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Abstract
This thesis deals with the optimization
of an electric taxi driver’s strategy in
charging, passenger approaching, or wait-
ing in potentially favorable locations. It
focuses primarily on recommending charg-
ing actions and taxi driver’s decisions con-
cerning the maximization of a driver’s po-
tential profit. Firstly I focused on a gen-
eral introduction to the topic of electric ve-
hicles together with a research of the state
of the art in the taxi movement strat-
egy recommending field. Then I intro-
duced two historical taxi trip data sets
and defined the recommendation problem
as a Markov Decision Problem (MDP).
An essential part of the presented solution
method is an estimation of parameters
such as a passenger pick-up and drop-off
probability connected with particular lo-
cations on a planning map. Subsequently,
I proposed and implemented an algorithm
based on dynamic programming generat-
ing a policy for an electric taxi driver.
Finally, I experimentally showed the per-
formance of my solution working in differ-
ent environments compared with a base
model of an electric taxi driver behav-
ior. Experiments showed that my algo-
rithm outperforms the base model in sev-
eral fields, such as a total taxi driver’s
profit, distance to the next passenger, or
charging station choice efficiency.

Keywords: electric vehicles, taxi,
recommending, planning, charging,
dynamic programming, MDP, movement
strategy, decision making

Supervisor: Ing. Marek Cuchý

Abstrakt
Tato bakalářská práce se zabývá optima-
lizací strategie řidiče elektrického taxi ve
smyslu plánování nabíjení, přibližování se
klientům či čekání na klienty na potenci-
álně výhodných místech. Cílí především
na doporučování místa a času nabíjení,
ale také jednotlivých rozhodnutí řidiče se
snahou maximalizovat jeho zisk. Nejprve
jsem se zaměřil na obecný úvod do té-
matu elektrických vozidel, společně s prů-
zkumem dostupných zdrojů zabývajících
se vytvářením strategií pro pohyb nejen
elektrických, ale i standardních (se spalo-
vacími motory) taxi. Poté jsem představil
dva rozsáhlé data sety historických cest
vozidel taxi. Následně jsem celý problém
definoval pomocí frameworku MDP. Dů-
ležitou částí řešení je rovněž odhad po-
třebných parametrů kupříkladu pravděpo-
dobnosti vyzvednutí a vysazení zákazníka
na konkrétních místech. Závěrem jsem na-
vrhl a implementoval algorritmus založený
na dynamickém programování, který ge-
neruje navrhovanou sekvenci kroků, jichž
by se měl řidič taxi držet. Experimentálně
jsem ukázal jeho výsledky v různých pro-
středích v porovnání se základním mode-
lem chování řidiče elektrického taxi. Pro-
vedené experimenty ukázaly, že má me-
toda překonává zvolený základní model,
jak v aspektu celkového přijmu řidiče, ve
vzdálenosti nutné urazit k místu vyzved-
nutí pasažéra, ale také v efektivitě výběru
nabíjecí stanice.

Klíčová slova: elektrická auta, taxi,
doporučování, plánování, nabíjení,
dynamické programování, MDP, strategie
pohybu, rozhodování

Překlad názvu: Nástroj pro
doporučování nabíjení pro řidiče
elektrických taxi
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Chapter 1
Introduction

1.1 Motivation

Taxis undoubtedly represent an essential part of public transportation all
around the world. Compared to trains or busses, they provide considerably
higher time and space �exibility for customers. Mainly in large cities such as
New York, Peking, Shenzhen, or Hong Kong, taxi or taxi based services still
increases in time.

Even though a number of well known yellow cabs cruising streets of New
York dropped 25 % since 2010 [18], they were replaced by another comparable
way of transport known as ride-hail services. They use online applications to
connect passengers and local drivers using their vehicles [27]. Representatives
of these services are, for example, Uber or Lyft. According to the New York
Mobility Report from 2018, a growth of these services escalated in 2016,
counting 92.5 million trips exceeding the decline of yellow cabs [18].

