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Abstract
Toward Human-Cyber-Physical Systems: A Case Study in Transportation Electrification
by
Jiaman Wu
Doctor of Philosophy in Engineering - Civil and Environmental Engineering
University of California, Berkeley

Associate Professor Marta C. Gonzalez, Chair

Modern urban systems can be represented as large-scale cyber-physical infrastructures em-
bedded in complex networks of human communications and interactions. While human
dynamics plays a critical role in shaping system outcomes, it is often overlooked in system
design. To address this gap, this dissertation introduces a framework that models human
dynamics, connects human dynamics with physical system states, and devises policies to
coordinate both. The framework is demonstrated in the context of transportation electrifi-
cation.

The first part of this dissertation focuses on modeling human dynamics in urban systems.
Specifically, Chapter 2 examines how spatial social networks influence plug-in electric vehicle
(PEV) adoption using an agent-based Bass model applied at multiple spatial scales. The
results demonstrate that integrating spatial and social connectivity leads to lower long-term
forecasts than those from benchmark models, while also offering greater flexibility to account
for the spatial autocorrelation observed in the empirical diffusion process. Furthermore,
this part evaluates the effectiveness of various PEV marketing strategies under uncertainty,
emphasizing the importance of aligning outreach efforts with social network structure.

The second part models how physical system states respond to human dynamics. Specifi-
cally, Chapters 3 and 4 use estimated human mobility patterns to inform the operation of
private PEVs and commercial electrified fleets. For private PEVs, large-scale mobility traces
are combined with empirical charging preferences to estimate individual charging behavior.
The analysis shows that personalized, mobility-constrained charging recommendations can
effectively reduce peak load stress on the power grid, providing valuable insights for charging
infrastructure planning. For commercial fleets, the use case is extended to electric vertical
take-off and landing aircraft. Using location-based service data, passenger travel demand
is estimated and incorporated into a joint optimization of fleet dispatch and smart charg-
ing operations. This integrated approach is shown to improve power grid welfare without
compromising optimal fleet dispatch.



The third part explores how system operators can design scalable and effective incentive
mechanisms to coordinate human dynamics with physical system performance. In Chap-
ter 5, we propose a cluster-based, appliance-level demand response program that utilizes
large-scale energy consumption data to support the power grid’s operation. By modeling
appliance-level utility functions, the framework identifies distinct consumption patterns and
captures user heterogeneity through clustering. A bi-level optimization model is developed
to represent the interaction between individual consumers and the system operator. This
approach demonstrates how fine-grained modeling of human dynamics can enhance market
efficiency.

Together, this dissertation demonstrates how human activity data and algorithmic frame-
works can be leveraged to advance the integration of human dynamics into transportation
electrification. The unique contribution of this study lies in establishing a foundation for
incorporating human dynamics into the modeling, control, and planning of any complex
cyber-physical systems.
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County-level adoption rates of data, State/County BM and SocNet BM in 2022.
The box shows the quartiles of the county-level adoption rates of SocNet BM
while the whiskers extend to show the rest of the distribution. Cross markers
show the adoption rate of State BM, star markers show the adoption rate of
County BM, and square markers show the empirical data. (A-B) demonstrate

results in Washington (blue) and (C-D) demonstrate results in California (orange).122

Tract-level adoption rate comparison between empirical data and simulations of
State BM (orange), County BM (dark blue), and SocNet BM (light blue) in 2022.
Each point presents the fitted tract-level adoption rate and the corresponding
empirical adoption rate. The diagonal line indicates fitted adoption rate is the
same as the empirical data. (A) demonstrates results in Washington and (B)
demonstrates results in California. . . . . . . . .. . ...
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adoption forecast based on different probabilities of switching back to ICEVs
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County-level adoption rates of data, State/County BM and SocNet BM in 2050.
The box shows the quartiles of the county-level adoption rates of SocNet BM
while the whiskers extend to show the rest of the distribution. Cross markers
show the adoption rate of State BM, star markers show the adoption rate of
County BM, and square markers show the empirical data. (A-B) demonstrate
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Spatial structure and diffusion process. Each circle represents one county in
Washington and California. The solid line denotes the linear regression results of
circles. (A-C) plot the county-level adoption rate and corresponding population
density Moran’s I, Income Moran’s I, and overall population density in 2022. (D-
F) plot county-level adoption rate and corresponding population density Moran’s
I, Income Moran’s I, and overall population density in 2050. . . . . . .. .. ..
Moran’s I statistics for State/County BM and SocNet BM in 6 counties in Wash-
ington and California. For SocNet BM, we use the network with three ~s, i.e.,
1,3,10. The fitting process is repeated for each 7 and the median of predictions
is reported. Solid lines with circle markers show the median (50th percentile)
Moran’s I statistics from SocNet BM. Dashed lines with cross markers and star
markers show the Moran’s I statistics from State/County BM; Squares show the
Moran’s I statistics calculated from empirical data on tract level. . . . . . . ..
Correlation plots of socio-demographic variables related to adoption. The income
ratio represents the normalized income relative to the highest income across all
tracts. (A,D) demonstrate correlation between the education ratio and income in
Washington and California. The education ratio is defined as the proportion of
the population aged 25 or older who have at least a Bachelor’s degree, relative to
the total population aged 25 and older. (B,E) demonstrate correlation between
ownership ratio and income in Washington and California. The ownership ratio
refers to the percentage of owner-occupied units among all housing units. (C,F)
demonstrate correlation between the housing ratio and income in Washington and
California. The housing ratio indicates the percentage of detached single-family
units among total housing units. . . . . . . . ... oo
Network expansion factors’ influence on diffusion patterns. The dots present
the median results of multiple repetitions of simulation using a predefined p and
q set. (A-C) demonstrate the correlation of adoption rates and corresponding
Moran’s I across various expansion factors (Expansion Factor = 5, 10, 25, 100)
and different network structures (v = 1, 3,10). (D-F) demonstrate adoption rates
evolution across various expansion factors (Expansion Factor = 5, 10, 25, 100)
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A.9 Distance distribution P(r) and Degree distribution P(k) of social network with

v =1,3,10. (A) Distance distribution of various social network structures. The
solid line indicates the data distribution and the dashed line with the same color
indicates the fitted power law distribution. (B) Degree distribution of various
social network structures. The solid line indicates the data distribution and the
grey dashed line indicates the fitted power law distribution. . . . . . .. .. ..

A.10 Social network construction process. (A) Number of vehicles in each census tract

B.1

B.2

B.3

B.4

(obtained from the census tract data). (B) Each node represents one node (when
the expansion factor is 1). The latitude and longitude for each node are set as
centroid coordinates of its respective census tract. (C) Based on the latitude and
longitude for each node, the distance d;; between any two nodes, ¢ and j, can be
computed. For nodes residing within the same census tract, the distance is set as
half the square root of the census tract’s area. (D) Nodes 1, 2, and 6 are selected
as the active nodes set, leaving nodes 3, 4, and 5 as inactive. (E) Inactive node 4
is randomly chosen, and prob,_,; is calculated and normalized where j € {1,2,6}.
For example, for node 4 and node 1, k4 = 0 and dy4; is the distance between the
centroid of census tract 4 and census tract 1. Based on prob,_,;, m = 3 edges are
created linking node 4 to nodes in the active nodes set. Node 4 is then marked as
active. This step is repeated for the remaining inactive nodes until all are active.
(F) This process is executed for nodes 3 and 5 to finalize the social network.

Sensitivity analysis of personalized shifting recommendations. We show ZIP code
level differences between before and after our personalized shifting recommenda-
tions in the ratio of before recommendations under different EV adoption rates.
The error bar highlights the variance among ZIP codes. (A) Peak shaving effects
under different maximum numbers of shifting stays. (B) Peak shaving effects
under different peak hours. (C) Peak shaving effects under different recommen-
dation acceptance rates. . . . . . . . . ..
Charging load growth under sub-linear, linear, and super-linear adoption pat-
terns. (A) and (B) show average peak and off-peak charging loads before apply-
ing shifting strategies, while (C) and (D) present the corresponding results after
shifting. The dashed line indicates linear growth; solid lines represent average
loads for ZIP codes with sub-linear (above) and super-linear (below) increases. .
Spatial distribution of sub-linear and super-linear charging load growth in the
Bay Area. (A) and (B) show ZIP codes with sub-linear (blue) and super-linear
(red) peak load growth before demand shifting, during grid peak and off-peak
hours, respectively. (C) and (D) present the same classification after shifting.

Market share of battery electric vehicle (BEV) models used in this study. The
Tesla Model 3 and Nissan LEAF S are the most common models among users,
followed by the Chevrolet Bolt EV and Volkswagen e-Golf. . . . . . ... ...
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Distributions of simulated EV driver travel behavior. (A) and (B) show the
distributions of arrival and departure times, revealing two travel peaks around 9
a.m. and 7 p.m., with similar shapes due to short dwell times. (C) displays the
daily energy consumption, where most users consume less than 25 kWh per day.
(D) shows the number of stops per day, with the majority of users making two
or fewer visits. . . . .. L L
Clustering dendrograms of EV charging groups (groups 1-68). Dendrograms rep-
resent hierarchical clustering results of 68 EV charging groups based on charging
behavior and energy use. The data is segmented into three energy usage tiers:
(top) 0-600 kWh, (middle) 1000-1600 kWh, and (bottom) 1600-2000 kWh of an-
nual energy consumption. Labels such as “Only Work,” “Public L2 and Work,”
and “Mostly Public L2, Some MUD” describe common charging patterns and
living types (e.g., SFH = single-family home, MUD = multi-unit dwelling).

Clustering dendrograms of EV charging groups (groups 69-136). Dendrograms
represent hierarchical clustering results for EV user groups with annual energy
consumption above 2000 kWh, separated into three tiers: 2000-3000 kWh (top),
3000-4000 kWh (middle), and over 4000 kWh (bottom). Labels such as “Almost
Only Work,” “Public L2 and Work,” and “SFH + Public L2” summarize shared
traits including charging location (e.g., work, public Level 2, fast charging), and
dwelling type (e.g., SFH = single-family home, MUD = multi-unit dwelling). . .
Validation of the EV adoption model for the year 2019. (A) shows the geo-
graphical distribution of EV counts based on California’s CVRP data, and (B)
presents the corresponding simulation results from the proposed adoption model.
(C) illustrates the correlation between CVRP data and simulated EV counts . .
Simulated spatial distribution of EV adopters under increasing adoption rates.
Maps (A) through (F) show the number of electric vehicle adopters across ZIP
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Chapter 1

Introduction

The widespread deployment of sensors, control systems, and communication technologies
has led to the emergence of Cyber-Physical Systems (CPS) [1], where digital technologies
interact with physical infrastructure. CPS is reshaping transportation systems [2, 3] and
power grids [4, 5] by enabling more intelligent and adaptive operations. However, most
CPS designs overlook one crucial element: explicitly modeling human system dynamics’
influence. In reality, individuals are not passive users—they make decisions that influence,
and are influenced by CPS. As such, a more complete framework is needed to integrate
human system dynamics and CPS dynamics within a single modeling paradigm. To address
this, I present the Human-Cyber-Physical System (HCPS) framework. The HCPS framework
consists of three interconnected elements:

Human system dynamics, denoted as s = h(z, x), describes how human system dynamics
evolves in response to operator interventions (z) and the state of the physical system (x).

Physical system dynamics, denoted as x = f(u,s), captures how the state of the physical
system (x) changes in response to direct operator controls (@) and human system dynamics

(s).

Operator policy, denoted as (u,z) = g(x,s), specifies how the operator responds to the
state of the physical system (x) and human system dynamics (s) by choosing control actions
(p) and interventions (z).

Figure 1.1 illustrates the flow of influence among human system dynamics, physical sys-
tem dynamics, and operator policy. Humans make decisions (s), which influence physical
system states (x). The operator monitors both, and adjusts interventions (z) or physical
system control (u) in response. In the meantime, physical system states (x) and operator
interventions (z) also influence human system dynamics. This creates a closed-loop system
where the human system, the physical system, and the operator evolve together.
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Human-Cyber-Physical System

s: Human system dynamics

Human System Physical System
x : Physical system dynamics Dynamics > Dynamics
s=h(z, x) NV x="fu,s)
z: Operator actions to human system X

p : Operator actions to physical system

h(.) : Human dynamics model

f(.) : Physical system dynamics model

Operator
Policy —
—> pz=gx,s) «——

g(.) : Operator policy model

Figure 1.1: Framework of Human-Cyber-Physical System. The system captures influences
among human system dynamics, physical system dynamics and the operator’s policy.

1.1 Summary

The HCPS framework can be tailored to enhance system efficiency in one of the most crucial
societal shifts of our era: the electrification of transportation systems. As electric vehicles
(EVs) become increasingly prevalent, the transportation and power systems grows more in-
terconnected. Yet, both systems are still largely designed without fully accounting for human
system dynamics—particularly at scale. This dissertation applies the HCPS framework to
the field of transportation electrification, addressing three key research questions aligned
with the main components of the HCPS framework.

1.1.1 Human System Dynamics: How Do Social Networks Shape
Electric Vehicle Adoption?

This part focuses on the human system dynamics model s = h(z, x). Human system dynam-
ics can be represented in various forms depending on the modeling context and data avail-
ability—ranging from simple scalars to probabilistic models. Conventional approaches rely
on a limited amount of survey data to model the human system, which does not adequately
account for the diversity in human system dynamics. Recently, advances in technology have
provided access to extensive datasets related to human activities. These datasets facilitate
a deeper understanding and modeling of microscale human activities at both individual and
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collective levels. Chapter 2 shows how to model human system dynamics using large-scale
datasets. Specifically, it answers one research question: How do social networks shape EV
adoption?

Chapter 2 uses large-scale EV registration data to model EV diffusion on the spatial
social network. The results reveal that incorporating social networks leads to lower adoption
forecasts compared to traditional benchmark models. Moreover, the spatial social network-
based model offers greater flexibility in capturing the spatial autocorrelation observed in
empirical diffusion patterns. The chapter also evaluates the potential impacts of different
EV marketing strategies. These insights are essential for charging infrastructure planning.

1.1.2 Physical System Dynamics: How Can We Link Charging
Behavior to the Operations of Power and Transportation
Systems?

This part focuses on the physical system dynamics model x = f(u,s). Human system dy-
namics can be integrated into system models in various ways. In optimal control problems,
they can serve as inputs for state estimation at future time steps, while in optimization
problems, they may appear in objective functions or as constraints. When analytical solu-
tions become infeasible due to system complexity, agent-based modeling provides a flexible
alternative by enabling individual decision-making simulation with human system dynamics
explicitly embedded. Chapters 3 and 4 illustrate the integration of human system dynamics
within physical systems in the context of agent-based modeling and optimization problems.
Specifically, it answers one research question: How can we link charging behavior to the
operations of power and transportation systems?

Chapter 3 investigates how individual charging behaviors influence regional charging loads
and explores the resulting policy implications. This includes modeling individual charging
demand, evaluating the associated stress on the power grid, and informing the strategic
deployment of charging infrastructure. Beyond private vehicles, knowledge of human system
dynamics can also enhance the efficiency of electric fleet operations. Chapter 4 extends the
analysis to electric vertical take-off and landing (eVTOL) aircraft fleets. Using location-based
service (LBS) data, it estimates passenger travel demand and conducts a joint optimization of
fleet dispatch and smart charging operations to maximize power grid social welfare. Together,
these chapters illustrate how human system dynamics can inform the design of integrated
power and transportation systems.

1.1.3 Operator Policies: How Can Operators Design Demand
Response Programs to Increase Power Grid Revenue?
This part focuses on the operator policy model (u,z) = g(x,s), which determines how

policies are selected based on the observed physical system and human system dynamics.
In the HCPS framework, the operator aims to influence both physical system outcomes and
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human system dynamics to achieve desired objectives. This requires mechanisms that are
not only effective in dynamic physical systems but also scalable across diverse user groups.
Chapter 5 addresses the question: How can operators design demand response programs to
increase power grid revenue?

Chapter 5 develops a cluster-based demand response program that utilizes large-scale
appliance-level energy consumption data. At the core of the approach is the utility model
that distinguishes users based on their unique consumption behaviors. The distribution
system operator (DSO) then designs group-level incentives to influence households’ electricity
consumption at the appliance level. By moving beyond one-size-fits-all pricing schemes and
incorporating detailed human system dynamics modeling, the method offers a scalable and
effective way to align human system dynamics with physical system-level goals.

