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SUMMARY

As the transportation network becomes increasingly electrified, developing evacuation

procedures in the case of extreme weather events has emerged as a paramount engineer-

ing challenge. In these scenarios, planners are tasked with coordinating electric vehicle

charging throughout the evacuating region in a way that minimizes both charging time

and electric system overloads. In this thesis, we propose and implement a new, efficient,

and flexible mixed-integer linear programming formulation and solution algorithm for this

emergency EV charging problem. We accomplish this by leveraging a conservative linear

power flow model, a user-selected voltage violation threshold, and a constraint generation

algorithm. Furthermore, the proposed methods are evaluated on a test case segment of the

larger, urban-suburban distribution network model of the city of Greensboro, NC, under a

high EV penetration scenario. These experiments show the successful use of a tractable

optimization formulation to minimize of the time required to charge all electric vehicles in

urban evacuation at different voltage violation thresholds.



CHAPTER 1
INTRODUCTION

A citywide evacuation scheduling problem aims to mobilize all residents to secure loca-

tions in the shortest amount of time before the onset of a natural disaster. This is especially

applicable in disasters where the time frame can be well predicted, such as major hurri-

canes.

While scenarios involving only internal combustion engine (ICE) vehicles focus on

modeling the city’s transportation network, the dynamics change significantly in cities with

a high prevalence of residential EVs [1]. In this context, the transportation and power

networks are coupled by the charging requirements of the EVs.

Evacuation planners are then tasked with coordinating not only the departure times

and routing of all neighborhoods, but also the charging instructions for all EVs to minimize

overloading of the power system. A depiction of the time horizon of the evacuation problem

is shown in Figure 1.1, which illustrates both the charging and travel time components of

the evacuation horizon.

The evacuation process unfolds across a series of distinct moments. At moment (1),

the evacuation commences with the issuance of initial EV charging instructions. Following

this, moment (2) signifies the initiation of evacuation proceedings, with detailed routing

instructions for each evacuating neighborhood. Moment (3) denotes the conclusion of EV

charging across the entire city, while moment (4) designates the scheduled arrival of the last

residents at their predetermined safe locations. Notably, moment (4) also marks the onset of

the impending natural disaster. During the interval between moments (2) and (3), a unique

scenario may arise where some neighborhoods have commenced evacuations while others

are still in the process of charging their EVs.

Attempting to minimize the entire timeline illustrated in Figure 1.1 through a single op-

timization problem presents a formidable challenge. As a result, this study focuses on opti-
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Figure 1.1: High-level illustration of an evacuation plan where charging and travel times
are considered. The lightning symbol marks the beginning of a natural disaster.

mizing the interval between moments (1) and (3) in the most effective manner. Developing

an efficient formulation for the charging problem stands as a crucial step towards achieving

our objective: a systematic iterative process that combines solutions for the charging prob-

lem with the results for the departure-schedule-and-routing problem, as outlined in [2] to

come up with an optimal and comprehensive evacuation plan.

1.1 Literature review and contributions

Due to the rapid adoption of EVs as an alternative to internal combustion engine (ICE) ve-

hicles, considerable research efforts are being devoted to providing a better understanding

of the impacts of EV and to providing better services for all new EV owners. Much of this

research is centered around the charging of the EVs, which introduces a new distributed

energy resource/flexible load to the electrical network with its own set of opportunities and

challenges. Reference [3] presents a conceptual framework to integrating EVs into electric

power systems covering the domains of grid operations and electricity markets. Meanwhile,

[4] describes the power system level impacts of plug-in hybrid electric vehicles (PHEVs)
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focusing on infrastructure loss of life and shift in primary fuel utilization. A survey on

the electrification of transportation systems in smart grid environments is provided in [5]

showcasing the abundant literature available on topics such as charging facilities and batter-

ies, intelligent energy management, vehicle-to-grid (V2G) technology, and communication

requirements for an electrified transportation network.

One particular challenge when it comes to charging large numbers of EVs is that dif-

ferent stakeholders are motivated by a diverse set of objectives. While EV owners seek

affordable, readily available electricity and fast charging times, the grid operators must

prioritize keeping safe operating parameters, increasing the life span of grid components,

and reducing spikes and valleys in electricity consumption. For all of these reasons, mul-

tiple charging strategies have been developed. Works such as [6–11] aim to coordinate

the charging of EVs to minimize the cost of charging with additional objectives such as

shaving peak loads [6, 8, 9], providing frequency and voltage support to the grid [7], and

alleviating transformer aging [11]. Others focus on minimizing energy losses [12], proving

route mapping alongside charging schedules [13], and preserving the privacy of the users

[14]. While some previous research has focused on enabling operators to anticipate grid

impacts from the charging of EVs during natural disasters and subsequent evacuations [15,

16], to the best knowledge of the author of this thesis, no article has proposed an algorithm

that produces a charging schedule for such an evacuation.