Furthermore, China's ride-hailing market was marked as the fastest-growing
compared to the rest of the world with the most signi�cant future expectation
of a growth [19].

On the other hand, the dark side of using taxis and generally cars as a pri-
mary way of public transport is naturally a production of exhaust gas emitted
as a result of a combustion of fuels [22]. In connection with the rising trend of
ride-hailing and taxi-like services, ecology became a discussed issue years ago.
For example, according to statistics from the United Kingdom, an amount of
CO2 produced by taxi-like services is still rising [15]. To cope with this prob-
lem, some cities such as Shenzhen in China have already introduced an e�ort
to reduce emissions produced by public transportation by involving electric
vehicles [30].

1.1.1 Electric Vehicles

Electric vehicles represented one of the main courses in a battle against car
emissions in the previous decade. Cities mentioned above were introducing
programs to support an infrastructure, which is essential for electric trans-
portation, including building a network of charging stations or parking spots.
Nevertheless, not only these cities tried to prepare for still likely electric
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1. Introduction .....................................
future [6]. For example, London introduced its electric vehicle infrastructure
delivery plan [4]. The Government of Canada announced its Zero-Emission
Vehicle Infrastructure Program in which they provide funding of electric
vehicles infrastructure projects [17].

Even though country governments and many other organizations make a sig-
ni�cant e�ort in this �eld, there is still a lack of charging stations through-
out the world, mainly in areas where electromobility has not expanded. In
connection to this, it is also necessary to mention di�erences in manners of
charging electric vehicles and casual refueling at �lling stations. I have found
out three main circumstances as representatives of these di�erences. The �rst
example is that multiple electric car users also own their home chargers as
its price is around hundreds of dollars [20]. Secondly, a constrained driving
range that holds around 250 Km for an average electric vehicle [26]. Last but
not least is charging time, which has been depressed as much as possible in
recent years. Nevertheless, the best results are still around half of an hour
for the fastest chargers [26].

These facts together lead to some assumptions connected with charging
manners. The �rst one is that drivers whose daily driving distance keeps
under a driving range of their cars will rarely need to visit charging stations
because of their home chargers. A di�erent one is that drivers with a need
to charge their vehicles outside of their homes have to spend not little time
waiting. The whole issue of charging stations and the e�ciency of charging
electric cars is still the subject of many studies [31], [32].

1.2 Scope of the thesis

In my thesis, I focus on individual electric taxis or taxi-like services involv-
ing the event of charging into planning their daily shift routes to maximize
their potential pro�t. According to found data [ 14] and a piece of infor-
mation received from Prague taxi company Liftago, a regular taxi's daily
driving range can be around 250 Km for a one-shift taxi or even around
400 Km for a two-shift taxi. Considering increased charging times, a limited
number of charging stations, and a constrained driving range, planning of
charging for electric taxis becomes a real issue as drivers could lose potentially
convenient time by inappropriately planned charging actions.

To support the trend of electri�cation in public transport, I decided to
develop a recommending framework for electric taxis easily extensible for data
sets from di�erent cities. A solution will receive a historical taxi trip data
set together with available charging stations within a speci�c region. It will
recommend time and place to charge a taxi driver's car concerning a pro�t loss
minimization. It should also assist in planning driver's routes while searching
or waiting for passengers or even give him a helping hand in deciding whether
to accept passengers. Another self-o�ering usage is assisting in a pause plan-
ning for taxi drivers, which can be connected with a stop for charging a vehicle
or waiting in a potentially favorable place concerning a distance to the next
passenger.

2



.................................. 1.2. Scope of the thesis

The recommending system should make recommendations based on the as-
sumption that taxi demand varies according to a location in a city and a part
of a day the taxi driver operates. There are some bright candidates for
potentially vantage locations in means of picking-up solvent passengers such
as an airport, railway station, bus station, etc. It is plausible to identify
these places from large taxi trip data sets by estimating a probability of
picking up a passenger in individual locations. Such an estimation should
be done in several estimation periods, representing a varying time factor
of taxi demand. The �nal recommending algorithm will establish a policy
maximizing a taxi driver's potential pro�t.

