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Abstract

There are many benefits of owning a battery electric vehicle, including zero
tailpipe emissions, potential independence from oil, lower fuel costs, and the op-
tion to recharge the battery at home. However, a significant concern about owning
a battery electric vehicle is range anxiety: the fear that the battery will run out of
charge before the driver reaches his or her destination. We address range anxi-
ety by providing a robust optimization framework to give drivers confidence that
they can reach their destinations in a reasonable amount of time with enough
energy in the battery, even when there is uncertainty in travel time and energy
consumption on the roads. The robust optimization appropriately incorporates
uncertainty without significantly increasing the complexity of the problem. This
thesis describes that optimization framework and how to use it on real-world ex-
amples to find appropriate routes, with a central part being the application of
robust optimization to the problem.

We develop an energy model, an optimization-based formulation using ro-
bust optimization, and algorithms to quickly find good routes for battery electric
vehicles. The combination of using robust optimization, the A-Star algorithm to
find shortest paths, and Lagrangian relaxation allows us to solve the problem in
seconds or less. For one example start and destination, our algorithms required
less than 2 seconds for each instance (energy consumption limit). In addition, for
example trips, we compute a Pareto frontier to illustrate the time-energy trade-
off from driving different routes. We use Lagrangian relaxation to provide lower



bounds and estimates that suggest that our algorithms produce near-optimal so-
lutions. We apply our methodology to example trips in Massachusetts and Michi-
gan to demonstrate its practicality and its potential for real-world use. Future
work could continue to improve the modeling accuracy and include algorithmic
enhancements to further improve running time, especially for larger networks.
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Chapter 1

Introduction

There are many benefits to owning a battery electric vehicle, including zero
tailpipe emissions, potential independence from oil, lower fuel costs, and the
option to recharge the battery at home. President Barack Obama expressed the
importance of electric vehicles in his State of the Union Address in 2011, “With
more research and incentives, we can break our dependence on oil with biofuels,
and become the first country to have a million electric vehicles on the road by
2015” ([50)).

However, sales of electric vehicles have currently been significantly less than
the one million goal President Obama set for the year 2015. According to the Elec-
tric Drive Transportation Association (EDTA), fewer than 105,000 electric vehicles
have been sold from December 2010 to May 2013 ([15]). The EDTA defines electric
vehicles as plug-in hybrid electric vehicles, range extended electric vehicles, and
battery electric vehicles. A battery electric vehicle is a car that is powered solely by

a battery and does not use gasoline. According to CNBC.com, only 50,000 plug-in
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vehicles have been sold since 2011, and “Supporters of electric cars point out that
many would-be buyers are still dealing with range anxiety, or the feeling that they
are limited to how far they can drive” ([12]). This “range anxiety” is a concern that
must be addressed for battery electric vehicles to become a widely-adopted form
of transportation.

To mitigate range anxiety, we combine principles from engineering and op-
timization techniques to provide a routing solution designed for battery electric
vehicles that solves quickly, which is a requirement for an in-car GPS system. Our
algorithms find fast routes while constraining total energy consumption, and we
account for uncertainty in both time and energy using a robust-optimization ap-
proach. In addition, we illustrate the practicality of these algorithms using real
road network data from the Boston, MA area and a 975,666-arc road network
primarily representing part of Michigan.

We expect there to be uncertainty in both the travel time and energy consump-
tion of a given route. The uncertainty could be due to traffic, weather, an accident,
the behavior of other drivers, complexities of modeling the battery in the vehicle,
and/or other factors. This uncertainty, if not accounted for, could cause a driver
to take a route that would require more energy than is available in the battery, re-
sulting in the driver being unable to reach his or her destination. This is probably
a cause of range anxiety in potential drivers of battery electric vehicles as well.
We incorporate this uncertainty in time and energy using robust optimization.

As the main contribution of this thesis, we provide a practical methodology
to find time and energy efficient routes for battery electric vehicles, with the con-

tidence that the drivers will reach their destinations, even given the uncertainty
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that is on the roads. This includes developing an energy consumption model for a
battery electric vehicle, a robust-optimization-based formulation of the problem,
and algorithms to solve the problem quickly, and gathering the data to apply this
formulation to real-world examples. We feel that our methodology has potential
for real-world use.

First, we describe robust optimization, which is a central technique in this
thesis (Section [1.1). Then, we provide a literature review of what has been done
to solve various routing problems for electric vehicles (Section and various
shortest path problems incorporating uncertainty besides using robust optimiza-

tion (Section [1.3).

Our optimization framework has three main components:

e We model the energy consumption of a battery electric vehicle using princi-

ples from engineering, and using analytics to support this model (Chapter

2).

e We use robust optimization to model the optimization problem in a way

that is tractable, when augmented with Lagrangian relaxation (Chapter [3).

e We build upon known algorithms and create additional heuristics to provide

a practical solution methodology (Chapter [4).

We provide examples of applying our methodology on real road networks to
illustrate its effectiveness (Chapter [5). In addition, we provide an extension to
the framework that incorporates traffic signals and traffic conditions, based on

data , and suggest optimization-based formulations that incorporate acceleration
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(the first part of Chapter [)). Finally, we provide suggestions for future work and

conclude (the rest of Chapter [6).

1.1  Robust Optimization

Robust optimization accounts for the fact that parameters in an optimization
problem might change. In the deterministic case, when we solve an optimization
problem, we assume that all of the parameters are fixed. However, Bertsimas et al.
[10] write, “Solutions to optimization problems can exhibit remarkable sensitivity
to perturbations in the parameters of the problem (demonstrated in compelling
fashion in [5]]), thus often rendering a computed solution highly infeasible, subop-
timal, or both (in short, potentially worthless).” Robust optimization has become
a very appealing approach to provide solutions that are feasible even if many of
the parameters change (and change significantly). Robust optimization has been
applied in fields as far ranging as finance, statistics, supply chain management,
and engineering. These applications, as well as theoretical developments in robust
optimization, are surveyed in [10].

The general premise of robust optimization is to assume that the parameters
have some uncertainty and that an adversary may select the values of the un-
certain parameters, within certain restrictions. In a robust optimization approach,
an algorithm (or something else) solves the optimization problem and selects a
solution, and then, the adversary sees this solution, and chooses the values of the
uncertain parameters in attempt to make the solution infeasible or as suboptimal

as possible. Perhaps, for example, each of the uncertain parameters are within
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a specific interval. A very conservative methodology would be to assume that
an adversary will set each of the uncertain parameters to the worst-case value.
A more realistic approach is to restrict the adversary to choosing all of the val-
ues of the uncertain parameters to be within some set, called an uncertainty set.
This is the approach taken by robust optimization, and it has been applied to a
wide variety of optimization problems, including linear, quadratic, discrete, and
semidefinite optimization [10].

One benefit of the robust optimization approach is tractability. While there are
other ways to incorporate uncertainty, they typically increase the complexity of
the problem substantially. For example, using random variables to model uncer-
tainty for a shortest path problem increases the complexity from polynomial time
to NP-Hard or #P-Hard (see Section [1.3). On the other hand, robust optimization
is tractable in the sense that many deterministic problems that can be solved in
polynomial time have a robust counterpart that can still be solved in polynomial
time. In addition, the robust counterpart can often be solved quickly in practice.
Bertsimas and Sim [f7, 18, 9] provide examples of problems with robust counter-
parts that can be solved in polynomial time and computations to illustrate the
practicality of the robust optimization approach.

Another benefit of robust optimization is the probabilistic guarantees. Suppose
that you would like to model uncertainty as random variables. Even though it
might be hard to solve an optimization problem with random variables, a tractable
approach can be to use robust optimization and then the probabilistic guarantees
from it. Namely, model the problem using robust optimization, solve it, and then

use a bound or result to show that the probability that the solution to the robust
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optimization problem will be feasible is at least some amount. Some probabilistic
guarantees are in Bertsimas and Sim [9] and Bertsimas et al. [10]. While random
variables are not explicitly included in the model, they can be included in the
model by choosing uncertainty sets that have some of the properties of the ran-
dom variables.

Given all of the benefits of robust optimization we feel it is a useful approach
for our problem of finding routes for battery electric vehicles. First, a good so-
lution depends crucially on protecting from uncertainty, due to the requirement
that the vehicle must reach the destination before the battery runs out of charge.
In particular, being stuck on the road due to the battery running out of energy is
a very severe consequence, people would likely be very willing take a more con-
servative route in order to prevent even the possibility such a disaster. Second,
the robust counterpart of the polynomial-time solvable shortest path problem can
be solved in polynomial time (see Bertsimas and Sim [7, g]]). In addition, robust
optimization can be very practical for our problem, as we show later in this thesis.
The details about how we use robust optimization to model our particular prob-
lem is described in Section 3.2} and the algorithms we use to solve it are described

in Chapter [4]

1.2 Electric Vehicles and Related Routing Problems
Touati-Moungla and Jost [46] briefly describe some ways combinatorial optimiza-
tion can contribute to efficient electric vehicle management, and they provide

references to some relevant papers. They discuss the energy shortest path prob-
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lem: find a route that maximizes a vehicle’s state of charge at the destination.
Each edge has a energy consumption/recharge value. The battery cannot have
less than 0 energy at any time, and the battery can recharge to at most its full
state. Artmeier et al. [2], address this problem, giving an O(n®) algorithm and
providing some experimental results based on road network data. Sachenbacher
et al. [39] present an improved algorithm, based on A-star search, that has O(n?)
complexity.

Sweda and Klabjan [42] focus on finding minimum-cost paths for electric ve-
hicles, where the vehicle may stop and recharge the battery at any node (at an
additional cost). They use a dynamic programming approach to solve the prob-
lem over a directed, acyclic network.

Several authors consider vehicle routing problems related to electric vehicles
by incorporating some form of energy consumption into an optimization model.
Worley et al. [51] propose a discrete integer programming formulation for opti-
mally locating vehicle charging stations and routing vehicles, based on the classic
vehicle routing problem framework. Schneider et al. [40] formulate the electric
vehicle routing problem with time windows and recharging stations and propose
a heuristic to solve it that combines a variable neighborhood search algorithm
with tabu search. Mirzaei and Krishnan [32] formulate a location routing prob-
lem and incorporate energy considerations of mass due to the vehicle load and
rolling resistance and solve this formulation on a small example.

MacNeille et al. [30] use a method to estimate energy consumption for bat-
tery electric vehicles using simulation. They also present some qualitative results

describing how energy consumption varies based in different driving conditions,
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such as the road type, vehicle speed, traffic flow rate, and road grade.

Yu et al. [52] provide a method for identifying various driving patterns based
on trip segment clustering, and they apply it to estimate trip energy consumption
on an example.

Gonder [20] and Zhang and Vahidi [53] propose methods to determine the
best utilization strategy for the battery and internal combustion engine when
driving a hybrid electric vehicle to improve fuel economy. Syed et al. [43] pro-
pose an advisory system for a hybrid electric vehicle based on fuzzy logic to
help drivers change their behaviors to achieve greater fuel efficiency for a pre-
determined route.

Quigley [37] suggests some high-level strategies for hybrid vehicle control,
and Tate et al. [44] use a dynamic-programming approach for hybrid-electric ve-
hicle control. In addition, Gong et al. [21] generate Markov chain models from
drive data seeking to understand the relationship between plug-in hybrid electric

vehicle performance and velocity statistical properties.

1.3 Stochastic Shortest Path Problems

While we propose using robust optimization to solve shortest path problems un-
der uncertainty, other researchers have used other methods to incorporate ran-
domness into shortest path problems. We prefer the robust optimization approach
due to its tractability (see Section [1.1). However, we describe various shortest
path problems in which arc weights are random variables: stochastic shortest path

problems.
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The stochastic shortest path problem is to find the shortest path when the
directed graph is given and each arc (i,j) has weight L;;, which is a random
variable. The arc weights might not be independent. In [36], all arc weights are
assumed to come from discrete random variables, each with finitely many values.

As mentioned in [36], there are 3 kinds of the stochastic shortest path prob-

lems:

Shortest Expected Path Problem: In the shortest expected path problem, the trav-
eler has no knowledge about the weights of the network, even while travel-
ing, so the optimal solution is to solve the deterministic shortest path prob-

lem using E[L;;] as the weight of arc (i, j).

Expected Shortest Path Problem: In the expected shortest path problem, the arc
weights are generated randomly and once the instance is generated, the trav-
eler knows what all of the weights of the arcs are. The problem is to deter-
mine the expected shortest-path lengths over all possible instances. Provan
[36] states this problem is NP-hard to do, even when the arcs weights only
take values of 0 or 1, noting that this problem is a network reliability prob-

lem and is surveyed in [4].

Shortest Path With Recourse Problem: In the shortest path with recourse prob-
lem, the traveler knows the weights of the arcs are once he or she is near
them. That is, if the traveler is currently at node v in the graph, he or she
knows the weights of all of the outgoing arcs from v. This problem is to
compute the expected shortest path cost as well as choose a traveling pol-

icy to minimize the traveler’s expected cost of going from the source to the
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destination.

Note: In all cases, the directed graph is already known and is not random.
Provan [36] states that there are two ways shortest path with recourse problems

are differentiated and describes each one:
1. The dependencies of the arc weights:

Arc-Independent Weights: Each arc’s weight is determined independently

of the other arc weights.

Node-Independent Weights: The weights of each of the outgoing arcs from
node i are dependent, but they do not depend on the weights of outgo-

ing arcs from any other node.

Dependent Weights: The weights of the arcs are dependent on some or all

of the other arc weights.

Markov Weights: The arc weights are associated with a Markov process
or Markov chain. Each state is a realization of the weights for all of
the arcs, and each time an arc is traversed, the system moves to a dif-
ferent state. This process can be defined for node-independent or arc-

independent models as well.

2. Whether or not the arc weights change each time the traveler is adjacent to

the arc:

No Reset: The arc weights are fixed once they are seen and do not change

while the graph is being traversed.
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Reset: Each arc weight is redrawn from the corresponding distribution (in-
dependently of its previous value(s)) each time the traveler visits a node

incident to it.

Provan [36] makes several observations:

e The optimal recourse “path” might have cycles (and therefore be a walk),
since repeating arcs can be useful to discover previously unknown weights

on arcs.

e Under the reset assumption, the dependent and node-independent models

regarding the arc weights are identical.

e When the graph is acyclic and weights are arc-independent or node-

independent, the reset and no reset assumptions are basically identical.

Provan [36] also outlines the complexity of various versions of shortest path

with recourse problems:

e Under the no reset assumption, shortest path with recourse with dependent
arc weights is NP-Complete [35]. Provan [36] remarks that the NP-hardness

result applies to node and arc-independent weights.

e When the weights are node-independent and arc-independent for either the
reset or no reset situations, the shortest path with recourse problem over an

acyclic graph can be solved in polynomial time.

e For the no reset situations, the shortest path with recourse problem with

arc-independent weights is #P-hard and can be solved in polynomial space

[35]
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e Itis not known whether the node-independent and arc-independent shortest

path with recourse problems under the no reset assumption are in NP or not.

e For situations with dependent weights and no reset, Provan shows that
shortest path with recourse problem is NP-complete for an acyclic graph
with arc weights that are either o or 1 (the decision problem is to decide

whether a recourse path with weight o exists) [36]].

e The shortest path with recourse problem with reset is solvable in polyno-
mial time if cycles are allowed. This is Provan’s main contribution in [36].
However, if we require that the optimal solution is actually a path (without
cycles), then the reduction from [35] shows that shortest path with recourse

under the reset assumption is NP-hard.

e When there are Markov weights, the shortest path with recourse problem

with no reset is NP-hard.

Under the no reset assumption, Polychronopoulos and Tsitsiklis [35] observe
that although the graph is assumed fixed, we can incorporate random arc or node
failures into the model. For example, use a very large arc weight to represent
tailure of an arc.

In the proof of Theorem 5 in [35] Polychronopoulos and Tsitsiklis show that
the shortest path with recourse problem with dependent arc weights and the no
reset assumption is at least as hard as the expected shortest path problem.