To accomplish the variety of objectives described above, the papers available in the

literature use a variety of methodologies including bilevel optimization [6, 10, 11], rein-

forcement learning [17], bidirectional V2G optimization [7], extended state space modeling

[18], hierarchical multi-agent frameworks [8, 9], and co-optimization [12]. These method-

ologies have been implemented and tested on small synthetic grids such as the IEEE 15-bus

case [10] and 33-bus case [6, 7, 13, 14], individual charging stations and parking lots [10,

11], individual neighborhoods [17], and larger city infrastructures [9, 12]. However, none

have considered an optimization problem that models a large, unbalanced, three-phase dis-
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tribution network. Moreover, since almost none of these works include a transportation

network component, the transportation analysis zones (TAZs) are not considered in the

charging coordination of EVs.

The contributions of this thesis are threefold. First, we propose a new and efficient

mixed-integer linear programming (MILP) formulation and solution algorithm for an emer-

gency EV charging problem using a TAZ framework, and applicable to unbalanced three-

phase distribution systems. This formulation enables a user-selected cumulative voltage

violation tolerance to address the inherent trade-off between reducing EV charging time

and protecting the power system against engineering constraint violations.

Second, we propose and implement the first extension of a data-driven conservative

linear power flow model to a large, three-phase distribution network. The power flow

model is said to be “conservative” in the sense that the ACOPF constraint set is ensured

to be satisfied by the approximated model for the sampled points. This modeling choice

greatly improves the tractability of the problem, maintains great prediction accuracy, and

places special importance on constraint satisfaction, which is very important for this thesis’

application.

Third, we tested the proposed strategies on a segment of the larger, urban-suburban

distribution network model of the city of Greensboro, NC, under a high EV penetration

scenario. This implementation serves as the first step towards obtaining a full charging

schedule for the entire city, and later integrating the charging and routing components of

the evacuation scheduling problem as described in the previous subsection.

Future expected contributions are outlined in Chapter 6 along with future research tasks.

Current publications resulting from research detailed in this thesis are shown below.

Work from Chapter 2 has been published as:

Gustav Nilsson et al. “GreenEVT: Greensboro Electric Vehicle Testbed”. In: IEEE

Systems Journal 18.1 (2024)

Work from Chapter 3, 4 and 5 are published as:
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Alejandro D. Owen Aquino, Samuel Talkington, and Daniel K. Molzahn. “Managing

Vehicle Charging During Emergencies via Conservative Distribution System Modeling”.

In: 2024 IEEE Texas Power and Energy Conference (TPEC) (2024)

1.2 Organization

The rest of this thesis is organized as follows. Chapter 2 further motivates the need for the

emergency EV charging problem. Chapter 3 describes the main challenges of this problem,

and the methods we used to circumvent them. Chapter 4 introduces the full optimization

problem formulation, as well as the constraint generation algorithm used to solve it. Chap-

ter 5 showcases the experiments and results of applying the proposed methodologies to a

relevant test case. Chapter 6 presents some concluding remarks and directions for future

research.
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CHAPTER 2
MOTIVATION

In the following chapters of this thesis we will formulate and evaluate an optimization

problem to minimize the charging time of the EVs in an evacuation area while trying to

avoid severe grid overloads. In this chapter, we motivate the need for such optimization

problem by showing the effects of a non-optimized charging schedule on the electric grid

before an evacuation.

2.1 Evacuation without optimization: Overloads and voltage violations

To underscore the necessity for an optimized EV charging schedule prior to an evacuation,

we conducted a series of experiments simulating hypothetical, non-optimized charging sce-

narios for the city of Greensboro, NC (the same grid infrastructure used for demonstrating

the proposed charging optimization problem in the next chapters). For this purpose, we de-

veloped the Greensboro Electrical Vehicle Testbed (GreenEVT)1, an integrated platform

merging transportation system data with power distribution system data, facilitating power

flow simulations under various EV penetration scenarios.

This testbed is built on top of NREL’s SMART-DS (Synthetic Models for Advanced,

Realistic Testing: Distribution systems and Scenarios) [21], which provides realistic-but-

not-real distribution network datasets for three regions: industrial, rural, and urban-suburban,

and four EV penetration scenarios: low, medium, high, and extreme of the city of Greens-

boro. In the testbed, we merge the SMART-DS dataset’s buses with individual building

locations (parcels), and TAZs using public data sources from the state of North Carolina’s

Guildford County, where Greensboro is located. Furthermore, the distribution system

dataset contains sufficient time series load data to create representations of the network

for the entire time it takes to charge all EVs before an evacuation.

1GreenEVT is available at https://github.com/GreenEVT/GreenEVT.
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The results from simulating a hypothetical , non-optimized charging schedule are shown

in Figure 2.1. This experiment simulates the entirety of the urban-suburban region of the

distribution network dataset, comprising 21 substations, 61 feeders, 154,241 buses, and

218,16 total devices. The figure illustrates the progression of overloaded components over

a 16-hour charging period for medium, high, and extreme EV penetration projections for

the year 2045. In these scenarios, vehicles are assigned random charging start times to

mimic a non-optimized charging pattern preceding an evacuation. As anticipated, the num-

ber of overloaded components escalates significantly with the increasing number of EVs in

the system. Notably, the extreme scenario exhibits 1406% and 401% more overloads than

the medium and high scenarios, respectively, across components such as fuses, switches,

breakers, lines, and transformers.