To sum up, my thesis's principal goal is to propose, describe, formal-
ize, implement, and evaluate the algorithm corresponding with the previ-
ous description. The �rst part of the thesis is dedicated to a related work
with a comparable scope as mine. As mentioned above, an indispensable part
of the proposed solution is a study of sizeable historical taxi trip data sets and
parameter estimation essential for the recommending algorithm. An introduc-
tion of such data sets is followed by a small section pointing out a basic theory
of Markov Decision Processes (MPD), which is a fundamental framework
used in the subsequently presented problem formalization, algorithm proposal,
and implementation. Finally, I concentrated on an experimental performance
evaluation comparing my solution with a base electric taxi driver behavior
model.

3
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Chapter 2
Related Work

While researching the topic, I have encountered several papers dealing with
comparable problems to mine. Many of them consider ordinary taxis instead
of electric ones. Nevertheless, they are using methods that enable me to
make a planning of charging kind of enrichment of those previously established
methods for taxi recommending systems.

There are also papers dealing exclusively with a recommendation of a proper
charging station in time to minimize a charging cost, which does not entirely
correspond with my de�nition of the problem as I focus on optimizing a com-
plete taxi driver's pro�t.

2.1 A Cost-E�ective Recommender

This paper represents one of few cases touching the problem of taxi movement
recommending systems that are not using the MDP framework [12]. They
introduce and de�ne a net pro�t objective function which can assign potential
pro�t to any Route(path) in a presented Road Segment Network. The pro�t
of the whole Route(consisting of Road Segments) is calculated as a sum of
potential earnings and potential costs of individual Road Segments, which
are estimated from historical data. To receive the optimalRoute, they �rst
introduce a brute force BFS (Breath-First-Search) algorithm, searching for
Routes maximizing the pro�t. Then they also propose a new recursive recom-
mendation strategy based on recursive trees, which e�ectively �nds the best
Route concerning the driver's pro�t.

Such an approach is unfortunately not immediately applicable to my
problem representation as it considers only a limited length of a planned path
and so makes it impossible to plan charging actions for a future taxi demand
situation.

2.2 The Rich and the Poor

As written in an introduction of this paper [ 5], they are the �rst to pro-
pose a method of a recommendation of a movement for ordinary taxi drivers
concerning a more extended time interval than just an immediate next trip.

5



2. Related Work.....................................
Their chief innovation prevails in taking a temporal variation of a passenger dis-
tribution, and the in�uence of a passenger destination on the following drivers
moves into consideration. To achieve this goal, they model the problem as
MDP, where each state is a combination of a current grid (partitioning the en-
tire area into several grids), time, and a driving direction. Available actions
are traveling to a subset of neighboring cells and cruising through them. More
speci�cally, they de�ne various possible courses of moves on the grid world,
and then they try to map these directions on a real-world map. They also
partition planning interval into discrete time slots for which they estimate
needed parameters from historical data independently.

They de�ne two possible situations when transferring from one to another
state. The �rst one is picking-up passengers, traveling to some location, and
receiving a reward. The second is just moving to a chosen next location.
All of these events happen with some probabilities estimated from historical
taxi trips. An objective is to maximize the total expected reward. A result
algorithm yields a policy based on dynamic programming principles.

The solution presented in the paper contains several key ideas, which
inspired me in designing my recommending algorithm � namely, the MDP
problem representation, or the dynamic programming approach in receiv-
ing the policy. The most signi�cant limitation of the proposed solution I can
see is partitioning into one-hour time slots and generating optimal policies
only within these periods. When considering charging electric vehicles, it is
essential to plan within a more signi�cant time interval. An ideal case would
be to prepare recommendations for the whole time which taxi driver intends
to operate.