1.2 Contributions

This dissertation introduces a novel approach to managing the HCPS. Overall, it offers four
key categories of contributions:

Planning the Electric Vehicle Transition by Integrating Spatial
Information and Social Networks (Chapter 2)

o EV Diffusion Modeling on Spatial Social Networks: In this work, we investigate how
spatial social networks influence Plug-in EV (PEV) adoption forecasts by comparing
the original Bass Model (BM) and the Social Network (SocNet) BM at different spatial
scales (Chapter 2.3 and Chapter 2.4).

e Impacts of Social Networks on EV Diffusion: We find that both models can be cali-
brated to fit data up to 2022, but including or excluding social network effects leads
to a threefold difference in adoption rate projections by 2050 (Chapter 2.5). We also
demonstrate that the SocNet BM allows more flexibility to capture spatial autocorre-
lation of the empirical diffusion process than the State/County BM (Chapter 2.6).

e Marketing Policy Implications: We point out that promotion campaigns should be
designed based on the understanding of spatial social network structure in the area
of interest, as the effectiveness of campaigns is tied to the local socio-demographical
structure (Chapter 2.7).

Planning Charging Stations for 2050 to Support Flexible Electric
Vehicle Charging Demand (Chapter 3)

o Individual Charging Demand Modeling: We develop a framework that integrates in-
dividual mobility and charging data to generate realistic individual charging profiles.
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Combining charging and mobility patterns enables the exploration of geographical pat-
terns in charging demand, which is understudied in previous research (Chapter 3.2).

e Personalized Charging Shifting Recommendation: We implement personalized shifting
recommendations to shift charging demand to off-peak periods to prevent EV charging
load from contributing to increased power grid demand during peak periods (Chapter

3.3).

e Charging Infrastructure Planning for 2050: Based on personalized recommendations,
we quantify how valuable charging demand flexibility could be for reducing peaks, and
provide insights into the public charging infrastructure planning for 2050 (Chapter
3.4).

Integrating Urban Air Mobility into the Power Grid through
Smart Charging Solutions (Chapter 4)

o UAM Travel Demand Estimation: We estimate the city-level mobility pattern using
LBS data. Then we sample the urban air mobility (UAM) trips given a UAM pene-
tration level based on this city-level travel demand (Chapter 4.2).

e Transportation and Power System Nexus: We calculate an optimal fleet dispatch policy
with integer programming to maximize the fulfillment of day-ahead scheduled UAM
travel demand (Chapter 4.3). Then, we model how fleet charging affects the power grid
by employing the DC optimal flow model. Last, we maximize power system welfare
through smart charging scheduling without changing fleet dispatch (Chapter 4.4).

e Stochastic Characterization of UAM Operations: We consider the uncertainty in UAM
operations and propose charging schedules using chance-constrained MIP. We compare
scenarios with and without uncertainty. This comparison helps us evaluate how uncer-
tainty affects the effectiveness of smart charging in mitigating the negative impact of
large-scale UAM on the power grid (Chapter 4.5).

A Cluster-based Appliance-level-of-use Demand Response
Program Design (Chapter 5)

e Data Empowered Appliance-level Utility Modeling: We model the appliance-level utility
as a quadratic function and use the discrete choice model (DCM) to estimate key
parameters that distinguish users’ usage patterns based on appliance consumption
data. We then develop a strategy to combine appliance-level utility functions into a
single utility function for the user (Chapter 5.2).

e Demand Response Design to Offer Appliance-level Incentive: Based on the proposed
appliance-level model, we extend the conventional level-of-use demand response pro-
gram to an appliance-level-of-use program, which leverages the bi-level structure and
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offers users more specific and detailed incentives based on the use of each appliance

(Chapter 5.3).

e Heterogeneity Characterization to Improve Scalability and Efficiency: To improve the
scalability of the proposed program, we propose a cluster-based appliance-level-of-
use program to capture the heterogeneity of different users by categorizing them into
different groups (Chapter 5.4).

1.3 Dissertation Organization

This dissertation is organized as follows. Chapter 2 develops an agent-based diffusion model
to study human system dynamics in the adoption of PEVs in the spatial social networks.
Chapter 3 uses large-scale human mobility data to model private PEV charging behav-
iors and proposes personalized, mobility-aware charging strategies to reduce grid peak load.
Chapter 4 extends the analysis to commercial electrified fleets by co-optimizing the dispatch
and smart charging of eVTOL aircraft. Chapter 5 focuses on designing scalable demand re-
sponse mechanisms that align individual user behavior with system-level objectives. Finally,
Chapter 6 summarizes the main results of this dissertation, its broader implications, and
possible future research directions.



Chapter 2

Planning the Electric Vehicle
Transition by Integrating Spatial
Information and Social Networks

The transition from gasoline-powered vehicles to PEVs presents a promising avenue for
reducing greenhouse gas emissions. Spatial forecasts of PEV adoption are essential to facil-
itate this shift as they enable preparation for power grid adaptation. However, forecasting
is hindered by the limited data availability at this early stage of adoption. Multiple model
calibrations can match current adoption trends but yield divergent forecasts. By leveraging
empirical data from places with leading adopters in the United States, this chapter shows
that taking into account the spatial and social structure linking potential PEV adopters
leads to forecasts of only a third of the benchmark predictions for 2050. Additionally, it
demonstrates that a model with spatial social networks allows more flexibility to capture
the spatial autocorrelation of the empirical diffusion process. At last, this chapter evaluates
the potential impact of various PEV marketing campaigns under prevailing uncertainties,
emphasizing the need to tailor strategies to network dynamics for effective PEV promotion.

2.1 Introduction

Modern techno-social systems consist of large-scale physical infrastructures embedded in
a complex communication web whose dynamics are driven by human behavior [6]. This
interplay is illustrated by the growing integration of PEVs —including both battery electric
vehicles (BEVs) and plug-in hybrid vehicles (PHEVs)- into power systems. PEVs offer
significant environmental advantages by reducing traffic-related air pollutants and cutting
down greenhouse gas emissions [7, 8]. In addition, they provide economic benefits such as
improved fuel efficiency and enhanced energy security [9]. Recognizing these advantages, the
United States has enacted policies to encourage the uptake of PEVs. In 2022, the California
Air Resources Board (CARB) approved the Advanced Clean Cars II regulation to ensure
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that by 2035, all new cars and light trucks sold in California will be zero-emission vehicles
(ZEVs) [10]. That same year, Washington state announced it would follow California and
prohibit the sale of new gas-powered vehicles by 2035 [11]. Meanwhile, worldwide efforts
to accelerate the adoption of PEVs are exemplified by the China mandate for new energy
vehicles [12], the United Kingdom’s plan to transition to ZEVs [13], and the European
Union’s CO2 emissions regulations [14]. These initiatives are expected to substantially boost
adoption in the near future. Aligned with this trend, modeling the geographical distribution
of future PEV adopters becomes a pivotal task. This is because human decisions on when
and where to adopt PEVs are linked directly to the regional electricity demands [15], the
consequent pressure on the power grid [16], and the power system infrastructure planning
[17]. Computational modeling approaches can provide predictability in complex techno-
social systems if fed with the right data. Yet, modeling the spatial distribution of future PEV
adopters is challenging. Despite increasing share in global vehicle sales [18], the adoption rate
of PEVs is low [19] and with high regional disparities globally as well as within a country [20].
This early stage of adoption results in limited data to forecast the geographical distribution
of PEV adopters.

The diffusion of PEVs exhibits significant differences across different demographic groups
at the early stage. Evidence from the global PEV market indicates that early PEV adopters
tend to have higher incomes [21], advanced education [22], and reside in non-apartment
houses with home charging access [23]. In this regard, forecasting PEV adoption involves ad-
dressing the complex challenge of modeling the impact of various factors on adoption across
diverse demographic segments. These factors can be broadly categorized as innovation-
related and imitation-related. Innovation-related factors determine the extent to which con-
sumers are inclined to adopt PEV without the impact of social influences, whereas imitation-
related factors pertain to word-of-mouth effects from individuals who have already adopted
or have experience with the PEV. Specifically, innovation is relevant to vehicle-specific at-
tributes such as purchase cost and maximum driving range [24], mass media or advertising
regarding PEV [25], the built environment such as the availability of public charging infras-
tructure [23] and grid infrastructure [26], availability of monetary incentives such as rebate
upon purchase and tax reduction after purchases [27], and non-monetary incentives such as
high-occupancy vehicle (HOV) lane access for adopters [28]. Imitation, on the other hand, is
shaped by social influences from friends [29], online interactions [30] as well as neighborhood
and workplace interactions [31, 32].

Previous studies establish a connection between aforementioned factors and the PEV
diffusion projection utilizing aggregated and disaggregated data. The aggregated data is
represented by the share of PEV vehicle sales at the country level [33], whereas the disaggre-
gated data includes individual purchase records [34, 35] and surveys on travel behavior [36] or
home charging access [37]. The spectrum of methodologies ranges from discrete choice mod-
els [38] to regression models [39]. For instance, Forsythe et al. [40] conduct a discrete choice
experiment among new vehicle consumers in the United States. This study indicates that
projected advances in BEV range and price may allow them to equal or exceed the consumer
valuation of gasoline vehicles by 2030. Wu et al. [41] employ Bayesian models to predict
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individual adoption probabilities and map the spatial distribution of charging demand of
prospective adopters under varying adoption scenarios in the San Francisco Bay Area. They
demonstrate that personalized shifting recommendations regarding charging schedules can
reduce charging demand during power grid peak hours by 61% when achieving 90% PEV
stock. Bayesian models can project the geographical distribution of future adopters given
any adoption rate. However, it cannot output the time to reach such adoption. To provide
temporal projections, the Bass model (BM) is widely used. The BM analyzes the market as
a whole using two parameters (related to imitation and innovation factors, respectively). In
2009, Becker et al. [42] incorporate assumptions related to oil price fluctuations and incen-
tives with BM and project that 65% of vehicle sales by 2030 will consist of PEVs. Jenn et
al. [43] utilize sales data from 39 countries and explore PEV market expansion through BM.
They find that it may be challenging to achieve targets such as 100 million electric vehicles
worldwide by 2030. Lee et al. [44] use BM to predict the adoption dynamics of hetero-
geneous groups of PEV buyers. Their findings indicate that although high-income families
currently constitute 49% of the PEV market, they form only 3.6% of households in Califor-
nia, suggesting this group may not remain the dominant PEV adopters. To sustain market
growth, policymakers should account for the infrastructure and incentive requirements of
consumers from mid/high- and middle-income groups. Despite the ability to provide tem-
poral projections, BM does not provide the spatial distribution of future adopters. One
limitation of the BM lies in that the formulation of BM implies homogeneity and global
interconnectedness, i.e., each agent’s probability of adoption is influenced uniformly by the
adoption state of all other agents [45]. This leads to the omission of spatial information and
characterization of heterogeneity in social influence. Another limitation of modeling adop-
tion with the BM is that the model represents each demographic group in isolation and thus
disregards any interaction the groups may have. To incorporate the role of geography and
demographic characteristics in diffusion, we need models that consider both the spatial dis-
tribution of individuals and heterogeneity in the social network connections among different
socio-demographic groups.

In this work, we investigate how spatial social networks influence PEV adoption forecasts
by comparing benchmark adoption models at different spatial scales. We first aggregate in-
dividual purchase records at state, county, and census tract levels, and then we fit the
empirical adoption trends at different levels of spatial aggregation in Washington and Cal-
ifornia. To that end, we consider two versions of the BM: the original BM and the Social
Network BM (SocNet BM). Results reveal that both models can be calibrated to fit data
up to 2022, but including or excluding social network effects leads to a threefold difference
in adoption rate projections by 2050. Additionally, we demonstrate that the SocNet BM
allows more flexibility to capture spatial autocorrelation of the empirical diffusion process
than the State/County BM. This spatial information is critical for planning charging and
grid infrastructure. At last, we point out that promotion campaigns should be designed
based on the understanding of spatial social network structure in the area of interest as the
effectiveness of campaigns is tied to the local socio-demographical structure. Altogether, the
study offers insights on the forecast based on early adopters that is valuable to planning
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power grid demand and the allocation of charging infrastructure.

2.2 Adoption Overview

California and Washington have the greatest market share of PEVs in the United States by
the end of 2022 [46]. In this section, we use PEV purchase records in these two leading states
for the adoption overview. The Clean Vehicle Rebate Project (CVRP) provides individual
electric vehicle purchase records with adopters’ home census tracts and the purchasing date in
California between 2010 and 2022 [34]. The Electric Vehicle Title and Registration Activity
(EVTRA) includes records of PEV ownership with adopters’ home census tract and the
purchasing date in Washington between 2010 and 2022 [35]. We get data on the number
of passenger vehicles and household median incomes at the census tract level between 2010
and 2022 from the Census Bureau [47].

We empirically investigated the PEV adoption process from 2010 to 2022. On the state
level, Fig. 2.1 (A) shows that the total adoption rate in Washington is around 1.9% in 2022
and the incremental adoption rate presents an increasing trend from 2010 to 2022. Fig. 2.1
(D) shows that California has a total adoption rate of around 2.0% in 2022. The incremental
adoption rate reached local maxima in 2017. This may have happened due to rebate program
policy changes at the end of 2016 [48]. Following the Diffusion of Innovation Theory [49],
Rogers divides adopters as (1) innovators: first 2.5%, (2) early adopters: next 13.5%, (3)
early majority: following 34%, (4) late majority: next 34%, and (5) laggards: last 16%. This
locates current state-level adoption trends in the innovators’ phase.

On the county level, Fig. 2.1 (B) shows that most PEV adopters from Washington live in
King County and Pierce County. Fig. 2.1 (E) shows that most PEV adopters from California
live in the Bay Area and Los Angeles County. These two maps indicate that PEV adoption
started in metropolitan areas with a higher population and has not yet reached more rural
areas. On the census tract level, we examine the correlation between socio-demographic
characteristics and the total adoption rate. Fig. 2.1 (C,F) show, respectively, the adoption
rate and the corresponding median household income of each census tract in Washington and
California in 2022. Fitting the relationship between the adoption rate and the corresponding
median household income results in similar slope coefficients of 0.04 (R? = 0.52) and 0.03
(R? = 0.50) for Washington and California. According to the correlation between adoption
rate and income, we segment the potential market into low-, middle-, and high-income groups
for adoption modeling purposes (see Methodology 2.8.1).

2.3 Calibration of PEVs Diffusion Models

We use the BMs at the state level and the county level as benchmarks, referred here as
State/County BM (see Methodology 2.8.2). In BMs, the probability of every agent to adopt,
given that it has not adopted so far, depends linearly on an independent innovation-related
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Figure 2.1: Overview of current PEV adoption. (A,D) State-level yearly total adoption rate
(circle marker) and new adoption rate (square marker) in Washington (blue) and California
(orange) from 2010 to 2022. (B,E) Maps of county-level cumulative adoption rate in Wash-
ington (blue) and California (orange) in 2022. A zoom-in adoption rate map in Bay Area
is attached with (E). (C,F) Correlation between the adoption rate and the corresponding
median household income of all census tracts in Washington (blue) and California (orange)
in 2022. The black regression line given the adoption rate and the corresponding median
household income are shown with points.

influence p and an imitation-related influence ¢ that depends on the fraction of prior adopters
[50]. This formulation implies homogeneity and global interconnectedness and fails to cap-
ture the heterogeneity in social connections among different socio-demographic groups from
different locations.

Here, we further investigate the adoption spreading on a social network embedded with
geographical and socio-demographic information via the SocNet BM (see Methodology 2.8.3).
We start by creating social networks preserving preferential attachment connectivity and
distance effects features following [51]. In a network, the concept of preferential attachment
suggests that the likelihood of forming a connection with a node increases with its number of
connections. Meanwhile, geographical effects indicate that nodes are more inclined to form
connections with their geographically close neighbors. Therefore, in a network incorporating
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both preferential attachment and geographical effects, any long-distance connections that do
form are typically directed toward highly connected nodes. This suggests a dual influence
on network growth: while local connections favor spatial proximity, distant connections seek
out nodes that are significant in terms of their connectivity, creating a network characterized
by both local clustering and scale-free properties [51]. With social networks, we fit SocNet
BM parameters, namely p and ¢ for low-, middle-, and high-income groups with empirical
county-level aggregated PEV sales data (see Methodology 2.8.3). Considering that varying
p and ¢ can fit the data at this early stage (we defer detailed explanation in Section 2.6), we
repeat the fitting process and report the median and uncertainty interval of results in this
study. Afterward, we compare how well the State/County BM and SocNet BM fit the data
by investigating fitting errors at the state, county, and census tract levels.