We can use very large arc weights and the transformation above to model the

expected shortest path problem over a randomly generated graph as a shortest



1.3. Stochastic Shortest Path Problems 31

path with recourse problem with dependent arc weights and the no attachment
assumption. However, it might be very complicated to calculate the probabilities
that edges are present for the randomly generated graph.

Kulkarni, sometimes with Adlakha, wrote papers, [26, 27, 28| 29], that solve
different network optimization problems over directed graphs when the weights
are independent and exponentially distributed (although the means of the ex-
ponential distributions can vary for each edge). Their work on the shortest path
problem is [26]. The general approach is the following: take advantage of the
memoryless property of exponential distributions and create a continuous time
Markov chain (also known as a Markov process), and then use techniques for
analyzing Markov processes to compute quantities of interest. For example, the
expected length of a shortest path is the expected time until absorption in the
appropriate Markov process. Janson [25] has also used this approach. In addition,
Bailey claims that the extension of the Markov process to phase-type arc weights
is direct ([3]). Ball [4] states that we should see [3] for a unified framework about

this topic.
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Chapter 2

Physics and Data

In this chapter, we propose an energy model, based on standard formulas from
physics and engineering, to use as a base for an optimization framework (Section
[2.1). Then, we apply regression to some vehicle drive data, which will show that

our proposed energy model is a reasonable choice (Section [2.2).

2.1 Energy Model: An Engineering-Based Approach
We propose an energy model, E, when traveling over a straight road of length ¢ at
speed v in a time interval of length At. The standard formulas from physics and
engineering that we use can be found in various sources about electric vehicles,
including Haddoun et al. [22], Husain [24] and Ehsani et al. [14].

The energy model is

E= UTN (%prAfvz + umg cos () + mgsin (a) + m5%> + PaccAt,  (2.1)
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which consists of accessory loads (P,.cAt) and the following forces:

1
e Aerodynamic Drag = > pCypA fZ)Z, which is due to the resistance of air when

the vehicle is moving (we assume a headwind velocity of 0).

¢ Rolling Resistance = umg cos a, which is resistance where the tires meet the

road surface.

e Climbing/Downgrade Resistance = mg sin &, which is the force required to

go uphill/downhill.

A
e Acceleration/Deceleration = mJ A_th' which is the force required to change

the speed of the vehicle.

Climbing/Downgrade resistance and acceleration/deceleration can be negative.

The parameters and variables in (2.1) are:

e p = air density (kg/m3)

Cw = coefficient of drag (dimensionless)

Ay = frontal area of the car (m?)

v = the velocity of the vehicle (m/sec)

u = coefficient of friction (dimensionless)
e m = mass of the vehicle (kg)

e ¢ = gravitational constant (m/sec?)

« = the angle of the road (—7 < a < 7, in radians)
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4]
e 0 = a mass factor (dimensionless). For example, in [49], § = ﬁ, where
w

I, is the polar moment of inertial of a wheel, and r, is the effective wheel

rolling radius

e At = the change in time (sec)

Av = the change in velocity (m/sec)

n = an efficiency parameter to account for all complexities of the battery
and various losses when transferring energy from the battery to the wheels

(dimensionless)

e P,.c = the power required to run the the accessory loads, which include

heating or air conditioning, headlights, and the radio (W)

The energy model includes some simplifying assumptions, such as loss-
less regenerative braking. Regenerative braking allows an electric vehicle to re-
capture most of the energy that is lost in conventional (gasoline) vehicles when
the brakes are applied. Regenerative braking is very efficient, as specified in a
description on how electric vehicles work, “The Regenerative Braking System in
an all-electric vehicle will be designed to capture over 90 percent of the energy

normally lost and send it back to the battery pack to be stored for later use” ([18]).

2.2 Calibrating the Model Using Regression
We calibrate the energy consumption model using regression, by processing some
vehicle drive data from a particular car into segments and applying linear regres-

sion to estimate the appropriate coefficients.
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We acquired 2 weeks of drive data from a Focus Electric battery electric vehi-
cle driven in California ([17]). The data includes readings every second for energy
consumed, vehicle speed, and GPS coordinates. We combine this information with
elevation data from the US Geological Survey National Elevation Dataset (ob-
tained from the National Map Viewer, http://nationalmap.gov/viewer.html),
which we match to the drive data using the latitude and longitude coordinates
from the GPS readings. In addition, we aggregate data into “segments” where a
vehicle is either accelerating or moving at constant speed.

Recalling the forces used in the engineering-based model, (2.1), we can apply

linear regression to estimate the coefficients By, B1, B2, B3, and Bg, in

A
E = Bo+ B1v At + By cos (a)vAt + By sin (a)vAt + ﬁ4A_7tijt' (2.2)

For 12 hours and 40 minutes of data (4656 segments), we obtained an r-squared
value of 0.92 and the estimates shown in Table where all of the coefficients

have statistically significant ¢-values.

Coefficient Estimate t-Value
Bo 11386 8

B1 0.366 20

B2 287 17

B3 13916 107

B4 1955 115

Table 2.1: The estimated values and f-values for the coefficients for the linear

regression, on (2.1), applied to the vehicle drive data.

The high correlation coefficient and statistically significant t-values indicate
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that the energy model provides a good fit for the data. However, the beta coeffi-
cients will depend on the particular vehicle.

Besides using this method to estimate the energy formula coefficients directly,
we can see how well the parameters from a particular vehicle match the model.
One could translate the coefficients in the regression model to the vehicle pa-
rameters in the energy model (2.1). This would result in solving 5 equations with
8 unknowns, although some of the solutions might be fairly unrealistic. A better
way to see how well the vehicle parameters match is to apply linear regression to

the energy model

o+ ﬁl%PCwAfUSAt + [32% cos (a)vAt

b= md Av (2.3)

mg .
+ [337‘(’7 sin (aw)vAt + ‘347A_tht

and see how close B1, B2, B3, and B4 each are to 1.0, where we input proprietary
values for Cy,, A £ 0, M, 1, 0, and 7 into the equation (g is a standard constant).
It is the same energy model as (2.2)), and therefore, the quality of the fit from the
regression will be the same. The only things that will change are the values of the
coefficients B1, B2, B3, and B4 (Bo will remain the same).

The 95% confidence interval for the smallest of the estimated values of B4,
B2, B3 and B4 is [0.675,0.701], and the 95% confidence interval for the largest of
the estimated four values is [1.813,2.295]. This indicates that the vehicle values
are reasonable, but are not a perfect fit to the model, as the values B, B2, B3
and P4 are close to 1.0. If the completely accurate and realistic energy model

was exactly equation (2.3), then B4, B2, B3 and B4 would all be 1.0. However, this
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model is a simplification, and therefore we expect there to be some variation in
the coefficients from the regression. The value for By would be interpreted as
the estimated energy cost (say in accessory loads) per segment. Since the mean
segment time for the trip in the dataset is 9.8 seconds, this results in an accessory
load (Pycc) of 1162 W, which is a reasonable value.

A regression model with a more clear interpretation of By than the model

would be to fit energy per unit time, using the same vehicle data:

E ﬁo —+ ‘31’03 + ‘32 CcoS (DC)TJ
== Ao |- (2.4)
+ B3 sin (a)v + By—10
At
In this case, By would be the value of P, to use in the problem.
The r-squared value of 0.64 and the negative estimated value of B, in Table
indicate that the regression model is not as well-suited to the data (the data

was processed to be in segments of varying lengths of time).

Coefficient Estimate t-Value
Bo 2020 71

B1 0.0645 25

[ ~116 —43

B3 672 46

Ba 137 62

Table 2.2: The estimated values for the coefficients for the linear regression, on

(2.4), applied to the vehicle drive data.
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Chapter 3

Optimization Model

For the optimization model we use the energy function

b 7

1 . j
Eij(vij) = 0 (EprAfv?j + pmg cos (a;j) + mgsin (oq]')) + Pacc (U—; + T,']'> . (3.1)

In equation (3.1), we exclude acceleration from model to eliminate the de-
pendence between energy consumption and changes in velocity, since we expect
the total energy consumption from acceleration on a route to be small because
of the high efficiency of regenerative braking. We show, under some simplifying
assumptions, that there is zero net energy consumption due to acceleration over
a path (Theorem [3.1)). Besides excluding acceleration, equation uses the rela-
tionship between arc length, Eij, and velocity times time in transit, both directly
and through T;;, which is an extra cost in time for arc (i, j), to account for stopping

or turns.
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Theorem 3.1 (Ignoring Acceleration Under Some Assumptions). Suppose

that we make the following assumptions regarding acceleration in [0, T}:
e The vehicle starts at velocity 0.
e The vehicle ends at velocity 0.
e At any instant of time, the vehicle can do one of three things:

1. Remain at a constant velocity
2. Increase velocity (accelerate) at a specified rate a > 0
3. Decrease velocity (decelerate) at the rate —a < 0
and the vehicle changes whether it accelerates, decelerates, or remains

at a constant speed a finite number of times (technically, the number of

changes in vehicle acceleration only has to be a set of measure 0).
e Regenerative braking is always 100% effective.

Under these assumptions, for any path and any choice of speeds, the total

energy consumed due to acceleration is 0.

Note that the velocity of the vehicle, v(t), is allowed to be 0 at more times than

just the start and the end of the trip.

Proof of Theorem A sketch of the proof is in Figure

Suppose that for any fixed path and any choice of velocities, v(t), the vehicle
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v(t)

0

Figure 3.1: A Sketch of the Proof of Theorem The vehicle spends energy
when accelerating, but will regain it back later when decelerating from the same
speed. For example, the vehicle is accelerating at time f and the matched time it

is decelerating is time f.

starts at time t = 0 and ends at time t = T. Then the total energy consumed is

1 2
o[ PCaAli Hpmgeos(a@)| |
0 T + mgsin (a(t)) + médz(;(tt)
1
/T M EprAfv(t)z—l—ymgcos ([X(t)) v o | at
0 n

= + mgsin (a(t))
4 /O ! (mév(t)dii(:)> dt

Given our assumptions, v(t) is technically not differentiable everywhere within
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[0, T], and we will replace dz;(tt) with the more accurate notation
(
a if the vehicle is accelerating at time ¢
fa(t) = {0 if the vehicle is neither accelerating nor decelerating at time ¢
—a  if the vehicle is decelerating at time ¢

\

Therefore, proving the desired result means showing that

[ @sateae=o,

since

T do(t) T T
/O (mdv(t)T) dt = /0 (m&o(£) fa(t)) dt = mo /O (0(£)fa(t)) dt.

Because the vehicle must accelerate, remain at constant speed, or decelerate,
v(t) is continuous and v(t) f,(t) is bounded and a continuous function of f except
at a finite set of points (or a set of measure 0). Therefore, v(t)f,(t) is Riemann
integrable.

The rest of the proof is as follows. For any time f where the vehicle is currently
at speed ¥ = v(f) and is accelerating at rate a, we are going to “match” f with the
first f > f where v(f) = v(f) and the vehicle is decelerating at time f (and show
that such a f exists). Then, we will partition time into small enough intervals,
assign each of the matched velocities to the appropriate interval, and use the

definition of Riemann integrability to show fOT (v(t)fa(t))dt = 0 (the interval
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containing time f will cancel out the interval containing time f).

Consider any time f where the vehicle is currently at speed ¥ = v(f) and is
accelerating at rate a. Because v(t) is a continuous function and v(t) is increasing
at time f, for some small € > 0, there is a § > 0 such that v(f+6) = 9 +€ > 0.
Since v(f4+J) =9+ € > 7, v(T) = 0, and v(t) is continuous, by the intermediate
value theorem, there exists at least one t* in [f + J, T] such that v(t*) = . Pick f
to be the smallest t* in [f + 6, T] that has v(f) = 0.

Because f is the first time after time f the vehicle reached speed @, the vehicle
must have been decelerating at time f. If the vehicle was neither decelerating or
accelerating at f, then there would be a 6 > 0 such that v(f — §) =  (as the rate of
change at of v(t) at f would have been 0), contradicting the fact that f is the first
time after time f the vehicle reached speed @. If the vehicle was accelerating at time
f, then v(t) is increasing at time f, and for some small €, > 0, there is a §, > 0 such
that v(f —8,) =0 — ey < 6. Since v(f — &) =7 — e, < 3, v(F+5) = 5+¢€ > 7, and
v(t) is continuous, by the intermediate value theorem, there exists at least one +*
in [f+ 8, f — 6] such that v(t*) = ¥, which contradicts the fact that f is the first
time after time f the vehicle reached speed 3. This argument also shows that there
is no other t in (f, f) with v(t) = 0.

Using the previous argument, we can effectively pair each time the vehicle is
at speed v(f) and is accelerating to a time f where the vehicle is decelerating and
at speed v(f), and this way of pairing up times ensures that no time t* is matched
more than once. We can also use the same argument to pair any time  where the
vehicle is at speed v(f) and is decelerating to a time f < f where the vehicle is

accelerating and v(f) = o(#).
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Partition time into intervals [t;_1, t;) with maximum size
At = maxy_1, g {tx — ty—1} and represent fOT (v(t)f(t)) dt as (using the definition

of the Riemann integral)

K

[ @0t = lim 3 (00 fae) (15— b 1)

At=0,=
where:
e K is the number of intervals of the chosen partition of [0, T].
e i is a particular time in the interval [t;_1, t;).

For any partition chosen to compute the integral fOT (v(t) fa(t)) dt, select a re-
finement (a finer sub-partition) where for each v(f) where f,(f) = a, there is
another interval containing f > f where v(f) = v(f) and f,(f) = —a (we can
find the particular f by the previous argument that paired times). Select the re-
finement in this way with the additional requirement that all intervals are of the
same length At (we can do this for small enough At). For convenience in writing
out the sum corresponding to the Riemann integral fOT (v(t) fa(t)) dt, let v, be the
rth speed and 7, be the number of intervals where v(;) = v, and the vehicle is
accelerating, for r = 1,..., R. By the previous argument that paired times when

the vehicle was accelerating and decelerating, there will be 1, times (and therefore
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n, intervals) where the vehicle is at speed v, and is decelerating. Therefore,

Mw

[ @) at = Jim

t t t—t_
AHo: v(F) fa(Fe) (b — t-1))

R
= lim nvaAt—nvaAt
AHOE m r0ralt)

R
= ]_‘ == . D
Am 2 (01 =0

As a first step to incorporate the energy model into the optimization
framework, we discuss a deterministic optimization-based model (Section [3.1}).
Then, we expand the deterministic model to incorporate uncertainty using robust
optimization (Section [3.2). Next, we apply Lagrangian relaxation to the optimiza-
tion model (Section [3.3). Finally, we present a result that shows the equivalence

between two robust optimization formulations (Section [3.4).
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3.1 Deterministic Framework

Our deterministic optimization model is

0
min 2 (l + Tij) Xjj

Dij Xij

s.t. Z (Ez](vq)) xi]' < EO

(i,j)EA
Ujj < vjj < Ujj, V(i j) € A
¢ (3.2)
1 if 7 is the source node
2 Xij — 2 Xji = § —1 if i is the destination node
jiij)eA j(i)€EA
0 otherwise
\

Xij € {0,1}, V(Z,]) € A.

A is the set of arcs in the network, E;;(v;;) is the energy function (3.1), and Eg

is the maximum energy consumption, which could be taken or estimated from

the vehicle’s current state of charge.

We will also write “X = set of paths” to represent the constraints for the short-

est path polytope (and requiring x;; to be binary):

4
1 if 7 is the source node
Z Xij — Z Xji = § —1 if i is the destination node
jij)eA ji)EA
0 otherwise

\



3.1. Deterministic Framework 47

Problem is a constrained shortest path problem with the additional re-
quirement of finding velocities, and therefore, we expect it to have many simi-

larities to the constrained shortest path problem. We prove that problem is
NP-Hard in Section

3.1.1 About Constrained Shortest Path Problems
There is quite a bit of literature about the constrained shortest path problem,
although we will not survey it here. The main facts about the constrained shortest

path problem are:

e It is NP-Complete (Garey and Johnson [19]). It is a reduction from partition,
and Garey and Johnson cite a private communication with N. Megiddo in

1977 as the reference for this.

e It can be solved exactly in pseudopolynomial time, such as with dynamic

programming. One source is [23].
e It has a fully-polynomial time approximation scheme (FPTAS) [23].

