grid connection is minimised. This is achieved through both min-

imising the energy exported and the power at which that energy is exported. Figure 4.29

shows how the capacity of the solar farm andOVES affects the energy exported. Clearly

there is more energy exported for higher solar farm capacities, however this can be

reduced substantially through the inclusion of storage. This is advantageous for the

HREVC as a reduction in exported energy leads to higher utilisation of the solar farm for

EV charging.
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FIGURE 4.29: Exported energy for HREVC with small solar (100-500kWp) for varying
OVES capacity over one year.
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TABLE 4.5: Annual exported energy reduction for HREVC with small solar.

Solar Capacity Export Export reduction Difference
(kWp) (MWh) OVES (kWh = kWp) (%)
100 38.0 5.30 86
200 81.2 12.6 85
300 135 26.1 81
400 192 60.4 69
500 260 117 55

TABLE 4.6: Annual imported energy reduction for HREVC with small solar.

Solar Capacity Import reduction Import reduction Difference
(kWp) (MWh) OVES (kWh = kWp) (%)
100 86 96 11.6
200 130 192 47.7
300 204 283 38.7
400 232 358 54.3
500 272 408 50.0

WithOV EScap = PVcap/2, the average export power can be reduced substantially. This

reduction in mean exported power is key as it shows that the OVES is capable of ab-

sorbing the majority of the high power fluctuations from the solar farm.

However, for installations without an export grid connection it is critical to assess the

import reduction capability of the solar farm and OVES as this would lead to a direct

reduction int he energy cost for the installation. Figure 4.30 shows this affect for varying

OVES and solar farm capacities. When the solar capacity is small (<100kW) there is little

effect arising from the OVES. This is because the HREVC is directly using the majority

of the power generated from the solar (as shown when exported energy falls to zero in

Figure 4.29). In this case though, the available reduction in imported energy is 100MWh

over the year, which would represent a substantial saving.

If further savings are desired, then additional solar capacity can be installed. However,

this becomes ineffective without an associated OVES beyond 100kWp. For solar instal-

lations of >100kWp an OVES (OV EScap = PVcap) enables a significant further reduc-

tion in exports of an additional 47.7% (average). When OV EScap > PVcap diminishing

returns in import reduction were seen.

The OVES can therefore be seen to be more effective at reducing the mean exported

power than reducing imports as a steady state import reduction increase of 50% seems
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FIGURE 4.30: Reduction in imported energy for HREVC with small solar (100-500kWp)
for varying OVES capacity over one year.

to be reached, beyond which the additional OVES capacity does not yield further reduc-

tion.

A limit seems to arise of 200kW of installed solar capacity whereby, beyond that an

export grid connection is needed to avoid a large amount of wastage. However, this

figure is related to the expected demand at the selected HREVC location and would

also be a decision when designing the system. For example, additional reductions in

imported energy can be made by installing a larger solar capacity, however, this extra

installed capacity will be less effective due to the higher quantity of wasted energy if an

export grid connection is not installed. Therefore there is a trade-off between reducing

imports and over-specifying the solar installation capacity.

4.5 Conclusions

Initial statistical analysis was an important tool to assess the viability of an HREVC

powered by solar energy with an OVES. It was shown that an OVES is able to match the

supply with demand for a well balanced system over the day scale. However, at the year

scale, due to seasonal changes in the solar power generation profile a grid connection

is needed for a well balanced system.
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To further investigate the control process for the OVES and the potential use cases

of an HREVC a model was then made of the system. This highlighted the need for a

dynamic OVES charging regime powered by the grid. A queuing system and variable

number of charge points was included in this model for added realism. It was found

that the relationship between PGC (including PGCmin and PGCmax) and PPV was critical

for effective design of the HREVC and therefore optimisation is necessary to tune these

design variables.

Two use cases were then investigated in this chapter: Solar farm with HREVC and

HREVC with small solar. The aim of each of these was to asses whether a one way

grid connection could be used to install an unbalanced system. It was found that:

• An HREVCwith a large solar farm can be takenmostly off grid with a large PV farm

and PVcap/2 < OV EScap < PVcap but 10-20% of charging power will be curtailed.

• The OVES is more effective at reducing exports than imports when included with

an HREVC and small solar installation. This leads to a trade-off between import

reduction and over-specifying the OVES.

For many HREVCs, installation onto an existing system, such as those discussed in

this chapter may not be the case. In the case where an HREVC is designed from the

ground up, further thought must be given to the specific values of the design variables

in question. To achieve optimal benefit from the inclusion of an OVES and to finding

the best design for an HREVC system, an optimisation procedure is needed. This is the

subject of Chapter 6.





Chapter 5

Bespoke Installation Design

Due to the grid constraint concerns associated with HREVCs and renewable energy in

the UK highlighted in Chapter 2 a clear objective of the inclusion of solar PV and anOVES

within an HREVC should be to alleviate these concerns. However, for an installation to

be successful and to be installed, in the real world it must be financially viable. There-

fore, these two considerations and the effects they have on the design of an HREVC are

studied in parallel in this Chapter.

A financial model is included to enable an assessment of the profitability of an HREVC.

Using this, the design of an HREVC which leads to maximum profit for the owner is

calculated and presented. Additionally, the design permutations which lead to minimal

grid connection usage are found. This enables a contrast to be drawn between the

twomotivations. Additionally, sensitivity analysis is used to measure the importance of

each design variable in the system.

5.1 Novel Contributions

This chapter presents the results of optimisation for maximum profit andminimum grid

connection usage and analysis of how sensitive the profit and grid connection usage

are to the design variables of the system. This leads to a number of specific claims for

novelty:

131
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1. Optimisation provides author’s results which use the novel models developed in

Chapters 4 and 5.

• Optimisation for maximum profit. Results shown in Section 5.4.1 supported

by the financialmodel presented in Section 5.2. These results compare favourably

with other business cases in which energy storage has been installed in the

UK.

• Optimisation for minimum use of grid connection. Results shown in Sec-

tion 5.4.2.

2. Sensitivity analysis revealing the order of importance of design variables for cor-

rectly achieving design aims. This is included in Section 5.5

5.2 Financial model

A financial model has been integrated into the HREVC model. This calculates the profit

over a given time period with inputs of component costs (CAPEX), ongoing costs made

up of electricity cost and operation and maintenance (O&M) cost (OPEX) and price of

electricity sold to EVs and to the grid (Revenue). The values used for this are shown

in Table 5.1. The method of calculating cash flow from these inputs is shown in Equa-

tion 5.4.

Firstly, the CAPEX is calculated as shown in Equation 5.1.

CAPEX = NCP ∗ cNCP + PVcap ∗ cPVcap + 2 ∗OV EScap ∗ cOV EScap (5.1)

Where c denotes the unit cost of the variable in question (given in Table 5.1) and cap

denotes the selected capacity for the variable in question. The OVES cost is doubled

due to the 10 year assumed lifespan.

Then the model described in Section 4.3.3 is run to calculate the revenue and OPEX

each year, through Equations 5.2 and 5.3.

Revenue(y) =

(
cPEV

8760∑
i=1

PEV (i)

)
+

(
cPgrid

8760∑
i=1

Pgrid(Pgrid < 0)

)
(5.2)
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TABLE 5.1: CAPEX, OPEXand revenue values forHREVC. Values selected corresponding
to internal information at Wood PLC.

Unit Cost per unit (£)
CAPEX

Charge point - 50,000
Battery kWh 400

Solar Farm kWp 800
OPEX

Electricity purchase kWh 0.12
Solar O&M kWp/year 25
Battery O&M kWh/year 5

Revenue
Electricity sold to EVs kWh 0.50

Electricity exported to grid kWh 0.05

OPEX(y) = PVcap ∗ cPVOM +OV EScap ∗ cOV ESOM + (GCmax −GCmin) ∗ cGC (5.3)

Where OM denotes the annual operation and maintenance cost. Then the cash flow

for each year can be calculated through Equation 5.4.

C(y) = Revenue(y)−OPEX(y) (5.4)

Where: C is the net cash inflow and y is the financial year.

The cash flow for each year of the simulation is then summed for the project over its

lifetime to calculate profit.

5.3 Optimisation procedure

The genetic algorithm was chosen for this problem for two reasons:

1. Stochastic nature of the problem - As the EV demand is generated randomly there

is inevitably a variation from simulation to simulation. Global search algorithms

are ideal for dealing with this variation as they do not follow a deterministic path
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to the optimal solution, or indeed, claim to find an optimal solution. The algorithm

can be terminated once a satisfactory state has been reached, and this state can

be specified to allow for inter-iteration variation.

2. Integer specification of variables - The implementation of genetic algorithm opti-

misation in Matlab enables the specification of integer variables. This is advanta-

geous for 2 reasons: some of the design variables (NCP ) are discrete and as such

need to be specified as an integer; and secondly specification of other variables

as integers reduces the amount of time needed to find an acceptable solution.

It was computationally too expensive to run the full EV prediction model included with

the HREVC model. 10 sets of EV demand patterns were made for each of the 20 years

and each EV growth scenario and one of these was stochastically chosen for use in

each iteration of the optimisation algorithm.

5.3.1 EV growth scenarios

As an HREVC will have a projected lifespan of 20 years the fleet share of EVs is likely to

change substantially over that time. This will inevitably have an effect on the profitability

and design of the HREVC. Therefore, reliable predictions of the changes in fleet share

of EVs were sought.

Bloomberg New Energy Finance, in their annual EV Outlook report [219], predict that EV

sales will rise to 55% of all vehicles by 2040. This prediction forms the high EV growth

scenario used for this optimisation. The medium EV growth scenario was found in the

World Oil Outlook from OPEC [220] and the low EV growth scenario was found in the

Outlook for Energy published by Exxon Mobil [221]. These are each shown in terms of

fleet share in Figure 5.1.

5.3.2 Grid connection cost

It was difficult to find specific values of the cost of grid connection per kVA as this is

often private information for the party who bought the grid connection. Moreover, this

charge is subject to a large degree of variability since it is calculated on a case by case
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FIGURE 5.1: EV growth scenarios 2020-2040. [219] [220] [221]

TABLE 5.2: Grid connection cost for the 3 scenarios considered.

Scenario Price (£ kVA year)
Low -1.89

Medium 16.03
High 94.97

basis, taking into consideration the location of the nearest available connection point

and the constraints which already exist on the grid.

Nevertheless, a representative range of prices was found from a letter published by Na-

tional Grid [222]. In it, customers responded to a request for information - giving annu-

alised costs of the grid connection. National Grid were then able to calculate the ranges

shown in Table 5.2. These values were taken as the low, medium and high annualised

cost and included within the OPEX of the project (Equation 5.3).

5.3.3 Fitness functions

The entire model (Equations 4.2 to 4.8) presented in Chapter 5 are used within the fit-

ness functions, along with the financial model (Equations 5.1 to 5.4). Thus the actual

fitness functions examined in this chapter are as follows:

min
∀X∈Ψ

−NPV (X) (5.5)
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TABLE 5.3: Options for use in the optimisation of fitness functions.

Option Description Value
Parallel Start a parallel session and optimise True

within a parallel cluster
Function Tolerance End optimisation when results from all workers 100,000

fall within the specified range of the
fitness function

Population size Number of workers 16
Generations Maximum number of generations 75
Crossover The fraction of the population changed 0.8

by cross over procedure
Crossover function The method for calculating values Random

of the next generation
when parents are subject to crossover

Elite children The fraction of the population guaranteed 0.05
to survive to the next generation

min
∀X∈Ψ

y∑
y=1

i=8760∑
i=1

|PGrid(X)| (5.6)

Where Ψ is the constraint set (Defined in Section 5.3.4). These fitness functions are

subject to a number of options as detailed in Table 5.3.

As a result of the three different scenarios considered for both grid cost and EV fleet

growth, nine separate profit based optimisations (Fitness Function 5.5) were completed

(one for each combination) and three optimisations for minimal grid impact (Fitness

Function 5.6). Thereby, the maximum profit of this system was found for high, medium

and low grid costs and high, medium and low EV fleet growth scenarios for each grid

cost.