Fig. 2.2 (A,B) show the state-level aggregated adoption rate in Washington and Cali-
fornia between 2010 and 2022. All models fit similarly well with the empirical data , i.e.,
State/County BM has a mean absolute error of 0.03% and SocNet BM of 0.08% in Washing-
ton. In California, the errors are 0.08% and 0.11%, respectively. Different from County BM
and SocNet BM which directly outputs county-level forecasts, State BM fits and projects
state-level adoption rates. To get the county-level aggregated adoption rate from State BM,
we simulate PEV adoption growth curve on the state level based on fitted parameters and
assign the PEV adopters to census tracts proportionally to the population. Fig. 2.2 (D,E)
show the county-level aggregated cumulative adoption rate in Washington and California in
2022. We present the 15 most populated counties in each state and show the aggregated
cumulative adoption rate for other counties in Appendix A.1. We find that County BM and
SocNet BM fit the data similarly well. However, State BM underestimates adoption rates in
more populated counties and overestimates adoption rates in less populated counties. For ex-
ample, it underestimates the adoption rate in King County while overestimating the adoption
rate in other counties in Washington. In California, State BM underestimates the adoption
rate in Los Angeles, Orange, Santa Clara, and Alameda County while overestimating the
adoption rate in other counties.

On the tract level, Fig. 2.2 (C) show the distribution of adoption rate error for three
models. The adoption rate error values are the absolute difference between the simulated
adoption rate and ground truth adoption rate in 2022. The errors for most tracts in Wash-
ington and California are within 2.5%. The tract-level error of SocNet BM has a higher
variance than State/County BM (see Appendix A.2) since (1) it characterizes the adoption
diffusion on an individual basis while State/County BM uses only three p and ¢ sets (fitted
from three socio-demographic groups) to characterize the adoption diffusion. (2) it char-
acterizes the uncertainty in the adoption process by simulating it in an agent-based and
probabilistic manner.
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Figure 2.2: Comparison of State/County BM and SocNet BM’s performance. (A, B) State-
level fitted adoption curves of State BM (cross), County BM (star), SocNet BM (circle), and
data (square) for low (light blue/yellow), middle (blue/orange), and high (dark blue/red)
income groups in Washington and California from 2010 to 2022. Solid lines with markers
show the median (50th percentile) adoption rate of income groups in states. (C) Distribution
of tract level adoption rate error of State BM (cross), County BM (star), and SocNet BM
(circle) in Washington (blue) and California (orange) in 2022. (D,E) County-level adoption
rates of State/County BM and SocNet BM in the most populated 15 counties in Washington
(blue) and California (orange) in 2022. The box shows the quartiles of the county-level
adoption rates of SocNet BM while the whiskers extend to show the rest of the distribution.
Cross markers show the adoption rate of State BM, star markers show the adoption rate of
County BM, and square markers show the empirical data.
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2.4 Parameters of PEVs Diffusion Models

The innovation parameter p reflects the extent to which consumers are willing to adopt
new products without being affected by others. It is widely recognized that vehicle-specific
attributes [24], mass media [25], the built environment [23, 28], availability of incentives
[27] are relevant to the willingness of consumers to accept PEVs. However, to what extent
these factors influence whether people adopt PEV remains an open question. The imitation
parameter ¢ describes the “word-of-mouth” effect [29, 30, 31, 32]. It captures how adopters
are affected by the number of adopters in their social network. In general, a higher p indicates
the new product will have more adopters from the beginning and a higher coefficient of
imitation indicates that the diffusion will accelerate faster later.

We show the distribution of obtained parameters for State/County BM and SocNet BM
for the three socio-demographic groups in Washington and California in Fig. 2.3 and attach
median values of these parameters in Appendix A.3. Fig. 2.3 (A) shows that in Washington,
the high-income group has the highest p and the low-income group has the lowest p for
three models. Fig. 2.3 (B) shows that the ¢ for State/County BM are similar across three
groups in Washington. Similar to Washington, the high-income group in California has the
highest p and the low-income group has the lowest p as shown in Fig. 2.3 (C). Compared
with Washington, California has higher p for the three income groups at the state level. Fig.
2.3 (D) shows that in California, the ¢ of the State/County BM and SocNet BM are similar
across three groups. The difference between State/County BM and SocNet BM is that the
fitted parameters of SocNet BM have more variance. This variance is brought by fitting with
limited data, and also the probabilistic nature of the agent-based simulation process.

2.5 Divergenge of PEVs Adoption Forecasts

We forecast PEV adoption rates from 2023 to 2050 with the calibrated models. In this
section, we present the most optimistic adoption forecast by assuming that PEV users will
not revert to internal combustion engine vehicles (ICEVs). The forecast considering the
potential switching back to ICEVs by PEV users is deferred to Appendix A.4. Fig. 24
shows the comparison of State/County BM and SocNet BM’s prediction. Interestingly, we
find that the social network model is three times more conservative in future forecasts, even
though the three models all fit the empirical data well (as shown in Fig. 2.2).

Fig. 2.4 (A,C) show the adoption growth curves of State BM and County BM are similar
as they all assume global interconnectedness in social network [45]. In contrast, SocNet BM
has much lower adoption rate predictions than State/County BM. This is because the SocNet
BM uses a social network model while individuals are influenced by the whole population in
the State/County BM.

Fig. 2.4 (B,D) demonstrate the predicted county-level adoption rate in 2050 for the three
considered models. We present the most populated 15 counties in Washington and California
and show other counties in Appendix A.5. Although State BM and County BM are similar
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Figure 2.3: Calibrated parameters for socio-demographic groups using State/County BM
and SocNet BM in Washington (blue) and California (orange). The box shows the quartiles
of the county-level p and ¢ parameters of County BM and SocNet BM while the whiskers
extend to show the rest of the distribution, except for '+’ which are determined to be outliers.
The vertical dashed line denotes the p and g of State BM. The color denotes different socio-
demographic groups, i.e., light color for the low-income group, default color for the middle-
income group, and dark color for the high-income group. (A-B) p and ¢ parameters of
State/County BM and SocNet BM for low, middle, and high-income groups in Washington.
(C-D) p and ¢ parameters of State/County BM and SocNet BM for California’s low, middle,
and high-income groups.

when aggregated at the state level, they are very different at the county level. For instance,
the adoption rate of King County using State BM is lower than using County BM while
Pierce County using State BM is higher than using County BM. Similarly, the adoption
rate of Orange County using State BM is lower than using County BM while Santa Clara
County using State BM is higher than using County BM. This shows that when looking at a
smaller geographical scale, the predictions are very different even if they show similar results
on an aggregated level. In contrast to State/County BM, the prediction of SocNet BM has
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Figure 2.4: Comparison of State/County BM and SocNet BM’s adoption rate prediction.
(A,C) State-level adoption rate growth curve from 2010 to 2050 for State/County BM and
SocNet BM in Washington (blue) and California (orange). Lines with cross markers show the
state-level adoption rate of State BM. Lines with star markers show the state-level adoption
rate of County BM. Lines with circle markers show the median (50th percentile) state-level
adoption rate of SocNet BM. (B,D) The county-level adoption rate from State/County BM
and SocNet BM in the most populated 15 counties in Washington (blue) and California
(orange) in 2050. The box shows the quartiles of the county-level adoption rates of SocNet
BM while the whiskers extend to show the rest of the distribution. Cross markers show the
adoption rate of State BM, star markers show the adoption rate of County BM, and square
markers show the empirical data.

a much higher variance. This is due to two reasons. First, different combinations of p and
q parameters give the same good fit with empirical data but will be very different as time
increases. Second, even with the same p and ¢ parameters, the probabilistic agent-based
model itself brings variance to the prediction.

2.6 Effects of Network Structure on Spatial Diffusion

Knowing the spatial distributions of PEV adopters is important for charging station siting
and grid capacity assessments. Since spatial information is embedded in the construction of
the social networks, we test various network parameters v = 1, 3,10 for Los Angeles, where
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7 is a parameter of the distance selection function (see Methodology 2.8.3). Higher ~ favors
links between nodes with a smaller distance. To further investigate the spatial characteristics
of the adoption diffusion, we calculate Moran’s I statistics [52] for State/County BM, and
SocNet BM based on their output adoption rate for each census tract (see Methodology
2.8.4). Moran’s I statistic is a commonly used spatial autocorrelation coefficient that is
generally bounded between —1 and 1 [53]. A positive Moran’s I statistic (or a positive
spatial autocorrelation) indicates that similar adoption rates are from census tracts that are
near to each other; while a negative one suggests dissimilar adoption rates are found from
tracts near each other.

With networks with v = 1, 3, 10, calibrated models show diverse adoption predictions in
spatial characteristics. Fig. 2.5 (A) shows the adoption rates with corresponding Moran’s T
statistics under v = 1,3, 10 in Los Angeles. When v = 1, Moran’s | statistics first increase
and then decrease with growing adoption rates. In contrast, with v = 3 and 10, Moran’s
I statistics monotonically increase with growing adoption rates. Fig. 2.5 (B) shows that
Moran’s I statistics of State/County BM are much higher than the data. For State/County
BM, we only know the state/county-level aggregated adoption rate. To obtain census tract-
level adoption rates, we assign adopters proportionally to the population in each census tract
(see Methodology 2.8.2). In summary, Fig. 2.5 (A-B) demonstrate how different network
structures influence the adoption by changing the v of networks in the SocNet BM. As
different social network structures lead to different spatial patterns of adoption, we can infer
the best social network model to represent the adoption based on the spatial autocorrelation
of the data. Specifically, in Los Angeles, v = 10 appears to better characterize the social
network associated with PEV adoption (see Appendix A.6 for results in other counties).
Overall, the SocNet BM with a spatial social network allows more flexibility to capture
the spatial autocorrelation of the empirical diffusion. Fig. 2.5 (C-E) further show the
geographical distribution of Los Angeles’ adopters in 2050 under v = 1,3,10. We find
that with increasing -, the number of adopters decreases (especially from the low-income
group). The diffusion with v = 3,10 is slowed down mainly because higher v reduces social
network effects on the low-income group. Specifically, when the diffusion starts, it is driven
by innovation-related factors so high-income people adopt first. With higher ~, the high-
income group is less likely to link with the low-income group who usually lives far away from
them. Therefore, the adoption rate among the low-income group, whose adoption decisions
are driven by social network effects, declines.

At last, we show that for SocNet BM, varying p and ¢ can effectively fit the empirical
data but show different predictions. Fig. 2.6 (A-C) show that for the three income groups,
high p and low ¢, as well as high ¢ and low p are all consistent with the data. However,
these different combinations of p and low ¢ will show remarkably different predictions. Fig.
2.6 (D) shows the Los Angeles adoption rate growth curve of varying p and g values, we can
observe that all calibrations fit the data well. However, their predictions on adoption rate
in 2050 varied between 10% to 40%.
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Figure 2.5: Comparison of State/County BM and SocNet BM’s geographical pattern in pre-
diction. (A) Adoption rate with corresponding Moran’s I statistics under v = 1, 3,10. Solid
lines with circle markers with dark blue, light blue, and orange represent the median (50th
percentile) Moran’s I statistics and the corresponding adoption rate under the network with
v =1, 3,10, respectively. Dashed lines to axis denote the median Moran’s I statistics and the
corresponding adoption rate in the year 2050. (B) Moran’s I statistics for State/County BM
and SocNet BM. For SocNet BM, we use the network with three s, i.e., 1,3,10. The fitting
process is repeated for each v and the median of predictions is reported. Solid lines with cir-
cle markers show the median (50th percentile) Moran’s I statistics from SocNet BM. Dashed
lines with cross markers and star markers show the Moran’s I statistics from State/County
BM; Squares show the Moran’s I statistics calculated from empirical data on tract level.
(C-D) Adopters’ geographical distribution in Los Angeles in 2050 under v = 1,3,10. Dark
blue/light blue/orange points represent adopters from the low-/middle-/high-income group,
respectively.

2.7 Promoting PEVs Adoption under Uncertainty

In this section, we aim to explore campaign strategies to promote PEV adoption through
innovation-related approaches and imitation-related approaches with consideration of the
uncertainty in modeling. We first propose an influencer strategy to promote PEV adop-
tion. The influencer strategy refers to the campaign of distributing PEVs among influencers
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Figure 2.6: Comparison of calibrated SocNet BM’s p and ¢ sets and corresponding adoption
rate prediction. (A-C) Calibrated p and ¢ values of low-/middle-/high- income group when
using the network with three s, i.e., 1,3,10. Square markers show the mean value and the
error bar indicates the min-max interval of p and ¢ values. (D) County-level adoption rate
growth curves using calibrated p and q sets of SocNet BM. Each Line with circle markers
shows the adoption rates curve of one calibrated p and ¢ set. The color of the lines indicates
the network structure () used for SocNet BM calibration. Squares show the empirical

adoption rate growth curve. The inset is the same plot but with a zoom-in period from 2010
to 2022.

(agents with more connections in the social network) or asking them to recommend PEVs.
Examples include sending PEVs or offering free leases of PEVs to influencers for a certain
period, so as to let them share driving experience or advantages of PEVs to their followers.
In this strategy, we choose influencers based on their target audience. The target audience
is defined as the income group from which the influencer has the most connections. Here
we have four strategies: choosing influencers targeting low-income groups (Low), middle-
income groups (Middle), and high-income groups (High), or randomly choosing people from
the whole population as influencers, ignoring their connectivity (Random). For Low, Middle
and High strategies, we sort influencers by the number of connections to a target income
group, then pick the top 100 and make them PEV adopters/advocates in 2023. We estimate
the adoption rates with the four strategies in 2050.
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Fig. 2.7 (A) shows the average adoption improvement of four strategies for various
sets of p and ¢ parameters calibrated from empirical data. The adoption improvement is
calculated as the difference in adoption rates before and after the campaign in Los Angeles
in 2050 divided by adoption rates before the campaign. We find that for networks with more
distant connections (v = 1), strategies targeting different socio-demographic groups (Low,
Middle, High) have similar effects, which are all much better than the Random strategy. The
similarity of Low, Middle, and High strategies is because (1) people who live close are more
likely to have similar income levels, and (2) lower ~ leads to more distant links. Therefore,
people are more likely to have connections with different income groups when v = 1. This
leads to the situation that those influencers who have more connections with one group
also have more connections with the other two groups. As « keeps increasing, the network
has less distant links and a higher level of spatial clustering, and thus influencers will have
higher effects on one of three groups. Interestingly, we find that the adoption improvement
is smaller with increasing . That means that if people in the region of interest have more
distant connections, the influencer strategy is more efficient. In contrast, if people tend to
connect with only nearby contacts the influencer strategy is less efficient.