2.3 Optimization of the Revenue

This paper directly extends the previous one. The most signi�cant contri-
bution is in a detailed case study [8] of a New York Taxi trip data set
and an application of methods proposed in [5]. It focuses on di�erences in
optimal policies in distinct parts of a day � daytime, nighttime and di�erent
parts of a week � weekday, weekend.

2.4 Optimal Charging Strategy

Lihao Sun [10] deals with di�erent issues in his paper. He focuses directly
on �nding the most suitable charging strategy reducing the charging cost
of an individual taxi driver. His primary criterion is the current electricity
price. The goal of methods introduced in this paper is to minimize a general
price of charging within some time interval by selecting an appropriate
charging station.

Planning is done by partitioning time into discrete time intervals. An inter-
val in which charging action is inevitable is computed according to the current

6



........................... 2.5. Improving Viability of Electric Taxis

state of charge (SOC). Once a charging step is done, remaining operation
slots are updated.

Comparing to my subject of research, Lihao Sun focuses merely on mini-
mizing the total cost of charging activity and planning this activity without
any respect for other taxi driver's needs. This approach seems to me without
any further study or statistical background a bit shortsighted as ignoring taxi
driver's incomes play undoubtedly an essential role in planning his future steps
and, from my point of view, should be involved in the charging recommender.

2.5 Improving Viability of Electric Taxis

Paper written by Chien-Ming Tseng [13] is, by its scope, the closest to my
thesis. I inspired by this paper in several parts of my work and tried to
introduce and implement improvements in Chien-Ming Tseng's methods and
problem representation.

Even though their main objective is to increase a taxi driver's willingness
to use electric vehicles, they propose a recommending framework based
on the MDP representation, which is useful for my work.

A state representation consists of the current time, using one-minute time
slots, a location determined by the closest OSM node (Open Street Map)1,
and a battery SOC. Actions are generally described as driver's decisions to
travel to the next location, which more precisely means a neighboring node
in graph generated from OSM data. Another possible choice is to charge for
some time.

Formally each action is determined by two nodes (start, destination) and
time of charging. The time of charging is zero if no charging is needed. When
greater than zero, a taxi should go to the most adjacent charging station
before continuing its journey to a destination node. Transition function
determines the probability of picking-up passengers when transferring between
states. They also point out several already researched problem characteristics
such as that searching the next passenger in a drop o� place of a previous
one leads to higher pro�ts or that predicting tra�c conditions leads to more
favorable results for the entire system.

Paper uses New York City taxi trip data set from 2013 to estimate proba-
bilities of picking-up passengers in individual nodes. Another critical feature
is disabling some actions (picking-up passengers, driving to some location)
concerning an insu�cient SOC. Unlike Meng Qu [12], who disables a cus-
tomer's refusal, Chien-Ming Tseng de�nes three possible scenarios in any
state (node, time, SOC).. Picking-up a passenger and delivering him to his drop-o� destination.. Refusing a passenger due to a low SOC followed by traveling to the nearest

charging station.. Not picking-up a passenger.
1https://www.openstreetmap.org

7



2. Related Work.....................................
In subsequent chapters, I introduce several substantial improvements that

put signi�cantly more emphasis on charging electric taxis. The most signi�cant
limitation of Chien-Ming Tseng's paper I can see is in choosing the nearest
charging station exclusively. Such an approach seems ine�cient as the closest
charging station is not necessarily the most favorable choice. Furthermore,
I also tried to enrich a set of possible actions byStaying in a location ,
which corresponds a bit more with a real-world situation. On some occasions,
it may be convenient not to drive all the time but also to wait in potentially
vantage place [1].

Despite the discussed limitations, I was inspired by the paper in the case
of Equation 4.1 computing taxi driver's �nal reward or in the estimation of
several parameters.