Even more significantly, there is a notable surge in undervoltage violations surpassing

the acceptable ±5% threshold of nominal voltage range defined in the relevant ANSI stan-

dard [22]. Figure 2.2 demonstrates this trend, with the number of undervoltage violations

in single phase nodes peaking at 5604, 151514, and 154118 for the medium, high, and

extreme scenarios, respectively.

These results serve as a compelling justification for the need to optimize EV charg-

ing schedules, especially in the context of impending evacuations. Even when randomly

distributing the charging start times over an eight-hour window, these experiments show

severe grid overloads and voltage violations, which would only become worse if all EVs

were allowed to charge simultaneously. In the next chapters, we propose a methodology

to intelligently stagger EV charging start times through an optimization problem and at the

same time effectively mitigate the adverse effects shown in this chapter.
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Figure 2.1: Device overloads per interval for Medium 2045 (blue), High 2025 (red), and
Extreme 2045 (yellow) EV penetration rates. Vehicle charging start times are randomly
assigned over an eight-hour window with each interval representing one minute.
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Figure 2.2: Undervoltages (in single-phase nodes) per interval for Medium (blue) 2045,
High (red) 2045, and Extreme 2045 (yellow) EV penetration rates. Vehicle charging start
times are randomly assigned over an eight-hour window with each interval representing
one minute.
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CHAPTER 3
CHALLENGES OF THE EMERGENCY ELECTRIC VEHICLE CHARGING

(EEV-C) PROBLEM

We formulate and solve an emergency EV charging optimization problem in the aforemen-

tioned framework of a disaster evacuation plan. Hereafter, we refer to this problem as the

emergency EV charging problem (EEV-C). As in most distribution system optimization

problems, the EEV-C problem faces the challenges of modeling vast distribution networks

and solving a problem with non-linear, non-convex engineering constraints.

Additionally, solving the EEV-C problem presents a dilemma between (a) a longer

charging schedule that avoids network violations and protects grid components from over-

loading, or (b) allowing violations to expedite EV charging. In the following subsections,

we describe these challenges in more detail and propose methods to circumvent them.

3.1 Distribution Network Modeling

Consider a distribution network model represented as a graph G = (B, E), where B and

E represent the set of buses and lines, respectively. The existence of a reference bus is

implied. Each bus j ∈ B can have up to three phases ρ ∈ Pj ⊂ {a, b, c}. Each single-phase

node is denoted as the tuple i = (j, ρ) ∈ N . The size of G adds substantial complexity on

top of the fact that the power flow equations that govern G are non-linear and non-convex.

Thus, for the EEV-C problem, we propose modeling the distribution network through

the sample-based linearization method first proposed by [23] within the context of trans-

mission networks. This methodology uses constrained regression problems to construct

conservative linear approximations (CLAs) of target quantities. The approximations are

said to be conservative since they are purposely constructed to either overestimate or under-

estimate the desired parameters, as exemplified in Figure 3.1. The resulting affine equations

can then be used to write upper and lower bounds in optimization problems.
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Figure 3.1: Conceptual illustration of the conservativeness of a pair of CLAs (over and
underestimates). Using the pair of CLAs (top and bottom lines) would not lead to violations
of lower and upper bounds imposed on v as it would when using the non-conservative
fit in the middle. In this example, unlike the overestimating CLA, the non-conservative
approximation erroneously predicts satisfaction of the upper bound vmax for the red point.

To provide a time-series model of an entire distribution network, we propose construct-

ing the following CLAs:

ṽti = g̃i(p
t
EV) ∀i ∈ N ,∀t ∈ T (3.1a)

v˜ti = g˜i(pt
EV) ∀i ∈ N , ∀t ∈ T , (3.1b)

where, unlike transmission network CLAs, the approximated quantities ṽti , v˜ti ∈ R rep-

resent overestimates and underestimates of the squared voltage magnitude of each single

phase node i ∈ N at time steps t ∈ T . These approximations are defined as affine func-

tions of pt
EV, which denotes the vector of EV active power demands at time t of buses

k ∈ K ⊂ N with designated EVs in them. We symbolize these functions as overestimating

and underestimating CLAs g̃ti : R|K| → R and g˜ti : R|K| → R, respectively. Note that each

approximation is time specific, and that the background loads at each time step are treated

as constants and not input variables to these functions. Rather than voltage magnitudes,

we construct approximations of their squares to reduce linearization error, as suggested in

[23].
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Consider the construction of one CLA gti . Let at
i,1 ∈ R|K|, and ati,0 ∈ R be coefficients

such that gti takes the form of an affine function. Let pEV(m) ∈ R|K| denote vectors of

m = 1, . . . ,M samples, where each vector randomizes which EVs are charging in buses

k ∈ K ⊂ N . Collect these sample vectors as columns in a sample matrix PEV ∈ R|K|×M .