Fig. 2.7 (B-D) compares innovation and imitation-related adoption boosting strategies,
applied to the low-income group and for three pairs of P, and ¢, that fit current data.
We represent the ”innovation-related” strategy as an increase of ., in a fixed factor, which
modifies the global propensity of innovation adoption within the low-income group. We rep-
resent the ”imitation-based” strategy by setting the first n agents with the highest degree
as adopters. Each figure shows years to critical adoption rates (16%) resulting from the
innovation-related and the imitation-related strategies for each pair (Pow, Giow)- Fig. 2.7 (B)
illustrates that with a relatively low fitted pjo,, and high g, an imitation-related approach
with more influencers can effectively boost adoption, whereas increasing the fixed factor
(innovation-related strategy) does not have much effect. Conversely, Fig. 2.7 (D) depicts
a scenario with a relatively high pj,., and low ¢, Where increasing fixed factors signifi-
cantly enhances adoption, but adding more influencers has a negligible effect. Fig. 2.7 (C)
presents a middle ground, where combining both strategies achieves the highest adoption
increase. It is crucial to note that the scenario where imitation-related strategies have a
more significant impact does not imply that policies and actions seeking a global effect do
not matter. On the contrary, initiatives such as consumer incentives or the development of
charging infrastructure are essential for facilitating adoption in low-income areas or regions
with limited charging stations. However, which are the best actions to increase the innovator
rate is not clear. For example, Slowik et al. [28] assesses the PEV market in the 50 most
populous metropolitan areas in the United States. They demonstrate that for areas with
high PEV penetration, there is heterogeneity in the availability of policies, charging infras-
tructure, consumer incentives, and vehicle models. Altogether, Fig. 2.7 (B-D) shows that
with different P, and G, effectively fitting the data, the year to reach critical adoption for
different combinations of imitation-related strategy and innovation-related strategies varies
as the contour of the year achieving critical adoption ranges from horizontally displayed and
vertically displayed. In this regard, due to the small amount of data available, a conclusion
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Figure 2.7: Campaign to promote PEV adoption under uncertainty in space and time. (A)
Adoption improvement under different v. For each =, we show results for four campaign
strategies: Using influencers targeting low-income group (Low), middle-income group (Mid-
dle), high-income group (High), or randomly picking influencers (Random). Points represent
adoption improvement under various fitting and simulation processes. The error bars show
the mean +/- two standard errors among all points. (B-D) Heatmap and contour of the
year to reach critical adoption (16%) with different p;,, and the number of influencer agents.
Here we show three cases of different iy, and §io. Three different py,,, and g, are obtained
from fitting data.

on which combinations are the best is elusive. However, once we move beyond the early
adoption stage (when adoption reaches the majority stage, and thus can obtain stable p
and ¢ from data), we can then identify whether an influencer strategy is appropriate as
suggested by Fig. 2.7 (B-D), as well as find the best target audience according to Fig. 2.7
(A) by considering the network structure of the users.
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2.8 Methodology

2.8.1 Market Segmentation

Previous research about understanding the driving forces behind PEV adopters’ decisions
highlights that adoption choices are related to household incomes [21, 44, 22]. Therefore, we
divide the potential market into three socio-demographic groups: low-income group (income
below 33% of the reference population of the state), middle-income group (income between
33% and 66% of the reference population of the state), and high-income group (income above
66% of the reference population of the state). The socio-demographic characteristics of the
three groups are shown in Table 2.1. We justify the choice of this segmentation approach in
Appendix A.7.

Low-income Middle-income High-income
Group Group Group

Washington

Income Tnerval [0S §]  <00:085 6668502830 >02,830

California

Income Tnterval [US §] <64,623 64,623-95,587 >95,587

Table 2.1: Socio-demographic characteristics of the three groups.

2.8.2 Benchmark BM
We first revisit the BM and then illustrate the State/County BM and their fitting procedure.

Revisit BM

The Bass diffusion model enables us to investigate adoption dynamics [50]. This can be
done by fitting the cumulative distribution function of adoption data with the cumulative
distribution function of the model. The Bass cumulative distribution function is defined by

W _ g/ x o)) — o), 2.1)

where y(t) is the number of adopters at time ¢, p and ¢ parameter of adoption and m is
market size. This nonlinear differential equation can be solved by

1 — e~ (o)t

y(t) = mi 5 —Grar (2.2)
p
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State/County BM

The State/County BM fits empirical state-aggregated data for three socio-demographic
groups. Specifically, For customers belonging to group ¢ in state (county) j, the market
size mé- is the number of vehicles of group 7 in state (county) j, and ¢t = 2010, ...,2022.
We obtain (p, ¢5) where i € {Low, Middle, High} and j € {Washington, California} (or
J € {Los Angeles, ..., King}) by fitting Eq. (2.2) through least squares method [54].

Assignment of State/County Adopters to Tracts

To obtain census tract-level adoption rates from State/County BM, we assigned aggregated
adopters proportionally to the population in each census tract. Denote the number of
adopters of group g in state (county) [ as y/(t), and the number of vehicles of group ¢
in state (county) ! as mJ. Then for the tract h’s group g with mj vehicles, the number of
adopters in group ¢ is calculated as:

yn(t) =y (t) x —5 (2.3)

2.8.3 SocNet BM

In this section, we first explain how we construct the social networks. Then we present the
SocNet BM’s simulation and fitting procedure.

Social Network Construction

We construct social networks with ingredients of preferential attachment and distance selec-
tion by following [51]. For the region of interest, we sample nodes from data with expansion
factor = 5 by keeping spatial distribution (an expansion factor is defined as the empirical
number of vehicles from census / number of nodes). The sensitivity analysis for various
expansion factors is available in the Appendix A.8. These nodes are in a two-dimensional
space described by the longitude and latitude of potential adopters’ home locations (the
geographical resolution is at census tract level). Then we can calculate the distance between
any adopter 7 and adopter j as d;;. Once the nodes are distributed in this space, we construct
links using the following algorithm: (1) Select at random a subset of ng initial active nodes.
(2) Take an inactive node ¢ at random and connect it with an active node j with probability:

K(kj)
D(dij)’

prob;_,; o (2.4)

where k; is the connectivity of node j, d;; is the distance in kilometers between nodes %
and j, K(.) and D(.) are given functions, and prob;_,; is then normalized up to a factor
> Jeactive nodes PT0bi—j. For each inactive node, we sample k, = 3 edges so that the average
connectivity will be (k) = 2k,, and make the node i active. Finally (3), repeat (2) until all
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nodes are active. To generate preferential attachment and empirical spatial features, we use
K(k)=k+1and D(d) = d?, where v =1, 3,10 (see Appendix A.9 for the rationale behind
the selection of v values). We illustrate the algorithm with an example in the Appendix A.5.

Simulation Procedure

This model consists of n agents indexed by i € {1,...,n}, each of which is in either of two
states: potential adopter or adopter. We use a set of variables v(t) to describe the agents’
adoption state (i.e., v;(t) = 1 when agent i has adopted at t). Analogously to the BM,
the probability of agent 7 to adopt depends linearly on an independent parameter p and a
parameter ¢ that depends on the fraction of prior adopted neighbors. Agent ¢’s probability
to transition from non-adopter to adopter at t is as follows:

Zjezi Uj (t)

|i]

filt) =(p+ q)(1 —wi(t)), (2.5)
where z; is the set of agents having connections with node i. This formulation implies that
each agent’s probability of adoption is influenced uniformly by the adoption state of all other
neighbor agents.

A synchronous updating formulation of the BM is achieved by v;(¢) which is used to store
the new state of the system until the end of the period when the actual updating occurs [55].
In each time ¢ € {2010, ..., T'}, the algorithm decides for each agent ¢ whether or not it adopts
based on the adoption probability according to Eq. 2.5 and a random value drawn from a
uniform distribution U(0,1). If an agent adopts, the temporary variable v;(¢) is updated
accordingly to 0 or 1. As soon as all agents have made their adoption decisions, the state of
the system is updated as v;(t) = v;(¢) for i € {1,...,n}.

Fitting Procedure

We follow the method in [56]. Without loss of generality, we take one county as an example
to illustrate the procedure. The procedure consists of two stages: locating the initial point
and searching for the optimal solution.

Location of the initial point In this stage, we aim to determine the explicit connection
between the BM and a particular SocNet BM in terms of parameters. In detail, for a given
county, we generate adoption curves with all possible parameter pairs (Pg,.ner» Qsoene:) USING
SocNet BM, where prow, pMiddle pHigh ¢ 1151074 5.5x107*,1x 1073} and glov, gMiddle qHigh ¢
{1 x1073,5.5 x 1073,1 x 1072}. Then we fit Eq.2.2 to all generated adoption curves with
the nonlinear least squares method. Afterwards, we get estimated (Pp,q) @ pass) DPAITS COITE-
sponding to the (Pgpeners Dsoener)- We then estimate C and € in the following linear model
by ordinary least squares linear regression [57] to represent their relationship

|:pSocNet:| _c. [PBass] te (2.6)

dSocNet Bass
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With this relationship, we fit the BM to the yearly sales data of PEVs from 2010 to
2022 in Washington and California using again the nonlinear least squares method. From
this fit, we get (Ppuses Apass). Substituting these values into Eq. 2.6, we get initial points as
(ﬁSocNetv QSocNet)'

Searching for the optimal solution In this stage, we search for the optimal parameters
around initial points using the Luus-Jaakola heuristic [58]. Starting out from (Pg,eners Gsocnet)
pair, we set up a grid search space as X:

X = szl(xg x X9), (2.7)

where X7 and X7 are search space for p and ¢ of for group g, respectively. Denote the
search interval as A = 0.9, search center as p% .y, and PL .y, we have

X9 = P X {1 — A, 1,1+ A}, (2.8)

X9 = Ghove X {1— A, 1,1+ A} (2.9)

Then we run SocNet BM corresponding to the randomly sampled subsets «; € X7 €
{1,...,50} drawn from X, and calculate the goodness of fit for x; as

s(x;) = maxg—y ¢ %I thl 7777 L0t m) = YO), (2.10)

where y9(t, ;) is simulated number of adopters with parameters x; at time ¢, and Y9(t)
is empirical number of adopters for group ¢ at time ¢. Until the maximum number of 100
iterations is performed or the fitness is unchanged for 50 iterations, repeat the following:
Denote optimal solution so far as &* with goodness of fit s(x*). If s(x;) < s(x*), then
update searching center points as ** = x; and set A = 0.9. Otherwise, set A = A x r, where
r = 0.9 is the searching decay rate, and update X with (Pg,.ners Gsoener) = * and A.

To capture the uncertainty in the fitting process, we repeat the fitting procedure five
times for each research area.

2.8.4 Measuring of Spatial Autocorrelation of Adoption

To measure spatial autocorrelation of the diffusion process, we calculate Moran’s I statistics
for each given time slot ¢ based on:

N SRS w0 - FOEO-FO)
S o wi SL(F(t) — F(1)? ’
where N denotes the number of census tracts; w;; denotes the Euclidean distance between

the centroid of census tract i and census tract j; Fj(t) denotes the adoption rate of census
tract ¢ at time ¢; F(¢) is the mean adoption rate of all census tracts at time t.

I(t)
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2.9 Conclusion

Modeling and projecting PEV adoption helps us plan resources to create a viable PEV
ecosystem. However, forecasting PEV adoption is challenging because it is at a very early
stage and even fitting simple models can be difficult. Today, a benchmark model for pro-
jecting adoption is the two-parameter BM. One important ingredient to be added is the role
of spatial social networks in its forecast.

Our comparison of projections for future PEV adopters reveals that a more sophisticated
diffusion model, fitted equally well to the same data, can produce results drastically different
than the traditional BMs. The divergence of forecasts also indicates that it’s important to
consider the complexity of the current model design. While the more parameters in these
models facilitate a closer fit to the available data, there is an inherent risk of overfitting.
Furthermore, this study demonstrates that the SocNet BM with the spatial social network
as an extra ingredient allows more flexibility to capture the spatial autocorrelation of the
empirical diffusion process.

This work also explores PEV promotion campaigns’ impact under uncertainty. We ex-
plore multiple possible social networks. Our analysis reveals that with more distant links in
the social network, influencer strategies targeting different income groups yield similar adop-
tion improvements by 2050. With more close links, the effectiveness of targeting specific
income groups increases. Overall, the study emphasizes the need for adaptable, context-
specific approaches that consider local socio-demographic contexts and social network struc-
tures when designing adoption-boosting strategies.

This study also provides implications for power system planning. Primarily, PEV adop-
tion is uneven across regions. This framework provides a benchmark to predict the geo-
graphical distribution of PEV adopters. In areas with high PEV adoption, the stress on
transmission and distribution networks intensifies. If the charging of these adopters remains
uncoordinated, it may cause transformer overloading [59], overload transmission lines [60],
early replacement of equipment [61]. This requires strategic control and infrastructure build-
out to avoid bottlenecks and maintain reliable service [16]. Additionally, given demographic
disparities in PEV adoption, equitable planning for charging infrastructure is crucial. The
results show that middle- and low-income groups are less inclined to adopt PEVs due to
innovation-related factors compared to the high-income group. To encourage PEV adoption
among these communities, grid operators may need to offer lower electricity rates or enhance
grid capacity to support new charging stations nearby. Moreover, the uncertainty in adop-
tion forecasts demands integrating distributed energy resources, such as energy storage [62],
renewables [63], vehicle-to-grid solutions [64] to bolster grid resilience.

This research may be expanded in various ways. For instance, integrating technology,
policy, and built-environment evolution into diffusion predictions could be one area of focus.
Alternatively, planning for power and transportation infrastructure in response to varying
forecasts of PEVs adoption represents another avenue. Lastly, this study uses data prior to
2023, but we note that the BEV stock in California was 3.8% by the end of 2023 [65], which
crosses from the innovator phase into the early adopter phase. Larger numbers of adopters
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will provide new opportunities to predict the diffusion in a more detailed way. For example,
while segmentation based on consumer characteristics alone is a valid method for forecasting
PEV adoption [66], the consideration of the vehicle models is crucial to connect adoption
with the power grid. Currently, due to limited data, we focus on PEVs without distinguishing
between BEVs and PHEVs. With more data, it will become feasible to predict the adoption
of BEVs and PHEVs separately and to investigate the distinct implications for the power
grid related to BEVs versus PHEVs, along with consumer profiles and their motivation.
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Chapter 3

Planning Charging Stations in 2050 to
Support Flexible Electric Vehicle
Charging Demand

With widespread adoption of EVs, it is crucial to plan for charging in a way that considers
both EV driver behavior and the electricity grid’s demand. In this chapter, we integrate
detailed mobility data with empirical charging preferences to estimate charging demand
and demonstrate the power of personalized shifting recommendations to move individual
EV drivers’ demand on the grid out of peak hours. We find an unbalanced geographical
distribution of charging demand in the San Francisco Bay Area, with temporal peaks in
both grid off-peak hours in the morning and on-peak hours in the evening. Aligning with
mobility patterns, our strategy effectively shifts demand to off-peak times. With the 2050
target of 90% EVs, this shifting reduces total on-peak charging demand by 61%, which could
require over 18 thousand additional Level 3 chargers. We recommend building more charging
stations and implementing shifting recommendations for EV grid integration. The research
reported in this chapter can be found in [41].

3.1 Introduction

The transportation sector is as a major contributor to global carbon emissions. In 2021,
the energy consumed by transportation activities accounted for 38% of the total energy con-
sumption worldwide, with a majority derived from fossil fuels [67]. The electrification of
transportation is as an essential part of global plans to reduce emissions [68, 69], and many
countries have introduced policies to promote EV adoption [70, 71, 72]. The California Air
Resources Board’s recent roadmap sets the goal that 100% of new cars sold in California
will be zero-emission vehicles by 2035 [73], demonstrating the state’s increasing momentum
and dedication toward the widespread adoption of EVs. Similarly, the Bay Area Air Quality
Management District has set a target that 90% of vehicles, not just sales, will be zero emis-
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sions by 2050 [74]. Rapid growth in the EV market will need to continue for that state to
reach these goals, increasing from 19% of sales in 2022 [75].

However, the increasing number of EVs brings challenges to the electricity system. For
one, current charging infrastructure is insufficient to support the increasing charging demand
[76]. The electricity grid’s generation capacity must be considered in planning for future
charging infrastructure [77, 16]. With the increase in the number of electric vehicles, peak
demand on the grid will also increase. This can cause damage to grid infrastructure [78].
Moreover, when high peak demand coincides with periods of low renewable generation, as
in the evening in California, adding demand can increase emissions [79].

The strategy for planning future charging infrastructure considering its impacts on the
grid focuses on two key elements: (1) estimating EV charging demand; and (2) developing
and testing a plan to manage this demand to protect the grid.

To estimate charging demand, we need to understand the mobility and charging patterns
of EV adopters [80]. Previous research on mobility behaviors has primarily analyzed adopters
based on GPS travel histories of small numbers of drivers [81, 82], various surveys where
drivers recount their recent trips [83, 84|, or, origin/destination matrix data of the territory
[85]. This line of research is limited by the size and resolution of the data and does not capture
the full variation observed in large-scale, real, individual-level mobility behavior. Other
studies are focused on charging patterns, using statistical representations [86, 87], clustering
of charging sessions[88], or agent-based modeling [89] to characterize individuals’ charging
patterns. Existing research on mobility and charging patterns finds that potential changes in
plug-in behavior could most impact demand in urban areas [90], and that clustering effects
in vehicle adoption at the local level could lead to areas with high PEV concentrations even
before we see widespread adoption [59].

However, none of these connect the rich, heterogeneous charging patterns and drivers’
mobility patterns that can be obtained from empirical data. To bridge the gap between
mobility-based studies and charging-based studies, we propose a framework that outputs
individual spatial and temporal profiles of charging demand. Compared with previous re-
search, the framework captures true and individual behavior patterns based on unique charg-
ing and mobility data sources. Combining charging and mobility patterns also enables the
exploration of geographical patterns in charging demand, which is understudied in previous
research.

