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a range of scenarios back-to-back? How can we ensure 
that the model is generalised enough to easily adapt to 
different geographies, while at the same time modularised 
enough to continually learn from new driver data?

Building a large-scale simulation of EV journeys

A highly flexible and optimised simulation model was used 
to simulate EV trips in London. The aim was to determine 
where and when drivers charge. This would facilitate a 
better understanding of how charging stations are being 
used and where new infrastructure would be required.  
We developed an agent-based model to achieve this goal.

At its core, agent-based modelling (“ABM”) is a process 
by which microscopic entities are simulated to observe 
macroscopic effects. Agents - as individual autonomous 
units - operate based on a set of defined rules and 
processes applied to their state and environment.  
Some of these processes may be sampled from  
data-driven probability distributions using Monte Carlo 
methods. Taking this one step further, it is possible for 
the distributions to be conditionally linked. Each time 

Introduction

As many companies and individuals turn towards clean 
energy solutions, the global electric vehicle (“EV”) fleet 
will continue to expand significantly in the years to come. 
In its 2020 Electric Vehicle Outlook report1, BNEF outlines 
that the size of the global EV fleet will rise from 8.5 million 
in 2020 to 116 million in 2030. The EV share of new car 
sales will go from 10% of global passenger vehicle sales in 
2025 to 28% in 2030, and then to 58% in 2040.

In that context, how can we measure the impact of EVs 
on the electricity demand at scale, and satisfy the energy 
demand for these vehicles? Our FTI Consulting London 
Data Science team were tasked with the following 
challenges: How can we build a solution that allows us to 
forecast the demand for EV charging at different points 
in time and across Greater London? How can we make 
sure the energy supply is optimised given the current 
infrastructure? Can we suggest the best locations for new 
charging stations to meet the forecasted demand? Finally, 
can we make sure that our model is flexible enough to test 

Leveraging geospatial data is crucial for companies that want to bolster their digital strategy. 
Whether it’s to win the race to build autonomous vehicles, to gain a competitive edge by 
locating potential customers or to optimise e-mobility solutions, the combination of Artificial 
Intelligence and Geographic Information Systems (“GIS”) has revolutionised the way that 
companies make decisions. The volume of location-based data has grown exponentially in 
the last decade, generated by multiple sources such as smartphones, IoT sensors and drones. 
In our ever-growing digital world, geographic data science is indispensable for companies 
that want to leverage their data – scientists indicate that up to 80% of all data is currently 
georeferenced. Our UK Data Science team are experts in using data science methods to 
analyse and visualise spatial data, with particular experience in e-mobility. We use advanced 
data science techniques to find the optimal location to install electric vehicle chargers, given 
the spatial distribution of charging demand across a city or region.

1 BNEF, Electric Vehicle Outlook 2020,  
https://about.bnef.com/electric-vehicle-outlook/

https://about.bnef.com/electric-vehicle-outlook/
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an agent undergoes a process, its new state will dictate 
the distributions used for the next. This series of events 
creates a Markov chain, and the random sampling used 
follows Monte Carlo methods. Thus we obtain a Markov 
Chain Monte Carlo (“MCMC”).

“Whether it’s to win the race to build 
autonomous vehicles, to gain a competitive 
edge by locating potential customers, or to 
optimise e-mobility solutions, the combination 
of Artificial Intelligence and Geographic 
Information Systems has revolutionised the 
way companies make decisions.”

Before the advent of ABM, geographical systems were 
represented by considering a population en-masse. These 
approaches allowed large-scale effects to be observed but 
were frequently limited by complexity and disequilibrium. 
Early attempts to separately consider all of the individual 
components of a system were hampered by technological 
limitations. Nonetheless, some applications succeeded. 
Economist Thomas Schelling managed to simulate the 
process of class and racial segreation2. Where we now use 
random number generators and computer bits, Schelling 
used coin flips pencil and dots on graph paper.

As computational power and capabilities increased, 
it became increasingly feasible to separately consider 
substantial numbers of components of a system, leading 
to larger-scale simulations3.