5.3.4 Constraints

5.3.4.1 Bound constraints

Each design variable was assigned bound constraints. These relate to maximum and

minimum values which these variables can take. These are detailed in Table 5.4. Wide

values were chosen to enable a solution to be reliably found for each of the scenarios

despite the wide range of use cases.



Chapter 5 Bespoke Installation Design 137

TABLE 5.4: Optimisation bounds for each input variable

Variable Lower Bound Upper Bound
NCP 0 100
PVcap 0 1,000

OV EScap 100 10,000
PGCMmin 0 1,000
PGCMax 0 1,000
GCmax 0 10,000
GCmin 0 10,000

5.3.4.2 Linear constraints

In addition to the bound constraints, further linear constraints were included within the

optimisation problem.

Firstly, the maximum grid charge power (PGCMax) must be lower than the import grid

connection capacity (GCmax), as shown in Equation 5.7. Clearly, this is a necessary step

as it would not be possible to charge the OVES at a higher power than is available from

the grid connection when there is no solar power.

GCmax > PGCMax (5.7)

Secondly, the maximum grid charge power (PGCMax) must be greater than or equal to

the minimum grid charge power (PGCMin). Again, it stands to reason that this must be

the case for correct operation of the HREVC model.

PGCMax ≥ PGCMin (5.8)

5.3.4.3 Non-linear constraints

In addition to the linear constraints and boundswhich place direct constraints on the val-

ues which can be assigned to the design variables, non-linear constraints are included.

These pertain to the overall functioning of the simulated HREVC.
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Firstly, the HREVC must be adequate for the number of EVs that wish to charge there.

I.e. the overall EV waiting time must not be more than 10 minutes per EV on average.

This is shown in Equation 5.9.

0 > −
Y∑

(y=1)

tEVwait + 10NEV (5.9)

Where tEVwait is the total wait time at the HREVC for one year (arising from the constrain

in Equation 4.3).

Secondly, the HREVCmust be capable of providing adequate power to those EVs which

wish to charge there. This leads to the constraint in Equation 5.10 which ensures that

no more than 5% of the power used to charge the EVs is curtailed (i.e. the EV receives

the power it requests for 95% of the time on average).

0 > −0.05 +
1

Y

Y∑
(y=1)

1−
i=8760∑
i=1

GCmax + PPV (i)− POV ESmax(i)

P ∗EV (i)
(5.10)

Where P ∗EV is the requested EV charge power prior to curtailment due to the inequality

in Equation 4.6.

5.4 Results

5.4.1 Optimisation for financial gain

The optimum values of design variables for each of the 9 scenarios for which an opti-

mumdesign have been found are shown in Figures 5.2 to 5.4. Additionally, the numerical

results are shown in Appendix C.

It can be seen that for the most part, the design of the HREVC changes substantially

through varying operating conditions. However, an OV EScap of between 100-300kWh

is seen for all but one scenario and a PV capacity of below 200kWp is seen for all sce-

narios. The grid charge power levels change more dramatically though, low values are

seen for the low EV growth scenario, a high range of values for the medium growth

scenario and high values for high growth (Figure 5.3).
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The grid capacity is highly dependent on the grid connection cost, as shown in Fig-

ure 5.4. For negative connection prices, the export and import values both take the
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maximum allowable value as this is financially more efficient. In the other scenarios the

capacity responds to the level of demand seen at the charger. GCmax remains close to

PGCmax for each of these positive grid price scenarios. This shows that the peak power

demands which lie above the GCmax power level are met adequately by the OVES such

that the curtailed power constraint (Equation 5.10) is satisfied.

The design of the charger in the high EV fleet growth and high grid price scenario. In this

case the OV EScap is much higher than the other scenarios, additionally both PGCmin
and PGCmax take high values. The combination of high grid price and high EV demand

leads to a driver for the inclusion of energy storage. This enables the HREVC to meet

the high EV demand whilst avoiding the need to have a large grid connection.

The effect of this is seen when the expected profit of the HREVC is compared between

scenarios, with and without an OVES and solar power. The results of this comparison

can be seen in Figure 5.5. The profits for each system remain largely similar except

for the high EV growth scenario. In this scenario, the inclusion of an OVES leads to

higher profits than would otherwise be available for the medium and high grid connec-

tion prices. On the other hand, including an OVES can reduce profits if done incorrectly,

as the battery is expensive, hence unnecessary inclusion will reduce profitability. This

can be seen for the low EV growth scenario and high grid connection price (which is the

only scenario where a HREVC is not seen to be profitable).

It is useful then, to benchmark the profitability of the OVES against other business cases

in which energy stores have proven to be successful. In Section 2.1 it was seen that

energy stores generated a revenue of 120 - 210 £k/MWh/year performing frequency re-

sponse and 55 - 68 £k/MWh/year for energy arbitrage in the UKmarket. Table 5.5 shows

that the results of this simulation compare favourably with these figures. In this table,

the change in revenue (∆ Profit) of the HREVC is quoted with and without solar and an

OVES. Then the profit which would have arisen from the solar farm alone is subtracted

from this value (at 5p/kWh) to give the revenue increase enabled through the inclusion

of an OVES. This is then divided by the capacity of the OVES in that scenario to give a

value for £m/MWh/year.

As the availability of an export grid connection lead to an increase in the profitability of

the system for the negative grid connection price scenario, the values for these were

omitted.
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TABLE 5.5: Change in profitability of an HREVC through including and optimised OVES
and solar farm.

EV Fleet Growth Low Medium High
Grid Connection Price (£/ kVA) 16.03 94.97 16.03 94.97 16.03 94.97
∆ Profit (£m) 0.02 -2.73 -2.54 16.65 -1.33 16.62
OV EScap 109 135 211 127 180 726
PVcap 21 179 151 128 4 104
∆ Profit (£k) (PV) 1.10 9.50 8.00 6.80 0.21 5.50
£m/MWh/year 0.0046 -0.51 -0.30 3.28 -0.18 0.57

Clearly, in the right scenario, the inclusion of an OVES leads to amore profitable system,

indeed this profit when calculated perMWh is well above that seen for other energy stor-

age projects. This is due to the combined benefit of enabling a smaller grid connection

and selling renewable energy at a higher price to EVs.

5.4.2 Optimisation for network gain

The minimum grid impact fitness function (Equation 5.6) optimisation leads to a differ-

ent system design than that for maximum profit. This is shown in Table 5.6. The key

differences are that, instead of a measured PV farm capacity seen for optimum profit,
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TABLE 5.6: System design for minimum absolute grid energy exchange (Grid Energy
figures are cumulative absolute sum over 20 years)

EV Fleet Growth High Medium Low
NCP 12 4 94
PVcap (kWp) 992 946 999
OV EScap (kWh) 848 968 1000
PGCMin (kW) 17 0 0
PGCMax (kW) 129 169 1
GCmax (kVA) 5455 313 9952
GCmin (kVA) 0 -3 0
Grid Energy (MWh) 8123 2650 314

the maximum value is taken for each scenario. Additionally, without consideration of

the cost of the OVES, the maximum capacity of this is taken in each scenario.

The PGCmin is kept low, however it is preferential to prevent it falling to zero in the high

EV growth scenario. To counteract the seasonal changes in PV generation, a modest

PGCMax is optimal for high and medium EV growth scenarios.

TheGCmax value does notmake any difference to the overall grid energy for the system,

so awide range is seen. Conversely, theGCmin is kept low to prevent solar energy export

onto the grid. As the financial model is not considered here, there is no penalty for this.

The ideal design then, for minimising grid energy exchange is to have high solar power

and OVES capacity, with no export grid connection. This will inevitably lead to cur-

tailment of solar generation power which would otherwise have been financially un-

favourable. The increased availability of locally generated electrical energy though,

makes this worthwhile for reducing exchanged grid energy.

Table 5.7 shows that there is a substantial penalty in terms of grid energy exchange

to take the most profitable solution for each scenario. In particular, the negative grid

connection cost leads to very high levels of energy exchanged with the grid. Reduced

levels are seen when the price of the grid connection increases.

5.5 Global sensitivity analysis

Sensitivity analysis was used in this section to ascertain which elements of the design

of the HREVC have the most effect on the two design drivers studied in this chapter:
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TABLE 5.7: Cumulative absolute sumof grid Energy formaximumprofit systemdesigns.

EV Scenario Grid Price (£ kVA year) Grid Energy (MWh)
Low -1.89 1,751,800

16.03 7,238
94.97 4,474

Medium -1.89 1,726,800
16.03 27,007
94.97 22,158

High -1.89 1,714,500
16.03 9,767
94.97 47,653

Profit and grid exchange energy.

The SAFE toolbox (discussed in Section 2.8.3) was used in this work. Within the SAFE

toolbox, the Morris Method was selected to estimate the elementary effects associ-

ated with each variable. This allowed for rapid ranking of the sensitivities to variables

with a relatively small number of model iterations. This is a key consideration as the

HREVC model is computationally expensive. The many iterations associated with vari-

ance based methods would have led to excessive computational time.

For these analyses, the EV demand pattern is kept constant. Clearly this has a large

effect on both the profitability and the energy exchanged with the grid, it is not however,

a design variable and therefore cannot be controlled. The simulation time period used

for this was one year.

5.5.1 Profitability sensitivity analysis

As the Morris Method is useful for ranking the sensitivity for each variable, it can be

seen that the profit of the HREVC has sensitivity to the design variables in the following

order, from most to least sensitive:

1. No. Charge Stations

2. Solar Farm Capacity

3. OVES capacity

4. Grid charge minimum
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FIGURE 5.6: Elementary effect means plotted against standard deviation for the HREVC
profit. The circle represents the final achieved value, with the box representing the

standard differentiation of the elementary effect over all generations.

5. Grid charge maximum

6. Grid import connection capacity

7. Grid export connection capacity

As the plot in Figure 5.6 is on a linear scale is clear that the profit is sensitive to all the

variables with the exception of the grid export connection capacity. Equally, the sensi-

tivity to the number of charging points is roughly double that of the PV farm capacity

and OVES capacity, which in turn are roughly double that of the remaining variables.

5.5.2 Grid interchange energy sensitivity analysis

The elementary effects of the design variables with respect to the grid interchange en-

ergy have the same order as the profit elementary effects, however they are distributed

over a much larger range. To show this, Figure 5.7 uses a log scale. This has the impli-

cation that the grid interchange energy is dependent on the three variables: No. Charge

Stations, PV farm capacity and OVES capacity to amuch greater degree than the others.

The scatter plots in Figure 5.8 show how the PV farm capacity has a dramatic effect

on the sum of the grid interchange energy - there is a direct connection between the

two. It is possible, however, to have a large solar farm and low grid interchange en-

ergy levels, through effective system design. The other marked connection visible on

the scatter plot is the effect of the export grid connection capacity. Reduction of this
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variable of the HREVC.

variable leads to curtailment of the solar farm electricity generation and therefore a sub-

stantial reduction in the energy exchanged with the grid. This is not seen for the import

grid connection capacity, as restriction of this variable leads only to lower power levels

for system imports, not a reduction in the overall amount of energy.

5.6 Discussion

The aim of this work was to discover how the characteristics of the design of HREVCs

effect its profitability and the use of the grid connection.
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The solutions presented in this chapter are optimal solutions for a specific geographical

location (M25 J15-16). The results are thought to be representative of other locations in

terms of the general trends, however, the specific numerical results are not transferable.

This work shows that when the grid connection is expensive and the EV demand is high,

then there is a key economical driver for the inclusion of renewable energy and an OVES.

However, for minimal use of the grid connection a very large OVES and PV farm should

be installed. Clearly, these two options are distinct and cannot both be achieved at the

same time. However, a modest increase in the size of the PV farm and OVES above that

suggested by the financially optimal solution will result in a reduction in grid connection

usage. This is at the expense of a higher level of solar energy curtailment, with the ben-

efit of more availability of cheap renewable energy for charging EVs. Therefore, when

installing in the real world, it may be beneficial to use a hybrid solution which is a mix of

the two solutions presented here.