Moreover, beyond understanding today’s charging, studying future charging demand un-
der widespread EV adoption presents significant challenges [91, 92], as it requires models
that consider the different situations [93], mobility diversity [94], and charging pattern [95]
among future adopters. As a result, few models of deep adoption scenarios try to capture the
differences between today’s drivers and future drivers. In this work, we incorporate data on
income, housing type, charging access, mobility patterns, and charging patterns to capture
the evolution of charging demand and infrastructure use in the Bay Area from 2019 to 2050.

After estimating the spatiotemporal charging demand of EVs, planners can leverage its
flexibility for different objectives [96, 97]. One approach widely used to mitigate the impact
of EVs on the electricity grid is to treat them as centrally controlled, dispatchable assets, used
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for example to help manage peak demand [98, 99|, reduce operation costs [100, 101, 102],
reduce the need for battery storage [103, 104], or integrate renewables [105, 106]. Estimates
of the value of such control in California range from 5.6 § per driver in 2018 [94] to as much
as 87 § per driver in 2045 [107]. This area of research has largely focused on aggregate-
level analysis due to data limitations and associated modeling challenges [108, 109]. Based
on the individual variations observed in data, however, such aggregated approaches likely
misrepresent charging demand [110]. Moreover, this approach almost always uses direct
automated control which assumes the deployment of costly communications infrastructure
and ignores social and regulatory barriers related to privacy concerns or loss of control [111].

Recent developments have highlighted the power of other forms of control. Instead of
relying on expensive communication infrastructure dedicated to centralized charging control,
they suggest utilizing existing communication infrastructure and the deployment of different
charging infrastructure to encourage drivers to shift home charging toward daytime charging
[16], or to delay home charging and add workplace charging [112]. These two strategies
both relieved pressure on the grid by avoiding peak evening hours and making better use of
renewable generation. This strategy is complementary to the centralized control approach:
Zhang et al. found that California needs more public and workplace charging stations to
realize the full flexibility potential of California EV demand [63], and Kara et al. found
higher demand flexibility with fewer sessions per charging station [113]. Another stream of
research looks at the benefits of charging flexibility under different electricity price designs.
In a study of California in 2025, Szinai et al. found that controlled charging could reduce
grid costs by up to 10% and recommended the use of daytime time-of-use pricing periods
[106]. Focusing on San Diego, Li and Jenn found that time-of-use pricing with low overnight
periods could decrease costs, but increase emissions by as much as 20.2% [114].

This focus on shifting within sessions and within a single day, however, misses an op-
portunity to leverage drivers’ flexibility across plug-in events and across days. In 2021
demonstration involving over 400 drivers from the California Bay Area, Spencer et al. found
15-30% of charging demand could be shifted into or out of a given hour, and drivers could
plug-in up to 46% more often, using just simple signals and small monetary incentives [115].
In the demonstration, participants received notifications, provided information, and opted
in or out of control through a cellphone app.

Though many control studies have called for more public charging stations to increase
EV demand flexibility, few have quantified the increase needed. Most literature on public
charging infrastructure focuses on its role in supporting EV adoption: Ledna et al. found
that investments in public charging could be more cost effective than purchase subsidies to
boost EV adoption in California [92]; Levinson and West found that a national network of
public charging could increase electrified mileage by 8%, though little of the infrastructure
cost should be passed on to the drivers [116]; and Greene et al. found willingness-to-pay for
a public charger in California in 2017 could range from 1500 to 6500 $ [117]. In comparison
with other leading markets, the United States has a low ratio of EVs to public charging
points [118] and a high dependence on home charging [66], but this is expected to change
with increasing adoption by residents of apartments or multi-unit dwellings [37]. The latest
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California Energy Commission planning projects a need for nearly 1.2 million public and
shared private chargers by the year 2030, just to support the states adoption targets [119].

It is critical that we better understand the connection between demand flexibility, indi-
vidual mobility and charging patterns, and the build-out of public charging networks. To
address this gap in this paper, we propose an approach of personalized shifting recommen-
dations for EV adopters based on their original charging patterns and travel needs, which
can reduce the burden on the grid during peak hours. The personalized shifting recommen-
dations advise drivers to shift charging sessions rather than conducting automated control
of the load profiles. As a type of control to move demand away from peak hours, the per-
sonalized shifting recommendations make use of charging demand flexibility that is quite
unique to EVs in a way that is lower cost and more practical than automated control. It can
also have higher possible benefits as it considers flexibility across multiple parking events or
multiple days, whereas automated control works within a single session. We deep-dive into
the implications for charging infrastructure and the number of new public chargers needed
to enable this type of control.

In this work, we seek to couple planning for future public charging station supply with
managing EV charging needs, aiming to prevent extreme charging demand from occurring
during grid peak hours. First, we create a model to analyze the charging and mobility
requirements of current EVs drivers in the San Francisco Bay Area, California. Then, to
prevent EV charging load from contributing to increased power grid demand during peak
periods, we implement personalized shifting recommendations to shift charging demand to
off-peak periods. Based on personalized recommendations, we quantify how valuable charg-
ing demand flexibility could be for reducing peaks, and provide insights into the public
charging infrastructure planning for 2050 through a model of future adoption.

Figure 3.1 depicts a summary of the proposed framework. Features of existing residents
are used to sample potential EV adopters, extract their daily mobility motifs, and estimate
their charging behavior groups. The motifs provide the travel demand. Each charging
behavior group is characterized by a specific charging pattern. Combining the travel demands
and charging behavior groups, we can simulate the charging behavior of an EV adopter for
a given week. To mitigate the impact that EV charging has on grid on-peak hours, we
propose personalized shifting recommendations. The EVs’ shifting is constrained by their
motifs and charging patterns as we do not assume any change to their travel. We estimate
the effects of these personalized shifting recommendations on grid peak (5 p.m. to 8 p.m.
on weekdays) and off-peak hours (before 5 p.m. and after 8 p.m. on weekdays and all
hours on weekends), as defined by the local utility [120], at the ZIP code level. To support
the changes in charging time, we also provide supply-side planning for charging stations by
estimating the infrastructure charging demand and comparing it to the current infrastructure
assessment. Finally, we extend our analysis of charging demand vs. public charging station
supply analysis to future years, projecting EV adoption rates from 20% up to 100% in future
scenarios.
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Figure 3.1: Overview of the proposed framework for understanding and planning future EV
charging needs. (A) We analyze the current charging demand by extracting residents’ travel
behavior and individual features, including visiting places and time, energy consumption,
income, house type, and charging access, to sample potential EV adopters and assign them
a charging behavior group. Based on that, we simulate all EV adopters’ charging behavior
in a week, this includes charging location, session start and end time, energy, and power
level. We propose personalized shifting recommendations to mitigate the impact of EV
charging on grid peak hours. For example, EV adopters may shift their charging sessions
from day 1 peak hour to day 2 off-peak hour when feasible. (B) Supply-side management
means planning for infrastructure capacity at the ZIP code level, considering demand both
before and after the proposed personalized shifting recommendations. (C) Future scenarios
capture the evolution of EV adopters’ demographic features, charging demand, and the
public charging station supply for increasing adoption rates.

3.2 EV Charging Behavior Simulation

First, we must understand EV charging demand. In this section, we estimate the demand
across charging segments and locations by combining two detailed, data-driven models: one
for mobility and one for charging behavior groups (presented in full in the Methods section).

We extend the TimeGeo model proposed by Jiang et al. [121] to simulate mobility
patterns. The model outputs the trajectories of approximately 6 million residents in the
California Bay Area, using datasets of mobile phone activity from 1.39 million Bay Area
residents as an input [121, 94]. First, we simulate the weekly charging profile for all estimated
129 thousand EV adopters in the Bay Area in 2019 [122]. In this research, we model all as
battery electric vehicles and not plug-in hybrid electric vehicles. To estimate each driver’s
energy demand from their travel trajectories we use a drivetrain model. Second, we assign
a home location to each EV driver and sample their demographic information (household
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income and housing type) based on United States Census and American Community Survey
data from the year 2019 [123]. We use this to estimate the charging access of each EV adopter
based on data from a recent California Home Charging Access Survey [37]. Finally, we
extend the SPEECh model presented by Powell et al. [16] to simulate EV charging patterns.
The model clusters 136 charging behavior groups and parameterizes these behavior groups
on drivers’ charging access, battery capacity, and energy needs. Each group represents a
specific type of charging pattern including when, where, how, and how much drivers in the
group typically charge. This dependence on charging access and energy needs as intermediate
factors to assign the EV adopters’ charging group lets us simulate the charging behavior of
the modeled EV adopters in the Bay Area in 2019 and at future levels of adoption.

Figure 3.2 summarizes the results of the charging behavior simulations. We present the
distribution of charging groups in each ZIP code. We classified the 136 charging behavior
groups into four distinct charging group types based on their charging habits: primarily
charging at home (Home), primarily charging at work (Work), primarily charging at pub-
lic stations (Public), and charging at two or more locations (Mixed) on a regular basis.
Currently, the number of adopters belonging to the Work charging group is smaller than
those belonging to public charging as less than 50% of drivers have work charging access
[124]. However, if workplace charging access increases, the number of adopters choosing
work charging may increase too. Based on present-day charging infrastructure availability,
Figure 3.2 (A) shows that, on average, 58% of adopters fall in the Home charging group,
followed by 24% who fall in the Public charging group, 10% who fall in the Mixed charging
group, and 7% who fall in the Workplace charging group.

We simulate when, where, how, and how much each adopter charges their car during a
week by connecting the charging behavior group with the charging patterns. In order to
validate our method we sample 6% of the drivers and compare their charging load with a
same-size sample of drivers from the original charging data (see Experimental procedures).
We sample drivers according to the charging group distribution of the data. Figure 3.2
(B) shows the aggregated charging load profile of the data and our simulation, divided by
charging location. The total charging load and work charging load match well, while the
public charging load and home charging load have similar magnitudes but different timing
of peak demand. Compared with the charging group distribution for all EV drivers shown
in Figure 3.2 (A), the validation data set contains more users belonging to Work charging
groups and fewer drivers belonging to Home charging groups. As a result, home charging
demand is lower than work charging demand in the validation test.

Figure 3.2 (C) shows the weekly charging demand of all EV adopters in the Bay Area
from 2019, separated by charging location. Home charging has a relatively high charging
load during grid on-peak hours of 5-8 p.m. on weekdays. Work charging happens 8-10 a.m.
on weekdays during grid off-peak hours. Charging happening in public places shows a more
uniform charging load during the day. The combined charging load of the home, work, and
public charging creates two peaks, one in off-peak hours and the other in on-peak hours on
weekdays. The average maximum is 0.3 MW both in on-peak and off-peak hours. The range
between the 25th and 75th percentile shown in the shaded areas reveals that for most ZIP
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codes the home charging load is relatively flat, but for a few ZIP codes, the home charging
load is very high.

Figure 3.2 (D) depicts the weekly energy needs distributed around the Bay Area. It
reveals substantial variation among ZIP codes. In the Bay Area, the average population per
ZIP code is around 29,930 [123]. We find that the weekly charging needs on the ZIP code
level have a mean value of 21 MWh. Home charging needs are much higher than the work
charging needs and the public charging needs. The highest home charging needs for a single
ZIP code reach 111 MWh, while the highest work and public charging needs are 18 and 34
MWh, respectively. The charging energy demand is higher in Santa Clara, San Mateo, and
Alameda counties, three adjacent counties located in the San Francisco Bay Area. Santa
Clara County is known for its high-tech industry, as it is the location for the headquarters
of many large technology companies.
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Figure 3.2: Analysis of EV charging demand. (A) Distribution of the four charging group
types in each ZIP code. Each point represents the percentage of adopters belonging to a
certain charging group type in one ZIP code. (B) Comparison between our charging demand
simulations and real data. The solid line shows the median of selected EV adopters’ charging
load, aggregated by ZIP code and charging location. The range from the 5th to the 95th
percentile is represented by error bars, highlighting the variance among ZIP codes. (C)
Weekly charging load of 129 thousand simulated EVs; the full Bay Area fleet from 2019.
The solid line, dotted line, and dash-dotted line show the 50th, 25th, and 75th percentile,
respectively, of home, work, public, and total charging load, aggregated by ZIP code. (D)
Geographical distribution of charging needs aggregated by the ZIP codes where the charging
sessions occur. We see total charging demand in 2019 is dominated by home charging.
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3.3 Charging Infrastructure Planning after
Personalized Shifting Recommendations to
Mitigate Peak Charging Demand based on
Individual Charging and Travel Behaviors

The EV charging behavior simulation reveals that EVs will cause an additional charging
demand peak during grid on-peak hours. To ensure stability and avoid the need for costly
peaking plants, we propose a strategy that can reduce EV charging during grid on-peak
hours. To achieve this, we consider the individual travel and charging patterns of adopters
and customize personalized shifting recommendations for each driver (see Experimental pro-
cedures). These recommendations identify the feasibility for drivers to move their original
charging sessions from peak hours to other stops during off-peak hours by checking several
rules. Namely, for a given session planned during grid peak hours, (1) does the driver have a
stay at another location during grid off-peak hours within a short time window? (2) would
a shift to that stay be feasible given their individual travel plan? If a feasible alternative is
found, we recommend the driver shift their session accordingly.

These recommendations can be sent to drivers using existing communication infrastruc-
ture through either the vehicle interface or app, reducing a separate and expensive commu-
nication infrastructure dedicated to charging control. Most new electric vehicles are already
equipped with cellular connectivity, enabling them to communicate with backend systems
for various services like remote monitoring, software updates, and vehicle diagnostics. We
assume the drivers fully follow the recommendations. The amount of information shared and
compliance with the recommendations would vary in different applications based on privacy
regulations and user acceptance. Here we analyze the best-case impact of the personal-
ized shifting recommendations and estimate the charging infrastructure needed to support
it (sensitivity analysis is in Appendix B.1).

Figure 3.3 (A) illustrates how our personalized shifting recommendations reshape charg-
ing load profiles. We observe a total charging peak load reduction of 36 MW during grid
on-peak hours and an increase of 39 MW during grid off-peak hours. Home charging accounts
for 57% of the total charging peak load reduction in grid peak hours, as it contributes the
majority of charging load in peak hours, the hours that are targeted for shifting. Workplace
charging comprises 11% of the total charging peak load increase in grid off-peak hours; this
fraction is low as workplace charging access is low, and not many sessions can be moved to
workplaces. Public charging accounts for 39% of the total charging peak load reduction for
grid peak hours and 89% of the total charging peak load increase for grid off-peak hours.
We assume public charging access is open to everyone, thus providing more flexibility for
moving sessions.

Figure 3.3 (B) presents the impact of personalized shifting recommendations on the
distribution of charging sessions across various locations. We only depict the shifted demand;
some sessions were not shifted after implementing the recommendations if they occurred
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outside peak hours or if they could not be moved due to drivers’ travel constraints. According
to our observations, a significant majority of 77% of the charging sessions previously taking
place at home are now shifted to public places, while 16% are redirected to workplaces and
7% are shifted to other home stays. Additionally, we found that 53% of workplace charging
sessions are now shifted to public places and 29% are redirected to home places. Notably,
most public charging sessions are still conducted in public places, albeit at different times,
with a small percentage 6% being relocated to the workplace or home. The results indicate
that to reduce the strain EVs put on grid peak hours, we need more public charging capacity.

Figure 3.3 (C) shows ZIP code level peak charging needs before and after our personalized
shifting recommendations. Overall, the personalized shifting recommendations results in a
0.1 MW reduction per ZIP code on average during grid on-peak hours and a 0.2 MW increase
per ZIP code on average during grid off-peak hours. These results imply that EV charging
peak load will decrease during grid on-peak hours at the cost of increasing charging peak load
during grid off-peak hours. We note that high electricity demand during off-peak hours is
acceptable in this case from the generation perspective as it aligns with peak solar generation;
net grid demand, i.e., grid load deducts renewables, is the main concern. This increase in
charging peak load however requires extra charging capacity to be supplied.
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Figure 3.3: Impact of personalized shifting recommendations on charging demand. (A) Bay
Area total charging load profile before and after implementing personalized shifting recom-
mendations. The grey solid line displays the charging load before implementing personalized
shifting recommendations, while the dotted line shows the charging load after the implemen-
tation of our personalized shifting recommendations. (B) Charging locations before and after
implementing personalized shifting recommendations. Blocks on the left side and the right
side represent locations, where charging sessions take place before and after implementing
the personalized shifting recommendations. If a block on the left side is connected to a block
on the right side by a thick grey flow, it means that a number of charging sessions have
shifted from the former location to the latter due to the recommendations. (C) ZIP code
level impact of personalized shifting recommendations. The points below the diagonal line
show ZIP codes with a drop in peak demand after session shifting while points above the
diagonal line indicate an increase in peak demand after session shifting.
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Figure 3.4 (A) shows the geographical distribution of current public chargers. There are
36 chargers on average for each ZIP code. One ZIP code in Santa Clara shows the highest
number of chargers at 454. Level 2 (L2) chargers comprise 81% of total public chargers,
while Level 1 (L1) and Level 3 (L3) comprise 2% and 17%, respectively.