The algorithms given in Hassin [23] are for acyclic graphs, but the authors
state that the generalization to general graphs is straightforward.
Formally, the decision version of constrained shortest path problem can be

stated as the following.

Definition 3.1 (Constrained Shortest Path Problem (Decision Version)). An in-
stance of the decision version of the constrained shortest path problem is the follow-

ing:
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Input: A directed graph G(N, A), with a source node and sink node, arc costs Cijs

and arc times tfj. There is a cost limit C and time limit T.

Output: A path from the source and sink node such that the total cost is no more
than C and the total time is no more than T, or a statement that no such

path exists.

3.1.2 NP-Hardness of the Deterministic Electric Vehicle Routing

Problem
Problem is NP-Hard, as it is a generalization of the NP-Hard constrained
shortest path problem ([19]). Since any constrained shortest path problem can be
transformed into problem (3.2): set v;; = vjj, for all (i,j) € A, and choose the data
and parameters appropriately.
Here are the formal details for the NP-hardness.

The decision version of the electric vehicle routing problem is in Definition

Definition 3.2 (Electric Vehicle Routing Problem (Decision Version)). An in-

stance of the decision version of the electric vehicle routing problem is the following;:

Input: A directed graph G(N, A), with a source node and sink node, arc lengths
14

ij, extra times T;;, energy consumption functions E;;(v;;) (per arc) with the

appropriate input constants, and lower and upper bounds on the velocities:

v;; and ;. There is a time limit T and energy consumption limit Eo.
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Output: A path from the source and sink node and arc speeds v;; such that the
total energy consumption is no more than Ey, the total travel time is no more
than T, and v are within the specified velocity bounds, or a statement that

no such path and velocities exist.

Theorem 3.2. The decision version of the electric vehicle routing problem

(Definition is NP-Complete.

Proof. Proof of Theorem

The decision version of the electric vehicle routing problem (Definition is
in NP, as feasible solutions can be verified in polynomial time. Namely, a path
that requires a travel time at most T and energy consumption at most Ey, with the
specified velocities can be described in at most |A| variables for the path and at
most |A| variables for the velocities. The travel time and energy consumption of
the path with velocities can be checked in polynomial time. In addition, we can
check that the velocities are within the specified bounds and that the solution is a
path from the source node to sink node in polynomial time.

Consider an instance of the constrained shortest path problem (a graph G(N, A),
costs ¢;j, times tfj, cost limit C, and time limit T). We can transform it into the elec-
tric vehicle routing problem in the following way:

e Keep the directed graph G(N, A) the same, with the same source and sink
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node.
e Set the energy consumption limit to T.
e Set the travel time limit to C.

From the formulation, we have that:

¢

tij(vij) = v—] + T (3-3)
1
tij (1 ) :
. EprAfvij + pmg cos (a;j) + mgsin (a;;)
Eij(vij) = 0 : (3-4)
+ Pacc <_] + Tij)
Uij

Now we select the parameters carefully. We first set the velocity lower bounds
v;; = ¥jj and the upper bounds v;; = ¥j;, simplify the selection of velocities to one
parameter per arc: 9;;. With this choice, the parameters that are arc-dependent are
0ij, Lij, Tij, and ;. We will need to carefully choose the values of at least two of
these (per arc), and we can basically set all of the rest of the parameters as we

choose. Therefore,

e Use any positive values for p, Cy, A a2z and m. WewillsetC, =2, m =1/g,

and the rest of the values to 1.
e Seta;; = 0, for all (i,j) € A.

e Set 0;; = 1, for all (i, ) € A.



3.1. Deterministic Framework 51

e Pick P, to be 0, although P, only needs to be small enough such that

tfj — Pacccyj is positive for all (i,j) € A. This ensures that ¢;; will be positive.

e Set 7;; = ¢j; — ¢;;. This is from solving

l;i
]
= T T =G
Z)l’]’

and using 0;; = 1.

(t5)
e Set arc lengths /;; = %17

This is from solving

Ui (1
J (EprAf (057)” + pmg cos (a;j) + mg sin ("‘iJ‘))

= 0 = tfj
+ Pacc <T] + Tij)
Ul']‘
bii (1 .
I (@M (1 + ()1 /gcos(0) + (1/g)gsin(0))
= T 0. tij
+0 (% + Ci]' — 51])
I )
= (;f (2) ) = £
fE.
L= ( 2)?7

e Pick 7 to be positive, but small enough such that ¢;; < ¢;; for all (i,]) € A.

2¢;;
7 = ming e {Tl]} will suffice. This ensures that 7;; will be nonnegative
ij
for all (i,]) € A.
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The objective function is then min {}_; ;c 4 ¢ijxij }, and the energy consumption

constraint is Z(i,j)eA tijxi]' <T.

3.2 Incorporating Uncertainty Using Robust Optimiza-

tion

We describe how to apply robust optimization to find routes for battery electric
vehicles under uncertainty in time and energy. A general description of robust
optimization is in Section

We assume that there is an uncertainty in time and energy that is not velocity
dependent, and we use approaches from Bertsimas and Sim [f7, 8] to formulate and
solve the corresponding optimization problem. The robust-optimization approach
assumes that each arc (i,) has an uncertainty in time, At;j, and in energy, Aejj,
where typically 0 < At; < ¢;; and 0 < Aej; < 7j;. A conservative approach
to handling this uncertainty is to assume the worst: a driver (or an algorithm)
selects a path P, and then an adversary controls all of the uncertainty to maximize
Y_(ij)ep Atij and } ; »cp Aejj. The adversary can maximize each sum separately. In
this case, the adversary would set At;; = 0;; and Ae;; = 0j; for all arcs (i,j) € P
(this is the same as setting At;; = 0;; and Ae;; = 0 for all arcs (i,j) € A before
a path is selected). A less conservative approach is to restrict the power of the
adversary to select the uncertainties in times and energy within uncertainty sets.
U; represents the uncertainty set for time and U, the uncertainty set for energy.

This is the approach we take, and we formulate the robust optimization model as
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Cij
min max Z L + T | xij + Z At,] Xij
Vi Xij Atel; (if)eA Ul] (if)eA

s.t. Z (E vl] x1]+ Z AeZ] xij < Eo, VAe € U,
(ij)eA (if)eA (3-5)

x € X = set of paths,

which can be restated as

Uy
min ) ( L Tl]) xij+ max ¢ Y (At) xjj
(i.j)

Vjj Xij Uijj Ately (i,j)eA
st Y (Ei(vij)) xij+ max Y (Ae) xi p < Eg (3.6)
(i) eA e e

v <v; <7y V(ij) €A

x € X = set of paths.

To complete the formulation (3.6), we need to specify the uncertainty sets U;

and U,. For example, we could assume the worst-case scenario for time and set

u; = {At1]|0 < Atl] < 0’1]} Then max Z (Ati]‘) Xl']' = Z (0’1']‘) Xi]', which
Atells | (i jea (i)eA
is the case when the adversary sets At;; = o for all arcs (i,j) € A. U, could be

defined similarly. However, we choose more restrictive uncertainty sets to obtain
less conservative solutions to (3.6).

The uncertainty sets we use are:
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Polyhedral Uncertainty: U; = At,']'|0 < Atij < 7ij, Z(i,j)G A A(T:] < T} ;, where I';
is a parameter (assumed integer) that restricts the power of the adversary.
In a network optimization context, this is equivalent allowing the adversary
to set At;; = oy; for I'y arcs and setting At;; = 0 for the rest. For polyhedral

uncertainty,

max At:) xi $ = max o) g
Atell (i,j)ZeA( z]) ) {5:|S:CA, |5:|<T+} (i,j)zest( z]) ij

Ellipsoidal Uncertainty: U; = {Ati]-| ||Zt_1/2At||2 < Qt}, where X is a diago-
nal matrix with entries 0;; along the diagonal and zeros everywhere else.
Namely, ¥; is an ellipse and its radius is determined by a parameter ();. For

ellipsoidal uncertainty;,

max o ), (Aty)xij o = max L (Bti) x
teli | j)ea {at;l 11228 t][<O} | (i j)ea
The specifications for the kind of uncertainty sets in energy, U, is similar, and
they would have parameters for energy instead of time: 7;j, Z,, (e, and T.
The robust optimization formulation is more general than the determin-

istic framework, because setting U; = @ and U, = @, produces the deterministic

model (3.2).
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3.3 Lagrangian Relaxation

For many of our algorithms, we use the Lagrangian relaxation, which for problem

can be stated as:

L()\) = min Z i + Tij | Xij -+ max Z (Atij> Xjj
Ui (i ea \ Ui Atelr | (i 7ea

+A Z (Ei]'(vl‘]‘)) Xij + max Z (Ae,-]-) Xij ¢ — Ey )
((i,j)EA Aecl, (i)EA (3 7)
st 0 <0 <Ty V(i j)EA

x € X = set of paths.

Note:

The Lagrangian multiplier A is required to be nonnegative.

e Because L(A) is a lower bound on the objective value of problem (3.6), solv-

ing max,>o {L(A)} obtains the best lower bound.

e The solution to max)>o {L(A)} is guaranteed to be a path with velocities
within the specified bounds, but it might be infeasible due to a violation of

the energy constraint.
e L(A) is a piecewise-linear concave function of A.

e Suppose that x* and v* are an optimal solution to L(A). Then a subgradient
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of L(A) at A is

(i,j)eA

Z <Eij(v;-'})> xfj + Arre?z;e { 2 (Aeyj) x;"]} — Ep.

We can solve the optimization for L(A) in the following way:

1. Solve the deterministic case, where there is no uncertainty. The details are

in Section

(a) The objective function for L(A) is coupled only by the path variables.
Namely, given any particular choice of path, the problem of finding op-
timal velocities is decomposable into |A| simpler subproblems, which
are easy to solve. It turns out that we can find the optimal velocity for

each arc regardless of the path chosen.

(b) Use the optimal velocities for each arc as input and solve a shortest

path problem to evaluate L(A).

2. For the cases with uncertainty, use the techniques for deterministic case
(the uncertainty does not depend on the variables v;;), and then incorporate
techniques to solve the robust version of a shortest path problem. See Section
for more details for the case of polyhedral uncertainty and Section4.3.2]

for more details for the case of ellipsoidal uncertainty.

We optimize the Lagrangian relaxation using subgradient ascent, as described
in Section 16.3 of Ahuja et al. [1]. To obtain an initial upper bound on the objective

function of the full optimization problem (such as (3.6)), we solve the appropri-
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ate minimize-energy optimization problem (see Sections |4.1.1} [4.2.1} and |4.3.1). If

the optimal minimum energy-solution requires more than the allowed amount of
energy, we know that there is no feasible solution. The traversal time required for
this solution is the value of the upper bound. Update the upper bound with the
objective value (traversal time) of any better feasible solution that is found along
the way. Subgradient ascent is a heuristic method, although Lget(A) for any A > 0
is guaranteed to be a lower bound on the objective value of the optimal solution.
Because the subgradient will rarely be 0, we have added the additional stopping
criteria of terminating the algorithm after a predefined number of iterations (as
mentioned in Ahuja et al. [1]), which we typically set to 10.

The detailed method of subgradient ascent is described below, (applied from
[

1. Initialization:

Ok is the stepsize on iteration k to be determined later.

UB = upper bound on objective value

Solve the minimum-energy shortest path problem for the appropriate
case. This will always generate a feasible solution, if one exists. The

traversal time required of this solution is a value for UB.

2. Suppose that we can evaluate the value of the Lagrangian function L(Ay)

and obtain a subgradient g(Ax) at Ax. How to do this is explained in the
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sections for each particular formulation (Sections |4.1.2} [4.2.2} and |4.3.2).

3. Subgradient Ascent: Given Ay, UB, L(A), and g(Ak) :

A (UB — L(Ay))
1Al I?
e Update: Ajy; = min {/\k + Gkg(/\k), 0}

e Stepsize 0y =

4. Stopping Criterion and Parameter Updates:

e If after a few iterations of finding L(Ay) there is consistently no objective
value improvement, decrease Ak by a factor of 2: A = A /2)

e Terminate the algorithm when ||g(Af)||*> < €, for some small € > 0.

However, since this condition rarely happens, also terminate the algo-

rithm after completing set number of iterations. Return the final value

of Ay as A*.

e Update UB with the objective value (traversal time) of any better feasi-

ble solution that is found along the way.

5. Error Bounds: Suppose we terminate with A* and a best feasible solution

(v*,x*). Then we have

L(A*) < OPT < UB

And that the solution (v*, x*) has an error of at most

UB — L(A*)
L(A%)
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3.4 Showing Equivalence of Robust Optimization

Problems

In this section, we provide the theorems and proofs that demonstrate that robust
optimization problems such as (3.5) are equivalent when we add the additional
requirement that the adversary modifies the same arcs for both time and energy
(instead of letting the adversary choose the arcs for time and energy separately),
as in problem (3.8), for some fairly general kinds of uncertainty sets U; and U,.
Typically U; and U, will be the same or related for the equivalence to hold.

min max Y. (ﬁ + 7,'1']-) xi+ Y. (Ak) x

Gijrij Atell (ijyea \ Vi (ij)eA

AeclU,
AtijZO@Aei]‘:O, V(l,]) €A

s.t. Z (Eij(vi]-)) Xij + Z (Aei]-)xij < Ey (3.8)
(ij)eA (ij)€A

v <0y <Uy, V(i j) €A

x € X = set of paths,

The results in this section are of theoretical interest because they provide in-
sight about the robust optimization modeling framework. The results are based
on the idea that violating one constraint is considered equally as bad as violat-
ing any other constraint. The results emphasize that the robust optimization is
required to protect against all possible scenarios, while the adversary may focus
the uncertainty on violating only one constraint or just in making the solution as

suboptimal as possible (and ignoring the other scenarios that are not beneficial
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to the adversary). In addition, the results show that we may formulate a robust
optimization problem in multiple ways, and we may pick whichever formulation
that we feel is easier to solve or has a more relevant interpretation of the un-
certainty. For example, for the problem of routing battery electric vehicles, the
equivalence means that the robust optimization problem (3.5) is the same if we
add the additional restriction that the adversary chooses either the uncertainty in
time or energy of an arc to be nonzero, it must choose both the uncertainty time

and uncertainty in energy of that arc to each be nonzero.

3.4.1 An Example Equivalence of Coupled and Decoupled Sys-

tem for Projections

First, consider an example. Let U be some (uncertainty) set that contains pairs of

vectors of the form (a',a?). Consider the projections of U onto a! and a?:

o Uy, ={a' st (a',0%) € U}
o U= {a* st (a',0%) € U}

Consider two systems
“Independent System”

fah,x) +a1(y) <d Va' € Uy,

fa(a?,x) + g2(y) < h Va® € Upy
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“Coupled System”

fila',x) +g1(y) <d ) e u
h

f(a®,x) + g2(y) <
Where:
e fi(a,x) and f»(a, x) are functions from R** — R.
e ¢1(y) and ¢»(y) are functions from R” to R.
o All of the other data are vectors.

In the independent system, the inequalities must hold for all coefficients a
separately in the set U. That is, (al, az) need not be in U. Therefore, the coupled
system is contained in the independent system, as (a!,4?) € U implies a! € Uéroj

2 2
and a” € Up,;.

Any inequality

fls,x) +8(y) <d

holds for all vectors s in some set U if and only if it holds for

s*(x,y) = argmax {f(s, x) +g(y)}

sell

where s*(x,y) depends on x and y.
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Let
5*(x,y) € Upyyj st s (x,y) = argmax {fi(s, x) + gi(y)}
ui — Seu}]n‘oj
EP

for some x and y

Vi=1,2

Therefore, we can rewrite the independent and coupled systems as follows:

Equivalent Independent System

filah,x)+g1(y) <d Va' € Ugp

fola®,x) +g(y) <h Va* € Ugp

Equivalent Coupled System

IN

fi(at, x) +g1(y)

d
) W< V(al,a?) € Us.t.a' € Ulp ora® € Uzp
2(a%,x) + &2y

IN

The equivalent coupled system contains each inequality in the equivalent in-
dependent system and additional (redundant) inequalities, although the (non-
redundant) inequalities might be ordered differently in the two systems.