Furthermore, let vt
i ∈ R be a vector of computed target measurements of the parameter

being approximated by gti . Each entry in this vector is obtained by solving a power flow for

each sample vector pEV(m), and it takes the form

vt
i ≜

[
vti(1) . . . vti(m) . . . vti(M)

]⊤
. (3.2)

Now we can construct an approximation of a specific squared nodal voltage gti at each time

step t ∈ T via an ℓ1-norm approximation program of the form

min
ati,0,a

t
i,1

||ati,01+ P⊤
EVa

t
i,1 − vt

i ||1 (3.3a)

s.t ati,01+ P⊤
EVa

t
i,1 ≤ vt

i if underestimate (3.3b)

ati,01+ P⊤
EVa

t
i,1 ≥ vt

i if overestimate, (3.3c)

where (·)⊤ denotes the transpose of a matrix, and 1 symbolizes a vector of all ones.

If building an overestimate (resp. underestimate), constraints (Equation 3.3c) (resp.

(Equation 3.3b)) are included to ensure that all predictions made by the resulting CLA are

above (resp. below) the sampled measurements. The ℓ1-norm objective can be motivated

by empirical indications that the coefficients corresponding to linear approximations of dis-

tribution network models are often sparse. The program (Equation 3.3) is a linear program

with affine inequality constraints, which can be easily solved.

Lastly, a time-varying distribution network model can be formulated within optimiza-

tion problems using the previously computed CLAs via the following upper and lower

bounds:

g̃ti(p
t
EV) ≤ vi ∀i ∈ N ,∀t ∈ T (3.4a)
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g˜ti(pt
EV) ≥ vi ∀i ∈ N ,∀t ∈ T , (3.4b)

where vi and vi represent the maximum and minimum squared voltage magnitudes at node

i, respectively.

In the coming sections, we explain the need for conservative approximations to generate

stronger constraints than that of simple linear regression, as in (Equation 3.4). We also

explain how to solve the EEV-C problem while only explicitly enforcing a subset of these

constraints.

3.2 Trade-off between charging time and constraint violations

Another challenge of the EEV-C problem is the inherent trade-off between the objective

of minimizing total EV charging time and the desire to protect the power system from

dangerous constraint violations. In Chapter 2 we show that given current distribution grid

infrastructures, the number of network violations increases greatly as one increases the

number of EVs charging simultaneously. Since the optimization algorithm will naturally

try to charge as many EVs simultaneously, grid constraints may render infeasible some of

the most desirable solutions, thereby delaying the evacuation process.

In addition, due to the urgency of an emergency evacuation, grid operators may want to

allow the network to operate above its normal limits. To model this choice, we introduce the

non-negative slack variables λt,+
i and λt,−

i for the upper and lower bounds in (Equation 3.4),

respectively. Additionally, we add a new constraint (Equation 3.5c) to the CLA distribution

network model, which upper bounds the sum of all the slack variables. The upper bound

Λmax allows the operator to pick a tolerable cumulative violation amount across the entire

network. The CLA distribution model with allowable violations is then:

g̃ti(p
t
EV) ≤ vi + λt,+

i ∀i ∈ N ,∀t ∈ T (3.5a)

g˜ti(pt
EV) ≥ vi − λt,−

i ∀i ∈ N ,∀t ∈ T (3.5b)

12



∑
i∈N

∑
t∈T

(λt,+
i + λt,−

i ) ≤ Λmax (3.5c)

λt,+
i , λt,−

i ≥ 0 ∀i ∈ N , ∀t ∈ T . (3.5d)
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CHAPTER 4
ITERATIVE EEV-C PROBLEM USING CONSERVATIVE LINEAR

APPROXIMATIONS (CLA-EEV-C)

We formulate the EEV-C problem using the surrogate distribution network model described

in section 3.1. This grants the grid operator the flexibility to select a tolerable threshold of

network violations throughout the system. Additionally, we introduce an iterative con-

straint generation algorithm designed to enhance tractability when solving the problem.

4.1 Formulation

We first state the modeling assumptions that are used for the reminder of this work.

• Assumption 1: The background loads (without any EV charging) follow the patterns of a

typical mid-summer day.

• Assumption 2: EV loads operate at unity power factor, and their charge rate is 7.5 kW. It

takes 32 time periods (8 hrs) to charge an EV from 0% to 100% at this rate.

• Assumption 3: When a TAZ is given the order to start charging, its EVs must charge until

they reach full capacity. An EV may only charge after its TAZ was given the order to

start charging.

• Assumption 4: There are no more than 96 time periods (24 hrs) available to charge all

EVs.

• Assumption 5: The starting battery level of all EVs is treated as an input (known) param-

eter.

The objective of the EEV-C problem is to minimize the number of time periods, each of

15 minutes, that it takes to charge all EVs in a region while satisfying an upper bound on the

magnitude of grid violations imposed by the grid operator. As a result, the algorithm pushes

14



the charging of all vehicles as close as possible to their evacuation departure deadlines,

thereby minimizing the amount of preparation time needed ahead of an incoming disaster.