We use data from Open Charge Map [125] to assess the public charging station supply
vs. our estimated public charging demand, where the public charging station supply is the
sum of the maximum charging rate for all chargers in the ZIP code. Figure 3.4 (B) shows the
current public charging demand during on-peak and off-peak hours per ZIP code compared
with the public charging station supply. Blue points below the diagonal dashed line show
ZIP codes with insufficient charging capacity. Namely, 62 ZIP codes during grid off-peak
hours and 61 ZIP codes during grid on-peak hours. This indicates that for the current Bay
Area, a number of ZIP codes are not able to support adopters’ intrinsic public charging
demand. However overall, with the current public charging station supply in Bay Area,
there is 125 MW more public charging capacity than needed before personalized shifting
recommendations; this reflects that public charging demand is concentrated in fewer ZIP
codes than public charging infrastructure. After implementing the personalized shifting
recommendations, we find that 31 ZIP codes have insufficient public charging station supply
during grid on-peak hours, and 112 ZIP codes have insufficient public charging station supply
during grid off-peak hours.
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Figure 3.4: Impact of personalized shifting recommendations on charging infrastructure. (A)
ZIP code level map showing the geographical distribution of existing public chargers. The
pie plot indicates the percentage split of L1, L2, and L3 chargers in the Bay Area. (B)
Comparison between public charging station supply and peak public charging needs at the
ZIP code level. Each pair of points represents the before- and after-shifting peak demand
for one ZIP code. Points below the diagonal line indicate that the public charging station
supply is insufficient, while points above the diagonal line indicate that there is a surplus in
the public charging station supply.
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3.4 Projection of Deep Electric Vehicle Adoption

In this section, we examine the period beyond 2019. To simulate future EV charging demand,
we probabilistically sample EV drivers from the full pool of 6 million residents in the Bay
Area for scenarios featuring EV adoption rates of 20%, 40%, 60%, 80%, and 100% of total
residents. By adoption we refer to stock, not sales: at an EV adoption rate of 20%, 20% of
all personal vehicles are EVs. To accomplish this, we first sample vehicular adopters from all
residents using census tract-level vehicle usage rates. Next, we utilize household income and
daily route distance to estimate the likelihood that each vehicle is an EV (see Experimental
procedures): the higher the probability, the earlier we assume they adopt an EV. The results
presented in Fig. 5 show how charging demand will evolve and how our personalized shifting
recommendations will change demand at each level of adoption to protect the grid from any
additional charging loads.

Figure 3.5 (A) displays the daily travel distance and Figure 3.5 (B) presents the household
income of the set of EV adopters at each stage of adoption. At an adoption rate of 20%,
the median daily travel distance is 26 miles with a standard deviation of 16, while the
median household income is $197, 299, with a standard deviation of $74,452. On the other
hand, at an adoption rate of 100%, the median daily travel distance is 27 miles, with a
standard deviation of 19 miles, while the median household income is $130,037, with a
standard deviation of $63,509. Our analysis indicates that individuals with higher daily
travel distances and those with lower incomes tend to be later adopters of EVs. Recent
research based on customer surveys has found that this reflects issues including range anxiety
and high upfront costs [126].

The increasing adoption of EVs leads to changes in the charging demand profile in the
Bay Area, necessitating the use of personalized shifting recommendations to mitigate the
negative impact of increasing EV charging loads during grid peak hours. As depicted in
Figure 3.5 (C), the geographical distribution of peak shaving results is more concentrated in
the South Bay Area when the adoption rate is 20%, but it extends to include hot spots in the
North Bay Area, East Bay Area, and San Francisco when the adoption rate reaches 100%.
During grid peak hours, implementing the personalized shifting recommendations reduces
peak hour charging loads by at least 30% in 177 ZIP codes with 20% adoption and in 179
ZIP codes with 100% adoption. However, the decrease in peak charging load during on-peak
hours results in higher charging peak demand during grid off-peak hours. The personalized
shifting recommendations can increase peak charging loads during off-peak hours by at least
30% in 136 to 143 of the ZIP codes.

In addition to analyzing EV charging demand in the Bay Area, we also investigated the
charging needs at the ZIP code level. As the adoption rates increase, different ZIP codes
exhibit different patterns in charging demand evolution (Appendix B.2). Figure 3.5 (D)
illustrates the EV charging peak loads for each ZIP code during grid on-peak hours before
and after implementing the personalized shifting recommendations. When the adoption rate
is 20%, our personalized shifting recommendations result in an average reduction of 59%
in ZIP code level charging peak loads, while with 100% adoption, the average reduction is
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around 56%. The average reduction is approximately 1.5 MW at 20% adoption rate and
around 7.3 MW at 100% adoption rate for each ZIP code. Next, we examine the charging
demand during grid off-peak hours. As shown in Figure 3.5 (E), when the adoption rate is
20%, the personalized shifting recommendations can lead to an average increase of 57% in
the charging peak loads of the ZIP codes in off-peak hours, while with 100% adoption rate,
the average increase is around 39% of charging peak loads. The lower increase in the 100%
case may be a sign of lower flexibility or higher off-peak demand among later adopters. In
absolute terms, the average increase per ZIP code is approximately 1.6 MW at 20% adoption
and 6.3 MW at 100% adoption.

To support the growing adoption of EVs, it is necessary to increase the number of public
charging stations as more people increase the demand for charging. Figure 3.5 (F) illus-
trates the gap between public charging station supply today and public charging demand
with increasing adoption rates during grid on-peak hours. Before personalized shifting rec-
ommendations, when the adoption rate is 20%, 71% of ZIP codes experience insufficient
public charging station supply, with an average insufficiency of 0.4 MW and a standard
deviation of 1.2 MW. At an adoption rate of 100%, this number increases to 94% of ZIP
codes, with an average insufficiency of 6.3 MW and a standard deviation of 4.9 MW. After
personalized shifting recommendations, when the adoption rate is 20%, 61% of ZIP codes
experience insufficient public charging station supply. On average, the surplus per ZIP code
is 0.3 MW and a standard deviation of 1.2 MW. At an adoption rate of 100%, 88% of ZIP
codes experience insufficient public charging station supply, with an average insufficiency of
2.2 MW and a standard deviation of 2.0 MW.

Meanwhile, during off-peak hours, more public charging capacity is needed than before
personalized shifting recommendations were implemented. Figure 3.5 (G) shows that before
personalized shifting recommendations, at an adoption rate of 20%, 70% of ZIP codes experi-
ence insufficient public charging station supply, with an average insufficiency of 0.2 MW and
a standard deviation of 1.2 MW. This number increases to 94% of ZIP codes at an adoption
rate of 100%, with an average insufficiency of 5.5 MW and a standard deviation of 4.2 MW.
After personalized shifting recommendations, at an adoption rate of 20%, 86% of ZIP codes
experience insufficient public charging station supply, with an average insufficiency being 1.7
MW and a standard deviation of 1.8 MW. This number increases to 94% of ZIP codes at an
adoption rate of 100%, with an average insufficiency of 10.6 MW and a standard deviation
of 7.8 MW.

Therefore, while personalized shifting recommendations are effective in reducing peak
charging needs during grid on-peak hours, they lead to a net increase in the need for public
charging stations. That is, though fewer public charging stations are needed in on-peak
hours after the shifting, that is outweighed by the many more public charging that must
be added in off-peak hours. In all cases, we find more charging capacity is needed to meet
the increased public charging demand resulting from the higher adoption rates of electric
vehicles. The average increase in public charging station insufficiency caused by applying
the personalized shifting recommendations is 27 L3 chargers with 50 kW (or 198 L2 chargers
with 6.6 kW) at an adoption rate of 20% and 83 L3 chargers with 50 kW (or 628 L2 chargers
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with 6.6 kW) at adoption rate of 100% at ZIP code level. This insufficiency could also be
met by a mix of L2 and L3 chargers, as in the simulation results.

To achieve the Bay Area Air Quality Management District’s 2050 objective of having 90%
of the personal vehicle fleet consist of EVs, it is necessary to meet the interim goals of 1.5
million EVs by 2030 and 5 million EVs by 2050. According to our model, at the 2030 target,
there would be a reduction of 414 MW in charging needs during on-peak hours from following
the personalized shifting recommendations. However, this would also result in an increase
of 437 MW in charging needs during off-peak hours, necessitating new infrastructure in over
90% of ZIP codes. Once the 2050 objective is met, our model estimates that the EV charging
demand could reach 2 GW during grid peak hours in 2050. In this case, the Bay Area is
missing 19 thousand L3 chargers (or 141 thousand L2 chargers with 6.6 kW) to support the
demand in 2050. If we assume adopters follow the personalized shifting recommendations,
there will be a 61% decrease in total charging demand during on-peak hours, but the number
of missing L3 chargers will be around 34 thousand (or 256 thousand L2 chargers with 6.6
kW) in 2050.
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Figure 3.5: Results under future EV adoption. (A-B) The distribution of EV adopters’ daily
travel distance and household income when the adoption rate is increased. The box shows
the interquartile range of all EV adopters, and the line that divides the box into two parts
marks the median of EV adopters. (C) Maps of EV peak charging need differences between
after and before our personalized shifting recommendations, highlighting the geographic
impact at adoption rates of 20% and 100%. Positive values indicate a decrease in peak
charging needs, while negative values indicate an increase. (D-E) Impact of personalized
shifting recommendations on EV peak needs with increasing adoption rates, with points
indicating the mean of peak needs among ZIP codes. (F-G) Comparison between public
charging station supply and peak charging needs with increasing adoption rates, showing
the current public charging station supply minus EV peak charging needs under different
adoption rates. Negative values indicate insufficient public charging station supply, while
positive values indicate sufficient charging infrastructure.
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Figure 3.6: Methodology overview. Dashed frames represent models; blue frames represent
the data sources; grey frames represent the intermediate output; and yellow frames represent
ultimate output, i.e., original charging demand, charging demand after personalized shifting
recommendations, and the probability of each driver being an EV adopter.

3.5 Methodology

3.5.1 Overview

The methodology includes four parts. We first use TimeGeo and a drivetrain model to
estimate the travel behavior and energy consumption of each vehicle in the sample. Second,
we connect the travel behavior and SPEECh model by energy consumption and charging
access to obtain the original charging behavior of EV adopters. Third, we identify the
feasibility of drivers moving their original sessions from peak hours to off-peak hours by
checking several rules. Last, we use a Bayesian model to estimate the probability of each
driver adopting an EV based on their income and travel distance. Figure 3.6 depicts the
connection between the data source and models.
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3.5.2 Datasets

We use four different datasets in this study: call detail records (CDRs), charging session
records, charging infrastructure data, and survey data such as United States Census Bureau
American Community Survey, the California Plug-in Electric Vehicle Adopter Survey, the
California Home Charging Access Survey, and the Clean Vehicle Rebate Project (CVRP)
data.

The CDRs, mobile phone activity data, play a crucial role in mobility modeling [127].
We use CDRs for the Bay Area, including data from around 1.39 million users and over 200
million calls made during a period of 6 weeks. Each record contains the anonymized user
ID, timestamp, duration, and geographic location of the associated cell tower. We discretize
the spatial resolution to the service areas of 892 distinct cell towers. With this information
we develop the TimeGeo [121] mobility model for all 6 million residents in the Bay Area,
giving detailed travel patterns for a typical week.

The charging session records contain over 2.8 million charging sessions from 27.7 thousand
electric vehicle adopters, recorded by a large charging station provider in the California San
Francisco Bay Area in 2019 [16, 128]. Each session is associated with a unique adopter
ID and includes the start time, end time, energy, charging rate, and location category for
each session. The sessions cover five segments: workplace Level 2 (L2) charging, public L2
charging, public level 3 (L3) charging, Single Family Home (SFH) residential L2 charging,
and Multi-Family Home (MFH) or Multi-Unit Dwelling (MUD) residential L2 charging.
L2 charging occurs at 6.6 kW and Level 3 occurs at 50 kW. For detailed statistics and
illustrations of the data we refer the reader to Powell et al. [16].

The charging station data collected from Open Charge Map [125] contains information
on the location of each station, the number of charging piles, and charger types in each
charging station. The location is represented by longitude and latitude, while the charger
type covers Level 1 (L1), L2, and L3. We collect data on the number of each charger type.

We use multiple surveys to compile information on Bay Area residents’ demographics,
EV charging access, and EV adoption behavior. We obtain data on the number of passenger
vehicles at the census tract level, the distributions of housing types and household incomes
from the United States Census Bureau American Community Survey [123]. The California
Plug-in Electric Vehicle Adopter Survey [129] provides the income and daily travel distance
distributions of EV adopters. We model access to residential charging based on the California
Home Charging Access Survey [37], which surveys the relationship between home charging
access and demographics, i.e., household income and house type. The annual household
income has three bins: up to $60,000, between $60,000 and $100,000, and greater than
$100,000. The house type has two bins: SFH and MFH. For each combination of household
income bin and house type bin, the California Home Charging Access Survey provides the
corresponding home charging access rate. To model EV adoption, we use CVRP data on
over 400, 000 purchases of electric vehicles in California between 2013 and 2019 [122]. This
dataset provides EV adopters’ home ZIP code, the purchasing date, and the purchasing
model type.
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3.5.3 Estimating Travel Behavior of EV Adopters

Using the CDRs data, we extract information on the visited places and times for each user.
The TimeGeo models and integrates the flexible temporal and spatial mobility choices of
the individuals [121]. The model divides each day of the week into 1008 discrete intervals,
resulting in 10-min intervals. For each interval, the individual decides whether to stay or
move, and if she chooses to move, where to go next.

To represent the movement mechanisms, TimeGeo introduces a time-inhomogeneous
Markov chain model with three individual-specific mobility parameters: a weekly home-
based tour number (n,), a dwell rate (3;), and a burst rate (3;), as well as a global travel
circadian rhythm of the population in an average week (p(t)) that differs for commuters and
non-commuters.

For the temporal movement choices, TimeGeo initializes the individual’s probability to
move as n,,p(t) if she makes a trip originating from home in a time-interval ¢ of a week, and
Banwp(t) for a trip not originating from home. If the individual decides to move, she goes to
public places with probability Syn,p(t) and returns home with probability 1 — Gyn,p(t).

For the spatial movement choices, TimeGeo uses a rank-based exploration and preferen-
tial return to determine the individual’s next destination. When the individual chooses to
move to another place, she can either return to a visited place or explore a new location.
The model assumes that the individual explores a new place with probability P, = pS™7,
where S represents the number of previously visited locations, and p and vy control the user’s
tendency to explore a new location based on empirical data. If the individual decides to
return, the return location is selected from the visited locations according to her visiting
frequency. If she decides to explore a new location, the alternative destinations are selected
based on the distance to her origin with probability P(k) k=%, where k represents the rank
of alternative destinations.

To validate the simulation of individual mobility in the Bay Area, Xu et al. [94] compared
the aggregate performance of TimeGeo with that of the national household travel survey
(NHTS) [130] and the California household travel survey (CHTS) [131].

Using the mobility model, we estimate energy consumption by utilizing a drivetrain
model. A drivetrain model establishes the relationship between energy consumption and
two aggregate properties of the trip, namely, average travel speed and route distance. We
estimate these properties using the APIs of Uber Movement [132] and OSMnx [133], respec-
tively. Our analysis focuses on two popular EV models in the Bay Area: the Tesla Model 3
and Nissan Leaf. Appendix B.3 provides the number of adopters of each EV model.

The drivetrain model for the Nissan Leaf can be represented as:

E[fissan = f(VtTip)DtTip: (3~1)

trip

where V., and Dy, represent the average speed and route distance of the trip, respectively.
The function f(V4,;,) indicates the consumed power per mile (kWh/mile) when the EV is
traveling at speed Vi, (mile/h). The value of f(V}.;,) varies among different EV models.
To estimate the energy consumption of the two EV models in our study, we first use a
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piecewise linear function based on data observed from the Nissan Leaf [77]. Then we scale the
consumption of the Nissan Leaf in the same trip by 0.83 to estimate the energy consumption
of the Tesla Model 3, as the Tesla Model 3 consumes, on average, 17% less energy than the
Nissan Leaf [134]. That is,

Eresta = 0.83f (Vipip) Divip- (3.2)

trip

The details of the simulated mobility pattern and energy consumption are in Appendix
B.4.