Therefore, these systems are the same.

3.4.2 General Results

Notation:

e U is some uncertainty set that contains vectors in R"
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e a and a’ are vectors in U, fori =0,...,N
e x and y are vectors in R"
e X and Y are feasible regions in R”, where usually x € X andy € Y

e fi(a,x) are functions mapping R** to R, where a € U and x € X, for

i=0,...,N
e ¢i(y) are functions mapping R"” to R, wherey € Y, fori =0, ..., N.

e b; are real numbers, fori =1,...,N

Theorem 3.3. Consider the decoupled and coupled robust optimization prob-
lems:
Decoupled:

. 0
rxrg)lg g}gﬁ fo(a®, x) + go(y)

yey (3.9)
st. fi(a,x)+gi(y) <b; Va'elU, VYi=1,...,N

Coupled:

min max  fo(a, %) + go(y)

yey (3.10)

st. fi(a,x)+gi(y) <b; Vi=1,...,N

The decoupled and coupled robust optimization problems are equivalent.

Namely, they have the same feasible regions and optimal solutions.
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Proof of Theorem[3.3, We first show that the decoupled and coupled problems
have the same feasible region.

Suppose that (x,y) is feasible for the decoupled problem. Then it is also feasi-
ble for the coupled problem, as x € X, y € Y, and because the coupled problem
is the same as adding the restriction a! = a2 = --- = a¥ to the uncertainty set
for the decoupled problem.

Now suppose that (x,y) is not feasible for the decoupled problem. If x ¢ X or
y € Y, then it is infeasible for the coupled problem, so suppose that x € X and
y € Y. Because x € X and y € Y are not feasible for the decoupled problem, there

exists an a' € U such that

fila',x) + gi(y) > bi.

Choosing a = a’ € U, along with (x,y) produces the infeasible solution for the

coupled problem, as

fi(a,x) + gi(y) > b;.

Therefore, the feasible regions of the decoupled and coupled problems are the
same. Call this feasible region A.

The decoupled and coupled optimization problems can be written as:
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Decoupled:

. 0
rxrél}r(l g}gﬁ fo(a®, x) + go(y)

yey (3.11)

st. (x,y) € A

Coupled:

min max  fo(a, %) + go(y)

yey (3.12)

st. (v,y)eA

These optimization problems are the same, and therefore have the same opti-

mal solutions. [l
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Notation:

e a' are vectors with real number entries, with dimension d;, fori =0,...,N.

Note that the a’ can be of different dimensions

U is some uncertainty set that contains vectors (of vectors) (a° a?,...,a")

. Uéroj = {a' st there exist a%al,...,a'"1,a't, . ,aV  where
(a%al,...,aN) € U}. Namely, Uéroj is the projection of U onto the subspace

spanned by the ai. Here,i =0,...,N

x and y are vectors in R"

X and Y are feasible regions in R"”, where usually x € Xandy € Y

fi(a', x) are functions mapping R%*" to R, where a* € U’ . and x € X, for

proj

i=0,...,N
e ¢i(y) are functions mapping R” to R, wherey € Y, fori =0,..., N

e b; are real numbers, fori=1,...,N
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Theorem 3.4. Consider the decoupled and coupled robust optimization prob-

lems:
Decoupled:
min max  fo(a® x) + go(y)

xe€X 40¢yo

yeY proj (3-13)
s.t. fi(ai,x) +gi(y) < b; Val e Uéroj, Vi=1,...,N

Coupled:

min max fo(a®, x) + go(y)

xeX (uo,al,...,u”) cu

yeYy (3-14)

st. fi(al,x)+gi(y) <b; Vi=1,...,N

The decoupled and coupled robust optimization problems are equivalent.

Namely, they have the same feasible regions and optimal solutions.

Proof of Theorem The proof is similar to the proof of Theorem [3.3/and to the

proof for the example in Section O
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Chapter 4

Algorithms

Our ultimate goal is to solve the electric vehicle routing problem under uncer-
tainty and use techniques from robust optimization to formulate and solve prob-
lem (3.6). The objective, broadly speaking, is to select a route and vehicle speed
to minimize travel time while ensuring that total energy consumption does not
exceed a pre-specified limit.

Our main approach for solving the deterministic and robust problems as fol-

lows:

1. Choose some reasonable solutions to the problem, such as a minimum-time
or minimume-energy solution. Such “candidate solutions” are easy to calcu-

late, although they might not be feasible.

2. Because the mathematical formulation is NP-Hard, we use Lagrangian re-

laxation as a heuristic.

3. In general, solving a Lagrangian relaxation does not guarantee a feasible so-
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lution. However, we guarantee a feasible solution to problem (3.7) by finding
an initial feasible solution using an appropriate minimum-energy solution,
and then keeping track of whether or not the algorithm finds better feasible

solutions in the process of solving the Lagrangian relaxation.

4. We evaluate the quality of the feasible solution by comparing it to the lower

bound provided by solving the Lagrangian. Technically speaking, we get
a lower bound from the Lagrangian when we solve the appropriate sub-
problem optimally. When we solve that subproblem heuristically, as for the
robust optimization case, we are not guaranteed a lower bound from La-
grangian relaxation, and can only use it to get an estimate of a lower bound

on the objective function.
Some additional comments:

e Typically, heuristic methods are applied to each of the steps (depending on
the complexity of the problem), so optimal solutions at each step are not

guaranteed.

e In all of the Lagrangian relaxations and candidate solutions, the optimal
velocity of any arc is independent of the path chosen and the velocities on
other arcs. Therefore, optimal velocities can be found by solving a convex

optimization problem for each arc.

e Solving shortest path problems is a subroutine in all the instances. To solve

it more quickly, we formulate the problem in a way that has nonnegative
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arc weights and use A-star to find a shortest path from a given source to a

given destination.

We first discuss the algorithms for the deterministic model (Section [4.1). We
then present algorithms for the cases involving robust optimization: polyhedral
uncertainty (Section and ellipsoidal uncertainty (Section [4.3). Next, we de-
scribe how to use an A-star algorithm to solve the shortest path problems in
various algorithm subroutines more quickly (Section [4.4). We conclude this chap-

ter with pseudo-polynomial algorithms for the electric vehicle routing problem

(Section [4.5).

4.1 Deterministic Model: No Uncertainty

As a preliminary case, we consider the optimization model without uncertainty.

4.1.1 Candidate Solutions
We start by finding three solutions that could be candidates for a feasible or opti-

mal solution:

Minimize Time: We ignore the energy constraint, and minimize the total traver-
sal time. Arc velocities are set to their upper bounds, and the problem be-

comes a shortest path problem with arc costs as traversal times.

Minimize Length: We ignore the energy constraint, and minimize the total length
of the route. This problem becomes a shortest path problem with arc costs
as arc lengths. Because velocity does not matter, arc velocities are set to their

upper bounds.
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Minimize Energy: Instead of using an energy constraint, we minimize the en-
ergy consumption of the route. We can find the arc velocities using the
techniques in the proof of Theorem (in Section [4.1.2). We do this by
solving the convex optimization problem miny, <o, <3, {Eij(vi]-)}. The opti-

0
mal velocity for arc (i, ) is either v —E(v;j) =0,

avl’]’

ijr jj, Or the solution to

which is J| 7 (pgi;l) I g (%) is not in [Qij,@]}, then one of the
wetf wetf

two endpoints of [Qij, 61']} must be optimal. With the optimal velocities as
input, the minimum-energy problem becomes a shortest path problem with

arc costs as energy consumption.
We obtain additional information from the candidate solutions:

Feasible Solution: If the energy limit is less than the energy consumption of the
minimum-energy solution, then the optimization problem has no feasible
solution. Otherwise, the minimum-energy solution is a feasible solution to

the problem.

Unconstrained Optimal Solution: The most energy that could be optimal to con-
sume is the energy required for the minimum-time solution. If this solution
is feasible, then the minimum-time solution is optimal for the deterministic

optimization problem.
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4.1.2 Solving the Lagrangian Relaxation

The Lagrangian relaxation of the deterministic optimization problem is
. b
Laet(A) =min 3 | =47 | x+A | ), (Ey(oy)) x5 — Eo
ijriig (Z,])EA 1] (Z,])EA
st ;<0 <y V(i j)EA

x € X = set of paths.

There are two parts to solving the Lagrangian relaxation at a fixed value of A:

tinding velocities and finding a path.

Theorem 4.1. The optimal velocity, v?‘j, to problem (4.1, for each arc (i,j),

is the velocity with the smallest objective value chosen from the following 3

choices:
Lower Bound: v;

Upper Bound: 7;;

1 P
Solution to the Unconstrained Case: 4= . This veloc-
1 (/\prAf 0CuA;

ity is a possible solution only if it is in the interval of feasible velocities

[v3, Dij]-

Proof of Theorem [4.1, For the time being, suppose that we fix any x € X C
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{0, 1}/41. Then the optimization problem becomes:

2r
min Y- (—?w) v (T (o) i~ Eo
(i,j)eA (

Yij Uij ij)eA

s.t. Yjj < Vjj < 51']', V(Z,]) € A.
This problem is separable by arc, and reduces to solving |A| problems of the form

/.
min RUANE Tij | Xij + A (Eij(vij)xij)
vjj Ui]'

s.t. Vjj < Ujj < 51']'.

If x;; = 0, any arc velocity is optimal (with total cost 0), and therefore the optimal
velocity for x;; = 1 will be optimal for all cases. When x;; = 1, for the particu-
lar choice of energy function (3.1), this problem becomes (after removing some
constant terms that do not alter the optimal solution):
min i (14 APacc) + A (# (EPCwAfUsz)>

K (4-2)

s.t. Yjj < jj < 51']'.
This is a convex optimization problem, and we can arrive at the same optimal

solution in two ways:

e Find all possible solutions that satisfy the Karush-Kuhn Tucker conditions,

and select the solution with the smallest objective value.

*

¢ Minimize an unconstrained convex function of one variable, the velocity v; i
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by setting the derivative equal to 0:

(1 + APsc) lij
i]'TaCC + A 7 (prAfvij) = O,
1

—/

1 P,
which yields U;‘j =2y ( 4+ ) If TJ?} is not in [gi]-, 51-]}, then

one of the two endpoints of [Qij, 61']'] must be optimal.
If A = 0, the optimal solution to problem is to choose v;; = ;. O

Since the optimal velocities are valid for all choices of x;;, we can fix them at
their optimal value and, the problem becomes a shortest path problem.

While we can find all of the arc velocities first and then solve a shortest path
problem, it is more efficient to find the velocities on an as-needed basis. That is, we
solve the shortest path problem without finding the optimal velocities. Whenever
the algorithm examines an arc, we compute optimal velocity for that arc (using
Theorem and use it to evaluate the traversal time and energy consumption
for that arc.

We optimize the Lagrangian relaxation using subgradient ascent, and a sub-

gradient of Lget(A) at A is
> (Eg(o}) x— Eo,
(i,j)eA

with optimal velocities and path v;k]- and xl’;

To guarantee a feasible solution (if one exists), we do the following:

e Check that the minimum-energy solution is feasible. If it is, we use it as an
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initial feasible solution for subgradient ascent. If it is not feasible, then we

say that problem has no feasible solution.

e Each time we evaluate Lge(A) at some value of A, we check whether the path
is feasible and has a smaller traversal time (objective value for the original
problem) than the current best feasible solution. If it is better, it becomes the

the current best feasible solution.

4.2 Robust Optimization Model: Polyhedral Uncer-

tainty
To solve robust optimization problems under polyhedral uncertainty, we will need
to be able to incorporate it into the problem in way that is tractable (the main
framework is discussed in Section 3.2). The problem formulation with Lagrangian
relaxation is in Section and the main idea is to simplify the problem by

applying the techniques in Bertsimas and Sim [7] to

(i,) €St

Atij) xij p = ij) Xij ¢-
ggﬁ(t{(i,ﬁzefl( ])x]} {stst£?§t<rt}{ L (U’)x]}

We use the fact that the set of paths is a subset of {0, 1}/4! to simplify the formu-

lation of polyhedral uncertainty (see the proof of Theorem [4.2]in Section [4.2.2):

max {( Y. (o) xi]} = min {( Y (max{c;; —6;0}) xij+Ft9t}.

{sisicAlsi<r} | ;52s, 8203 | ijyea
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Under this transformation, we will typically use a subroutine to find the value
of the theta variable as part of solving the desired optimization problem. To ex-
plain the solution method for the subroutine, suppose we want to solve the opti-

mization problem with L theta variables:

xij;gl 1=1 (i,j)GA

min c'x + i ( Y. (max ((Tilj - 61,0> xi]-> + F101>

(4.3)
st. ,>0,vI=1,...,L

x € X = set of paths.

For any fixed value of each 6;, this optimization problem is a shortest path prob-
lem. When L = 1, Bertsimas and Sim [7] provide ways to solve problems of this
type to optimality. In addition, for the minimum cost flow problem (more general
than the shortest path problem), Bertsimas and Sim [[7], showed that an equivalent
objective function is convex in 6. We propose an algorithm that is different than
any of the algorithms in Bertsimas and Sim [7] to provide a good solution even

faster, as well as for L > 1. This heuristic algorithm is algorithm

Proof of optimality in step 2(b) of algorithm[1, Given a fixed x¥, representing the
path P¥, problem (4.3) is separable and can be decomposed into L convex opti-
mizations problems, which we can solve for each 6; independently of the others:
rrgn Z (max ((T}j -0, 0) xZ) + 1,6,
(ij)eA

s.t. 6, >0.
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Algorithm 1 Algorithm for solving problem (4.3).

1. Initialization (make an initial guess):

e For each | = 1,...,L, guess an initial value for 6;,, and call this
guess 0?. We recommend choosing some 6; € [0, max; e o {a}j}} , be-
cause ; is required to be nonnegative and max (0’1-1]- - 91,0> is 0 for
01 > max; ;e {Uilj} ((Til]. — 6; < 0 for such a value of 0)). The values for

each initial 9? can be different.

e Alternatively, one could choose a path x° € X as an initial guess and
then use that path to set 6 using the procedure in step 2 in this algo-

rithm.
2. Repeat until convergence (Until 9;‘ = 9;‘“ foralll =1,...,L):

(a) Input the values of 9;‘ into problem (4.3) and solve the shortest path

problem to obtain path x*.

(b) Given x*, representing the path P, set the values of §;. An optimal value
of 6, is the (T} + 1)t largest value of (71?]- for arcs on the chosen path.
Instead, for the purposes of potentially avoiding degeneracy, choose 6,
to be the average between (midpoint of) the (I'; + 1)th largest value of

ol and the (T;)™ largest value of al.lj of arcs the path PX. If T} = 0, set

1

k+1
91

= max; j)epk {(Tl-l]-}, and if T'; > |pk  set 9§<+1 —0.
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For a fixed value of x (and so a chosen path P¥), the rate of change of the objective

function with respect to 6 is
(1) <Nurnber of arcs in path P¥ such that Uilj > 91> +1,

and the set of optimal solutions is when this rate of change is 0. The rate of change
is 0 is when there are exactly T; arcs in in path P¥ such that Ul-l]- > 0;. This happens
for any value of 6; that is at least the (I'; 4 1) largest value of (Tl.l]. on path P,’(‘ and
is (strictly) less than the (T;)™ largest value of 0'l~lj of arcs the path P¥. As a special
case, if the (T; + 1)™ largest and (T;)™ largest values of 0’1-1]- on path P* are the
same, then this value is the (only) optimal value of 6;.

To see why the optimal solutions are when the rate of change is 0, one can
take the derivative of the objective function at 6;, although technically the ob-
jective function is not differentiable at all values of 6;. To be more rigorous, use
subgradients. A subgradient of max <0’ilj — 0, 0) is —1 if 0'1-1]- > 6;, and 0 otherwise,
and the subgradient (derivative) of I';0; is I';. The sum of these subgradients is
(—-1) <Number of arcs in path P¥ such that (Tl.l]. > 91) + I and it is a subgradient
of the objective function. Also, because I'; and (Tilj are nonnegative, the values of

f; are nonnegative when the rate of change is 0.

