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Abstract

This thesis presents advanced optimization techniques to enhance electric vehicle (EV) charg-
ing within smart grids, addressing challenges in cost efficiency, operational flexibility, and re-
newable energy integration. With growing EV adoption and renewable energy use, traditional
power systems must adapt to dynamic demands and generation variability. The work begins with a
stochastic optimization model for commercial EV charging stations with renewable energy sources
and battery storage. This model minimizes operational costs, reduces charging disruptions, and ex-
tends battery life by balancing energy from the grid, renewables, and EV batteries. Using convex
optimization ensures efficient real-time scheduling, improving station profitability and renewable
utilization.

The study further examines EV integration into Virtual Power Plants (VPPs) through a stochas-
tic optimization framework enhanced by Mixture Density Neural Networks (MDNNSs). The frame-
work optimises energy storage and dispatch by modelling uncertainties in EV demand and renew-
able energy supply, supporting grid stability and profitability. Empirical results show the model
effectively increases renewable utilization and outperforms traditional methods under variable con-
ditions. The research also addresses the routing and scheduling of mobile EV charging stations,
employing a modified savings algorithm to optimize travel routes and service times, reducing over-
all travel time while meeting charging needs flexibly and efficiently.

A novel menu-based pricing strategy using a Stackelberg game framework is introduced, bal-
ancing profitability for operators with user affordability to encourage sustainable charging be-
haviours. This adaptive pricing model benefits both social welfare and economic viability. Finally,
a deep reinforcement learning framework optimizes mobile charging van routing based on real-
time demand and conditions, minimizing service time and operational costs while dynamically
adapting to demand and geography. This thesis provides a robust suite of optimization techniques
for EV charging within the smart grid. It demonstrates substantial improvements in cost efficiency,
reliability, and renewable integration, underscoring their potential to advance sustainable trans-

portation in future power systems.
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Demand Management System
Deep Neural Network

Depth of Discharge

Deep Q-Network

Demand Response

Deep Reinforcement Learning
Distribution System Operator
Earliest Deadline First

Energy Management System
Energy Storage System
Electric Vehicle

Electric Vehicle Charging Station
Fixed Charging Station
Feedforward Neural Network
Grid-to-Vehicle

Genetic Algorithm

Gaussian Mixture Model
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HVAC Heating, Ventilation, and Air Conditioning
ILP Integer Linear Programming

LMP Locational Marginal Price

LP  Linear Programming

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error
MCS Mobile Charging Station

MCV Mobile Charging Vehicle

MDNN Mixture Density Neural Network
MILP Mixed Integer Linear Programming
MIQP Mixed Integer Quadratic Programming
MOOP Multi-objective Optimization Problem
MPC Model Predictive Control

MSE Mean Squared Error

NJN Nearest-Job-Next

NLP Nonlinear Programming

NP  Non-deterministic Polynomial time

PEV Plug-in Electric Vehicle
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PHEV Plug-in Hybrid Electric Vehicle
PSO Particle Swarm Optimization
PV Photovoltaic

RE  Renewable Energy

RES Renewable Energy Source
RHC Receding Horizon Control

RL  Reinforcement Learning
RMCDRL Routing of Mobile Charging Vans using Distributed Deep Reinforcement Learning
RMSE Root Mean Squared Error

RTP Real-Time Pricing

SDG Sustainable Development Goal
SoC  State of Charge

STP  Short-Term Prediction

TOU Time-of-Use

TSO Transmission System Operator
TSP  Traveling Salesman Problem
V2B Vehicle-to-Building

V2G Vehicle-to-Grid

VPP Virtual Power Plant

VRP Vehicle Routing Problem
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