The system proposed in this work sees most benefit where the grid connection price

is high. Enabling solar power installation in these locations is valuable for system wide

carbon benefits as these would not be able to take place. Therefore, this system pro-

motes increased renewable energy installations and usage of low carbon energy for

transport.

A caveatmust be placed on the specific numerical results presented here. The relatively

wide range specified for stopping criteria means that, for variables with minimal effect

on the output, a range of values could be possible for the same solution. The algorithm

must choose one of these values to present as the solution. This is done randomly (the

first value being used when the stopping criteria is met) therefore, some unimportant

design variables specific results may be subject to error.

A key result of the sensitivity analysis is that both scenarios studied produced the same

sensitivity ranking in input variables. When designing an HREVC whether for maximum

profit or minimum grid impact, there is a clear ranking of importance of the design vari-

ables highlighted by this process.

The sensitivity measure is weighted by the change in value of the input variable, there-

fore no. of charge points is potentially over represented as a small change in the input
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range is smaller for this variable. However, there clearly is a large difference in the opera-

tion of the HREVCwhen going from 1 charge point to 2. The PVcap andOV EScap values,

on the other hand, need to change substantially to have a distinguishable change on the

output. Thismeans that a higher importance should be given to accurately selecting the

no. of charge points, as suggested by the sensitivity analysis.

5.7 Conclusions

The key findings from the work in this chapter are as follows:

• Inclusion of an OVES and solar farm is not beneficial for HREVC profit other than

with a high grid connection price where the EV growth scenario is either medium

or high.

• The financial benefit arising from the inclusion of an OVES compares favourably

with other business cases where energy storage has been installed in the UK. (0.5-

3 £m /MWh / year for an HREVC compared to 50 - 200 £k /MWh / year for other

revenue streams).

• Optimisation for minimum use of the grid connection leads to a higher OVES and

PV farm capacity (independent of the EV growth scenario) when compared to the

optimisation for financial gain.

• The number of charging points is the most important variable to correctly specify,

followed by PVcap and OV EScap, then the grid charge levels and the import and

export grid connection capacities. This holds for both designing for profit and

minimum grid connection.

• Enabling renewable energy integration where grid cost is high is valuable as these

would not otherwise take place.





Chapter 6

Location of energy storage on the

low voltage network

A recent concern within the UK has been electric network issues (voltage violations

and thermal overload) caused by domestic solar power, creating a demand for energy

storage in two areas. Firstly, a homeowner with installed photovoltaic (PV) panels may

want to reduce their reliance on supply from the grid and become self-sufficient. In this

way the cost of their electricity consumption can be minimised as well as reducing the

homeowner’s environmental impact. An energy store must be employed to enable this

since a typical domestic electrical demand does not match well with solar power gener-

ation patterns [223]. Secondly, clustering of PV installations through community organ-

isational effects and passive peer influence [224] leads to a high level of pressure on

the grid infrastructure. This, without intervention, can lead to power flows and voltages

straying from regulated limits [225]. As such, increased utilisation of energy storage in

the distribution system could prevent or defer costly network upgrades needed due to

these effects.

In this chapter the effect of the connection location of the energy store is addressed in

terms of its influence on the capability of the energy store to combat the network issues

of voltage violation (background in Section 2.3.1) and thermal overload (background in

Section 2.3.2). To achieve this, two locations are compared: energy storage located on

the feeder system, and energy storage located with homes.

149
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6.0.1 Novel contributions

Key novel contributions arising from this chapter are highlighted below:

1. Direct comparison between domestic and feeder connected batteries within the

same system and responding to the same load patterns. Section 6.1.

2. Conclusions showing the lower levels of grid stability improvement available from

domestic batteries when compared to feeder connected batteries.

• Domestic batteries exhibit lower peak load export reduction, particularly in

periods of high solar irradiance, evidenced in both the specific case in Fig-

ure 6.8 compared to Figure 6.12, and the general case between Figures 6.17

and 6.18.

• Domestic batteries lead to higher energy exports from feeder systems. Fig-

ure 6.16.

These novel contributions have been independently peer reviewed in the journal paper

reference [14].

6.1 Modelling methodology

This work utilised two key algorithms developed by the author; a domestic battery dis-

patch strategy presented in Section 6.1.2 and a feeder battery dispatch strategy pre-

sented in Section 6.1.2.1. These strategies can be implemented with differing energy

storage capacities, PV capacities and dispatch parameters.

6.1.1 Data and software used

The framework data for this work is a dataset of domestic power demand consisting

of 96 homes obtained from the Thames Valley Vision project [226]. The PV data was

sourced from the Newquay weather station [227]. In order to match the data from the

Thames Valley Vision project to the solar data the same dates are used. The household
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demand data received from the Thames Valley Vision Project [226] consisted of half

hourly demand data for 220 homes located in London.

The simulation of the effects of energy storage on an LV Network are carried out in

Matlab and OpenDSS. The matlab model is used to assess real power flows according

to aggregated demand and solar generation. A simple battery model is included in the

matlab simulations. OpenDSS [228], an open source distribution networkmodelling tool,

is then used to further investigate this modified demand to study the effects associated

with three phase supply and line parameters, such as losses and voltage unbalance.

6.1.2 Domestic battery Dispatch Model

The domestic batterymodel simulates a battery in a homewhich also has installed solar

panels. Domestic demand power and PV generation power data are needed in order to

simulate the system in question.

It is assumed that the owner of a domestic battery will aim to achieve minimal grid

import (indeed even full independence from the grid) in order to fully utilise their PV and

battery investment andminimise their electricity bill. Hence a simple domestic dispatch

model is implementedwhich ensures this through charge anddischarge of the battery at

the earliest possible opportunity [229]. This also has the benefit ofmaking the algorithm

very simple and easy to implement.

Firstly the governing equation of the algorithm is shown in Equation 6.1:

Pbat = Pgen − Pdem (6.1)

Where Pbat is the battery power (positive for charge, negative for discharge), Pgen is the

generated power from the PV array and Pdem is the demand power for the household.

All power values are in watts (W). Therefore, the default scenario is that the energy store

acts as a buffer between the demand and supply, absorbing excess solar power when

required and providing energy to supply the demand when the PV array is incapable

of producing the required power. However, this is subject to the constraint of battery

capacity as defined in Equation 6.2:
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0 <=
t∑
0

Pbatdt <= Ebat (6.2)

Where Ebat is the usable battery capacity (10-90% SOC) (kWh) and dt is the computa-

tional timestep. In the cases where the system is constrained by Equation 6.2, i.e. the

battery is fully charged or fully discharged then the grid must supply the difference be-

tween the PV generation power and the domestic demand, Equation 6.3:

Pgrid = Pgen − Pdem (6.3)

Where Pgrid is the power exchanged with the grid connection.

The matlab code used for the domestic battery dispatch model is shown below. The

inputs to this section of code are the usage power profile data (UW) and the generated

power data (GW). Initially, the battery power is set to the difference between the value of

generated power and demand power for each iteration and its SOC is set to zero. If the

sum of all the values in the battery matrix lies within the allowable values (greater than

totally discharged but less than fully charged) then the exchanged power with the grid is

zero (Grid(i)=0) and the battery absorbs all the excess power or provides the demand.

If the battery is fully charged (sum(B) >= BS ) then the battery power for that iteration

is set to zero (B(i)=0) and the power exchanged with the grid is set as the difference

between generated power and used power. In the case of a fully discharged battery the

same holds. This dispatch strategy is shown and discussed in reference [229].

for i=1:length(UW)

% Set default operation of the system to allow charge and discharge of the battery

B(i)=GW(i)-UW(i);

% If battery is within SOC limits

if (BS*0.1 <= sum(B))&&(sum(B) < BS*0.9 )

Grid(i)=0;

% If battery is fully charged

elseif sum(B) >= BS*0.9

% Set battery power to zero

B(i)=0;
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% Use the grid connection

Grid(i)= GW(i)-UW(i);

% If battery is fully discharged

elseif sum(B)< BS*0.1

% Set battery power to zero

B(i)=0;

% Use the grid connection

Grid(i)= GW(i)-UW(i);

end

end

Equally, the algorithm is shown graphically in Figure 6.1.

FIGURE 6.1: Dispatch strategy for a domestic battery solely aiming to maximise self-
consumption.

6.1.2.1 Feeder connected battery model

The model of a battery connected to the feeder responds to the aggregated load of the

sumof each of the domestic dwellings fed by the feeder. In this way it can act to balance

the aggregated load.

The first part of this simulation requires the determination of charging and discharging

power levels of the aggregated demand, this cannot be set as a single value due to the

seasonal changes in feeder demand and solar power generation.
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To achieve this, both the moving average (MA) (kW) and moving standard deviation

(MSTD) are calculated for the demand over the preceding 24 hours, and dispatch in

either charge or discharge mode is controlled with Equation 6.4:

Dispatch = MA± (MSTD × n) (6.4)

n is the dispatch factor (in per unit standard deviation). A high dispatch factor will

lead to lower utilisation of the battery and higher exports but increased likelihood of

peak reduction. The dispatch factor should be optimised for the load shape in order

to achieve full charge or discharge without feeder power levels straying above or be-

low MA ±MSTD × n. The feeder connected battery provides the power difference

between the charge/discharge level and the feeder power demand given it can do so

without exceeding SOC limits. The available power from the battery is assumed to be

infinite, however, the dispatch factor is set such that this power does not exceed what

a similar capacity Lithium-Ion battery would be capable of (i.e. approximately 5C in ex-

treme cases).

6.1.3 OpenDSS Simulation

For a simulation of the effects of the solar power and energy storage on the real and re-

active power flows, and voltage levels the IEEE European Low Voltage Test Case, which

is available with the OpenDSS package [163], was utilised. This comprises 55 homes,

each with a one phase connection in a generic distribution pattern to a 416V/11kV trans-

former, shown in Figure 6.4. In anOpenDSSmodel buses are points of electrical connec-

tion and lines are modelled as resistive and inductive elements between buses. There

are 906 buses and 905 lines in this model giving a realistic representation of a generic

LV Network.

The three-phase transformer is rated at 0.8 MVA with resistance and reactance of the

windings is equal to 0.4% and 4% respectively.
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These aremodelled as having constant power factor - set to 0.95pu for non-solar homes,

as the homes are users of energy, and 1 for solar homes, as when the homes are export-

ing, it is through the inverter and therefore no reactive power is generated. A kW load is

then used to model the transient effects of the homes.

Lines and buses are defined by their impedances and admittances as shown in Fig-

ure 6.2. This data is populated as part of the IEEE European LV Test Case model.

FIGURE 6.2: An example of the specification of the buses in the IEEE European LV Test
Case [163].

These are build into a model of an LV network as shown in Figure 6.3.

FIGURE 6.3: Schematic diagram of the LV network simulation model. Red parts of the
model are simulated for the feeder connected and domestic battery cases.

The actual model used has a higher level of complexity, with the buses set out spatially

to reflect a typical European feeder shown in Figure 6.4. Homes in this model are set as

loads at the end of each small branch.
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FIGURE 6.4: The topological view of bus orientation in the IEEE European LV Test Case
supplied with the OpenDSS package. X and Y axes are length coordinate system with

units of meters. The red dot shows the position of the substation.

Data from the Matlab simulation was used to form the load shapes within the OpenDSS

model. Three simulations were undertaken as follows:

• 55 homes taken from theThamesValley Vision data and simulated on theOpenDSS

LV Network without the addition of solar power or energy storage.

• 11 homes (20%), from the same 55, randomly assigned with 4kWp solar PV and

7kWh domestic batteries. This data was produced in Matlab following the model

shown in Section 6.1.2.

• The same 11 homes (20%) are assigned with 4kWp solar PV, but without batteries.

A 77kWh battery is introduced at the substation. The dispatch of the battery is

controlled in Matlab as shown in Section 6.1.2.1 and is simply set as a load with

positive and negative power flows at 1pu connected to the bus at the substation.