The special cases are:

o If Iy = 0, then the subgradient of the objective function is always nonpos-
itive and an optimal solution is to set 6, = max; ;cpx {(Tfj} (any 0, at least

max; e pk {(Tl-l]-} would be optimal).

o IfT, > |PF

, the subgradient of the objective function is always nonnegative,
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and the optimal solution is to set 91* =0.

]

The objective value of problem (4.3) is nonincreasing throughout algorithm

To see this, let

L

Zpoly(x,8) = c'x + IZ% (';A (max ((71-1]- —oF, O> xij> + ;6
= Lj)e

Then we have for any integer k > 0,

ZP01y(xk’ Gk) = 1’;’161? {Zpoly(xkz Gk) }

-7 (xk+1,6k)

poly

> min {Z xk+1,9k }
= 9,>0,VI=1,....L poly ( )

-7 (xk+1,6k+1).

poly

4.2.1 Candidate Solutions
Besides the candidate solutions for the deterministic case, we consider two other

candidate solutions:

Minimize Time—Robust Case with Polyhedral Uncertainty: We ignore the en-
ergy constraint, and minimize time, using the polyhedral uncertainty set,
which becomes an optimization problem of the form (4.3). Like the deter-
ministic case, the optimal choice of arc velocities is to set each arc velocity to

its corresponding upper bound (go as fast as possible). We use a one-variable
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version of algorithm [1] to find (heuristically) the value of the theta-variable

and the corresponding path.
In more detail, we want to solve:
4
: ]
min L 1| x4+ max (03f) x;
Vjj Xij (i,j)ZeA (Ui]' ]) / {S|SCA,|S|<T:} (i,j;es ]) J
s.t. Ojj < Vjj < 51']', V(l,]) €A

xe X c{01}"

Since time is minimized when going fastest, we will set v;; = v;; and solve

the optimization problem:

. li
min =+t T | X+ max Tij) Xj
% (i,j)ZeA (Uij ]) ] {S|SCA,|S|<T:} {(,-,]-Z)és( ]) ]} (4-4)

st. xeXc {0 1}"

Now we can apply the theorems and methods of proof in Section 3 of [7]
to solve the problem (4.4) (see the proof of Theorem [4.2). The result is the

equivalent optimization problem

{-:
min Z (_—1] + sz) Xij + Z max (0’1] — 6, 0) Xij + I'10;
X% (i jyea \ i (ij)eA

st. 6>0

xe X c {0, 1}"

We solve this problem using the heuristic algorithm described in Section
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although it is possible to solve the problem using either of the ap-
proaches from Bertsimas and Sim [7] that were previously described. We
use the A-star algorithm to solve the shortest path problems that are part of

the robust optimization algorithm (see Section [4.4.2)).

To compute maxys|sca [s|<r;} {Z(i,j)es (O'i]')xi]'}, examine all of the arcs j on

the path x;; = 1 and add together the T'; largest values of 0;;.

Minimize Energy—Robust Case with Polyhedral Uncertainty: We ignore the en-
ergy constraint, and minimize energy, using the polyhedral uncertainty set,
which becomes an optimization problem similar to (4.3). Because the uncer-
tainty does not depend on arc velocity, the optimal choice of arc velocities is
the same as the deterministic case (solve miny, <, <, {Eij(vij) })- Then, we
use a one-variable version of algorithm (1] to find (heuristically) the value of

the theta-variable and the corresponding path.

In more detail, we want to solve:

iy (i,j)ZeA NI 11 A s|<ry) (i,jz)‘és( l]) :
(4-5)
st v <v; <y V(j)EA

xe X cC{0,1}"

Apply the theorems and methods of proof in Section 3 of [7] to obtain the

equivalent optimization problem to problem (4.4) (see the proof of Theorem
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)
min Z Ei]-(vij)xij + Z max (5’1']' — 6, 0) Xjj + r.0,
Xijviife (i iea (i) €A
s.t. Ujj < Vjj < 51']', V(Z,]) cA
93 Z O

xe X c {01}

*

We now select the optimal velocities vj;

as in the deterministic case (see

Theorem , and substitute them into the optimization problem to obtain

min Z Eij(v;kj)xij + Z max ((~Ti]' — 0., 0) Xjj + I'.6,

xe X c{o, 1}

We solve this problem using the heuristic algorithm described in Section
although it is possible to solve the problem using either of the ap-
proaches from Bertsimas and Sim [7] that were previously described. We
use the A-star algorithm to solve the shortest path problems that are part of

the robust optimization algorithm (see Section [4.4.2).
To compute maxys|sca (s|<T,} {E(i,j)es (Ffl-]-)xij}, look at all of the arcs j on

the path x;; = 1 and add together the I', largest values of ;.

As with the deterministic case, the optimal robust minimum-energy solution

is the path with the least (planned or anticipated) energy consumption, which will
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always be feasible, if a feasible solution exists. Also, the anticipated energy of the
optimal robust minimum-time solution is the most energy any optimal solution

would anticipate consuming.

4.2.2 Solving the Lagrangian Relaxation
The full formulation (problem (3.7)) can be transformed into the following equiv-

alent problem in Theorem [4.2] It can be solved using algorithm

Theorem 4.2 (Bertsimas and Sim [7]). Problem (3.7) is equivalent to solving

the following optimization problem:

, Cij
Lpoly u(A) = min )3 (U + Tl]) xij+A ), (Eij(vy)) xij — AEo
ijrrij vt Ve (1]) l] (l])GA

+ Y (max{o; —6;0}) xjj + I':6;
(ij)eA

+A Z max {(7'1‘]' — 93,0}) Xjj + AT'.0,
(ij)eA

s.t. Uij < Uijj < 5ij/ V(Z,]) €A
9t1 96 > 0

x € X = set of paths.

(4.6)

Proof of Theorem The techniques for the proof are taken from Bertsimas and
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Sim [7]. As mentioned in Section

Ab) xS = Y
Elgl)l(f { Z ( 1]) xl]} {5t|5tcn}4,a|)§t|§1“t} {(i,j)zest (0-1]) xl] }I

(ij)eA

which can be written as the linear program

max Z O'i]'xi]'Zl']'

o (ij)eA
s.t. Z Zij S Ft
(i,j)eA

0< Zjj <1 V(l,]) cA
and its dual is

min Z pi]-+I‘t9t
Pt (ijea

st pij+ 0 > oyxi; V(i,j) €A 4-7)
pij >0 V(i,j) e A
0 > 0.

Because the primal is feasible and bounded, so is the dual, and they have the
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same objective value. Therefore, problem (3.7) is equivalent to:

min ), (7] * Tif) wi A ), (Ei(oy) xij — AL
ijrXij (i,j)EA 1] (i,j)GA

+ min Y. pij+ 1o
Pij O N (ij)eA
st pit+0i>0ixi;,  V(ij)EA
pij=0, V(ij)€A

0,>0
+A max Z ((71..) i
] Ul
(SelSeCAISISTL | sjyes.

st. ;<0 <Ty V(i jEA

x € X = set of paths,

which is the same as
. Cij
min -} | S| xi A Y (Ey(oy)) xij — Ao
Vi XijPipot (i iea \ V1 (i,j)eA

+ Y. pij+ T
(ij)eA

+A max Y. (@) x
{SelSecA,[Se|<Ie} | (; j)es, n

st pij+0r > 0oix, V(ij) €A
pij >0, V(i,j)eA
0 >0
v <vij <5, V(i,j) €A

x € X = set of paths.
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Applying the same technique to max 0ii) X ields the
pplying q A {(i,j)zese( if) u} y

equivalent optimization problem
L (A) min ) b +17i | x
oly_u = L — ij ij
POy vi]'/xij/pi]'/pijrgtioe (l )EA UZ] ] ]

+A Z (Eﬁ(l),‘j)) Xij — AEg
(i,j)eA

+ ) pij T
(ij)eA

+A ) pij + AL.0e
(ij)eA

st pij+0; > 0ix, V(i,j) €A
N (4-8)
Pij > 0, V(l,]) €A
6 >0
pij + 0 > Oyjxij,  V(i,j) € A
ﬁij >0, V(l,]) €A
0@ Z 0
v <0 ST, V(i j) €A

x € X = set of paths,

Any optimal solution to problem must satisfy:

]91']' = maX (O'ijxi]' — Gt, 0)

ﬁi]' — Mmax (&i]-xi]- — Ge, O) .
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In addition, since x;; € {0,1}, p;; and p;; become
Pij = maxX (0'1']' — 91},0) xi]'
]51']' = maxX ((7'1']' - Ge, O) xi]'.

Substituting this back in problem (4.8) yields the optimization problem (4.6).
O

Algorithm 2 Algorithm for solving problem (4.6).

1. Maximize the lower bound over A using subgradient ascent. A natural sub-

*

ij’

x*

gradient at A for optimal values v ijr

and 6; is:

A( Y (Bip)xi+ ¥ (max{ﬁijOZ,O})x;‘jE()) + AT.6;.
(

ij)EA (i) €A

*

Use the values 9;;, £;;, 0. found from the steps below as inputs (for (2 x;‘j,

and 6;) to find a good direction (even though they might not be optimal).

2. Find the optimal velocities in the same way as for the Lagrangian relaxation

for the deterministic case (the uncertainty is not dependent on speed).

3. Use algorithm [1|to find 0, 0,, and %.
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4.3 Robust Optimization Model: Ellipsoidal Uncer-

tainty
To solve robust optimization problems under ellipsoidal uncertainty, we will need
to be able to incorporate it into the problem in way that is tractable (the main
framework is discussed in Section 3.2). The problem formulation with Lagrangian
relaxation is in Section and the main idea is to simplify the problem by

applying the techniques in Bertsimas and Sim [8] to

max ¢ ) (Aty)x; 0 = max Y. (Bti) xij .
A {(i,j)eA {atil 1128t [<0} | (i j)ea

Using the Karush-Kuhn-Tucker conditions and solving the maximization prob-

lem, we find that

max { Z (Atl’]’) Xi]'} = Qt\/ (dt)’x,
(i,j)eA

{At|||Z; At <0 }

where d' is the vector whose entry for arc (i, ) is 0j;.

Using this simplification, the basic problem we are solving is of the form

L /
minc'x+ )_ fi ((dl)’x> x

=1 (4-9)
subjectto x € X C {0,1}"

where:

e fi(w;) is concave, foralll =1,..., L.
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e 7;(wy) is a subgradient of f; at w;, foralll =1,..., L.

Definition 4.1 (Subgradient (17(w)) of a Concave Function f(w)). A subgradient

of a concave function f(w) is a function #(w) that satisfies

f(u) = f(w) < nlw)(u—w), VueR

A basic fact is that subgradient of a concave function is nonincreasing. Namely,
wy < wp = 1(wy) = 1(wy).

For f; ((dl)’x> = O/ (d")'x, the subgradient 7; (d'x) is

Ul ((dl)/x> =

where d!

min 1S the smallest positive element of the vector d.

Proposition 4.1. The L dimensional vector #(w) = n(wy,ws, ..., wr) is a sub-

gradient of f(w) = Y-, fi(w) at w, where the I component of 5 (w) is

1 (wp).
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Proof of Proposition The proof follows from basic facts about subgradients.

Because 7;(w;) is a subgradient of f;(w;) at w;, we have that

fi(r) = f(w) <m(wy)(rp —wy), Vrel, Vi=1,...,L

Adding all of the L inequalities yields

L L L
lZ,fz(fz) - lZfl(wz) < 12'71(701)(?1 —w;), VreRk,
-1 -1 -1

= f(r)—f(w) <n(w)(r—w), VreR"

]

We extend the Frank-Wolfe type algorithm in Section 5 of Bertsimas and Sim

[8] to solve problem (4.9) of L variables. The algorithm is algorithm

Proposition 4.2 (Algorithm 3| Improves the Objective Value At Each Itera-

tion). Forany 0, > 0, forall/ =1,...,L, Let

L /
Xp = argmin { (c -+ OZ(dl)> y}
yeX I=1

L /
x1 = argmin { (c+l; ul ((dl)’xo) (dl)> y}

yeX

Then

c'xo+ ifl ((dl)'x()) > c'x1 + ifz ((dl)'x1>

I=1 I=1
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Algorithm 3 Algorithm for solving problem (4.9).

1. Initialization:

e Select some 6, € [17 ((dl)'e> ,11(0)}, foralll=1,...,L.

e Letk=0,

L /
o xg = argmin{ (c-l— 291(d1)> y}
yeX =1

2. Until d'x; + Y5, fi ((dl)’xk> =cx + X ((dl)’xk+1>:

yeX I=1

L /
X1 = argmin { <C + ) ((dl)/xk> (dl)> y}

/ /
If L = 1, terminate step 2 once (dl) Xpy1 = <d1) Xk, instead of checking

the condition ¢’xj + fi ((dl)’xk> =dx+ f ((dl)’ka).

3. Output xy 1.
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Proof of Proposition

I=1
+zifl ((dl)/xo) - (zi Ul ((dl)'xo> (dl)> X0
s -
=cx + z—zifl ((dl)’x1>
+Z_i1fz ((@)x0) - LS (=)
+ <,§ m ((d)x) <dl>) %1
- (l_il m ((d')'x0) <dl>) %0
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The first inequality uses the optimality of x;, and the second inequality (*) uses

the fact that 7 <(d1)’x0, e, (dL)'x()) is a subgradient of f <(d1)’xo, e, (dL)’x()) at
/

((dl)’xo,. . (dL)’x0> .

Justifying (%) in more detail:
gfz ((@')xo) - ifz ()
() ) o= (o

“M“
/\
Q-N
-
= ~——
A
—~
_u
SN—
N—

/

Where the inequality is a direct application of the definition of a subgradient for

a convex function. O
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4.3.1 Candidate Solutions

We consider two additional candidate solutions:

Minimize Time—Robust Case with Ellipsoidal Uncertainty: We ignore the en-
ergy constraint, and minimize time, using the ellipsoidal uncertainty set,

which becomes the optimization problem

g.‘
min )~ <£+Tﬁ) v+ | ) (o) xi

Vij Xij (ij)eA ij (i,j)eA
st. ;<0 <Ty V(i j)EA

x e X c {0, 1}",

which is of the form (4.9) with L = 1. Like the deterministic case, the optimal
choice of arc velocities is to set each arc velocity to its corresponding upper
bound (go as fast as possible). We use algorithm [3| to heuristically find a

good path.

In more detail, The subgradient 7 (d'x) is

L ST 2 £0

n(d’x) _ )2 (d’x)
9’1

, ifdx=0
V dmin

where dpin is the smallest positive element of the vector d. Therefore, the

shortest path problems are of the form min,, { (c+n(d'x)d) y} which have
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arc costs

(U—* - rij) +11(d'x) (o3) -

if
When solving this shortest path problem, we can use the same A-star heuris-

tic function as for the deterministic minimum-time problem (Section |4.4.1)).

Minimize Energy—Robust Case with Ellipsoidal Uncertainty: We ignore the en-
ergy constraint, and minimize energy, using the polyhedral uncertainty set,
which becomes an optimization problem

min  } (Ej(vy)) xij + O
ij-Xij (l,])EA

st ;<0 <Ty V(i j)EA

xe X c {0, 1}",

which is of the form with L = 1. Because the uncertainty does not
depend on arc velocity, the optimal choice of arc velocities is the same as
the deterministic case (solve miny, <o, <g; {Eij(vij) })- Then, use algorithm

to heuristically find a good path.

In more detail, the subgradient 7 (d'x) is

L, ifdx #£0
n(d'x) _ 2 (d'x)
{ ifdx=0

V dmin ’
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where dpin is the smallest positive element of the vector d.

Therefore, the shortest path problems are of the form

min, { (¢ +n(d'x)d) y} which have arc costs
Ey(o5) + 1 ((d2)'x¢) (7).

When solving this shortest path problem, we can use the same A-star heuris-
tic function as for the deterministic minimum-energy problem (Section|4.4.1),
where we make sure to use the equivalent formulation of energy consump-

tion and ignore the constant %(kt — hs).