The proposed model uses a well-studied framework for evacuation that partitions a city

into Transportation Analysis Zones (TAZs). As evacuation instructions are given at the

TAZ level (rather than feeder, street, or neighborhood levels), they are both realistic and

computationally meaningful [24, 25]. Concretely, we denote the set of all TAZs as Ξ,

where every ξ ∈ Ξ is an individual TAZ with multiple EVs registered in it. Let Eξ =

{1, . . . , |Eξ|} be the set of electric vehicles registered within TAZ ξ, and K denote the set

of buses k ∈ K ⊂ B with EVs in them.

Altogether, the EEV-C problem is presented in (Equation 4.1). We denote Γmax ∈ R

as the time step when the first TAZ starts charging. The objective function (Equation 4.1a)

maximizes Γmax to make it as close as possible to the first moment of the evacuation. This

is defined implicitly via (Equation 4.1b) using τ t ∈ {0, 1}, where τ t = 1 if some TAZ has

started charging prior to t and 0 otherwise.

max
τ ,Cξ,h,Cξ

Γmax, subject to: (4.1a)

Γmax ≤ tτ t + T (1− τ t) ∀t ∈ T (4.1b)

τ t ≥
∑

ξ∈Ξ
∑t

t′=1 C
t′

ξ

T |Ξ|
∀t ∈ T (4.1c)

Lt
ξ,h = Lt−1

ξ,h +
1

β
Ct−1

ξ,h ∀t ∈ T ,∀ξ ∈ Ξ,∀h ∈ Eξ (4.1d)

L0
ξ,h ≤ Lt

ξ,h ≤ 1 ∀t ∈ T ,∀ξ ∈ Ξ,∀h ∈ Eξ (4.1e)

Ct
ξ ≥ Ct−1

ξ −
∑

h∈Eξ
Lt
ξ,h

|Eξ|
∀t ∈ T ,∀ξ ∈ Ξ (4.1f)

Ct
ξ ≤ 2−

1 + β
∑

h∈Eξ
Lt
ξ,h

β|Eξ|
∀t ∈ T ,∀ξ ∈ Ξ (4.1g)

Ct
ξ − Lt

ξ,h ≤ Ct
ξ,h ≤ Ct

ξ ∀t ∈ T ,∀ξ ∈ Ξ,∀h ∈ Eξ (4.1h)∑
h∈Eξ

L
dξ
ξ,h

|Eξ|
= 1 ∀ξ ∈ Ξ (4.1i)
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ptEVk
=

∑
(ξ,h)∈Υk

Ct
ξ,hR ∀t ∈ T (4.1j)

(Equation 3.5a)–(Equation 3.5d)

τ t, Ct
ξ, C

t
ξ,h ∈ {0, 1} ∀t ∈ T ,∀ξ ∈ Ξ, ∀h ∈ Eξ. (4.1k)

The main decision of interest in this program is when each of the TAZs start charg-

ing. Once a TAZ ξ ∈ Ξ starts charging, all EVs h ∈ Eξ in that TAZ will charge until

they reach full capacity. The charging progression of each EV is modeled by equations

(Equation 4.1d)–(Equation 4.1e), where each EV h ∈ Eξ has an initial state of charge of

L0
ξ,h and a battery level Lt

ξ,h at time period t ∈ T . Additionally, β denotes the number of

time steps it takes to fully charge an EV from 0% at rate R, and each ξ ∈ Ξ is assigned a

binary variable Ct
ξ ∈ {0, 1}, which takes the value of 1 if TAZ ξ is charging at time t, and

0 otherwise. After all EVs in a TAZ are at full capacity, the entire TAZ will stop charging.

This behavior is modeled by constraints (Equation 4.1f)–(Equation 4.1g), where the binary

variables Ct
ξ,h ∈ {0, 1} take the value of 1 if vehicle h in TAZ ξ is charging at time t, and 0

otherwise. Furthermore, constraint (Equation 4.1h) ensures that an EV can only charge if

its TAZ is instructed to charge.

Constraint (Equation 4.1i) ensures that each EV in a TAZ is fully charged by its TAZ

departure time period dξ. Constraint (Equation 4.1j) links the EV demand across time

to their charging schedules, where Υk denotes the set of individual EVs (ξ, h) that are

assigned to bus k . Constraints (Equation 3.5a)–(Equation 3.5d) represent the surrogate

network model, and its linearized network constraints described in section 3.1. Since the

surrogate network constraints (as well as all other constraints related to the charging of

EVs) are linear, we have a mixed-integer linear program (MILP).

4.2 Solution Algorithm

Applying the constraints (Equation 3.5a)–(Equation 3.5b) to the EEV-C problem admits the

advantage of simplicity relative to the AC OPF constraints. Nonetheless, the large number
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Figure 4.1: Flowchart of the constraint generation algorithm in the EEV-C problem.

of constraints can still render an intractable model, particularly for large networks. Fur-

thermore, even when taking advantage of parallel computing, generating all of these CLAs

would require significant up front computational effort. For these reasons, we propose solv-

ing (Equation 4.1) using the iterative constraint generation scheme outlined in Figure 4.1.