7kWh batteries are chosen for the domestic case as batteries of this size have seen

success commercially (Tesla powerwall [48]). For a like for like comparison, the feeder

connected battery is given the capacity of the sum of all the domestic batteries.
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6.1.4 Limitations and Assumptions

A limitation exists through using existing data and adding energy storage and solar

power to the demandprofile since the behaviour of the home inhabitantsmaybe changed

due to these additions. For example it is common for a homeowner to shift some loads

to the day time in order to improve domestic utilisation of solar power. This effect is not

expressed here due to the nature of the data.

Only 4kWpsolar arrays are studied here. Smaller arrayswill lead to amore balanced load

profile in the summerwhere solar panel energy equals load energy rather than exceeding

it during summermonths. A 4kWp panel was chosen since this size is themost popular

due to the tariff structure in the UK [230], however there are many installations with a

smaller power capacity.

Since the dispatch factor for the feeder connected battery does not change through the

length of the simulation, optimal results are not achieved for feeder connected battery

performance. The dispatch factormust be dynamic to respond to changes in load shape

for optimal results. This was not the focus of this work and as such static dispatch

factors were used. It should be emphasised that, in most cases, the performance of the

feeder connected battery will be better than presented here due to this issue.

6.2 Results

The feeder demand “base case” can be seen in Figure ??. This is the demand on the en-

tire feeder, with the domestic demand profiles from the Thames Valley Vision included

for each of the simulated households. The aim of this was to set a standard base case

which is representative of many feeder networks across the country.

Figure 6.5 shows the “base case” voltage profile for the feeder system without any em-

bedded solar generation or energy storage. Voltage are shown in red. There is some

phase unbalance evident, this is normal and caused by small differences in load pat-

terns between the phases.
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FIGURE 6.5: The three phase per unit voltage plotted against distance from the substa-
tion for the feeder. This is the base case voltage profile.

6.2.1 20% PV penetration without storage - Case 1

At 20% PV penetration the peak export power has exceeded the peak demand and as

such, unless grid reinforcement has occurred, the likelihood of transformer failure or

power line overheating is significantly increased.

Figure 6.6 shows the voltage variation in the feeder system for a period of high solar

irradiance where solar panels were operating at very close to maximum power. A 3%

voltage rise can be seen at a distance of 300m from the substation on phase 1, with

a 1% voltage drop on phase 2. This is due to differing number of PV installations on

each phase. Amaximum voltage unbalance ratio of 0.577% is observed in this scenario,

which is quite low due to the unity power factor of the modelled PV panels. However, as

the average feeder length in the UK is 1.5km a higher level of voltage unbalance would

be expected for a normal feeder under the same conditions due to the lower overall

cable impedance simulated in this example.

The effect of exporting PV panels can be seen in the power flow analysis shown in

Figure 6.7 where thicker lines indicate higher power flows. This is a simplified example

with only 5 homes with installed solar power to more clearly show their effect in the

power flow diagram. The export power can clearly be seen for each of the solar PV

installations. It is also clear that too much power is being generated, leading to export
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FIGURE 6.6: The three phase per unit voltage plotted against distance from the substa-
tion for the feeder with 20% PV penetration and either no storage or a feeder connected

battery.

from the feeder system. Clearly there is a role for energy storage within this systemwith

the aim of preventing the export seen here.

FIGURE 6.7: Feeder without Battery and 5 homes each with 4kWp solar PV.
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6.2.2 20% PV Penetration with Domestic Energy Storage - Case 2

In the case of installed domestic batteries, the battery charges whilst the domestic gen-

eration exceeds demand and discharges while demand exceeds generation. This dis-

patch strategy leads to an unpredictable grid connection power profile, where the en-

ergy imported or exported depends entirely on the power balance within the home at

any moment, regardless of the state of the wider grid at the time.

Apr 26, 12:00 Apr 27, 00:00

Date and Time 2013

-40

-30

-20

-10

0

10

20

30

40

P
ow

er
 (

kW
)

Feeder Demand with Batteries
Feeder Demand without Batteries

Demand reduced 
through the night

Batteries become
fully charged and fail to 

prevent solar export peak

Small evening peak
demand reduction 

Batteries charge
in the morning

FIGURE 6.8: Typical feeder load profilewith 11x7kWh domestic batteries for a day having
high solar irradiation levels.

During periods of high solar irradiance the model shows that the domestic battery does

not fully discharge between days, this is due to higher levels of electricity generation

from the solar panels than the homes’ demand. As such, even with very large capacity

batteries, the home will need to export solar power at some point in the day when the

battery becomes fully charged. Almost no feeder demand peak reduction is therefore

enabled by the inclusion of domestic batteries during times when the mean domestic

load is lower than the mean solar production over a number of days.

Such domestic batteries can only remove load from the home they are connected to

and as such, the percentage of peak load which can be shed is dependent on the PV

penetration. This is seen by the modest reduction in peak load in Figure 6.8. In addition,

demand reduction occurs through the night, i.e. during very low load conditions.

When solar irradiance levels are low, duringwinter, the domestic battery utilisation levels

fall. It can be shown that low solar irradiance levels lead to a small difference between
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FIGURE 6.9: Typical feeder load profile with 11x7kWh domestic batteries for a day with
low solar irradiation levels.

the power profile with andwithout PV power. As such, there is very little energy available

to charge the domestic batteries. Hence, although there is still a high level of energy

storage capacity on the feeder system, it cannot be utilised (with this control method)

to reduce the high peak powers which occur through the winter. However, since the

SOC of the domestic batteries is generally lower during periods of low solar irradiance,

the batteries are available to absorb more solar power when it becomes available and

as such, the export peaks during periods of low solar irradiance are more effectively

reduced. This is shown in Figure 6.9.

FIGURE 6.10: The three phase per unit voltage plotted against distance from the sub-
station for the feeder with 20% PV penetration and 11x7kWh domestic batteries.
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FIGURE 6.11: Line thickness view of power flows on the feeder lines for high solar irra-
diance levels with Domestic Batteries.

The voltage variation along the feeder system, as shown in Figure 6.10, is more bal-

anced than without the domestic batteries (Figure 6.6) for the instance shown and cor-

responds to a maximum voltage unbalance of 0.401%. Since the domestic batteries

are directly charged by the solar panels they are very effective at mitigating LV network

voltage unbalance whilst they are charging. However, as discussed previously, during

periods of high solar irradiance, the batteries will become fully charged early in the day.

Due to thewide levels of acceptable voltage unbalance (+10%, -6%) on LV networks, volt-

age balancing effects on these are not of critical importance. Lower losses are seen on

the LV network for the domestic battery case due to lower average power flows.

Power flow analysis was carried out on the domestic battery case with 5 solar homes,

eachwith 7kWh domestic batteries. The result is shown in Figure 6.11. When comparing

this to Figure 6.7 which shows the same scenario, at the same time step of the simula-

tion, a clear reduction in exported power is observed. Whilst this is clearly positive, 3 of

the homes are continuing to export power due to the energy stores in these homes being

fully charged and no longer able to absorb the solar PV generation. Much of this gen-

erated power is then utilised by other houses on the feeder, however this is a common

scenario for the domestic batteries in this simulation.
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6.2.3 20% PV penetration with feeder connected storage - Case 3

A feeder connected battery is able to respond directly to the aggregate feeder power

flow data. In this way it is able to provide useful services such as valley filling and peak

shaving. It can be very effective in doing this due to the relevance of the data available to

the feeder energy storage dispatch algorithm; the control strategy can be based on the

demand level for the whole feeder at anymoment and can therefore target interventions

for when they have most impact.

The effectiveness of the feeder connected battery is heavily dependent on charge and

discharge levels relative to the moving average of the feeder demand. If the energy

store is set to charge at a power level which is too high, the battery will quickly become

fully charged and then must allow a large export peak. Conversely if the battery is set

to charge at a relatively low feeder demand, it will not be fully utilised and will not fully

charge, reducing later peak demand reduction potential.

The choice of charge and discharge levels can be driven by either a desire to minimise

exports from the feeder system or to minimise peak feeder demand. For the purposes

of this study equal charge and discharge factors were set at the moving average for the

past day± 0.75×MSTD for the past day. For optimal results the shape of the demand

profile must be considered such that an equal charge and discharge energy is selected

for each day, in this way battery saturation can be prevented.
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FIGURE 6.12: Typical feeder load profile with a 77kWh feeder connected battery for a
day with high solar irradiation levels. Charge command for the battery is at dispatch

factor 1.2.
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For days of high solar irradiance the feeder battery is able to smooth the peaks of the

feeder load and reduce the exports, as shown in Figure 6.12, in this example the peak

export power is reduced by 15kW due to the battery. With a PV penetration of 20%

the mean power is negative for days of high solar irradiance, i.e. the solar panels are

generating more electrical energy than the feeder inhabitants are using. In this case

there must be an export of electrical energy unless very high capacity seasonal storage

is implemented. As such, the charge level for the battery moves to -15kW, in this way

the battery does not become fully charged before the peak export power.
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FIGURE 6.13: Typical feeder load profile with 77kWh feeder connected battery for a day
low high solar irradiation levels. Charge command for the battery is at dispatch factor

0.75.

When solar irradiance levels are low the feeder connected battery can still act to fill the

valleys and shave the peaks. Figure 6.13 shows a preferential feeder demand compared

to the domestic battery case since the export was completely prevented and greater

reductions were made to the evening demand on both days in this figure. This shows

that the dispatch strategy of the feeder connected battery allows for grid services at

many states of weather and feeder demand and can reliably reduce the feeder export

peak. In contrast, for domestic batteries to be effective with simple dispatch strategies,

there must be a low average state of charge and high solar irradiance.

The voltage profile of the feeder system presented from the OpenDSS simulation is

shown in Figure 6.14. It is exactly the same for the feeder connected battery as the

no storage case since there is no energy storage on the feeder system, as it is located

at the substation. There is very little difference between the LV network line losses
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FIGURE 6.14: The three phase per unit voltage plotted against distance from the substa-
tion for the feeder with 20% PV penetration and either no storage or a feeder connected

battery (subject to it being located at the sub-station).

calculated for the feeder connected battery case and the no storage case, again due

to the battery location. If the battery were located centrally within the feeder, the cable

length between the battery and the PV panels would be decreased and as such lower

losses would be seen.

The power flow for the feeder connected battery case is shown in Figure 6.15. The bat-

tery, in this example case, is not connected at the substation in order to show the power

FIGURE 6.15: Line thickness view of power flows on the feeder lines for high solar irra-
diance levels with Feeder connected battery.
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flows to the battery clearly and has a capacity equal to the sum of each of the domestic

batteries in case 2 (5× 7kWh = 35kWh). Each of the homes with installed solar export

power in the same way as shown in Figure 6.7, however, the feeder connected battery

is able to absorb the excess power and prevent export from the substation.

6.2.4 Export characteristics

For both cases of battery installation, i.e. domestic versus feeder connected, a reduc-

tion in the total of the sum of energy exports from the feeder is evident. The reduction in

exports is consistently higher for the feeder connected battery case and the benefit of

feeder-connected batteries over domestic batteries grows for capacities over 70kWh.

This is shown in Figure 6.16 where the sum of all energy exported from the feeder is

calculated for a range of battery capacities. In this calculation the domestic batteries

continue to be installed in 11 homes, the reduction in energy storage capacity is dis-

tributed evenly through the simulated batteries.
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FIGURE 6.16: Export characteristics of domestic and feeder batteries plotted against
battery size for the feeder with 20% PV penetration, i.e. 11 x 4kWp PV arrays. Dispatch

of the feeder connected battery occurs at dispatch factor 0.75.