3.5.4 EV Charging Behavior Simulation

Scalable Probabilistic Estimates of Electric Vehicle Charging (SPEECh) is a probabilistic
framework for simulating large-scale EV charging loads that are grounded in real charging
data [88, 16].

This version of the SPEECh model clusters drivers into 136 charging behavior groups,
based on real charging data from a large charging station provider in the Bay Area. Each
group of drivers has unique characteristics in multiple charging segments with different fre-
quencies and patterns of behavior (see Appendix B.5).

SPEECh models the probability with which an adopter belonging to charging behavior
group GG will charge in segment z on a given day by sampling from the charging frequencies
of all drivers in that group in the historical data:

P(Z ‘ G)z = N(Z}’yi/NG,h (33)

where Ng; denotes the number of sessions by driver ¢ in group G, and N§; denotes the
number of sessions in segment z by driver ¢ in group G.

The distribution of energies for a session in each segment, for a driver in each group,
charging on a weekday or weekend, is modeled using the historical charging session data
of all drivers in that group. For each group G and charging segment z, SPEECh models
the joint distribution of charging energy in a session ¢ using a Gaussian mixture model, as
follows:

P(c| G, z) = chug k), P(c|k)=N(c]| m ow), (3.4)

where each component k in the mixture model is a Gaussian distribution with weight P(k),
representing a pattern of charging energy that occurs in the sessions observed in segment z
for adopters in group G. The mean and standard deviation of component k£ are denoted by
i and oy, respectively.

We use SPEECHh to estimate the charging segment and per-session charged energy of each
driver. To achieve that, the first step is to estimate adopters’ charging behavior group (G)
based on their charging access (A) and annual energy consumption (F). Then we simulate
the charging segment (z) and session charged energy (c) of adopters based on the charging
behavior group and SPEECh model, i.e., P(z | G) and P(c | G,z). This step allows us
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to represent future adopters based only on today’s data, by assuming that future adopters
with the same energy consumption and access to charging will follow the same distribution
of charging patterns.

We divide adopters’ charging access A into four bins: no home or workplace charging
access, home charging access only, workplace charging access only, and both home and work-
place charging access. Home charging access includes SFH L1 charging, SFH L2 charging,
and MFH L2 charging, while workplace charging access includes only workplace L2 charging.
We model home charging access based on household income and housing type. Income is a
random variable that follows a standard normal distribution centered at the median income
of the residential tract. The median income information at the tract scale is from census
data [123]. Each house type in a census tract has a corresponding probability, and we assign
the house type according to the probability in the census data [123]. The California Home
Charging Survey [37] provides the distribution of home charging access given household
income and housing type (details are in Appendix B.6). The survey does not distinguish
between L1 and L2 charging; we assume the split between L1 and L2 is 0.38 : 0.45 based on
[135]. We model the workplace charging access rate for those who have a workplace as 50%
based on [124]. Combining the home charging access and workplace charging access gives us
overall charging access, A.

Annual energy consumption F is equally divided between 19 bins from 0 to 4,750 kWh.
We calculate energy consumption in a typical week using a drivetrain model described in
Section 3.5.3. Multiplying weekly energy consumption by 52 (the number of weeks in a year)
gives the annual energy consumption F.

The probability of an adopter belonging to group G, given charging access A and energy
consumption F| is estimated directly from the charging groups of adopters in the historical
data:

P(G | A, E) = N§/Nas, (3.5)

Here, N4 g denotes the number of adopters with access A and annual energy consumption
E, and N¢ denotes the number of adopters in group G. N4 g and N¢ are calculated directly
from the charging data [128]. Based on charging access A and energy consumption E, we
assign the adopter to a charging behavior group with P(G | A, F).

Using the estimated charging group G and SPEECh model, i.e., P(z | G) and P(c | G, 2),
we simulate the charging behavior of all EV adopters by the Monte Carlo method (see
Appendix B.7).

To ensure that the simulation results adhere to the capacity constraints of the vehicles,
we need to consider two factors: (1) the charged energy should be enough to support the
travel needs, and (2) the charged energy should not exceed the capacity of the vehicle’s
battery. To achieve this, we first simulate the initial state of charge (SoC) of all the vehicles.
However, due to limited information from charging session data, we are unable to infer the
initial SoC of each vehicle from the data. To address this issue we make an assumption that
all vehicles start the week mostly charged: we sample the initial SoC based on a Gaussian
distribution with a mean of 80% of the maximum capacity B kWh and a standard deviation
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of 20% of the maximum capacity. We model the maximum capacities of a Tesla Model 3
and Nissan Leaf as 82 kWh and 40 kWh, respectively [136].

We denote the SoC of a given time slot ¢ as s(t), the energy charged at time slot ¢ as ¢(t)
kWh, and the energy consumption at time slot ¢ as d(t) kWh. As ¢ and d are generated from
different models, in rare cases the values are outside the acceptable range. To ensure that the
capacity constraints of the vehicles are met, we map the charging and energy consumption
according to:

&(t) = c(t) — max{(s(t) — 100%) * B,0}, d(t) = d(t) +min{s(t) * B, 0} (3.6)

Here, ¢(t) and d(t) represent the mapped charging and energy consumption values, respec-
tively. The term max{s(t) — B,0} ensures that the charged energy does not exceed the
battery’s capacity, while the term min{s(¢),0} ensures that the charged energy is enough to
support the vehicle’s travel needs. We can then calculate the SoC of the next time slot as

s(t+1) = s(t) + ¢c(t) — d(t) for all time slots ¢.

3.5.5 Personalized Shifting Recommendations to Reduce the
Peak

To allow for session shifting, we establish a set of rules based on EV adopters’ original travel
and charging patterns. For travel behavior, we do not require adopters to change their usual
travel patterns. For charging patterns, we limit session shifting to a maximum tolerable
period of a few stays from the original charging session. Furthermore, we ensure that the
shift session will be completed during the stay after shifting.

We assume EV adopters share similar travel and charging patterns among weeks and
choose a typical week for study. We divide the week into 10-minute intervals, with each
week beginning at ¢ = 0 and ending at ¢ = 1008. We define on-peak hours as 7T,, and
off-peak hours as T;¢¢. The charging rate is a function of charging segment z and is denoted
as r(z) (e.g., 1.2 kW for home L1 charging). Suppose an adopter needs to charge e; during
stay ¢ and can tolerate a shift if the new charging session happens within h stays from the
original charging session. In this analysis, we set h equal to 10 here to make full use of the
demand flexibility. The arrival time of stay i is t’, the departure time is ¢}, and the charging
end time is t'. We shift the charging session from stay i to stay j if j satisfies the following
conditions:

1. Consistent with driver’s original charging frequency: the target session j must be
within the threshold h of the original session. The user can choose to move the session
forward, i.e., j < i,| i —j |< h, or the user can choose to delay the session, i.e.,
i<j,li—j|<h.

2. Consistent with driver’s original charging level preference for a given location.

3. On-peak hours to off-peak hours: Only shift sessions that happen in grid on-peak hours
to grid off-peak hours, i.e., [t\,t}] € T,,, and [t2,t]] € T, ;.

a’”c
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4. Charging needs are satisfied: Charging energy needs should be met in the stay j, i.e.,
e'fr(z) < (ty — t)).

5. Feasible given all travel plans: If the adopter shifts the session from stay ¢ to stay j,
the charging load and SoC will be updated as s(t + 1) = s(t) + ¢/(t) — d(t), where
d(t) =r(z),Vt € [t2,t)] and d(t) = 0,Vt € [t.,t:]. We require 0 < s(t) < B, Vt.

a’c a’ “c

3.5.6 Predicting Potential EV Adopters

To sample EV users from all vehicular adopters in the Bay Area, we first extract vehicular
adopters from the entire population using vehicle usage rates at the census tract scale. Then,
we assign each vehicular adopter a probability of using an EV, denoted by P(EV | I, D),
based on their household income I and daily driving distance D. We assume that I and D
are independent random variables for a given trip maker.

To estimate the probability of using an EV, we use a Bayesian approach:

P(I | EV)P(D | EV)P(EV)

P(EV|I,D) = P(I)P(D)

(3.7)

where P(I) and P(D) are the probability densities of household income and daily travel
distance of all trip makers in the Bay Area, respectively. We set P(EV) to 2%, based on the
share of EVs within all cars in the Bay Area in 2019 according to the CVRP dataset. For
future scenarios, we vary P(EV) from 20% to 100% to observe how charging demand evolves.
To estimate P(I | EV) and P(D | EV), we use data from the California Plug-in Electric
Vehicle Adopter Survey [129]. Once we estimate P(EV | I, D), we use these probabilities to
select EV adopters from all vehicular adopters.

Appendix B.8 compares the number of EVs estimated using the Bayesian method at
each ZIP code with the number obtained from the CVRP dataset [122], demonstrating good
agreement between the two methods. Additionally, Appendix B.9 shows the geographical
distribution of EV drivers with increasing adoption rates.

3.6 Conclusion

In this work, we first combined mobility patterns with charging behavior group features
to model the charging behavior of EV adopters in the San Francisco Bay Area. Then, we
provided personalized shifting recommendations to users based on their intrinsic charging
behavior and mobility constraints to reduce the charging peak load during grid peak hours.
Finally, we simulated future scenarios to see how the charging demand and required public
charging station supply evolve with increasing adoption rates under our recommendations.

For the charging demand simulation, the results show that the daily charging load shapes
are similar with two peaks for most ZIP codes. One peak occurs during off-peak hours and
mainly consists of work charging and public charging, while the other peak occurs during
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on-peak hours and consists of home charging and public charging. The magnitude of weekly
charging needs in the Bay Area varies greatly at the ZIP code level, with the highest charging
demand in the ZIP codes of the South Bay and the lowest charging demand in the North
Bay in 2019. Home charging demand is the largest share in 2019, while work charging is the
smallest.

We propose personalized shifting recommendations to mitigate charging load during peak
hours on the grid. We find that these result in a considerable reduction of the peak by shifting
home and public charging sessions from peak to off-peak hours at other stops. Demand is
largely shifted to daytime parking sessions, adding to the peak in off-peak hours. In this
study, we assumed fixed access to workplace charging and found that public charging at non-
workplace, non-home locations was used to serve the shifted demand. However, workplace
charging occurs at similar, off-peak times, and if more workplace charging were available it
could similarly serve the shifted demand. Our results can be best interpreted as a shift from
evening to day-time parking events. Therefore, we recommend increases in daytime charging
options, including public and workplace stations, where possible, to facilitate more flexibility
in EV charging. To implement and fully leverage the benefits of our proposed personalized
shifting recommendations, it will be necessary to increase daytime charging capacity in most
ZIP codes, which will involve the installation of new charging infrastructure.

As EV adoption rates increase, the profile of EV adopters will change, with a larger pro-
portion of low-income residents and those with higher daily travel distances owning EVs. We
showed that implementing personalized shifting recommendations to shift charging sessions
away from on-peak hours was effective at all levels of EV adoption. As adoption, demand,
and its grid impacts increase, the benefits of this approach will become more widespread.
However, to support this strategy for managing the increase in demand, additional charging
infrastructure will be necessary.

There are several important avenues for expanding upon this work. Future research
could explore changes in population and travel behavior in the future. We assume all drivers
follow the personalized shifting recommendations in this work. In practice, adopters may
not follow the personalized shifting recommendations for personal reasons, e.g., drivers are
not willing to accept charging recommendations to shift to public charging due to more cost
and less convenience [111]. In this case, future research should evaluate how uncertainty in
human behavior could influence the efficacy of personalized shifting recommendations, and
how to customize the recommendation based on drivers’ preferences. To further promote
the adoption of recommendations, we can explore the design of incentive reward programs
that can provide discounts, priority access, or loyalty benefits for utilizing specific charging
stations or charging during off-peak hours. Also, to address concerns and misconceptions
about public L3 charging, personalized recommendations can be accompanied by educational
materials and resources. The whole set-up depends on receiving some information about
drivers’ travel patterns and responses to the recommendations; future research could explore
how the optimization could still be conducted under limited information scenarios. Finally,
while we targeted evening on-peak hours based on constraints at the generation level, we
recognize that EV charging can also impact the distribution grid. Both the increased use of
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fast public charging and the new morning off-peak peak in demand caused by our personalized
shifting recommendations could pose localized challenges to distribution grid infrastructure.
These impacts could be mitigated by the installation of new collocated sources of renewable
energy or batteries, and should be the focus of future work.
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Chapter 4

Integrating Urban Air Mobility into
the Power Grid through Smart
Charging Solutions

Adapting the existing power grid to support large-scale UAM operations using eVTOL air-
craft presents a critical infrastructural challenge that needs to be tackled. To this end, this
chapter presents a framework for estimating the potential of smart charging to improve power
system welfare when integrating large-scale UAM into the power grid. We first estimate pas-
senger travel demand for UAM from LBS data. Then we obtain the feasible charging window
of aircraft by solving a fleet dispatching problem to maximize the fulfillment of scheduled
UAM travel demand. With consideration of power grid dynamics, we optimize the timing
and rate of charging in each feasible charging window to maximize power system welfare
without disturbing optimal fleet dispatch. Finally, uncertainties in arrival times and charg-
ing demands are managed with chance-constrained optimization. This ensures the failure
probability for meeting charging demand stays below a set confidence level. The efficacy of
the proposed approach was demonstrated by case studies using a 9-bus transmission system.

4.1 Introduction

The advancement of eVTOL aircraft opens new opportunities for UAM. UAM offers a novel
solution to meet passengers’ travel needs, facilitate goods delivery, and provide rapid response
in case of emergencies. Moreover, it is considered a strategy for mitigating the escalating
traffic congestion in major urban areas [137]. Initially, the market held high expectations
for UAM [138]. In addition to eVTOL companies like Joby Aviation [139], Uber initiated
programs such as Uber Elevate to explore opportunities UAM [140]. However, recent projec-
tions have been adjusted downward as various potential barriers have been identified. These
barriers include government intervention, public acceptance, and infrastructure limitations.

One of the infrastructure challenges that must be addressed for large-scale UAM oper-
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ations comes from the power grid [141]. The success of UAM relies on the availability of
electricity, as it involves the use of eVTOL aircraft. A reliable electricity supply is crucial
for the daily operation of the eVTOL fleet, but the current power grid lacks the capacity for
future large-scale eVTOL charging [142]. Additionally, the increasing number of EVs wors-
ens the strain on the power supply. The projection suggests EV percentage of the ground
fleet in the U.S. will grow to about 50% in 2050 with higher charging rates greater than 300
kilowatts (kW) [143, 144, 145]. The combination of more ground EVs and faster ground EV
charging rates will utilize more of the electrical grid over the next several decades and thus
reduce available electrical grid power capacity for UAM and constrain UAM operations if
there are not enough upgrades of the power grid capacity.

Under the best-case assumption that electricity can be transmitted and distributed as
needed within each interconnection (i.e., electrical grid), [146] estimates the maximum num-
ber of UAM aircraft that can be charged simultaneously by dividing the available electrical
grid power capacity for UAM by the baseline UAM aircraft charging rate. The results show
that the maximum number of UAM aircraft that can charge simultaneously in the continen-
tal United States will decrease by 20% by 2050 due to the projected increase in ground EVs.
However, achieving even this scenario could cost trillions in grid distribution [147] and trans-
mission [148] enhancements. Given the high cost of power network upgrades, an alternative
solution is to intelligently coordinate aircraft charging. By aligning UAM charging with
power system constraints, this coordination can minimize grid instability, such as overloads
or voltage drops, without the need for costly infrastructure upgrades [149, 150, 151]. In this
work, we aim to better understand the demand profiles of UAM fleets and develop smart
charging strategies to optimally charge UAM fleets without overwhelming the electric grid.

Designing a smart charging schedule for the UAM fleet requires coordination between
the power network and the transportation system. Controlling the UAM system involves
two key tasks: (1) solving a dispatch problem to assign aircraft to fulfill trip requests and
(2) monitoring the aircraft’s SoC to manage the recharging of the aircraft battery. During
this process, the electric UAM fleet represents a controllable load to the power grid in time
and space. If well coordinated, this controllable load can improve grid social welfare even
when considering power system operation constraints.