The algorithm begins by processing an initial matrix PEV and vectors vt
i for all (i, t) ∈

N × T . Initially, it solves the EEV-C problem (Equation 4.1) without voltage constraints

(Equation 3.5a)-(Equation 3.5b), generating a “naive” charging schedule that disregards

potential power system violations. Subsequent time-series power flow analysis on this

schedule identifies any actual voltage violations. If these exceed the grid operator’s al-

lowable limit Λmax, the algorithm iteratively adds distribution system constraints until the

violation limit is met or infeasibility is proven.
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New constraints are formed by constructing CLAs through constrained regression prob-

lems like (Equation 3.3). These constraints are based on parameters that violated limits in

the previous iteration’s charging schedule, as assessed by a power flow solver. With each it-

eration, measurements of these violated parameters and the corresponding EV active power

demands pt
EV are added to the sets of measurements and samples.

Using conservative approximations significantly speeds up the convergence of the it-

erative approach. Since the conservative constraints are stronger than those created from

simple least-squares regression, they exert greater influence on forcing new solutions to the

EEV-C problem at each iteration. This, in turn, accelerates the algorithm’s convergence,

leading to fewer iterations and reduced computation time.
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CHAPTER 5
NUMERICAL EXPERIMENTS AND DISCUSSION

We numerically validate the proposed methods on a synthetic model of the distribution

network of the city of Greensboro, NC. To achieve this, we make use of the Greensboro

Electrical Vehicle Testbed, which provides a precise coupling of each bus in the power net-

work to its corresponding transportation analysis zone (TAZ) in the transportation system.

In this test case, we will simulate the high EV penetration scenario for substation 19 in

the urban-suburban region, which contains 3 feeders and a total of 4815 single phase nodes.

All optimization problems, including the EEV-C problem and the constrained regression

problems used to compute CLAs, were solved using Gurobi v10.0.1. Additionally, all the

power flow solutions were computed using the power flow simulator OpenDSS [26] and

the Python interface yadi [27]. The computations were carried out on Georgia Tech’s

PACE cluster using a computing node equipped with a quad-core 2.7 GHz processor and

64 GB of RAM.

5.1 Total charging time vs Allowable violations

Solving the EEV-C problem across multiple values for Λmax reveals the trade-off between

total charging time and network violations, shown in the top of Figure 5.2. As expected, an

increase in permissible violations correlates with a reduction in the time required to charge

the EVs in all three TAZs within this specific test case. Note that significant reductions in

charging time occur primarily at the lower and upper ends of this curve, featuring a 9.09%

decrease when increasing Λmax from 0 to 0.4, and a substantial 45.76% decrease when

increasing Λmax from 2.5 to 2.87. Note that raising Λmax to 2.87 mirrors the absence of

constraints on the distribution network, resulting in the “naive” charging schedule.

The lower section of Figure 5.2 uses Gantt charts to provide a visual representation of

the optimal charging schedules obtained under different values of Λmax. In these charts,
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Figure 5.1: Geographic map of the distribution network downstream of substation 19 in
Greensboro’s urban-suburban network. TAZ1, TAZ2, and TAZ3, which surround this net-
work, are shown in blue, red, and yellow, respectively.

each horizontal bar depicts the time intervals for charging each TAZ whose vehicles are

all scheduled to depart at t = 96. Interestingly, when Λmax = 0, a 2.75 hour gap ap-

pears between time steps 52 and 63, during which no vehicles are actively charging. This

behavior suggests that the background loads at these time steps are causing considerable

delays in the charging of TAZ1 and TAZ2, thereby emphasizing the potential advantages

of implementing demand response strategies in emergency scenarios of this nature.

5.2 Analysis of the iterative algorithm

Each data point in the upper graph of Figure 5.2 is obtained using the iterative algorithm

detailed in Section section 4.2. For this specific test case, all data points converged within

an average time of 4.01 hours, and in between 1 and 4 iterations Additionally, these points

converged with an average relative error of 0.68% between predicted and actual cumulative

violation magnitudes in the last iteration. This result points to the strong predictive perfor-

mance of the proposed CLA distribution network model, particularly in the last iterations

of the algorithm, where a larger set of CLAs constraints are used to describe the network.
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Figure 5.2: The top graph shows the optimal charging time at varying allowable violation
thresholds. The bottom four graphs show the charging schedules that achieve the optimal
charging times at specific points in the top graph.
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The iterative process of obtaining the EEV-C solution when Λmax = 0, Λmax = 1.5, and

Λmax = 2.5 is shown in the top graph of Figure 5.3. Each of these three runs converged

when the sum of actual violations in the optimal charging schedule (produced when solving

the EEV-C problem) reached their respective thresholds of Λmax. Since the solution algo-

rithm always starts by solving the problem without any grid constraints, all three curves

share a common starting point at the first iteration. Subsequent iterations reveal how the

algorithm’s approach does not always result in an immediate reduction of actual violations,

but successfully reaches convergence within a few iterations.