The domestic battery case shows a plateau in exports where further increases above a

battery capacity of 7kWh per home have a diminished ability to reduce exports. This is

largely due to battery saturation, i.e. the home is producing more power than it is using

and therefore the battery becomes fully charged and export must occur.
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The export characteristics of the feeder-connected battery case are dependent on the

charge and discharge levels set for the battery. In order to optimally reduce the peak

export power the charge pointmust be further away from themoving average. However,

for optimal export reduction over the course of the year it must be ensured that the full

capacity of the battery is utilised for each solar peak. This is best achieved by setting

the charge level close to the moving average. However, this leads to a much higher like-

lihood that the battery will be fully charged before the peak of solar irradiance occurs

and as such, peak export reduction capability is reduced. The plateau seen in the ex-

ports for the feeder-connected case in Figure 6.16 shows this point, where the charging

point of the battery increases in order to ensure effective peak reduction, through con-

trol by Equation 6.4, however, the lack of inter-seasonal control due to the static nature

of the dispatch factor in this simulation leads to some under-utilisation at high battery

capacities. This is a result of the changing shape of the load leading to much a larger

export peak than import peaks during the summer due to the high solar power penetra-

tion levels. If the dispatch factor was dynamic and changed value effectively to account

for this changing load shape, the export reduction would become directly proportional

to battery capacity for a feeder connected battery.

For optimal control of the feeder-connected battery, the charging level should be set

at the lowest possible power which will fully discharge the battery. Thus, both the ex-

port peak and the total exported energy are reduced by the maximum possible amount.

These levels change throughout the year due to changing load shapes and as such a

dynamic battery control algorithm is needed which is beyond the scope of this work.

Figure 6.17 shows the variation in the mean of the daily moving minimum values for

the domestic and feeder-connected battery cases plotted against the battery capacity.

A sharp reduction is caused by introducing domestic batteries up to 50kWh (≈4.5kWh

per home), but only small further reductions are seen as the battery size increases fur-

ther. The feeder-connected battery does not reduce the peaks to the same extent as the

domestic batteries at low capacities in this simulation. At higher capacities the feeder

connected battery becomesmuchmore effective with a 3.5kW reduction in the average

peak demand. The charge and discharge levels of the feeder connected battery does

not change through this simulation and as such a low-capacity feeder connected bat-

tery is not optimised for peak reduction since it will become fully charged or discharged

before the peak occurs, as such the battery is under-performing when measured using
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FIGURE 6.17: Moving minimum mean characteristics of domestic and feeder batteries
plotted against battery size for the feeder with 20% PV penetration, i.e. 11 x 4kWp PV

arrays. Dispatch of the feeder connected battery occurs at dispatch factor 0.75.

this metric. Since the domestic batteries can only mitigate the demand from the home

in which they are situated there is an upper limit to demand reduction when the entire

demand for that home ismet by the combination of solar and batteries. This causes the

plateau seen for domestic batteries above 50kWh (4.5kWh x 11 homes) where the peaks

from the other homes without solar PV and battery installations drive peak demands.
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FIGURE 6.18: Moving minimum mean characteristics of domestic and feeder batteries
plotted against battery size for the feeder with 20% PV penetration, i.e. 11 x 4kWp PV

arrays. Dispatch of the feeder connected battery occurs at dispatch factor 0.75.

The dailymovingminimumof the feeder demand for varying battery capacities is shown

in Figure 6.18. This clearly shows that in both cases, the addition of energy storage leads
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to a decrease of the maximum export power. It can be seen that as the battery size in-

creases for both the domestic and feeder connected cases the moving minimummean

follows an ’S’ shape, with most increases coming for battery sizes between 30-100kWh.

However, as the size of the batteries increases beyond 100kWh there are diminishing re-

turns in both cases. The feeder connected battery reduces the maximum export power

more than the domestic batteries at all points in this simulation. There is no scope for

the domestic batteries to further reduce export power if they only react to the domestic

load profile. However, the dispatch of the feeder connected battery is not optimal in this

case, since the same dispatch parameter was used for the entire simulation. Thus, fur-

ther reductions could be made to the moving minimum mean of the feeder connected

battery case presented here.

6.3 Discussion

6.3.1 Domestic Batteries

The effect of installing a domestic battery paired to a solar panel array can be seen

in Figure ??. The battery charges whilst generation exceeds demand and discharges

while demand exceeds generation. This dispatch strategy lead to an unpredictable grid

connection power profile. The energy imported or exported depends entirely on the

power balance within the home at any moment regardless of the state of the wider grid

at the time.

The inclusion of domestic batteries leads to high power transience levels on the feeder

system. This is explained by the charging process of the battery; when the battery is

not yet fully charged, all the solar power will be utilised in its charging or in meeting the

domestic demand. As such, at this point the grid interconnection power levels for the

domestic property are zero. When the battery becomes fully charged, the solar power

at the time instantly starts being exported to the grid. There is no gradual rise in expor-

tation power as could be seen from the PV panels without an interconnected battery.

This process generally takes place in the afternoon, as such the PV generation quickly

falls to zero before the peak evening demand. As such the household’s energy demand

is either “all or nothing” dependent on the SOC of the domestic battery. Overall feeder
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demand levels go from minimum to maximum within two-three hours due to this ef-

fect. This effect was predicted in reference [229] and was seen throughout the results

presented in this chapter.

An issue associatedwith domestic batteries is that demand reduction canoccur through

the night, i.e. during very low load conditions. A discharging energy store is adding negli-

gible benefit at these times since the system demand is very low and the infrastructure

is under little or no stress. At these times the feeder-connected battery is generally

charging. This factor contributes to the poor utilisation of the energy storage capac-

ity introduced with domestic batteries with relation to alleviating distribution system

power flow issues due to the none-ideal dispatch times caused by reacting solely to the

domestic load.

Additionally, during winter the control algorithm allows only solar charging of domestic

batteries. This leads to inherently low charging power levels. Thus, although there is

still a high level of energy storage capacity on the feeder system it cannot be utilised

to reduce the high peak powers which occur through the winter. The feeder-connected

battery, conversely, is still being highly utilised during this period and reductions in the

peak load are seen.

6.3.2 Feeder Connected Battery

A feeder connected battery is able to respond directly to feeder power flow data. In this

way it is able to provide useful services such as valley filling and peak shaving. It can

be very effective at doing this due to the data available to the dispatch algorithm.

There are many factors which affect the benefit of utilising a feeder-connected battery.

One such important factor is the duration of the peaks and troughs; a broader peak

in the feeder demand requires much more energy to flatten than a narrow one. Thus

a feeder-connected battery will be much more effective with narrow peaks. Thankfully,

this is promoted with the inclusion of solar PV since there is a shortening of the evening

demand peak duration due to PV generation continuing until 17:00-18:00 in the summer

months. As such a feeder-connected battery mitigates the transient power flow condi-

tions seen through high PV penetrations levels to a far greater extent than the domestic

battery.
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The duration of the expected peaks and troughs may be a design driver for the power-

capacity ratio for the feeder-connected battery. Wider peaks and troughs require more

energy and as such the battery must have a higher energy capacity in order to provide

equal peak shaving and valley filling capabilities. However, the power needed to achieve

these capabilities remains unchanged, thus the power capacity may also remain un-

changed. The width of peaks and troughs is not constant throughout the year, during

the winter, even a feeder system with a high PV penetration will not be greatly affected

by the PV and as such the evening peak can be much wider.

In contrast to the domestic batteries the feeder-connected battery provides services

throughout the year. The dispatch strategy still allows grid services to be carried out.

Theremay be a reduction in the utilisation levels of the battery due to the reduction in PV

irradiance leading to fewer opportunities for battery charging. This leads to difficulty in

battery sizing since during the winter there are fewer charging opportunities, but higher

and wider peaks requiring peak shaving. If the main driver for the battery inclusion is to

reduce exportation then these effects can be largely ignored, however, for optimal peak

reduction throughout the year, a larger battery than that required purely for prevention

of export would be required.

By each of themetrics used tomeasure effectiveness shown in Section 6.2.4 the feeder-

connected battery is preferable with much higher reductions in exportation and reduc-

tions in peak loads. However, in this simulation, the battery dispatch occurs when the

power level on the feeder goes above or below the daily moving mean plus or minus

the daily MSTD multiplied by a factor (n). Thus, the charge and discharge levels are

equidistant from the mean. When the battery capacity is very large, it’s SOC stays very

high since the morning and evening peaks are not enough for a full discharge and as

such the export peak is not reduced by a full charge of the battery. An improved algo-

rithm would change the charge-discharge levels dynamically in response to the spread

of the feeder power demand - the dispatch factor should be dynamic such that full bat-

tery utilisation is enabled i.e. during high solar PV generation the discharge power level

should be reduced relative to the charge power level in order to enable a full discharge

before the charge cycle. This strategywouldmaximise battery effectiveness and enable

much higher levels of export reduction. This was beyond the scope of this project.
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6.4 Conclusions

For the purposes of preventing overload of the substation and keeping feeder power

flows within acceptable levels, feeder connected batteries were seen to be superior to

domestic batteries. Domestic batteries though, through their dispersed locations on

the low voltage feeder led to fewer voltage violations. This effect is only relevant for the

low voltage network in question and it is concluded that feeder connected batteries will

offer superior support for voltages in the wider network.

As long as domestic generation exceeds supply for a number of days domestic homes

will always have to export no matter the capacity of the battery. Feeder connected bat-

teries can effectively prevent exports from the LV network to the MV network.

Feeder connected battery peak shifting is very successful since peaks at this level of

the grid are pronounced, easily predicted and easilymitigated. Increased energy storage

capacity showed a plateau behaviour for reducing peaks, however, this was due to the

simplicity of the dispatch algorithm. Charge and discharge points must be dynamically

controlled in order to achieve preferential results. Peak shaving was not as successful

with domestic batteries, only the demand of the home with the battery can be removed

and load reduction goes through the night, when it is least needed. Domestic batteries

can be more effective at valley filling due to the exposure to larger energy flows of the

PV array. However, higher levels of energy transience can be seen due to a shift of the

minimum demand to later in the day.

Voltage violations on the LV network are more likely with feeder connected batteries.

This was seen to depend on the battery connection, however, specific phase control

would lead to much improved voltage performance. A mixed effect of the domestic

batteries on voltage violation was seen, when the battery is charging the positive effect

on the LV network is profound due to complete absorption of the solar energy. However,

during the summer months the battery would become fully charged in the afternoon,

leaving no protection from voltage violations.

Domestic batteries may be easier to implement, and customers may be more willing to

install them than the network operators. As such their effects are likely to become a

reality, the only question is at what scale. In this case a hybrid energy storage approach

should be implemented with energy storage at both levels.



Chapter 7

Conclusions

This thesis presents a body of work focused on the potential use cases for energy stor-

age in the UK. It is clear this technology will have a role in the future energy landscape

and potential installation types have been investigated on low voltage networks and at

high rate EV chargers.

In order to understand the effect of location on energy storage installations, domes-

tic and feeder connected batteries were directly compared in Chapter 3. This analysis

showed that feeder connected batteries are more capable solutions for preventing volt-

age violations and feeder overload. This was due to their ability to respond directly to

power flows on the network. Domestic batteries always became fully charged for large

periods of time, leading to large power flows on the feeder in the summer - due to ex-

cessive solar power generation.

To understand the benefits which energy storage may give at high rate electric vehicle

chargers (HREVC) a model was developed to predict the demand at these chargers.

This model used freely available data from the open street map to estimate travel pat-

terns of EVs. This was then be used with traffic flow patterns for any location on the

strategic road network in the UK to give the model locational dependence. A predictive

model of future EV battery capacities was also developed by the author to enable a pre-

diction of EV charger power demand. An earlier peak in the EV demand was found, that

the literature does not predict, as a tendency for long journeys to begin in the morning

was observed. Additionally, approximately 0.5% of EV journeys on the strategic road

network, past a HREVC will result in the use of that charger.

173
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It was then found, through combining this predictive demand model with solar power

generation patterns that an energy store could be used to balance the supply and de-

mand at the HREVC on the day scale, but not the year scale. This is due to the seasonal

changes in solar power generation. Therefore, a grid connection is necessary for these

installations.

A model of a HREVC was then produced which includes capabilities for EV queueing,

an associated energy store and grid connection capacities. It was found that correct

specification of the grid charge power (the power level at which the off vehicle energy

store (OVES) charges when there is no solar power) is critical for effective operation of

the HREVC. To this end, dynamic (where the grid charge power responds to changes

in the average solar generation power) and static (where the grid charge power does

not change) algorithms were compared. It was found that the dynamic algorithm led

to increased usage of the OVES and therefore reduced overall grid connection usage

through higher utilisation of the solar PV.