As with the deterministic case, the optimal robust minimum-energy solution
is the path with the least (planned or anticipated) energy consumption, which will
always be feasible, if a feasible solution exists. Also, the anticipated energy of the
optimal robust minimum-time solution is the most energy any optimal solution

would anticipate consuming.
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4.3.2 Solving the Lagrangian Relaxation
The full formulation (problem (3.7)) can be transformed into the following equiv-

alent problem below (as described in Section [4.3):

g,,
min ) <4+Tﬁ> i+ |}, (o) x
(ijjea \Y (

Vi i i)

+A (( > (Eij(oij) xij + Qe

ij)eA

s.t. Oij < Uij < 61']'/ V(l,]) €A

xe X c {01}

It can be solved using algorithm

4.4 Using A-Star

The A-star algorithm is a search algorithm that guarantees optimality, provided
that an appropriate heuristic function g(7) is chosen. An appropriate g(i) is an
underestimate of the shortest path distance from node i to node ¢ satisfying the

condition

g(i) < g(j) +cij, V(i,j) € A.

¢ In the language of artificial intelligence: A-star uses a consistent and admis-
sible heuristic g(i), and the label of node i is the current shortest distance

from s to node i plus g(i).
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Algorithm 4 Algorithm for solving problem (4.10).

e Maximize the lower bound over A using subgradient ascent. A natural sub-

gradient at A for optimal values v}; and xj; is:

Z (E,AU:})) X;} + Qg Z ((7’1']') x;“j — E().
(ij)eA (ij)eA
Use the values 9;;, ;; found from the algorithm below as inputs (for ZJ;} and

x;k]-) to find a good direction (even though they might not be optimal).

e We solve for the optimal velocities as in the deterministic case, as the uncer-
tainty does not depend on arc velocity. Technically, we need to compute the
velocities only once for each value of A, as the optimal velocities remain the

same throughout each iteration of algorithm

e Apply algorithm [3|for L = 2 to obtain a good (but not necessarily optimal)
path &.
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e In the language of network optimization: A-star is Dijkstra’s algorithm on
a graph where g¢(i) is a (well-chosen) dual feasible solution and the graph

uses the reduced costs with dual variable g(i) for each node i.

A-star stops once the true shortest path distance from s to t is known (that is,

when node t is permanently labeled). See [38] for more information about the

A-star algorithm, and see Sections |4.4.1| and |4.4.2| for our choice of the function

g(i).

Using these modifications substantially speeds up the shortest path computa-
tion. First, eliminating negative arc weights allows us to use algorithms like Dijk-
stra’s algorithm (which requires non-negative arc weights), instead of needing to
use an algorithm like the first-in-first-out label-correcting algorithm in Chapter 5
of Ahuja et al. [1] to account for negative arc weights. Second, because we only
care about finding a path from the source to sink (instead of finding shortest paths
from one source to all other nodes), we can stop the algorithm once an optimal
path from the source to destination is found, even if the algorithm did not look at
all of the arcs in the network. Using A-star helps guide the algorithm to check the
arcs that are more likely to be on an optimal path from the source to the destina-
tion, which more quickly finds the optimal path and prevents the algorithm from

checking some unnecessary arcs.

4.4.1 Deterministic Case
The first step is to reformulate the problem to eliminate negative arc weights

(and keep all of the arcs in the network). While the time component is always
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nonnegative, the energy consumption might be negative due to elevation (going

downhill). Therefore, the total energy consumption on any path P from source s

to sink £ is
ij (1 2 .
Z <— <—prAfvi]- + pmg cos (ocij) + mgsin (oci]-)))
Gjep N1
Y. Eij(oy) =
p: 0
(ij)ep + Z Pace (_] + Tij)
£ Vji
(ij)epP Y
tj (1 5
Y (= EprAfvij + pmg cos (wjj)
Gjep N1

B lii i
+ 2 i(mgsin(zxij))+ Z Picc (%—{—’L’ij).

(ijjep T (i,j)eP ij

The first summation is always nonnegative, as cos(a;;) is nonnegative for

—m/2 < ajj < 7T /2. We simplify the second summation. The road grade ajj can be

hi — by

computed as arcsin ( ), where h; is the elevation of node i. The calculation

hi — h;

arcsin ( ! 7 *] is exact or a close approximation for small angles, depending
ij

on whether /;; is interpreted as the hypotenuse or base of a right triangle for the
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trigonometric calculations. Using this computation,

i i hj — h;
) —](mgsin(ocij)): ) | mgsin | arcsin ]g..
(ijep T (ijep T ij
i hi — h;
(IZ U < ij
Z (hj — hy)
ij)ep

(he — hs).

v

*\S *\é

Hence,

4 bij
Z Eij(vij): E <;7 < pC Afv +}1mgCOS(061])>+PaCC (U_]—’_Tl]))

(ij)ep (i.j)epP g

mg
h _hs .
7 ( t )

As a result, the Lagrangian relaxation model for finding a path from s to ¢t with
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nonnegative arc weights for the deterministic case is:

=
(i,j)eA

¢

1

j
; + Tij) xi]'

L(A) = min

Uij Xij

li (1
# (EprAfvlzf + umg cos (oc,-]-))

+A )

(i,j)eA

14
+Pacc
(%

l+Tij
ij

)

xi]'

—AEg — A" (hy — ny)
. i J
vij <0 <Uy, V(i j) €A

xe X c {0, 1}"

To solve this problem, we apply the same method as in Section and we
find the arc velocities v;} on an as-needed basis. Namely, we compute v;‘j only
when computing the cost of arc (i,j) (technically, we need to compute v?‘j only
once per arc per value of A).

To compute vjj, We use Theorem as before, because g (ht — hs) does not
depend on v;;.

We now need to compute the heuristic function g(7) for the objective function

for the shortest path problem:

( El] )
Yo ot X
Gjea \Yij

i (1 N\ 2
7 <§prAf (%’) + umg cos (ocij)>
L I *ij
(ifeA | 4+ Pice —i + Tjj

o’

ij

+A
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To compute this heuristic function, we underestimate time and energy sepa-
rately. For a constant speed, both time and energy increase as the distance traveled
increases; therefore, we estimate g(i) based on the minimum possible distance
from node i to t. If we have x and y distances in meters (by using a map pro-
jection), the geometrical distance between node i and node ¢ can be computed
using the Pythagorean theorem. Otherwise, we can use the haversine formula
to compute the distance between two points with given latitude and longitude
coordinates (for example, Sinnott [41]). This geometrical distance, ¢3(i), is an un-

derestimate of the shortest path distance from node i to ¢t.

Estimate for Time: To obtain a lower bound on time (as an estimate), we use the

maximum possible velocity, o5 . We also underestimate the time due to
stops and turns. We assume for this heuristic that no time is lost due to

stopping or turns.

Estimate for Energy: As described when finding the deterministic minimum-
energy candidate solution in Section the (unconstrained) velocity at

which energy is minimized is

08— 3 77Pacc
en PCDAf.

Let a8 be the value of a with the smallest value of cos («) from all of the

arcs in the data.
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105
Therefore, the heuristic function for A-star that we suggest is
1/1
1 1 (EPCwAf (v8n)” + pmg cos (“g)>
gli) = £5() | m—+A ) - (a11)
Utime + Pacc (T)
en

We now prove that g(i) in (4.11) is consistent: g(i) < g(j) +cij, V(i,]) € A.

Proof. The proof follows from the triangle inequality of geometric (“straight line”)

distances and the fact that g(j) is an underestimate for the true cost from going

from node j to the end:

1 (lprAf (v‘gn)z + umg cos (pﬁ))
N 1 n\2
g(0) = £5() | ¢+ 1
Utime + Pacc (_)
Un
, % (%prAf (vgn)2 + pumg cos (/xg))
< (gg(]) + f,']') Ug— + A 1
time + Pacc (T)
ven
1/1 2
1 7 (EPCwAf (vEn)” + pumg cos (“g))
= g(j) + 4 3 +A 1
time + Pacc (T)
Uen

1/1 2
, y <§prAf (vij) + umg cos (oci]-)>
<g()+Lbij| =+A

vx 1
gl +Pacc 5
(@

In the second-to last step of the proof, we used the fact that v§,__ and v§, and

= g(j) +cij-
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a8 underestimate the total deterministic time and energy, respectively, compared

to using any other arc speed and arc angle. O

4.4.2 A-Star Heuristic Function for Robust Cases and Candidate

Solutions
We can use the heuristic function in for the robust optimization problems.

In addition, we modify the heuristic slightly to find various candidate solutions:
Minimize Time: Use only the travel time part of g(i).

Minimize Energy: Use only the part of g(i) that estimates energy.

Minimize Length: ¢(i) = ¢3(i).

In the last step of the proof of consistency for the deterministic case, = is
replaced by < for the robust cases, as we add a nonnegative term to the second
to last line to obtain the cost for each particular robust optimization formulation
(0 is used as the underestimate for the robust part of the cost).

For the candidate solutions, a similar proof can be carried out, using the fact
that we separately underestimate time, energy, and length (and use 0 for the parts

that are not optimized for each candidate solution).

4.5 Pseudo-Polynomial Time Algorithms
In this section, we present two pseudo-polynomial time algorithms for certain
variations of the electric vehicle routing problem. One is a dynamic programming

algorithm and one uses an expanded network. While these algorithms might not



4.5. Pseudo-Polynomial Time Algorithms 107

be as practical as the other algorithms in this chapter, they show that the elec-
tric vehicle routing problem is weakly NP-Hard, and that the decision version is
weakly NP-Complete (the proof of NP-Hardness is in Section [3.1.2).

Both algorithms assume that v;; € Vj for all (i,j) € A, where Vij is a set
of velocities for arc (7,j), and V is the set of velocities for all of the arcs. This
means that the energy consumed when traveling over each arc is one of |V| +1
possibilities, where the plus 1 is for an energy consumption of oo (indicating that
it is not feasible to take an arc). Therefore, without loss of generality, we will
assume that the set of possible energy consumptions over arc (i, f) is E"l-j and that
the set of all possible energy consumptions in total is E.

|E| can be exponential in |N|, where N is the set of nodes, even for small
values of |V|. For example, if |V| = 2, for a single path with |N| = n nodes, then
|E| could be as large as 2" 1.

If the traveller can use different velocities over each arc, say in the velocity set
Vij, then we take V = U(; ;4 Vij and set the energy consumption of arc (i, j) to be

E;j(v) if v € Vjj and oo otherwise.

4.5.1 Dynamic Programming Algorithm

We use a dynamic programming approach as in Section 2.1 of Bertsekas [6]:
State (i, ¢):

e iis the node we are currently at,i =1,...,N

e ¢ is the remaining energy available, ¢ € L.
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Stage (k): The maximum number of arcs remaining to get from node i to node
t = N (at most N — k arcs were used so far). Note that we can stay at node i

when going from stage k to stage k + 1.

Cost to Go Function Ji(i,é): Ji(i,€) is the minimum cost of a path from node i to

node t = N using at most N — k arcs with ¢ energy remaining.

We can now write the cost to go function.

Initial Conditions:

Ji(i,6) =0, €¢E, k=0,1,...,N

In(t,&) =0, (i=t), écE

Bellman Equation:

. . . Cij . .
Jx(i,€) = min o nin {0_1] + Tij + Jia (. € — Eij(035)) }, Jk41(1,8)
UijVi]‘
EN—EI']'(UZ']')EO

i=12...,N, k=0,1,2,...,N—1, écE

This is J(i,€) = the minimum of using arc (i,]) to go to node j from node
i (at velocity v;;), or staying at node i (and allowing the path to use one less

arc).
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Here: E;j(v;) is the energy function (3.1):

i (1 , i
Eij(vij) = # (EprAfv%]- + pmg cos (a;j) + mg sin (ocij)> + Pacc (i + Ti]') .

2

Optimal Cost: The optimal cost of a least-cost path from i to node t = N using

at most ¢ units of energy is

Complexity: This dynamic program has N |E| states, N + 1 stages, and each mini-
mization requires checking up to N |V| terms (there are at most

1{j: (i,j) € A}| 4+ 1 terms in the minimization for node 7).

4.5.2 An Expanded Network Approach
We can expand the network using a dynamic flows approach as in Section 19.6 of

Ahuja et al. [1].

Network: A description of the expanded network is below.

e G = (N, A) is the original directed graph as before.
e G' = (N, A’) is the new expanded graph.

e For each node i in G, make ‘I:Z } copies of it, where i; is in G’ if and only
if & € E. i; is the node representing that we are at node i in G and we

have ¢ units of energy left to get to the final destination.
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Include an arc (i jz) in G’ if and only if there is an arc (i,j) in G
and there is some velocity v;; € Vj; such that & — ¢’ units of energy are

consumed. Give this arc cost ¢;; = RUANE Tjj.-
Ul']'

Include a source node s’ and a sink node ¢ in G’.

Include an arc (s',1g,) in G’ with cost 0.

For each é € E, make an arc (N, t') in G’ with cost 0.

Getting an Optimal Path: Solving a static shortest path problem over G’ will give
a minimum cost path. Then, an optimal path in G is to take the nodes in the
path in G/, omitting s/, #/, and ignoring the values of & on the nodes. Because
the only outgoing arc from s’ is (s, 1f,), we will use at most Ey units of

energy.

Note that a path in the expanded network corresponds to a walk in the
original network. However, a path in the expanded network will correspond
to a cycle in the original network only if there is a negative-cost cycle in the

original network.

Complexity: There are (N |E| 4 2) nodes and at most |A||V||E| arcs in G'. If we
use a heap implementation of Dijkstra’s algorithm, the total complexity is
O (JA||V| |E| + N |E|log (N |E|)). However, because this graph is a directed
acyclic graph, we can solve this problem using the algorithm for shortest

path in acyclic graphs, which implies a complexity of O (\A| V| ‘E ‘ )
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Chapter 5

Data and Computations

In this chapter, we apply the algorithms in Chapter 4] to real-world examples.
First, we describe the data we use to construct the problem instances (Section
[5.1). Then, in Section we describe the method for doing the computations

and show the results based on example trips in Massachusetts (Section and
Michigan (Section [5.2.2).

5.1 Data

We use three types of data:

e Road network data that we extract from the Esri StreetMap North America

data for ArcGIS Desktop 10.1 ([45]). It is from the detailed streets data file.

e Elevation data from the U.S Geological Survey ([48]), obtained from the
seamless viewer (http://nationalmap.gov/viewer.html). It is the “National

Elevation Dataset 1/3 Arc-Second (NED 1/3)” and has approximately a 10-


http://nationalmap.gov/viewer.html
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meter resolution (10 meters by 10 meters raster cells).

e Map data, which is used as a basemap for some of the pictures. It is from

the Esri World Street Map basemap ([16]).

For most of the coefficients in the energy model, we use proprietary numerical
values provided by Ford (reasonable, but not exact, values for most coefficients
can also be found in the literature). Estimates were made for the other parameters
in the problem when the appropriate data was not available.

We apply uncertainty to the arcs in the following way:

. Cij
Time: 0;; = 0.2 = + Tjj
)

Energy: 5’1']‘ = 0-2Eij(5ij)

5.2 Computations

The computations were implemented in Java and used the Java Universal Net-
work/Graph Framework (JUNG) (http://jung.sourceforge.net/index.html),
and pictures of the routes were drawn using Unfolding for Eclipse (http://

unfoldingmaps.org) with the OpenStreetMap map provider ([34]).

Some insights illustrated by the computations in Sections [5.2.1/and [5.2.2| are:

e We can compute a Pareto frontier, illustrating a time-energy tradeoff be-
tween various paths. Sometimes, changing routes save a significant amount

of energy while requiring only a little more time.

e Applying the estimates from Lagrangian relaxation suggests that the solu-

tions from our algorithms are near-optimal, if not optimal.


http://jung.sourceforge.net/index.html
http://unfoldingmaps.org
http://unfoldingmaps.org
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e The computations run quickly. This is primarily due to our application of
Lagrangian relaxation, particular choice of algorithms to solve the robust
optimization problems, and our use of A-star to solve the shortest path prob-

lems that arise during the computations.

e Using robust optimization protects the driver from uncertainty. In particular,
there will be plenty of energy to make it to the destination, even under

uncertainty, and the tradeoff will be only a modest amount of time.