The proposed solution algorithm and EEV-C formulation produces monotonically de-

creasing charging times over Λmax, as anticipated. However, note that it does not produce a

monotonically increasing sum of violation magnitudes nor violation counts, as one would

expect. This behavior is prominently depicted in the bottom graph of Figure 5.3, where

an increase in Λmax from 0.7 to 0.9 results in a decrease in both the total violation count

and the cumulative violation magnitudes. This observation indicates that once the algo-

rithm identifies an optimal charging schedule for a particular Λmax, it does not continue

to explore solutions that maintain the same charging time while further reducing network

violations.
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Figure 5.3: The top graph shows the trajectory of the sum of actual violations during the
iterative algorithm for three different values of Λmax. The bottom graph shows the sum
of violation magnitudes and the number of violations vs. Λmax using the left and right
y-axes, respectively. The two vertical lines at Λmax = 0.7 and Λmax = 0.9 highlight the
non-monotonic nature of both curves.
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CHAPTER 6
CONCLUSIONS AND FUTURE RESEARCH

In this work, we proposed an emergency EV charging scheduling formulation that lever-

ages an embedded distribution network model featuring conservative power flow lineariza-

tions. The formulation provides flexibility by enabling the user to define an acceptable

constraint violation threshold, and strike a balance between minimizing total EV charging

time and safeguarding the power system from potential hazards. To tackle the computa-

tional complexity of the problem, we also presented an algorithm that explicitly enforces

only a subset of the linearized power grid constraints at each iteration, thereby contributing

to a more manageable solution approach.

The proposed methodology was tested on a small region of a larger distribution network

model of the city of Greensboro, NC, under a high EV penetration scenario. The results

demonstrate the effectiveness and accuracy of the linearized distribution model used in the

formulation, and provide an illustration of the marginal utility of allowing different degrees

of cumulative voltage violations in order to reduce the EV charging timeline. However,

the experiments reveal that while the solution algorithm successfully minimizes total EV

charging time within the defined violation threshold, it falls short of simultaneously mini-

mizing violations while maintaining the optimal charging time.

These results motivate several avenues for future research, including:

1. Extending the proposed formulation to co-minimize charging times and network vi-

olations.

2. Exploring decomposition techniques to scale the formulation for the entire city of

Greensboro, including its 21 substations and over 60 TAZs.

3. Incorporating line and transformer current CLAs into the distribution network model

and assessing the tractability of the resulting formulations.
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4. Finally, integrating these outcomes into a broader citywide evacuation plan that in-

cludes a departure-scheduling-and-routing problem.

25



REFERENCES

[1] Kairui Feng, Ning Lin, Siyuan Xian, and Mikhail V. Chester. “Can We Evacu-
ate from Hurricanes with Electric Vehicles?” In: Transportation Research Part D:
Transport and Environment 86 (2020), p. 102458.

[2] J. A. Huertas and P. Van Hentenryck. “Large-scale zone-based evacuation planning:
Generating convergent and non-preemptive evacuation plans via column genera-
tion”. In: 55th Hawaii International Conference on System Sciences (HICSS) (Jan.
2022).

[3] João A. Peças Lopes, Filipe Joel Soares, and Pedro M. Rocha Almeida. “Integration
of Electric Vehicles in the Electric Power System”. In: Proceedings of the IEEE 99.1
(2011), pp. 168–183.

[4] Curtis Roe, Evangelos Farantatos, Jerome Meisel, A.P. Meliopoulos, and Thomas
Overbye. “Power System Level Impacts of PHEVs”. In: 2009 42nd Hawaii Interna-
tional Conference on System Sciences. 2009, pp. 1–10.

[5] Wencong Su, Habiballah Eichi, Wente Zeng, and Mo-Yuen Chow. “A Survey on the
Electrification of Transportation in a Smart Grid Environment”. In: IEEE Transac-
tions on Industrial Informatics 8.1 (2012), pp. 1–10.

[6] Arian Shah Kamrani and Hanane Dagdougui. “A Two-Stage Optimization Frame-
work for Electric Vehicle Fleet Day-ahead Charging Management”. In: 2023 IEEE
11th International Conference on Smart Energy Grid Engineering (SEGE). 2023,
pp. 16–21.

[7] Sid-Ali Amamra and James Marco. “Vehicle-to-Grid Aggregator to Support Power
Grid and Reduce Electric Vehicle Charging Cost”. In: IEEE Access 7 (2019), pp. 178528–
178538.

[8] Behnam Khaki, Chicheng Chu, and Rajit Gadh. “Hierarchical distributed frame-
work for EV charging scheduling using exchange problem”. In: Applied Energy 241
(2019), pp. 461–471.

[9] Zhiwei Xu, Wencong Su, Zechun Hu, Yonghua Song, and Hongcai Zhang. “A Hier-
archical Framework for Coordinated Charging of Plug-In Electric Vehicles in China”.
In: IEEE Transactions on Smart Grid 7.1 (2016), pp. 428–438.

[10] S. Muhammad Bagher Sadati, Jamal Moshtagh, Miadreza Shafie-khah, Abdollah
Rastgou, and João P.S. Catalão. “Operational scheduling of a smart distribution sys-
tem considering electric vehicles parking lot: A bi-level approach”. In: International
Journal of Electrical Power Energy Systems 105 (2019), pp. 159–178.