Two potential use cases for the HREVC with OVES were then addressed: the addition of

an EV charger to an existing solar farm, and the addition of a small amount of solar to an

existing HREVC. The aim of these studies was to ascertain whether this was possible

without additional grid connectivity. It was found that an HREVC with a large solar farm

can be taken mostly off grid with a large PV farm and PVcap/2 < OV EScap < PVcap but

10-20% of charging power will be curtailed. For an HREVC with small solar, the OVES

is more effective at reducing exports than imports. This leads to a trade-off between

import reduction and over-specifying the OVES. In both cases though, the installations

could be made without an additional grid connection if the caveats were acceptable.

In the final chapter of this thesis the optimal design of an HREVC was studied. This

included optimising for maximum profit and for minimum grid connection usage. Vari-

ous scenarios were used giving multiple optimal solutions. It was found that the OVES

was capable of increasing the profit of the HREVC for installations which had high grid

connection costs and medium to high EV growth predictions. In these scenarios the

financial benefit arising from the inclusion of an OVES compared favourably with other

business cases where energy storage has been installed in the UK. (0.5-3 £m /MWh /

year for an HREVC compared to 0.05 - 0.20 £m /MWh / year for other revenue streams).

For minimal grid connection usage, large OVES and solar farm capacities were seen in
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the optimal results. However, this led to significant curtailment of solar energy. There-

fore, it is recommended that designers seek a balance between optimum profit and

reduced grid connection usage to facilitate renewable energy powered HREVC prolifer-

ation.

7.1 Future Work

The renewable energy and electric vehicle space is evolving rapidly, withmany researchers

currently working on this subject area. However, to progress the work presented in this

thesis, a focus should be made on the following subject areas:

• Grid connection cost assessment - The cost of the grid connection is a very hard

subject tomodel as it varies both by power capacity requirement and by geograph-

ical location. Further research is needed to more clearly understand these depen-

dencies in order to improve the accuracy of future modelling.

• Integration of auxiliary services - With a large battery capacity at the HREVC, there

is a possibility to use this to generate alternate income for the HREVC operator

through using this battery to perform auxiliary services for the national grid or

an aggregator. However, as the OVES would not be usable for the HREVC whilst

performing these tasks, an optimisation problem can be formed to balance these

two requirements. This would be an interesting problem to solve through further

work.
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Appendix A

EV demand prediction code

The code used to implement the work in Chapter 4 is included here. Each script is used

in turn to extract, sort and filter the GPX files from the Open Street Map dump.

1 % TracksInShapefile

2 % Separated those OSM tracks which use the SRN , i.e. are long trips in

3 % cars.

4 % Author: George Hilton Email: g.hilton@soton.ac.uk

5 % Date 20/01/2017

6

7 % Load shapefile of road network

8 load('C:\Local\Traffic Data\Highways Shape File\HighwaysLatLon.mat')

9

10 Tracks = dir('C:\Local\Traffic Data\Matlab OSM tracks ');

11

12 % Remove current and parent directory markers to prevent infinite loop

13 yg = ismember ({ Tracks.name},{'.','..'});

14 Tracks(yg) = [];

15

16 itr = 0

17 Number = 1

18

19 % Iterate through all tracks

20 for i1 = 1 : length(Tracks)

21

22 ThisTrack = Tracks(i1).name;

23 load(ThisTrack)

24

25 flag = 0;

26
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27 TrackBox = [min(data.Latitude (1),data.Latitude(length(data))) , min(data.

Longitude (1),data.Longitude(length(data))) , max(data.Latitude (1),data.

Latitude(length(data))) , max(data.Longitude (1),data.Longitude(length(data)))

];

28

29 % Iterate through all highway polygons

30 for i2 = 1 : length(Highways)

31

32 % Check Latitudes

33 if TrackBox (1) < Highways(i2).BoundingBox (1) && TrackBox (3) >

Highways(i2).BoundingBox (2)

34 % Check Longitudes

35 if TrackBox (2) < Highways(i2).BoundingBox (3) && TrackBox (4) >

Highways(i2).BoundingBox (4)

36

37 Number = Number + 1

38

39 % Save track in subfolder

40 str = sprintf('SuccessTrack_%d',Number);

41 save(str ,'data')

42

43 break

44 end

45 end

46 end

47 clear data

48 clear TrackBox

49 itr = itr + 1

50 end

1

2 Highways = shaperead('HE_HighwayBoundary_v3_3_1 ');

3

4 prof = geotiffinfo('GBOverview ');

5

6 HighwaysLat = cell(length(Highways) ,1);

7 HighwaysLon = cell(length(Highways) ,1);

8

9 for i = 1 : length(Highways)

10 highwaysX = Highways(i).X;

11 highwaysY = Highways(i).Y;

12

13 [HighwaysLat_temp , HighwaysLon_temp] = projinv(prof , highwaysX , highwaysY);

14

15 Highways(i).X = HighwaysLat_temp;

16 Highways(i).Y = HighwaysLon_temp;

17

18 Highways(i).BoundingBox (1) = min(Highways(i).X);



Appendix A EV demand prediction code 205

19 Highways(i).BoundingBox (2) = min(Highways(i).Y);

20 Highways(i).BoundingBox (3) = max(Highways(i).X);

21 Highways(i).BoundingBox (4) = max(Highways(i).Y);

22 end

23

24 save('HighwaysLatLon ', 'Highways ')

1 % GPX to Matlab

2 % Processes the .gpx files from the OSM dump to matlab geopoint format.

3 % Author George Hilton email: g.hilton@soton.ac.uk

4 % Date: 17/01/2017

5

6 clear all

7

8 cd ('C:\Local\Traffic Data\Open Stret Map tracks\great_britain.tar\gpx -planet

-2013 -04 -09\ identifiable \001')

9

10 % Assess top level directory

11 folders = dir('C:\Local\Traffic Data\Open Stret Map tracks\great_britain.tar\gpx -

planet -2013 -04 -09\ identifiable \001');

12

13 % Remove current and parent directory markers to prevent infinite loop

14 yg = ismember ({ folders.name},{'.','..'});

15 folders(yg) = [];

16

17 % Create empty cell ready to populate with all files

18 files = cell(length(folders));

19

20 % Iterate through folders in top level directory. Run dir() on each folder

21 % in top level directory and assign to files array.

22 for K = 1 : length(folders)

23 thisdir = folders(K).name;

24 files{K} = dir(thisdir);

25 end

26

27 % Iterate through all files within OSM dump

28 for i = 10: length(files)

29

30 % Prevent infinite loop

31 yg = ismember ({files{i,1}. name},{'.','..'});

32 files{i,1}(yg) = [];

33

34 % Add path for each folder to enable gpxread function use.

35 addpath(files{i,1}. folder)

36

37 % Iterate throughall files in each folder

38 for p = 1: length(files{i,1})

39
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40 % Convert to matlab format and save

41 fileName = files{i,1}(p).name;

42 %A = gpxread(fileName);

43 data = gpxread(fileName);

44 str = sprintf('A_%d_%d',i,p);

45 save(str ,'data')

46 end

47

48 end

1 % ResultsSort

2 % Sort journey lengths by time of day to create energy used per time of day

3 % distribution. Uses mid -time of the journey for time stamp.

4 %

5 % Author George Hilton. email: g.hilton@soton.ac.uk

6 % Date 2/2/2017

7

8 load('Results.mat')

9

10 % Order journeys into time of day.

11

12 TimeofDayStart = regexp ([ Results {:,2}],'T','split');

13 TimeofDayStart = TimeofDayStart .';

14 TimeofDayEnd = regexp ([ Results {:,3}],'T','split ');

15 TimeofDayEnd = TimeofDayEnd .';

16

17 TimeofDay = zeros (2287 ,2);

18

19 for i1 = 1: length(TimeofDay)

20

21 hour_start = str2double(TimeofDayStart{i1 ,1}{2}(1:2));

22 minute_start = str2double(TimeofDayStart{i1 ,1}{2}(4:5));

23

24 hour_end = str2double(TimeofDayEnd{i1 ,1}{2}(1:2));

25 minute_end = str2double(TimeofDayEnd{i1 ,1}{2}(4:5));

26

27 minutes_start = hour_start *60 + minute_start;

28 minutes_end = hour_end *60 + minute_end;

29

30 minutes_middle(i1) = (minutes_end + minutes_start)/2;

31

32 hour = floor(minutes_middle(i1)/60);

33 minute = minutes_middle(i1) - hour *60;

34

35 TimeofDay(i1 ,1) = hour;

36 TimeofDay(i1 ,2) = minute;

37 end

38
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39 % B is time figures , I is order

40 [B,I] = sort(minutes_middle);

41

42 for i2 = 1: length(Results)

43 SortedDistanceResults(i2) = Results(I(i2) ,1);

44 end

45

46 SortedDistanceResultsMat = cell2mat(SortedDistanceResults);

47

48 for i3 = 1: length(I)

49 TimeofDaySorted(i3) = TimeofDay(I(i3));

50 end

51

52 % ts = timeseries(SortedDistanceResultsMat ,TimeofDaySorted);

53 % plot(ts)

54 % hold

55 %

56 % ts1 = resample(ts ,[0:0.025:1]);

57 %

58 % plot(ts1)

59

60 % times = datetime(TimeofDaySorted);

61

62 for i4 = 1:24

63

64 i0 = i4 - 1;

65

66 data = [];

67

68 for i5 = 1 : length(TimeofDay)

69

70 if TimeofDaySorted(i5) < i4 && TimeofDaySorted(i5) >= i0

71 if SortedDistanceResultsMat(i5)>1

72 data = vertcat(data ,SortedDistanceResultsMat(i5));

73 end

74 end

75 end

76

77 str = sprintf('hourmidlong%d',i4);

78 save(str ,'data')

79

80 end

1 % LengthTime

2 % Filter trips of length greater than 50 miles.

3 % Author: George Hilton Email: g.hilton@soton.ac.uk

4 % Date 26/01/2017

5
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6 Tracks = dir('C:\Local\Traffic Data\Matlab OSM tracks\Uses SRN');

7

8 % Remove current and parent directory markers to prevent infinite loop

9 yg = ismember ({ Tracks.name},{'.','..','LengthTime.m'});

10 Tracks(yg) = [];

11

12 Results = cell(length(Tracks) ,3);

13

14 % Iterate through all tracks

15 for i1 = 1 : length(Tracks)

16

17 ThisTrack = Tracks(i1).name;

18 load(ThisTrack)

19

20 for i2 = 1 : length(ThisTrack)

21

22 % Record length and time of track

23 lat = data.Latitude;

24 lon = data.Longitude;

25

26 d = distance(lat(1:end -1), lon (1:end -1), lat(2:end), lon (2:end));

27 dist = sum(d)*69.047;

28 start = data.Time (1);

29 finish = data.Time(end);

30

31 Results{i1 ,1} = dist;

32 Results{i1 ,2} = start;

33 Results{i1 ,3} = finish;

34 end

35 end
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HREVC Model code

1

2 % HREVC Model function for use in optimisation for profit. Takes

3 % pre -calculated datasets for EV demand to reduce computational time.

4 % Particle Swarm method expected.

5 %

6 % Author: George Hilton - email: g.hilton@soton.ac.uk

7 % Date: 31/05/2017

8

9 % Efficiencies

10

11 Sol_Eff = 0.95; % Solar Power Electronic efficiencies

12 Grid_Eff = 0.95; % Grid connection Power Electronic efficiencies

13 Charger_Eff = 0.95; % Charger Power Electronic efficiencies

14

15 % Max EV Power

16

17 P_Max = 300000; % Maximum power available

from charge station

18

19 %%

20 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

21 % ---- ENERGY BALANCE PREREQUISITES ----

22 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

23

24 % ---- Load Data ----

25

26 % Load solar and wind data arrays

27 load('SgurrWindSolar ')

28 % Load Battery Data

29 load('DataManipulationResults.mat')

30

31 %% Calculate Grid Charge

209
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32

33 SolarMA100 = movmean(ACp ,100*1440);

34 SolarMA100 = max(SolarMA100)-SolarMA100;

35 SolarMA100 = SolarMA100 /0.1679;

36

37 SolarMAShape (:) = SolarMA100 + Grid_Charge_min;

38 Grid_Charge (:) = SolarMAShape + SolarMA100 *( Grid_Charge_max -Grid_Charge_min);

39

40 % --- Load EV Charge times ---

41

42 % Load randomly selected dataset

43 str = sprintf('EV_DataSet_M25Factor30_y%d_scen%d',year ,scen);

44 load(str);

45

46 % --- Create EV Charge Station Arrays ---

47

48 % A zero array for each charging station , will be set to one when the

49 % charge station is in use.