Simulate future scenarios for EV journeys in London

In our agent-based model for EV trips, drivers were treated 
as agents. The model was able to simulate a full calendar 
day for 10,000 drivers in a matter of a few minutes. Trip data 
from millions of recorded trips was analysed and condensed 
into a series of multidimensional probability matrices. Based 
on the driver’s current state, these dictated factors including 
where they would be likely to travel next and how they 
would transition between different modes. These modes 
included taking a trip with a passenger, driving to such a 
trip, taking a break, charging and driving to and from home. 
For each agent, their home location and the time period 
for which they would aim to drive was also drawn from a 
probability distribution. The model was able to track drivers’ 

battery levels, recording where and when they would 
need to charge, and charging behaviour was modelled 
using positions of existing infrastructure. The model was 
continually improved and adapted for new data.

FIGURE 1: DAILY ENERGY DEMAND – EXAMPLE OUTPUT FOR EXTENSION  
OF THE SIMULATION MODEL TO THE CITY OF LEEDS

Our team was able to combine a variety of data sources 
to analyse EV journeys, including Zap-Map data (an EV 
charging platform showing the charge point networks), 
UKPN data and even weather data to see whether adverse 
weather would affect the patterns of EV journeys. Using 
our GIS data science expertise, we also supplemented 
these data sources with hand-picked open source data 
such as road networks and statistical boundaries.

Mapping London’s roads 

To understand road traffic in the greatest possible detail, 
the team were able create and manipulate a customised 
road network. Working with almost 400,000 sections of 
road, advanced graph operations needed to be applied to 
understand how journey data related to individual roads. 
The choice of network was also very important. We aimed 
to cover our area of interest, while minimising computation 
time and allowing all calculations to run. The network that 
we used was in the form of a directed multigraph. Each 
section of road had an associated direction in which traffic 
could move, and multiple sections could run in parallel, 
representing two-way streets and alternative routes.

Before data was incorporated into the system, the network 
was divided into strongly connected components. These 
are defined as sub-networks in which every node (a point 
on the network) is accessible from every other node. 

FTI Consulting, Inc. 02

2 Schelling, Dynamic Models of Segregation, 1971
3 Hanappi, Agent-Based Modelling History, Essence, Future, 2017;  

Crooks and Heppenstall, Introduction to Agent-Based Modelling, 2012
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Taking the largest of these components gave us the final 
structure of the network. Using the new trimmed network, 
the start and end points of each journey in the dataset 
were each mapped to the closest network node. Routes for 
each journey were estimated by calculating the shortest 
path in distance. With information about probable routes 
and journey times, it was possible to infer the average 
speed of travel for vehicles on each road at different times 
of the day. These speeds could then be used to verify 
whether a driver would have time to drive to a charger and 
charge their vehicle in a break between journeys. They 
also allowed us to represent the impacts of congestion 
on different streets at different times of the day. Drivers’ 
behaviour could be better understood by modelling their 
use of the fastest path for a journey, sometimes taking a 
longer route to avoid congestion.

FIGURE 2: BUILDING A CUSTOMISED ROAD NETWORK FOR LONDON

FIGURE 3: HOURLY ENERGY DEMAND FOR EV CHARGING BY BOROUGH 
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Having managed to determine the areas with higher 
energy demand for different scenarios, we used an 
algorithm to determine the optimal number of electric 
vehicle chargers.

How to solve an optimisation problem 

Based on a set of candidate locations, it is possible to 
build a model that chooses the optimal locations to place 
new charging infrastructure. With over 7,000 candidate 
locations, using conventional optimisation methods to 
train the model would take far too long for the model to be 
used on an ad-hoc basis. As a result, a genetic algorithm 
was used, reflecting the process of natural selection where 
the fittest solution is selected for reproduction.

What is a genetic algorithm?

A genetic algorithm aims to solve optimisation problems. 
Where conventional optimisation methods have tended 
to seek global optima over domains representable by 
systems of linear equations, a genetic algorithm aims 
to find local optima over larger, more complex problem 
spaces in a manner inspired by the natural world. Much as 
Artificial Intelligence and neural networks were modelled 
after the human brain, genetic algorithms are inspired by 
Darwin’s theory of evolution.

The theory of evolution by natural selection was 
formulated by Charles Darwin in 1859 in his “On The  
Origin Of Species4”. His theory states that random 
mutations arise in the genome of an individual organism, 
and that their offspring can inherit such mutations. 
Some individuals inherit changes that allow them to 
better survive in their environment and reproduce more 
than other individuals with less successful changes. 
Consequently, the population evolves with the individuals 
who have the most successful traits to survive.