26



[11] Rui Diao, Zechun Hu, Yi Long, Xiaorui Hu, and Xiaoyu Duan. “Two-stage Elec-
tric Vehicle Charging Strategy for Reducing both Charging Cost and Transformer
Aging”. In: 2020 IEEE Sustainable Power and Energy Conference (iSPEC). 2020,
pp. 2187–2192.

[12] Seyed Soroush Karimi Madahi, Hamed Nafisi, Hossein Askarian Abyaneh, and Mousa
Marzband. “Co-Optimization of Energy Losses and Transformer Operating Costs
Based on Smart Charging Algorithm for Plug-In Electric Vehicle Parking Lots”. In:
IEEE Transactions on Transportation Electrification 7.2 (2021), pp. 527–541.

[13] Arian Shahkamrani, Hossein Askarian-abyaneh, Hamed Nafisi, and Mousa Marzband.
“A framework for day-ahead optimal charging scheduling of electric vehicles pro-
viding route mapping: Kowloon case study”. In: Journal of Cleaner Production 307
(2021), p. 127297.

[14] Can Berk Saner, Anupam Trivedi, and Dipti Srinivasan. “A Cooperative Hierarchical
Multi-Agent System for EV Charging Scheduling in Presence of Multiple Charging
Stations”. In: IEEE Transactions on Smart Grid 13.3 (2022), pp. 2218–2233.

[15] Daniel L. Donaldson, Manuel S. Alvarez-Alvarado, and Dilan Jayaweera. “Power
System Resiliency During Wildfires Under Increasing Penetration of Electric Vehi-
cles”. In: 2020 International Conference on Probabilistic Methods Applied to Power
Systems (PMAPS). 2020, pp. 1–6.

[16] Daniel L Donaldson, Manuel S Alvarez-Alvarado, and Dilan Jayaweera. “Integration
of Electric Vehicle Evacuation in Power System Resilience Assessment”. In: IEEE
Transactions on Power Systems (2022).

[17] Felix Tuchnitz, Niklas Ebell, Jonas Schlund, and Marco Pruckner. “Development
and Evaluation of a Smart Charging Strategy for an Electric Vehicle Fleet Based on
Reinforcement Learning”. In: Applied Energy 285 (2021), p. 116382.

[18] Sina Kiani, Keyhan Sheshyekani, and Hanane Dagdougui. “An Extended State Space
Model for Aggregation of Large-Scale EVs Considering Fast Charging”. In: IEEE
Transactions on Transportation Electrification 9.1 (2023), pp. 1238–1251.

[19] Gustav Nilsson, Alejandro D. Owen Aquino, Samuel Coogan, and Daniel K. Molzahn.
“GreenEVT: Greensboro Electric Vehicle Testbed”. In: IEEE Systems Journal 18.1
(2024).

[20] Alejandro D. Owen Aquino, Samuel Talkington, and Daniel K. Molzahn. “Man-
aging Vehicle Charging During Emergencies via Conservative Distribution System
Modeling”. In: 2024 IEEE Texas Power and Energy Conference (TPEC) (2024).

27



[21] Bryan Palmintier et al. “Experiences Developing Large-Scale Synthetic U.S.-Style
Distribution Test Systems”. In: Electric Power Systems Research 190 (Jan. 2021),
p. 106665.

[22] “Electric Power Systems and Equipment-Voltage Ratings (60 Hertz)”. In: ANSI Stan-
dard Publication no. ANSI C84.1-1995 ().

[23] P. Buason, S. Misra, and D. K. Molzahn. “A Sample-Based Approach for Comput-
ing Conservative Linear Power Flow Approximations”. In: Electric Power Systems
Research 212 (2022), p. 108579.

[24] Mohd. Hafiz Hasan and Pascal Van Hentenryck. “Large-Scale Zone-Based Evacua-
tion Planning—Part I: Models and Algorithms”. In: Networks 77.1 (2021), pp. 127–
145.

[25] Mohd. Hafiz Hasan and Pascal Van Hentenryck. “Large-Scale Zone-Based Evacu-
ation Planning, Part II: Macroscopic and Microscopic Evaluations”. In: Networks
77.2 (2021), pp. 341–358.

[26] Roger C. Dugan and Thomas E. McDermott. “An Open Source Platform for Col-
laborating on Smart Grid Research”. In: IEEE Power and Energy Society General
Meeting. 2011.

[27] Samuel Talkington. Yet Another DSS Interface (yadi). https://github.com/samtalki/
yadi. 2023.

28

https://github.com/samtalki/yadi
https://github.com/samtalki/yadi

	Title Page
	Table of Contents
	List of Figures
	Summary
	1 | Introduction
	Literature review and contributions
	Organization

	2 | Motivation
	Evacuation without optimization: Overloads and voltage violations

	3 | Challenges of the Emergency Electric Vehicle Charging (EEV-C) Problem
	Distribution Network Modeling
	Trade-off between charging time and constraint violations

	4 | Iterative EEV-C Problem Using Conservative Linear Approximations (CLA-EEV-C)
	Formulation
	Solution Algorithm

	5 | Numerical Experiments and Discussion
	Total charging time vs Allowable violations
	Analysis of the iterative algorithm

	6 | Conclusions and future research
	References