50

51 % Number of created arrays is given by variable Charge_Stations

52 % To index Charge_Station (b can be ommitted):

53 % Charge_Station{a,b}(c,d)

54 % a - 1-Number_Charge_Stations , describes number of the charge station

55 % b - Three cells , 1 contains time vector for charge station , 2 contains use

56 % stamp , 1 if in use 0 if not , 3 contains number of EV to be charged at charging

station.

57 % c - 1-2, 1 is power to EV 2 is SOC of EV

58 % d - 1-length(DCp), time vector

59

60 Charge_Station=cell(Number_Charge_Stations ,3);

61

62 for f=1: Number_Charge_Stations

63 Charge_Station{f,1}= zeros(2,length(ACp));

64 Charge_Station{f ,2}=0;

65 Charge_Station{f ,3}=0;

66 end

67

68 % --- Set Zeros ---

69 Grid = zeros(1, length(ACp));

70 ESM_SoC_day_vec = zeros(1,length(ACp));

71 Day_Power = zeros(1,length(ACp));

72

73 % Calculate initial max charge and discharge powers. Set as 5C for first

74 % second to allow Model.m to be called.

75 ESM_P_max_charge = ESM_ES_cap_kWh *5;

76 ESM_P_max_discharge = ESM_ES_cap_kWh *-5;

77

78 %%
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79

80 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

81 % ---- Energy balance section ----

82 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

83

84 EV_Number_run =1;

85

86 % For loop for length of day

87 for i=1: length(ACp)

88

89 % Set time given to model script to integer value of i

90 ESM_time=round(i);

91

92 % Run battery model every second other than the first , this is because

93 % previous SOC values are needed for effective running

94 if i > 1

95 %%

96 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

97 % INITIAL CALCULATIONS

98 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

99

100 % Define the initial value of the SoC vector as 0.11

101 ESM_SoC_day_vec (1) = 0.11;

102

103 % Calculate the C rate of the charge or discharge , put this value in a

104 % vector of C rates , with each point in the vector being a new time

105 ESM_C_rate(ESM_time) = abs(ESM_P_to_from_energystore/ESM_ES_cap_kWh);

106

107 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

108 % DETERMINE THE CURVES THAT THE C RATE CALCULATED IS BETWEEN

109 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

110

111 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

112 % If loop for charging case

113 if ESM_P_to_from_energystore > 0

114

115 % Cycle for the number of curves

116 for ESM_i = 1 : ESM_N_Charge_Curves -1

117

118 % If the C-rate is less than the lowest value from the battery

119 % tests the ESM_curve_ref is set at 0

120 if ESM_C_rate(ESM_time) <= ESM_C_Rate_Charge_Curves (1)

121 ESM_curve_ref = 0;

122 break

123

124 % If the C-rate is between the two values in

125 % ESM_C_Rate_Charge_Curves then use ESM_i as the ESM_curve_ref

126 elseif (ESM_C_Rate_Charge_Curves(ESM_i) < ESM_C_rate(ESM_time))...
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127 &&( ESM_C_rate(ESM_time) <=ESM_C_Rate_Charge_Curves(ESM_i +1))

128 ESM_curve_ref = ESM_i;

129 break

130

131 % If the C-rate is higher than the largest C-rate measured , this

132 % should not happen

133 elseif ESM_C_rate(ESM_time) > ESM_C_Rate_Charge_Curves(

ESM_N_Charge_Curves)

134 warning('Too high power to off -vehicle energy store')

135 end

136

137 end

138

139 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

140 % If for discharging case

141 elseif ESM_P_to_from_energystore < 0

142

143 % Cycle for the number of curves

144 for ESM_i = 1 : ESM_N_Discharge_Curves -1

145

146 % If the C-rate is less than the lowest value from the battery

147 % tests the ESM_curve_ref is set at 0

148 if ESM_C_rate(ESM_time) <= ESM_C_Rate_Discharge_Curves (1)

149 ESM_curve_ref = 0;

150 break

151

152 % If the C-rate is between the two values in

153 % ESM_C_Rate_Charge_Curves then use ESM_i as the ESM_curve_ref

154 elseif (ESM_C_Rate_Discharge_Curves(ESM_i)<ESM_C_rate(ESM_time))...

155 &&( ESM_C_rate(ESM_time) <=ESM_C_Rate_Discharge_Curves(ESM_i +1))

156 ESM_curve_ref = ESM_i;

157 break

158

159 % If the C-rate is higher than the largest C-rate measured , this

160 % should not happen

161 elseif ESM_C_rate(ESM_time) > ESM_C_Rate_Discharge_Curves(

ESM_N_Charge_Curves)

162 warning('Too high power to off -vehicle energy store')

163

164 end

165

166 end

167

168 end

169

170 %clear ESM_i

171

172 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
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173 % CALCULATE THE CELL VOLTAGE AND THEN THE EFFICIENCY AND NEW SOC

174 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

175

176 % Determine the vector location of the previous SoC

177 % ESM_SoC_day_vec(ESM_time -1) reads the previous SoC value , as the SoC

178 % varies between 0 and 100 and the vector varies from 1 to 1001, the SoC

179 % value is multiplied by 10 and 1 is added to determine the vector

180 % location. The round function is used to ensure this value is an integer.

181

182 ESM_NVec_SoC_prev = round(( ESM_SoC_day_vec(ESM_time -1))*1000+1);

183

184 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

185 % If loop for charging case

186 if ESM_P_to_from_energystore > 0

187

188 % If for case where ESM_curve_ref is 0. For this case the cell voltage

189 % is taken as the same as for the lowest C rate

190 if ESM_curve_ref < 0.5

191 ESM_Volt_cell(ESM_time) = ESM_Charge_V (( ESM_NVec_SoC_prev) ,1);

192

193 % Else to interpolate between the curves

194 else

195 % Vector of 2 x values , which are the two C rates

196 ESM_x_temp = [ESM_C_Rate_Charge_Curves(ESM_curve_ref)

ESM_C_Rate_Charge_Curves(ESM_curve_ref +1)];

197

198 % Vector of 2 y values , which lookup the voltages in the charging

199 % voltage matrix

200 ESM_y_temp = [ESM_Charge_V(ESM_NVec_SoC_prev ,ESM_curve_ref) ESM_Charge_V(

ESM_NVec_SoC_prev ,ESM_curve_ref +1)];

201

202 % Interpolate between these values at the value

203 % ESM_C_rate(ESM_time) to find the cell voltage

204 ESM_Volt_cell(ESM_time) = interp1(ESM_x_temp ,ESM_y_temp ,ESM_C_rate(

ESM_time));

205

206 %clear ESM_x_temp ESM_y_temp

207 end

208

209 % Calculate the new SoC , this is equal to the previous SoC + the

210 % standard charge/discharge efficiency * the charge efficiency at the

211 % charge rate * energy transferred/off -vehicle energy store capacity

212 ESM_SoC_day_vec(ESM_time) = ESM_SoC_day_vec(ESM_time -1) + ...

213 ESM_Eff_cd * ...

214 (ESM_Charge_V(ESM_NVec_SoC_prev ,1)/ESM_Volt_cell(ESM_time))* ...

215 ESM_P_to_from_energystore *(1/60)/ESM_ES_cap_kWh;

216

217 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
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218 % Elseif loop for discharging case

219 elseif ESM_P_to_from_energystore < 0

220 if ESM_curve_ref < 0.5

221 ESM_Volt_cell(ESM_time) = ESM_Discharge_V(ESM_NVec_SoC_prev ,1);

222

223 % Else to interpolate between the curves

224 else

225 % Vector of 2 x values , which are the two C rates

226 ESM_x_temp = [ESM_C_Rate_Discharge_Curves(ESM_curve_ref)

ESM_C_Rate_Discharge_Curves(ESM_curve_ref +1)];

227

228 % Vector of 2 y values , which lookup the voltages in the

229 % discharging voltage matrix

230 ESM_y_temp = [ESM_Discharge_V(ESM_NVec_SoC_prev ,ESM_curve_ref)

ESM_Discharge_V(ESM_NVec_SoC_prev ,ESM_curve_ref +1)];

231

232 % Interpolate between these values at the value

233 % ESM_C_rate(ESM_time) to find the cell voltage

234 ESM_Volt_cell(ESM_time) = interp1(ESM_x_temp ,ESM_y_temp ,ESM_C_rate(

ESM_time));

235

236 end

237

238 % Calculate the new SoC , this is equal to the previous SoC + the

239 % standard charge/discharge efficiency * the discharge efficiency at

240 % the discharge rate * energy transferred/off -vehicle energy store

241 % capacity

242 ESM_SoC_day_vec(ESM_time) = ESM_SoC_day_vec(ESM_time -1) + ....

243 ESM_Eff_cd *...

244 (ESM_Volt_cell(ESM_time)/ESM_Discharge_V(ESM_NVec_SoC_prev ,1))*...

245 ESM_P_to_from_energystore *(1/60)/ESM_ES_cap_kWh;

246

247 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

248 % Else for case when energy store is neither charging nor discharging. In

249 % this case the new SoC simply equals the previous SoC

250 else

251 ESM_SoC_day_vec(ESM_time) = ESM_SoC_day_vec(ESM_time -1);

252 end

253

254 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

255 % CALCULATE THE MAXIMUM POWER TO AND FROM THE ENERGY STORE

256 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

257

258 % Determine the vector location of the SoC

259 % ESM_SoC_day_vec(ESM_time -1) reads the previous SoC value , as the SoC

260 % varies between 0 and 100 and the vector varies from 1 to 1001, the SoC

261 % value is multiplied by 10 and 1 is added to determine the vector

262 % location. The round function is used to ensure this value is an integer.
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263 ESM_NVec_SoC = round (( ESM_SoC_day_vec(ESM_time))*1000+1);

264

265 ESM_P_max_charge = ESM_ES_cap_kWh*ESM_Max_C_Charge(ESM_NVec_SoC);

266 ESM_P_max_discharge = ESM_ES_cap_kWh * ESM_Max_C_Discharge (1001- ESM_NVec_SoC) *

-1;

267

268 %%

269 if ESM_SoC_day_vec(i) < 0.15

270 ESM_P_max_discharge = 0;

271 end

272 end

273

274 % Calculate max available power for EV charging

275 Max_charge_available(i) = Grid_Capacity*Grid_Eff + DCp(i)*Wind_Factor*Sol_Eff +

ACp(i)*Solar_Factor*Sol_Eff - ESM_P_max_discharge;

276

277 % --- Asign EVs to charging stations ---

278

279 % Every time there is a new EV arriving or one waiting. EV_Charge_Time

280 % signifies a waiting EV. Its value relates to how many EVs there are

281 % waiting to charge.

282 if EV_Charge_Time(i) >= 1

283

284 % Iterate through all the charging stations

285 for q=1: Number_Charge_Stations

286

287 % Assign the EV to a charging stations which is not in use , if

288 % staion is not in use

289 if Charge_Station{q,2} == 0

290

291 % Set charging station to in use.

292 Charge_Station{q,2} = 1;

293

294 % Assign current EV to the charging station and increase

295 % EV_Number_Run such that the next EV to be charged is not the

296 % same.

297 Charge_Station{q,3} = EV_Number_run;

298 EV_Number_run = EV_Number_run +1;

299

300 % EV_Charge_Time to -1 to signify that one EV has begun

301 % charging

302 EV_Charge_Time(i) = EV_Charge_Time(i) - 1;

303

304 % If there are no EVs waiting to be charged leave the for loop

305 % and continue onto charging code.