The same rationale applies using a genetic algorithm, 
where the fittest solution is selected for reproduction5. In 
our case, each gene contained information about a single 
charging location, dictating whether it should be activated 
and if so, how much of the surrounding energy demand 
it should cover. The combination of 7,000 candidate 
charging locations were used to represent a potential 
solution to our problem. Each potential solution is known 
as a chromosome.

4 Darwin, On The Origin Of Species, 1859
5 Introduction to Genetic Algorithms, https://towardsdatascience.com/

introduction-to-genetic-algorithms-including-example-code-e396e98d8bf3

https://towardsdatascience.com/introduction-to-genetic-algorithms-including-example-code-e396e98d8bf3
https://towardsdatascience.com/introduction-to-genetic-algorithms-including-example-code-e396e98d8bf3


OPTIMISING E-MOBILITY SOLUTIONS WITH DATA SCIENCE FTI Consulting, Inc. 04

To start of the evolutionary process, 500 chromosomes 
were generated by randomly adding and removing charging 
locations from an initial simpler greedy solution. A fitness 
function scored these chromosomes, preferring those 
which covered more demand for charging with fewer new 
infrastructures. In each generation, less fit individuals 
were more likely to be eliminated. Those remaining would 
be paired as parents, passing their genes to the next 
generation. As in Darwin’s theory that mutation is essential 
for new characteristics to emerge, so too in the genetic 
algorithm it prevents the process from converging too early 
when a better solution might be possible.

Following 100 generations of selection, mutation and 
breeding, the fittest chromosome in the population was 
chosen to present to the client. This represented coverage 
of a client-specified proportion of the demand, with as few 
new infrastructures as possible.

FIGURE 4: HOW A GENETIC ALGORITHM WORKS 
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Conclusion

Our team developed a sophisticated machine learning-
powered solution able to build data-driven insights to 
optimise e-mobility solutions. We managed to:

 — Forecast the demand for charging for EV vehicles at 
different points in time and at a granular geographical 
level in the Greater London area;

 — Provide the client with interactive maps showing  
the areas of greatest demand for EV charging;

 — Optimise the energy supply given the current available 
infrastructure; 

 — Suggest the best locations for new charging stations  
to meet the forecasted demand; and

 — Provide the client with a flexible model which was 
able to test a range of scenarios back-to-back and 
continuously learn from new data, thus adapting to the 
fast changing world of EVs.

Our team succeeded in building a model that is flexible for 
scenario testing through adjustments of the parameters 
used to forecast the demand and optimise the supply.  
This resulted in an interactive dashboard which allowed 
the user to access and download the results of the model, 
and generate usage and demand scenarios leveraging  
15 parameters. 

Our robust and flexible methodology opens up the 
possibility of solving a range of EV mobility problems.  
As an example, for new charging stations it is possible to 
maximise utilisation rate, minimise queuing, optimise 
pricing strategy, and ensure the greatest possible return 
on investment, thus giving the client an edge over its 
competitors. The process could even optimise for a 
combination of goals, as long as they can be quantified. 

In other areas of geospatial data science, a variety of 
problems can be solved using this model. Elsewhere 
in the transport domain, we could model and optimise 
traffic regulation, as well as improve monitoring for roads, 
railways, and waterways. Our methodological approach 
can easily be extended further to model the spatial 
distribution of potential customers, or analyse the location 
and capacity of stores with nearby competitors. 

Finally, these solutions can also be applied to other 
network optimisations. Whether applied to predictive 
maintenance, geomarketing, entry strategy optimisation, 
or telecommunication network expansion, this flexible 
model shows incredible potential to solve a whole range  
of optimisation problems. 

In today’s digitalised world where the ability to draw 
insight from data has become crucial for companies that 
want to differentiate themselves, the expertise of our 
UK Data Science team helps our clients to establish clear 
differentiation between them and their competitors.
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FTI Consulting is an independent global business advisory firm dedicated to helping organisations manage change, mitigate  
risk and resolve disputes: financial, legal, operational, political & regulatory, reputational and transactional. FTI Consulting 
professionals, located in all major business centres throughout the world, work closely with clients to anticipate, illuminate and 
overcome complex business challenges and opportunities.©2020 FTI Consulting, Inc. All rights reserved. www.fticonsulting.com
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