8



Chapter 3
Data Sets

As it seems from the related work, creating recommendations for drivers of
electric taxis is closely connected with historical taxi trip data sets. They are
used for modeling a taxi demand in individual cities, which is a critical factor
to cope with.

In this chapter, I introduce two of these historical taxi trip data sets,
followed by two corresponding lists of charging stations, which form another
indispensable part of the charging recommendation problem.

3.1 Taxi Trip Data Sets

The primary purpose of historical taxi trip data sets is a possibility to mine
information about concrete historical taxi trip pick-up and drop-o� spots.
Concerning this data, it is possible to estimate the probability of picking-up
passengers in some particular location and time.

When researching the related work, I met with papers based merely on a sin-
gle one data set (New York taxi trip data set). This fact gave me an idea to
create a solution with an interface for input data, which would be easy to
implement and enable simple extensions to cover other cities.

. pick_up_longitude. pick_up_latitude. drop_of_longitude. drop_of_latitude

. trip_distance

. start_time

. end_time

It should be possible to parse all of these parameters from any input data set.
Concerning a trip distance, there are two possible ways to receive it. Firstly,
it can be computed from pick-up and drop-o� coordinates. On the other
hand, some data sets contain a real recorded distance of a trip. Such a dis-
tance contributes much more to modeling the real-world taxi demand than
estimating it, for example, from the shortest path1 between a pick-up and

1A* algorithm https://www.cs.auckland.ac.nz/courses/compsci709s2c/resources/
Mike.d/astarNilsson.pdf computes all the shortest paths in my thesis

9



3. Data Sets......................................
drop-o� location. The proposed interface enables the use of both of these
cases.

3.1.1 Prague

The �rst is a data set from Prague received from a company Liftago [9]. It
contains historical taxi trips recorded in February 2019, counting 42 872 trips.

As observable in Table 3.1, it almost copies the interface for a taxi trip data
sets declared above. However, its most signi�cant shortage is a limited size,
which is re�ected in a bit distorted results of parameter estimation introduced
in Chapter 5.

orderID 0d7481a7e17c10bc
requestedPickUpLat 50.080
requestedPickUpLon 14.418
requestedDestinationLat 50.080
requestedDestinationLon 14.445
rideDistance 4801
rideStartedAt_UTC 2019-02-02 16:11:24
rideFinishedAt_UTC 2019-02-02 16:38:32

Table 3.1: Prague taxi trip data set example.

Closer analysis of this data set con�rmed the assumption that the high-
est taxi demand is in the center of the city and becomes sparser moving
to the suburbs. Nevertheless, as visible in Figure 3.1, there is also a signi�-
cantly increased taxi demand near Prague airport. An average distance of
one trip is around 8:3 Km.

3.1.2 New York

The second data set contains 25 960 490 taxi trips recorded during 2018 in New
York [16], which is leading to much better conditions for both the parameter
estimation in Chapter 5 and evaluation in Chapter 8. Actually, I decided to
limit the size of the data set to one million randomly chosen taxi trips to
avoid unnecessary memory consumption.

Because a trip record described in Table 3.2 does not contain longitudes
and latitudes, pick-up and drop-o� places of individual trips are parsed
from an enclosed look-up table containing distinct zones in the form of
approximate address as can be seen in Table 3.3.

10



.................................. 3.1. Taxi Trip Data Sets

Figure 3.1: Taxi demand in Prague historical taxi trip data set.

VendorID 2
tpep_pickup_datetime 11/04/2018 12:32:24 PM
tpep_dropo�_datetime 11/04/2018 12:47:41 PM
passenger_count 1
trip_distance 1.34
RatecodeID 1
store_and_fwd_�ag N
PULocationID 238
DOLocationID 236
payment_type 2
fare_amount 10
extra 0
mta_tax 0.5
tip_amount 0
tolls_amount 0
improvement_surcharge 0.3
total_amount 10.8

Table 3.2: New York taxi trip data set example.
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