306 if EV_Charge_Time(i)==0

307 break

308 end
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309

310 end

311

312 % If we have iterated through all the charging stations and didnt

313 % break out of the for loop this means there is an EV waiting and

314 % all charging stations are full.

315 if q == Number_Charge_Stations

316

317 % To prevent error on the last iteration.

318 if i < length(ACp)-1

319

320 % Hold the Current EVs waiting over to the next iteration

321 EV_Charge_Time(i+1) = EV_Charge_Time(i) + EV_Charge_Time(i+1);

322 end

323 break

324 end

325 end

326 end

327

328 % --- EV charge power and SOC calculation for each charging station ---

329

330 % Charge at max power for 1 EV at a charging station

331 % If charge is in use

332 for f=1: Number_Charge_Stations

333

334 if Charge_Station{f,2} == 1

335

336 % Run power demand function to calculate power to EV and change in

337 % SOC of EV. EV_Stats{EV_Number_run} is current EV being charged by

338 % this charge station. Results from Power_demand_v2 are assigned to

339 % Charge_Station for this iteration.

340 [Charge_Station{f,1}(1 ,i),Charge_Station{f,1}(2,i)]= Power_demand_v2(

EV_Stats{Charge_Station{f ,3}});

341

342 %Update the SOC of the EV with new SOC returned from

343 %Power_demand_v2

344 EV_Stats{Charge_Station{f ,3}}(1)=Charge_Station{f,1}(2,i);

345

346 % if loop to end charge when the SOC exceeds SOC_fin

347 if EV_Stats{Charge_Station{f ,3}}(1) > EV_Stats{Charge_Station{f ,3}}(3)

348

349 %Show charge station no longer in use

350 Charge_Station{f ,2}=0;

351 end

352 end

353

354 % Sum all charging station powers into Day_Power variable

355 Day_Power(i) = Day_Power(i) + Charge_Station{f,1}(1,i);
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356

357 end

358

359 Day_Power(i)=Day_Power(i)/1000; % Power W -> kW

360

361

362 % --- Power Limit Section ---

363

364 % If power to EVs will lead to exceeding the grid capacity , i.e. is over

365 % the max charge available variable then the power to each EV is brought

366 % down to acceptable levels

367

368

369 if Day_Power(i)*Charger_Eff > Max_charge_available(i);

370

371 % calculate multiplicative factor to return Day_Power to acceptable

372 % levels

373 factor = Max_charge_available(i) / Day_Power(i)*Charger_Eff;

374 Day_Power(i)=0;

375

376 % Iterate through charging stations to adjust the power and SOC for

377 % each EV

378 for f=1: Number_Charge_Stations

379

380 if Charge_Station{f,2} == 1

381

382 % Ammend SOC by subtracting the energy associated with the

383 % power reduction caused by the multiplicative factor

384 EV_Stats{Charge_Station{f ,3}}(1) = EV_Stats{Charge_Station{f ,3}}(1) -

(Charge_Station{f,1}(1 ,i)*(1- factor))/( EV_Stats{Charge_Station{f ,3}}(4) *3.6e

+6);

385

386 % Ammend power to EV

387 Charge_Station{f,1}(1,i)=Charge_Station{f,1}(1,i)*factor;

388

389 % Sum all charging station powers into Day_Power variable

390 Day_Power(i) = Day_Power(i) + Charge_Station{f,1}(1,i)/1000 ;

391

392 end

393 end

394 end

395

396

397

398

399 %If loop for battery in a useable state i.e. SOC between allowable

400 %values

401 if (0.1 <= ESM_SoC_day_vec(i)) && (ESM_SoC_day_vec(i) < 0.9 )



218 Appendix B HREVC Model code

402

403 %If battery is useable call script to calculate grid power value

404 % When solar plus wind power does not provide full charge capability use

grid to 'top

405 % up'

406 if (Wind_Factor*DCp(i) + Solar_Factor*ACp(i)) >= 0 && (Wind_Factor*DCp(i)

*Sol_Eff + Solar_Factor*ACp(i)*Sol_Eff) < Grid_Charge(i)

407 Grid(i) = (Grid_Charge(i) - (Wind_Factor*DCp(i)*Sol_Eff +

Solar_Factor*ACp(i)*Sol_Eff))/Grid_Eff;

408

409 %If solar power is providing adequate charging power set grid power to

410 %zero.

411 elseif (Wind_Factor*DCp(i)*Sol_Eff + Solar_Factor*ACp(i)*Sol_Eff) >=

Grid_Charge(i);

412 Grid(i) = 0;

413

414 % Else , ie when there is no solar , set grid to grid charge.

415 else

416 Grid(i) = Grid_Charge(i)/Grid_Eff;

417 end

418

419 % If Battery is fully charged

420 elseif ESM_SoC_day_vec(i) > 0.9

421

422 % If the power in the system is positive , i.e. default is to

423 % further charge the battery then intervene and set grid power

424 % to export. Else , battery discharge begins and grid power = 0.

425 if (Wind_Factor*DCp(i)*Sol_Eff + Solar_Factor*ACp(i)*Sol_Eff) - Day_Power

(i)/Charger_Eff > 0

426 Grid(i) = (Day_Power(i)/Charger_Eff - (Wind_Factor*DCp(i)*Sol_Eff +

Solar_Factor*ACp(i)*Sol_Eff))/Grid_Eff;

427 else

428 Grid(i)=0;

429 end

430

431 % If battery is fully discharged

432 elseif ESM_SoC_day_vec(i) < 0.1

433

434 % If the power in the system is negative , i.e. default is to

435 % further discharge the battery then intervene and set grid power

436 % to import. Else calculate grid levels

437 if (Wind_Factor*DCp(i)*Sol_Eff + Solar_Factor*ACp(i)*Sol_Eff) - Day_Power

(i)/Charger_Eff < 0

438

439 % If power demand and solar power go below grid charge level ,

440 % hold grid power to grid charge. Else allow full import.

441 if (Day_Power(i)/Charger_Eff + (Wind_Factor*DCp(i)*Sol_Eff) +

Solar_Factor*ACp(i)*Sol_Eff) < Grid_Charge(i)
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442 Grid(i) = Grid_Charge(i)/Grid_Eff;

443 else

444 Grid(i) = (Day_Power(i)/Charger_Eff - (Wind_Factor*DCp(i)*Sol_Eff

+ Solar_Factor*ACp(i)*Sol_Eff))/Grid_Eff;

445 end

446

447 else

448 % When solar power does not provide full charge capability use grid

to 'top

449 % up'

450 if (Wind_Factor*DCp(i) + Solar_Factor*ACp(i)) >= 0 && (Wind_Factor*

DCp(i)*Sol_Eff + Solar_Factor*ACp(i)*Sol_Eff) < Grid_Charge(i)

451 Grid(i) = (Grid_Charge(i) - (Wind_Factor*DCp(i)*Sol_Eff +

Solar_Factor*ACp(i)*Sol_Eff))/Grid_Eff;

452

453 %If solar power is providing adequate charging power set grid power

to

454 %zero.

455 elseif (Wind_Factor*DCp(i)*Sol_Eff + Solar_Factor*ACp(i)*Sol_Eff) >=

Grid_Charge(i);

456 Grid(i) = 0;

457

458 % Else , ie when there is no solar , set grid to grid charge.

459 else

460 Grid(i) = Grid_Charge(i)/Grid_Eff;

461 end

462

463 end

464

465 end

466

467 % Power balance statement: Battery power equals solar power minus

468 % charge demand plus grid power levels

469 ESM_P_to_from_energystore = (Wind_Factor*DCp(i)*Sol_Eff + Solar_Factor*ACp(i)

*Sol_Eff) - Day_Power(i)/Charger_Eff + Grid(i)*Grid_Eff;

470

471 %%

472

473 % Section to prevent very high charge and discharge levels

474

475 % If battery power is higher than maximum allowable calculate allowable

476 % power and set grid to balance power flows.

477 if ESM_P_to_from_energystore >= ESM_P_max_charge

478

479 % If battery is fully charged , set battery power to zero.

480 if ESM_SoC_day_vec(i) > 0.9

481 ESM_P_to_from_energystore = 0;

482
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483 % Else , set battery power to maximum allowable.

484 else

485 ESM_P_to_from_energystore = ESM_P_max_charge;

486 end

487

488 % Energy balance statement for new battery power levels.

489 Grid(i) = (Day_Power(i)/Charger_Eff - (Wind_Factor*DCp(i)*Sol_Eff +

Solar_Factor*ACp(i)*Sol_Eff) + ESM_P_to_from_energystore)/Grid_Eff;

490

491 % If battery power is lower than maximum discharge power calculate

492 % allowable power and set grid to balance powers.

493 elseif ESM_P_to_from_energystore <= ESM_P_max_discharge

494

495 % If battery is fully discharged , do not allow further discharge

496 if ESM_SoC_day_vec(i) < 0.1

497 ESM_P_to_from_energystore = 0;

498

499 % Else , allow discharge to maximum allowable

500 else

501 ESM_P_to_from_energystore = ESM_P_max_discharge;

502 end

503

504 % Modify grid power to balance power flows.

505 Grid(i) = (Day_Power(i)/Charger_Eff - (Wind_Factor*DCp(i)*Sol_Eff +

Solar_Factor*ACp(i)*Sol_Eff) + ESM_P_to_from_energystore)/Grid_Eff;

506 end

507 Energy_Store_Power(i) = ESM_P_to_from_energystore;

508

509 %Curtail excess solar power exports

510 if Grid(i) < -1 * Grid_Capacity_export

511 Grid(i) = -1 * Grid_Capacity_export;

512 end

513

514 end
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Optimisation Results

TABLE C.1: Optimisation Results: Full HREVC System

EV Scenario Low Medium High
Grid Price -1.89 16.03 94.97 -1.89 16.03 94.97 -1.89 16.03 94.97
NCP 2 2 2 4 4 4 8 8 8
PVcap 4 21 179 54 151 128 145 4 104
OV EScap 100 109 135 126 211 127 126 180 726
PGCMmin 7 153 79 479 84 173 247 109 789
PGCMax 11 210 149 686 462 962 979 975 904
GCmax 9981 216 205 9993 497 981 9186 1137 941
GCmin -9999 -2 -13 -9856 -136 -112 -9786 -11 -258
Profit (20y) 25.38 8.27 -0.5633 38.01 17.17 18.96 68.27 45.29 29.90

TABLE C.2: Optimisation Results: HREVC system no solar

EV Scenario Low Medium High
Grid Price -1.89 16.03 94.97 -1.89 16.03 94.97 -1.89 16.03 94.97
NCP 2 2 2 4 4 9 8 8 16
OV EScap 100 129 139 115 120 223 100 322 157
PGCMmin 53 127 184 868 387 309 154 116 482
PGCMax 988 200 192 952 799 524 248 239 839
GCmax 10000 224 196 9838 799 529 9797 1157 1137
Profit (20y) 25.30 7.82 1.66 37.76 18.15 3.45 69.76 44.03 7.97

221
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TABLE C.3: Optimisation Results: HREVC system no OVES

EV Scenario Low Medium High
Grid Price -1.89 16.03 94.97 -1.89 16.03 94.97 -1.89 16.03 94.97
NCP 2 2 2 4 4 4 8 8 8
PVcap 0 0 0 0 0 0 0 0 0
GCmax 10000 372 330 9990 616 546 7945 1237 1038
GCmin -10000 0 -1 -9988 0 -3 9963 0 -2
Profit (20y) 26.15 8.25 2.21 39.53 19.71 2.20 69.12 46.62 13.16

TABLE C.4: Optimisation Results: HREVC system no solar or OVES

EV Scenario Low Medium High
Grid Price -1.89 16.03 94.97 -1.89 16.03 94.97 -1.89 16.03 94.97
NCP 2 2 2 4 4 4 8 8 8
GCmax 10000 372 330 10000 619 546 9913 1234 1036
Profit (20y) 18.59 8.25 2.17 31.99 19.71 2.31 63.07 46.62 13.28
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