To produce the computations, we first computed the minimum time and min-
imum energy solutions (incorporating the relevant uncertainty). The total energy
consumed (anticipated energy consumed, when solving the robust optimization
problems) of the minimum energy solution was set as the lower energy limit, and
the energy consumed (anticipated energy consumed, when solving the robust op-
timization problems) by the minimum time solution was set as the upper energy
limit. We then solved 60 instances (one for each particular energy limit), varying

the energy limit in equal amounts from the lower limit to the upper limit.

5.2.1 A Trip from Belmont, MA to MIT

We apply the algorithms for polyhedral uncertainty to an example trip from Bel-

mont, MA to MIT. The underlying network has 38,713 nodes and 80,711 arcs.
The computations illustrate that we can compute a Pareto frontier represent-

ing the time-energy tradeoff of various routes. The trip time and energy con-

sumption shown in the Pareto frontier in Figure |5.1| are the trip times and energy

consumption that the algorithm for robust optimization anticipates (assuming a
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worst-case scenario within the restrictions from the uncertainty sets). An exam-
ple of the time-energy tradeoff is illustrated by paths 5 and 6 in Figure Path
6 (the robust minimum-time path) has an anticipated travel time of 20 minutes
and 38 seconds, and would require (an anticipated) 1.76 kWh. If the driver would
be willing to use path 5 and take an additional 21 seconds (1.7% more time),
the (anticipated) energy consumption would be reduced by 0.30 kWh (16.8%). As
shown in Figure the routes on the Pareto frontier (Figure are different,
although some routes have substantial overlap. The multiple points on the Pareto
Frontier that correspond to one path indicate that changing the vehicle speeds
on the arcs also affects the total energy consumption, such as path numbers 1,
3, and 5 in Figure Generally, going faster will save time and require more
energy, and this change might be significant. For example, going faster on path 1
from energy-optimal velocities to maximum velocities leads to a 2 minute 40 sec-
ond (anticipated) decrease in time (10.3%) at an additional (anticipated) energy
consumption of 0.03 kWh (2.6%).

As shown in Figure the Lagrangian relaxation does a good job of estimat-
ing the Pareto Frontier for the robust case, under polyhedral uncertainty. While
the lower estimates are technically not lower bounds for the robust optimization
cases, as we use heuristics to solve the (minimization) subproblem, they still sug-
gest that the solutions returned by the algorithm are quite good. The estimates
from Lagrangian relaxation form a curve that seems to very closely fit to the
feasible solutions. In addition, the percentage gap between the estimate and the
(anticipated) travel time of the best feasible solution found was often less than

5% and sometimes near 0%, although it was as high as 16% for one instance. As
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shown in Figure there is a significant difference in the (anticipated) travel
time of the best feasible solution compared to the estimate from the Lagrangian
relaxation when the energy limit is very low. For the deterministic case, we solve
the (minimization) subproblem to optimality, and the Lagrangian relaxation pro-
vides a true lower bound on the objective value of the main optimization prob-
lem. The feasible solutions on the Pareto frontier and the close fit of the bounds
from Lagrangian relaxation indicate that the solutions our algorithms find are
near-optimal (see Figure [5.11). Like the robust case, the bounds from Lagrangian
relaxation seem to almost fit a curve to the feasible solutions in the plot. The per-
centage gap between the lower bound from Lagrangian relaxation and the travel
time of the best feasible solution found is often less than 5% and sometimes near
0%, although it was as high as 20% for one instance. As shown in Figure
there is a significant difference in the travel time of the best feasible solution com-
pared to the estimate from the Lagrangian relaxation when the energy limit is
very low.

The algorithm runs in less than 2 seconds of CPU time for each of the instances,
as shown in Figure The algorithms were run on a MacBook Pro with a 2.0
GHz Intel Core i7 processor (4 cores) and 8 GB 1333 MHz DDR3 RAM, where the
maximum heap size was set to 3 GB.

We also conducted simulations that highlight the advantage of using a robust
formulation. Under some randomness, the deterministic solution might require
more than the available energy for the driver to reach the destination, although it
is faster than the robust solution. For example, Figures |5.4| (energy) and |5.5| (time)

show the results from a simulation for the case when the energy limit is set to be
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Figure 5.1: Left: The Pareto frontier, excluding candidate solutions, for the trip

from Belmont, MA to MIT, using robust optimization under polyhedral uncer-

tainty and allowing for 10 iterations of subgradient ascent. Right: The estimates

of the robust Pareto frontiers suggest that our algorithm provides near-optimal

solutions.
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Figure 5.2: The paths produced for the trip from Belmont, MA to MIT using

the robust optimization framework for polyhedral uncertainty, illustrated over

OpenStreetMap data ([34]) using Unfolding for Eclipse.

1.53 kWh. While the path found by solving the deterministic case consumes too
much energy in 38% of the trials, the robust route has enough energy for all of the
trials. While the robust route (computed under polyhedral uncertainty) requires
more time, the difference of the means of the simulated travel times is about 0.37

minutes (about 22 seconds).
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Figure 5.3: The CPU running times, in seconds, for the trip from Belmont, MA to

MIT, for polyhedral uncertainty.
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Robust Deterministic
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Figure 5.4: The Power of Robustness (1): The distribution of simulated trip energy
consumption from Belmont, MA to MIT shows that incorporating robustness en-
sures that the vehicle can reach its destination when the energy limit is 1.53 kWh.
In the deterministic case, the vehicle does not have enough energy to reach the

destination 38% of the time.
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Deterministic Robust
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Figure 5.5: The Power of Robustness (2): According to the simulated travel time
distributions for the trip from Belmont, MA to MIT, the time sacrificed is small
(the difference of the means of the simulated travel times is about 0.37 minutes)
compared with the increased confidence of reaching the destination using at most

the allowed amount of energy.
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We can also conduct similar computations for the deterministic case and for
ellipsoidal uncertainty, which produce similar results.

The computations for ellipsoidal uncertainty are in Figures and
If we conduct simulations with underlying uncertainty, the robust formulation
under ellipsoidal uncertainty also effectively protects against uncertainty, for a
reasonable cost in time (the difference of the means of the simulated travel times
is about 0.36 minutes), as shown in Figures [5.9] and Figures [5.9] and
are very similar to Figures [5.4] and [5.5/because the algorithms for polyhedral and
ellipsoidal uncertainty find the same route for the energy limit of 1.53 kWh.

The computations for the deterministic case are shown in Figures
and



122 Chapter 5. Data and Computations

249 ¢ Path Number 2471 ¢ Legend
—e— Feasible Solution: 10 iterations
23 1 23 + —e— Candidate Solution
—+— Lower Estimate: 10 iterations
£ 22 g 22 ++
Py x Py °
£ + £ 3
=214 = 214 +
o o +
S S
.H
20 20 A +
+
Va .
191 @ . 191
1.4 15 16 1.7 1.8 14 15 16 1.7 1.8
Energy Consumption (kWh) Energy Consumption (kWh)

Figure 5.6: Left: The Pareto frontier, excluding candidate solutions, for the trip
from Belmont, MA to MIT, using robust optimization under ellipsoidal uncer-
tainty and allowing for 10 iterations of subgradient ascent. Right: The estimates
of the robust Pareto frontiers suggest that our algorithm provides near-optimal

solutions.
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Figure 5.7: The paths produced for the trip from Belmont, MA to MIT using the

robust optimization framework for ellipsoidal uncertainty, illustrated over Open-

StreetMap data ([34]) using Unfolding for Eclipse.
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Figure 5.8: The CPU running times, in seconds, for the trip from Belmont, MA to

MIT for ellipsoidal uncertainty.
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Robust Deterministic
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Figure 5.9: The Power of Robustness (1): The distribution of simulated trip energy
consumption from Belmont, MA to MIT shows that incorporating robustness (un-
der ellipsoidal uncertainty) ensures that the vehicle can reach its destination when
the energy limit is 1.53 kWh. In the deterministic case, the vehicle does not have

enough energy to reach the destination 37% of the time.
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Figure 5.10: The Power of Robustness (2): According to the simulated travel time
distributions for the trip from Belmont, MA to MIT, the time sacrificed is small
(the difference of the means of the simulated travel times is about 0.36 minutes)
compared with the increased confidence of reaching the destination using at most

the allowed amount of energy.
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Figure 5.11: Left: The Pareto frontier, excluding candidate solutions, for the trip

from Belmont, MA to MIT, for the deterministic case, and allowing for 10 iter-

ations of subgradient ascent. Right: The estimates of the robust Pareto frontiers

suggest that our algorithm provides near-optimal solutions.
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Figure 5.12: The paths produced for the trip from Belmont, MA to MIT using
the deterministic framework, illustrated over OpenStreetMap data ([34]) using

Unfolding for Eclipse.
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Figure 5.13: The CPU running times, in seconds, for the trip from Belmont, MA

to MIT for the deterministic case.
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Figure 5.14: Left: The Pareto frontier, excluding candidate solutions, for the trip in
Michigan, using robust optimization under polyhedral uncertainty and allowing
for 10 iterations of subgradient ascent. Right: The estimates of the robust Pareto

frontiers suggest that our algorithm provides near-optimal solutions.

5.2.2 A Longer Trip in Michigan, with a Larger Network

We apply the algorithms to an example trip in Michigan from Lansing, MI to
Dearborn, MI for a larger network, which has 409,054 nodes and 975,666 arcs. In
general, we obtain similar results as for the example trip from Belmont, MA to

MIT, although running times are longer due to the greater distance traveled and

larger network. Figures [5.14} [5.15| and [5.16] illustrate the results for polyhedral

uncertainty.
We can also conduct similar computations for the deterministic case and for

ellipsoidal uncertainty, which produce similar results. The computations for ellip-

soidal uncertainty are in Figures and and the computations for the
deterministic case are in Figures and
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data ([34]) using Unfolding for Eclipse.
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Figure 5.16: The CPU running times, in seconds, for the trip in Michigan, for

polyhedral uncertainty.
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Figure 5.17: Left: The Pareto frontier, excluding candidate solutions, for the trip in
Michigan, using robust optimization under ellipsoidal uncertainty and allowing
for 10 iterations of subgradient ascent. Right: The estimates of the robust Pareto

frontiers suggest that our algorithm provides near-optimal solutions.
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Figure 5.18: The paths produced for the trip in Michigan using the robust opti-
mization framework for ellipsoidal uncertainty, illustrated over OpenStreetMap

data ([34]) using Unfolding for Eclipse.



134 Chapter 5. Data and Computations

—_ 207 Y * ’ hd
() %o o° o oo °* o o
D o 0° o °® o, °
3’, . o o e ® L4
GE) [ ] [ ] ) ° .. o .. .. o
i: 157 o°® o ..o..oi i
(@)]
[
c
S
0: 107
o
[a¥
@)
S 5-
[
8
2

O,

16 18 20 22 24

Energy Limit (kwh)

Figure 5.19: The CPU running times, in seconds, for the trip in Michigan for

ellipsoidal uncertainty.
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Figure 5.20: Left: The Pareto frontier, excluding candidate solutions, for the trip
in Michigan, for the deterministic case, and allowing for 10 iterations of subgra-
dient ascent. Right: The estimates of the robust Pareto frontiers suggest that our

algorithm provides near-optimal solutions.
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Figure 5.21: The paths produced for the trip in Michigan using the determin-
istic framework, illustrated over OpenStreetMap data ([34]) using Unfolding for

Eclipse.
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Chapter 6

Extensions, Future Work, and

Conclusion

In this chapter, we propose extensions, describe additional future work, and then
conclude the thesis. We first describe a way to incorporate traffic signals and
traffic conditions into the optimization framework, and apply our algorithms to an
example with traffic lights and some traffic data in Cambridge, MA (Section [6.1)).
Then, we propose an optimization-based formulation that explicitly incorporates
acceleration (Section [6.2). After that, we describe additional future work (Section

6.3). And finally, we conclude this thesis (Section [6.4).

6.1 Extension: Traffic Signals and Traffic Conditions
We obtain data with traffic signals in Cambridge, MA ([11]), which is shown in
Figure and additional network data from the Massachusetts Department of

Transportation (MassDOT) ([31]) to incorporate into our analysis. In particular,
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we use the MassDOT data’s average annual daily traffic count for each road or
highway as an estimate for real-time traffic information that might be available for
each arc in the graph. We break the traffic counts into 4 categories, as illustrated
in Figure and adjust the lower and upper velocity bounds for the arcs based

on these counts:
e Minimal (05,765 ADT): 0% change in speed
e Low (5,766—25,786 ADT): 20% reduction in speed
e Medium (25,787-83,659 ADT): 40% reduction in speed
e High (83,660 and higher ADT): 60% reduction in speed.

In addition, we assume that each stoplight requires the driver to wait a random
time that is uniformly distributed over 0 to 30 seconds. This translates to adding
the mean of 15 seconds to T7;; to the arcs with the stoplights, and adding another 15
seconds to 0j; (the appropriate parameters for energy consumption are modified
accordingly, based on this change).

The network has 9334 nodes and 17,575 arcs. The traffic signal data does not
include stop signs. Incorporating this additional data changes the route taken,
as shown in Figure In particular, the top route in Figure is on a street
with traffic signals, and when these signals are incorporated into the data, the
algorithm picks the bottom route in Figure that avoids some of the traffic
signals (stop signs were not included in the data). In both cases, only one route
from MIT to Harvard Square is on the Pareto frontier. For example, when there

are no traffic signals and minimal traffic conditions, the robust-minimum-time
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Figure 6.2: Average Annual Daily Traffic Count data from the Massachusetts De-

partment of Transportation ([31]])
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path anticipates 6 minutes and 25 seconds and 0.4662 kWh under uncertainty,
and under the deterministic setting, it would require 5 minutes and 50 seconds
and 0.4199 kWh. However, with traffic signals and traffic conditions, the robust-
minimum-time path anticipates 10 minutes and 4 seconds and 0.5706 kWh under
uncertainty, and under the deterministic setting, it would require 8 minutes and
21 seconds and 0.4867 kWh. This is a substantial increase in time, and is due to
the incorporation of traffic congestion and the additional time spent waiting at

stoplights.
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Figure 6.3: The path produced for a trip in Cambridge, MA changes due to traffic

and traffic signals. In particular, the bottom path avoids some of the traffic signals.
In particular, the path on the top is produced when traffic signals and traffic
conditions are not considered, while the path on the bottom takes these things
into account. Both paths were found using the robust optimization framework for
polyhedral uncertainty and are illustrated over OpenStreetMap data ([34]) using

Unfolding for Eclipse.
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6.2 Extension: Incorporating Acceleration

6.2.1 Energy and Time Formulas

Accelerating or Decelerating Only

In terms of forces and integrals, the energy model in Section [2.1]becomes:

1 d
F(t) = EprAfUZ(t) + umg cos (a(t)) + mgsin (a(t)) + m(sd_zt]

Ty 1
0

where T is the total time.
Suppose that the vehicle accelerates from velocity vg to v; at a rate a > 0 at a

constant road grade «. Then results from using basic mechanics imply:

Uf—’Uo

e The time it takes to accelerate is t,; = . Integrating with respect to

time:

dot) _
T
=o(t) =axt+ v
Or — 0
:>tvf: fa

0% — 03
F— Y% . . .
while accelerating. The time

e The vehicle will travel a distance of
(% f— 0o

required to accelerate to velocity vy is t,r = . During this time, a

a
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distance of x, f is traveled, which is

1

(Uf—Uo)z Z)f—Z)O
= xvf = +U() T

o As we will show next, the vehicle will consume a total energy of

(1 /1 , 1 N N
a (§ CoAfvp + 5 (umg cosa + mgsina) vf) + Zmévf
E = 11 CywA v4+1( mg cos & + mg sina) v3 —imévz
- na 8p wiiflp 2 pumg 8 0 2;7 0
Ur — 0
+Pacc( f )
\ a J

Note. If the vehicle is decelerating, namely, going from velocity vy to v < vg at
a rate of 2 < 0, then all three prior formulas are the same (the integration for

computing the energy is a little different, but the result is the same).

To obtain the energy, we integrate with respect to time from t = 0 to T =



6.2. Extension: Incorporating Acceleration

145

Uf—vo
p .

=
1
na

+Pacc(
(1

na
1

s

+Pacc(
\
(1

17a
1

’7”(

+Pacc(
\

( prAfu + - ! (ymgcoszx + mgsina 4+ mda) 2)

( pCy Afvf+ L (umg cos a + mgsinw + méa) vf)

( prAfvf + - L (ymgcosac + mgsina) vf)

1 3 )
—pCypA¢ (vo + at)
i dt

+ (umg cosa + mgsina + moa) (vg + at)

/

vo + at, du = adt]
of

Yo
Uf — 0p

)

)

1
prAfvo + - (ymg cosa + mgsina + moa) 00)

)

Z)f—Uo

1 2
+ ﬂm&’f

1
) — Zmév%

2

pCuy Afvo + = L (ymgcoszx + mgsina) vj

)

Z)f—Z)O

Formulas when Traveling at a Constant Velocity after Accelerating

If the vehicle is traveling at a constant velocity v, for a time Tj, at a constant road

grade «, then we have the following results:
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e The vehicle will travel a distance of v.Tj (distance equals speed times time).

e The vehicle will consume a total energy of

1 /1
E = p (EprAfngo + umg cos (a)v.Tp + mg sin (oc)vCTo) + PaccTo.

To obtain this result, apply the energy model in Section [2.1} using At =
Ty and Av = 0.

Using these results and the ones in Section suppose that the vehicle
wishes to travel a distance of /, starts at velocity vy, accelerates at a rate a > 0 to

velocity vy, and then travels the rest of the distance at velocity vf. Then:

o The total travel time is

%% o
Uf—vo+ —Za :z)f—UO 2a€+vo—vf
a vf a Zzwf

vf o4 2 20f
_ L, ()
Uf 2ElUf

e The total energy consumed is

(

1 2 2 2 1 2
— %prAf <Uf — Uo> + ZPCZUAfva

; ) 1 2 2
-]+ Emte gt L ()

i
2
+g@<£+EL:@J
vf 2avf

\
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If the vehicle is decelerating, namely, going from velocity vy to vy < v at a
rate of a < 0, then the same formulas hold.

The algebra for the energy consumption is below:

( ( ]_ ]_ 4 1 . 2 2
a (ngwAfvf t3 (umg cos a + mgsina) Uf) + 5 -mévy

— ;71_a (éprAfv% + % (umg cosa + mgsinw) 0(2)) - %mévo

Ur — 0
+Pacc( ! )
\ a )

1 3 200 + v% — v}%
+ ZPCZ{]A]“U}( <—2a’()f

~~

20l + v% — v%)

1 .
4 E (umg cos (a) + mgsin (a)) of ( 2avf

2af + v(z) — 02
+ Pacc <2—f
LlUf
\
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This is the same as

E=( + (umg cosa + mgsinu) vjzc

21]

—_— 1 2
27 (umg cos w + mgsina) v

1 . 2 2
- 207 (umg cos () + mgsin (a)) <2a£ + 5 — vj,)

2
‘P (g . M)

{ 2avy ]
Which is:

( 1 4 2.2 4 1 2

— %prAf <vf — 2vyv5 + UO> + ZprAfvfﬁ

E—J + £ (umg cos («) + mgsin (a)) + imd <vz - v%)
=) 2y
2
¢ vf—0

I A Ol

\ vf 2avy )

This is the same as

(

1 2 2\, 1 2
— %prAf (vf - Uo) + ZprAfva

/ 1
r_J + . (umgcos (a) + mgsin (a)) + —mo (UJZ’ - v%) > .

21
2
V¢ — 0
+Pacc <£ + M)
\

vf 2avf
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If v9 = vy in the prior time and energy formulas, then 4 can be any value and

we will obtain the time and energy consumption for the case of no acceleration.

6.2.2 Optimization-Based Formulations
It is possible to directly incorporate acceleration into a mathematical model. How-
ever, incorporating acceleration means that the travel time over a segment de-
pends on the final velocity of the previous segment, which makes the optimiza-
tion problem more difficult. Here we describe some possible optimization-based
formulations that include acceleration.

In this section, we assume that the vehicle can accelerate or decelerate to v f

before traveling a distance of ¢. Mathematically, we are assuming that

Uz—U%
> 0
-  2a

This is with no loss of generality since we can add this as a constraint in the
mathematical program and we can select vf to be as close to or as far away from

vo as we would like.

One Arc Formulation
We need to solve three problems and select the solution out of the three with the

lowest objective value:
e Accelerate from vy to vf > vy at rate a > 0.

e Decelerate from vy to vy < vy at rate of acceleration a < 0.
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e Choose a constant speed vy = vy.

To illustrate the one arc formulation, consider the case when we are accelerating

at rate a > 0.
2
wpa Uf 2avy
1 2 2\2 1 2
sy CwAy (vf - vo> + ZprAfvfﬂ

¢ . 1 .
s.t. + 0 (umg cos (a) +mgsin (a)) + Emé (vf — v )

0
2
Y/ Ufr— 70
+Pacc <_ + (fz—O))
vf avys
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We can set u = 1/a to obtain the problem (6.1).

2
I UfF—U
WpM Vf 205

u

2 1
2 _ .2 2
SWPCWAf (vf UO> + ZUPCwAfof

14 . 1 2 2
st + ; (umg cos («) + mgsin (a)) + z—m(S (vf - UO) < Ep

n
e <£ +u<”f—_”0)2> (61)
vf 20f
v<v)<vf<T
02 . Z)2
(5
u > 1/Ryecel-

The corresponding problem for deceleration at a rate a < 0 is:

2
wopa Uf 2avy

1 2 2\, 1 2
~ ar CwAg (vf — UO> + ZprAfva

l . 1
st |+ Gomgeos (@) mgsin (@) + 5 ms (o ~48) | < g,

21
2
+&m(£+ﬁLﬁﬂJ
vf 2av f

V<SUf <7<V

2 2

2a

<0

Rdecel <a<0.
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By substituting 71 = —1/a, we obtain the problem

2
/ v —0
min — — ﬁ—< f 0)
Uo,Uf,ﬁ 'Uf Z'Uf

u 2 o\, 1 2
%prAf (vf — Uo) + ZPCWAfoE

l . 1 2 .2
st T ; (umgcos (a) + mgsin (a)) + Zm‘s <vf - UO) < Ep

2
N S ) s (62)
Uf ZUf

v<vp<09<D

i > _1/Rdecel-

When vy and v f are fixed, the formulations and are both linear
optimization problems (select the formulation that is appropriate for the choice
of v;).

The problem with no acceleration (or deceleration) is a much simpler problem;

it is a subproblem of formulations and for the case when vy = vp (and
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just ignore u):

min —

v v
1 2
s.t. + 5 (umg cos (a) + mgsin (a)) | < Eg (6.3)
+ Pacc (g)
v
V<V

Suppose that we require that |a| < R, instead of using the acceleration bounds

for Ryccel and Rgece;: We can combine problems and (6.2) in the following
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way:
min i—i— (Zy—l)u (Uf_v())
Vo,V f Y Z)f va
u 2 22 1 2
- %prAf (Uf - Uo) + EPCwAfvfg
/ ) 1 502 — 2
st + ; (umg cos («) + mgsin (a)) + Em <vf - UO) < Ep
2
/ Ve — 0
+Pacc<_+(2y_1)u(f O) >
Uf va
v<79)<70
) (6.4)
(S
Vf — 0o < vy

vo —vf <0(1—y)
v% — 02
(2y—1)u<f 0>§€
2
u>1/R

vy €{0,1},

1
where 1 = — and we use the binary variable

a]

1 if ’Uf > g
y pry
0 ifoy <o
We can determine the value of a from the values of u and y. When v = 0o, it does

not matter which value y takes.
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One Path Formulation

Suppose that the driver is about to traverse a given path P, where the initial
speeds at each node i, v;, are already decided. At what rate should the driver
accelerate or decelerate from v; to v; (and then travel the remaining distance at
speed ©v;) on each arc (i,j) € P to minimize time, subject to a total budget for
energy consumption? This question can be formulated as a linear program, based

on the formulation (6.4):

S S - RS TAC ””2)
min — yii — Dujj————
Y (ipep \ Y ! T2
(2yii — 1)u;j 2 1
- %pcm y (0]2. . v%) + E,onAfv]%j
Cij : 1 )
st X | ) (g cos () +mgsin (@) + 5 m (0F ) | <,
(i,)eP ) (6.5)
P N ()
+ Pacc U_]+( yz']'_ )uz]z—v]
o 3
(2]/1] — 1)111']' 5 < Zij/ V(l,]) ep
Uij > 1/R1‘]‘, V(l,]) € P.
The notation for is:
1
® ujj= ‘—, where a4;; is the rate of acceleration or deceleration for arc (i,7)-
al-]-
1 if U]' > U
[ ] yl] =
0 if 0; <7

is a data point that indicates whether the car needs to accelerate (1) or de-
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- 2y -1
celerate (0) from v; to v;. Therefore, a;; = —
ij

Things to note:

02 —v?

) (Zyij — 1)ui]- < Eij is the requirement that the driver cannot travel

more than length /;; when accelerating or decelerating on arc (i, j).
e We assume that there are no stops or turns along the way.

o The formulation for deceleration is similar.

General Path Formulation
We can extend the formulation to the case when we optimize over a path as

well.

The initial velocity for arc (i, f) is the final velocity of the previous arc, which

is

Y. xgvk iFEs
Vo = k:(k,i)eA

0 i

I
»n

where the x;; ensure that we use the velocity of the arc that was actually traveled.
We start off with an initial velocity of 0 at the source node, s.

We assume that we choose the rate of acceleration on each arc to be a;;.
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Let

1 if Uij > 00,i
Yij =
0 if ZJ,']' < 00,i

Let M = max jjca {61-]-}.
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The formulation is:

lij (05— v0,1)
min Z —] -+ (2%]‘ — 1)”1']'# Xij
(ij)eA

0ij,00,i,Wij Y ij Xij Ujj 20;

(2ij — 1)ujj &
1 1
+ EprAfv%[ + Zmé (vlz] — vgli>
st. ), / xij < Eo

(ijea |+ (pmgcos (@) +mgsin (a))

N (R el )
acc v Yij j 201']'

Vo, = Z XkiUki, Vi€ V,i#s
k:(k,i)eA
(6.6)

00,s = 0
vj <0 <Ty, V(i j) €A
vij — v < My, V(i,j) €A

v —v;; < M(1—y;;), V(i,j) €A
02?}' — v, .
(2]/1']' — 1)1/11']' T’ < 51']', V(l,]) €A

ul-]- > 1/R V(Z,]) €A

ijs
Yij < {0,1}, V(i,j) €A

x e X c {0, 1},

One could probably simplify the formulation somewhat by substituting v ;
into the expressions in the formulation and use the fact that x;; € {0,1} implies

2 .3 .4 5
Xij = X = X = X = X
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If we would like to require that we stop at the final destination, we would add
the constraints v; = 0 for all (i,t) € A, where ¢t is the sink node. In this case
we would be forcing the vehicle to decelerate to 0 and decelerate for the whole

traversal of that arc.

6.3 Additional Future Work

Besides the extensions in Sections and future work could continue to im-
prove the modeling accuracy and include algorithmic enhancements to further
improve running time, especially for larger networks. Possible ways to improve
modeling accuracy are to incorporate driver behavior and to do additional calibra-
tion of the data and parameters used (based on real-world drives, for example).
Additional algorithmic enhancements might include parallelization, and further
improvements to solving the shortest path problem.

Incorporating driver behavior in to the optimization framework might im-
prove modeling accuracy, as we expect an aggressive driver to consume more
energy, but require less drive time. Currently, our model assumes that the driver
will drive at the specified speeds v;;, and at most the upper bounds v;; (which can
be seen as a speed limit). However, given a particular speed limit and route, dif-
ferent people will drive a specified route in different ways. A conservative driver
will tend to accelerate and decelerate slowly, smoothly, and as little as possible.
This driving behavior requires less energy, but more time than for an aggressive
driver. However, some drivers wish to reach their destination faster, and drive

more aggressively. We expect a more aggressive driver to:
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e Go faster (on average) than the speed limit or a speed that an optimization

algorithm suggests.
o Accelerate and decelerate more sharply and more often.

We would like to account for various kinds of aggressive driving, although we
neither support any driving behavior that violates state or federal laws nor driv-
ing behavior that is unsafe. A possible way to account for driver behavior is to
assume that more aggressive drivers will drive faster (for example, increase the
velocity bounds by a factor) and consume more energy than the conservative
driver. Because we discourage unsafe driving, it might be prudent not to decrease
the driving time due to more aggressive driver behavior and to set energy con-
sumption on each arc to be the maximum of the energy consumption due to
conservative and due to aggressive driving behavior.

In addition to considering driver behavior, we would like to consider more
realistic driving assumptions than having vehicles travel at a constant speed v;;
along each arc (i, ) (besides extra time for stops and turns). This leads to consid-
ering more realistic drive cycles, where a drive cycle is the velocity of a vehicle
as a function of time during the entire drive. Various industry-standard drive
cycles can be found in United States Environmental Protection Agency [47]. Ve-
locity can change quickly in a realistic drive cycle, as illustrated by the plot of
the industry-standard FTP-75 drive cycle (Figure [6.4). The FTP-75 drive cycle is
commonly used to test mileage on gas vehicles (DieselNet [13], which references
Appendix I, pages 543-610, of [33]). Incorporating more realistic drive cycles such

as the FTP-75 would improve the accuracy of energy consumption.
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Figure 6.4: Driver velocity can change quickly, as illustrated by this plot of the

FTP-75 drive cycle.

Although we feel our algorithms run quickly, more improvement might be
possible. First, most of the algorithms do not incorporate parallelization. It might
be worth considering how to take advantage of multiple processors in all steps in
the algorithm. Second, it might be possible to speed-up the shortest path calcu-
lation, perhaps by using a more refined A-star heuristic function or considering

other variations of Dijkstra’s algorithm.
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6.4 Conclusion

We provided an optimization framework for quickly finding routes for battery
electric vehicles, and applied it to problems based on road network data. The main
routing problem we solved was to minimize the travel time, given a requirement
on the total energy consumption, and uncertainty in both time and energy. The
optimization framework included a model for energy consumption of a battery
electric vehicle (Chapter [2), an optimization-based formulation of the problem
(Chapter[3), and algorithms to solve it (Chapter[4). We then used those algorithms
on road network data of Massachusetts and Michigan to show that our algorithms
could find good routes quickly (Chapter [5). After demonstrating the potential
effectiveness of our methodology, we proposed some extensions (Sections [6.1/and
and additional ideas for future work (Section [6.3).

A key to the success of the optimization framework was incorporating a ro-
bust optimization methodology. Incorporating uncertainty can usually make an
optimization problem much more difficult to solve, as in the case of incorporating
randomness into a shortest path problem using a stochastic shortest path frame-
work (Section [1.3)). Stochastic shortest path problems are hard to solve (NP-Hard
or #P-Hard) because of the use of random variables. Instead of using random
variables, robust optimization uses a minimax approach with uncertainty sets. By
selecting the right uncertainty sets, such as polyhedral and ellipsoidal uncertainty
sets, the optimization problem incorporating uncertainty is still very manageable.

To be able to solve the main optimization problem efficiently, we leveraged

the particular structure of the problem, and we were willing to use heuristics.
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One use of the structure was taking advantage of the particular uncertainty sets
for polyhedral and ellipsoidal uncertainty, which was a benefit of using robust
optimization. We also used the fact that our problem was a path problem. We
refined our algorithms to specifically solve a path problem on a network, defined
by roads and intersections on a map.

Besides solving an optimization problem quickly, a contribution of this the-
sis was gathering many sources of data together and applying developed opti-
mization algorithms to real-world data. We used vehicle data from Ford Motor
Company to validate a proposed energy model, which was based on principles
and formulas from physics and engineering. We obtained road network data from
Esri (using ArcGIS), and combined it with elevation data from the US Geologi-
cal Survey. In addition, we obtained data with traffic signals in Cambridge, MA,
and network data from the Massachusetts Department of Transportation, which
included average annual daily traffic counts to show how one might be able to
further extend the work. Assembling this data together provided the examples to

demonstrate the applicability of the work.
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