There is a growing body of work in UAM fleet dispatch. For example, Shihab et al.
developed a model to decide whether to offer on-demand or scheduled flights and how to
dispatch the fleet and schedule operations based on simulated market demand [152]. Munari
et al. assigned aircraft to on-demand requests while accounting for maintenance events,
allowing flight upgrades to reduce operational and repositioning costs [153]. Stouffer et al.
designed a dispatching tool for UAM operations that enables a dispatcher to plan a UAM
flight and check for issues before filing a flight plan [154]. Besides the fleet dispatch, another
challenge comes from the charging strategies. Optimal charging strategies for fleet aircraft
have received a lot of attention given the high cost of batteries for aircraft, several studies
have examined how different recharging strategies can be optimized to help regulate the
charge profile and enhance battery life [155, 156, 157, 158].

While previous studies have examined the UAM fleet as part of the transportation system,
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they often focus solely on minimizing charging costs and overlook the impact on the power
grid. To address this gap, some research has included the power system in the analysis. For
example, Shihab et al. developed an optimal fleet dispatch framework for eVTOL aircraft
aiming to boost fleet operators’ revenue by securing extra income through offering frequency
regulation services to the electricity market [159]. Thipphavong documented an analysis
of the available electrical grid power capacity for UAM [160, 146]. Additionally, Acera
et al. proposed an optimization based on genetic algorithms to determine the number of
eVTOL vehicles required to make vehicle-to-grid services profitable for different electrical
systems [161]. Paudyal et al. conducted a grid impact study and analyzed infrastructure
upgrade requirements for eVTOL charging on a realistic distribution grid through power
flow simulation analysis [162]. However, these studies do not take into account, from the
viewpoint of the power grid operator, how the smart charging of the eVTOL aircraft fleet
could benefit the grid considering power flow dynamics. In this work, we aim to evaluate
the benefits to the power grid by implementing smart charging schedules that consider grid
constraints.

Most research on dispatching and scheduling algorithms for UAM have used determin-
istic frameworks. However, these models overlook the stochastic nature of aircraft charging
[163]. This stochasticity is influenced by weather, temperature, and emergencies. As a
result, deterministic models lead to ineffective schedules. Recent studies have started to
address uncertainties in UAM operations. They consider uncertainty in deconfliction [164,
165], dispatch [166, 167], fleet sizing [168], routing [169], traffic flow management [170], and
aircraft control [171]. However, these studies do not consider the impact of UAM opera-
tion uncertainty on the power grid. In this work, we use a chance-constrained optimization
approach. This approach models the stochastic characteristics of aircraft operations using
mixed-integer programming (MIP). The chance constraints ensure the failure probability
of the UAM charging plan stays below a predetermined confidence level. Our objective is
to improve the overall welfare of the power system by considering uncertainties in arrival
timings and charging demands while not disturbing the optimal dispatch of eVTOL aircraft
fleets that maximize the fulfillment of UAM demands.

We propose a framework to estimate the potential of smart charging to improve power
system welfare when integrating large-scale UAM into the power grid. The framework be-
gins with the operator estimating UAM travel demand using LBS data. Based on this
estimated demand, the system operator determines fleet dispatch and models the impact of
fleet charging on the power system by solving a DC optimal power flow problem. To ac-
count for uncertainties in arrival times and charging demands, we use a chance-constrained
formulation. The framework is shown in Fig. 4.1.

The rest of the paper is organized as follows. Section 4.2 demonstrates the method for
UAM travel demand estimation. Section 4.3 introduces the fleet dispatch algorithm. Section
4.4 and Section 4.5 provide both deterministic and stochastic frameworks to estimate the
impact of the UAM fleet on the power grid under smart scheduling. Section 4.6 presents
numerical studies and Section 4.7 concludes the paper.



CHAPTER 4. INTEGRATING URBAN AIR MOBILITY INTO THE POWER GRID

THROUGH SMART CHARGING SOLUTIONS 57
UAM System O d Power System
*\——[ UAM-Power System Coordination }—’7

[ Demand Estimation } [ Deterministic Optimization }
LBS Data (7 iT by, ir { Fix Charging Demand ]

[ ; L &L &L

{ TimeGeo Model } E = E - E - [ Mixed-Integer Programming J

i ooop [ooop) [ooop) T
[ Travel Bemand ] T T [ Optimal Charging Schedule }
] ]

Fleet Dispatch Stochastic Optimization

Uncertain Charging Demand

UAM Travel Demand
i

[ J
[ )
[ Integer Programming ]
[ 1

Programming

¥
Charging Demand

Optimal Charging Schedule Given
Confidence Level

Joint Chance-Constrained J

B 3
|
|
H

Figure 4.1: UAM-Power system coordination framework. This framework integrates UAM
travel demand with power system operations. On the UAM side, LBS data is used to estimate
travel demand via the TimeGeo model, which informs fleet dispatch and charging demand
through integer programming. On the power system side, both deterministic and stochastic
optimization approaches are used to compute optimal charging schedules, depending on
whether charging demand is fixed or uncertain. The central coordination ensures efficient
interaction between fleet operations and grid planning.

4.2 UAM Travel Demand Estimation

In this section, we first introduce the mobility generation model, then we illustrate how we
estimate the UAM travel demand from the generated city-wide mobility trajectories.

4.2.1 DMobility Generation Framework: TimeGeo

We use TimeGeo [121] to generate individual trajectories for the entire city population. The
purpose is to generate the urban-scale Origin-Destination (OD) travel flow from which we
can estimate the demand for UAM services.

TimeGeo models each individual’s trajectory based on temporal and spatial choices:
Temporal choices determine how long to stay and when to leave, while spatial choices decide
which places to visit. Since the data covers only a portion of the population, we need to scale
it to represent the entire population. The details on modeling these choices and expanding
the data are provided below.
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To model temporal choice, TimeGeo’s time-inhomogeneous Markov chain model defines
three stay states: home, work, or other. It models work activities with predetermined arrival
times and durations. Home is considered a less active state than other due to longer average
stay durations.

For individuals at home, the probability of starting a trip within a specific time interval
t is denoted as n,P™(t). Here, n, quantifies the number of trips originating from home,
and P (t) reflects the population’s overall travel circadian rhythm. The framework distin-
guishes between P™(t) for commuters and non-commuters. For non-commuters, P™¥(t) is
the fraction of all trips of the population in interval . For commuters, since work is modeled
as a fixed activity, P""(t) does not include trips to or from work. The product n, P (t)
defines the individual’s travel probability at a specific time interval ¢t when they are at home.

For individuals at other, the intention to initiate a trip is modeled with two parameters:
dwell rate B, and burst rate B5. Dwell rate $; measures how much more active the person
is likely to travel when in state other compared to state home. Burst rate 55 measures how
much more active the person is likely to travel to an additional other location when in state
other compared to state home. Specifically, the probability of traveling, when an individual
is at state other, is defined as (11, P (t). Next, if this individual chooses to move at time
t, TimeGeo defines the probability that an individual travels to an additional other location
as Ban, P (1) B1m, PT(t).

To model spatial choice, TimeGeo uses the rank-based exploration and preferential return
(r-EPR) model. The temporal choice determines when to visit home, work, and other. While
home and work are unique places, there are many possible other candidates. In spatial choice
modeling, the framework aims to determine which other place to visit for each individual.

If the individual’s temporal choice is to go to an other state, she explores a new location
with probability P™*" or returns to a previously visited location with probability 1 — P™¢".
Denote A as the number of previously visited locations, the P"" is defined as:

PreU()) = pA77, (4.1)

where p and v are fitted from empirical data. If the individual decides to return to previously
visited locations, she chooses a specific location [ with probability P™" (). This probability
is defined as the visitation frequency of location [. If the individual decides to explore a
new location, she selects a destination based on the rank of locations. This rank represents
the distance between each alternative destination and the current location. The shorter
the distance, the higher the rank. Specifically, they choose a location [ with rank s with
probability P¢P(k):

PP(K) v K9, (4.2)

where « is the fitted parameter from empirical data.

By combining temporal and spatial choices with estimated parameters, we simulate mo-
bility for users in the dataset. Since the dataset represents only a sample of the entire
population, the next step is to expand these users to represent the whole population for a
city-wide simulation. TimeGeo calculates two sets of expansion factors to scale commuters
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and non-commuters to match the real population. These factors determine how many times
to replicate each commuter and non-commuter within each geographical unit (e.g., census
tract, county).

4.2.2 UAM Fleet Demand

The simulated demand gives a holistic representation of the travel pattern in the city. How-
ever, not all of the demand will be satisfied by UAM. This section demonstrates a method
to predict which trips will likely be served by UAM at a given penetration level.

Let the set of factors influencing people’s choices be denoted as £. Those factors are
ordered based on importance, producing a factor vector L = (Ly, Lo, ..., L,,), where Ly € L
is the most important factor, and L,, € L is the least important. Examples of factors that
significantly influence people’s decisions to choose eVTOL. can be broadly classified into
three categories, namely trip-related factors (e.g., travel time, cost, and distance), surface
traffic congestion as a motivating factor to UAM, and acceptance-related factors (e.g., safety
and security, privacy, and noise) [172]. In this work, we only consider trip-related factors
due to data availability. However, the motivating factor and acceptance-related factors can
be easily incorporated into the model once data is available. For each trip ¢, we compute its
rank 77 (t) with respect to each factor L. For example, if we define L as saved travel time,
for a trip ¢; with a 30-minute saved travel time and a trip t5 with a 20-minute saved travel
time, we have r7(t1) = 1 and 71 (t3) = 2. The synthetic rank of trip ¢ is then represented as
a tuple:

r(t) = (rp,(t),r0,(t),...,70,. (1)), (4.3)

where 7, (t) denotes the rank of trip ¢ based on factor L;, with L; being the most impor-
tant factor and L,, the least important. The tuple is sorted lexicographically to prioritize
trips based on their ranks for each factor, with the most important factors influencing the
order first.

We then select the top N™Ps trips after lexicographic sorting of all r(¢). The required
number of aircraft is approximated by dividing the number of selected trips by the aircraft
capacity C"™ i.e., N®s/Cum_ In the current setting we assume all users have ”car-
pooling” as the primary mode. That is, all users are comfortable taking rides with others.
The pool rides are subjected to the capacity of the aircraft C"**", and are only limited to
customers who share the same origin and destination.

4.3 Aircraft Fleet Dispatch

In this section, we first introduce the fleet dispatch model, followed by the problem formu-
lation and an efficient algorithm to solve it.
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4.3.1 System Model

This system has three components: vertiports, aircraft, and travel demand requests. The
operator manages several vertiports and aircraft. Each aircraft can land at or take off from
a vertiport. Upon landing, an aircraft can choose to charge its battery at the vertiport.
Each vertiport features a charging station equipped with several charging piles capable of
accommodating multiple simultaneous charging sessions. We assume the fleet size and the
number of vertiports are fixed, so not all travel demand can be satisfied. Passengers needing
a UAM ride send a request a day in advance, and the operator decides which requests to
accept and how to dispatch aircraft among vertiports after collecting all requests for the
next day. For convenience, let 7 represent the discretized decision time intervals of the daily
operation.

Vertiport. Denote V as the set of vertiports in a city where aircraft travel. Let M be the
set of charging stations equipped at vertiports. Ideally, we need to constrain the number
of chargers and parking spaces. However, in this work, we relax this constraint. This
is because currently we are at a very early stage of UAM deployment and there is not
so much infrastructure to give us a proper assumption of how many spaces are needed
at each vertiport. In this regard, this formulation treats the infrastructure requirements
as optimization variables. The results reveal what the ideal space each vertiport needs if
we want to maximize the number of served trips. Let o,, denote the time cost between
vertiports v and v’. Similarly, let uim, represent the energy cost between vertiports v and v’
at time slot t. The time and energy required do not change with the number of passengers
on the aircraft. However, these costs are different for each flight, as they are determined by
the distance between departure and arrival vertiports along with the energy consumption
per mile. The per-mile energy consumption varies due to external conditions that change
throughout the day.

Aircraft. Denote A as the set of aircraft. Initially, all aircraft are assigned an initial
vertiport according to fleet dispatch optimization results. During the time window after the
arrival time of the current request and before the departure time of the next request, the
aircraft can be charged to ensure operation. Note that aircraft is allowed not to charge if
it doesn’t increase the number of satisfied trips. At each time slot, one aircraft can be in
one of three states: parked at vertiport, charging at vertiport, or in flight. We discrete the
target SoC into U levels. To charge the aircraft from SoC u — 1 to SoC w at time ¢, the time
cost is w!. Each charging session has a predefined time window w to provide flexibility in
operation uncertainty.

Request. Denote R as the set of travel demand requests. For computational ease, we
combine individual requests N®%* into group requests. Every group request accommodates
C"™ trips. An aircraft is capable of handling only one group request at a time. The
number of requests from vertiport v to vertiport v’ at time t is qfw,. Each request r € R
is represented by a tuple (t?,t* v° v?), where t? € T is the departure time, t* € T is the
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arrival time, v° € V is the origin vertiport, and v? is the destination vertiport.
This section follows [168] to calculate the optimal aircraft dispatch and charging window
to maximize the satisfied requests while considering the system dynamics.

4.3.2 Decision Variables

For each time slot ¢, denote the number of aircraft at vertiport v that begin to charge with
an initial SoC of u and target SoC of u’ as an integer variable xf]uu, The number of aircraft
departing for vertiport v’ from vertiport v with SoC w is yijv,,u. The number of parked aircraft
at vertiport v of SoC u is 2} ,. We add one auxiliary integer variable ¢} , to represent the
number of unserved travel demand.

4.3.3 Objective

We aim to minimize the number of requests denied by the UAM operator:

S (1.4

v,v’t

4.3.4 Constraints

Lower Bound of SoC to Start Flight. Ensure that aircraft cannot be in flight when the
level reaches reserve SoC.

yf},fu’,o = Oa \V/U, Ul: L. (45)

Non-nagative Unserved Orders. Ensure that the auxiliary integer variable ij’v, represents
the number of unserved trips between vertiports. This doesn’t prevent the head handing as
Ty = D yfwu can be negative when there is repositioning flights.

Ly =0, Vo0t (4.6)

l’f},v/ Z qzt),z)’ — Z yi,v’,u? VU, 'U/, t. (47)

Fleet size Limit. Ensures that the total number of aircraft in the system at the beginning
equals the fleet size.

Z Ty T Z T T szlu =|A|, Vv, (4.8)

v,u,u v,u,u’ v,
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System Dynamics. Ensure the number of aircraft in parked state at each vertiport at
each time slot at each SoC level is determined by parked aircraft from the previous time
slot, arrivals and departures in the vertiport, and charging status of aircraft in the vertiport.
Denote WY, = {t' € T|t' + ol , = t}, the constraint is:

Z Z yv Uu—i—u yf]:UI7U)

v'eV—{v} t’eWt o

u—1 U U
¢ ¢
+ g Tyt —w — E Wyr) — g Tyuurs VU, UL
u'=0

u’=u'+1 u'=u+1

(4.9)

System Stationarity. Ensure that the aircraft scheduling and charging policies can be
repeated everyday. Previous studies on human mobility [121] and travel surveys [36] indicate
consistent daily travel demand. Thus, by default, the day is treated as a closed system.
However, in more dynamic areas without clear patterns, this constraint can be lifted. We
can then adjust the optimization problem using model predictive control (MPC) [173] to
handle future demand prediction uncertainties.

0 _ T 0 T o _ T / /
Tpuw = Touws Yovw = Yo Zow = Zou VOV, U U (4.10)

4.3.5 Optimization Problem

The optimization problem is:

min Y b (4.11)

vt

st Ypwo=0, Yo't (4.12)
>0, VY, t, (4.13)
Uy 2 Gl — Zyw v WLt (4.14)
Z 20w + Z 2 +Zzw |Al, Vo, (4.15)

Z Z yv vu—i—u yf}:”'ﬂi)

v'eV—{v} t’eWt o

u—1 u U
+ Z N (s Z W) — Z Ty YU UL, (4.16)
u'=0

u''=u'4+1 u"=u+1
0 _ T 0 T o _ T / /
Tpuw = Touws Youvw = Yo Zow = Zou VOV, U U (4.17)

where the objective function of the optimization problem is to minimize the total number
of unserved requests. Constraint (4.12) ensures aircraft of which the SoC is at reserve level
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cannot fly. Constraint (4.13-4.14) ensures that only non-negative unserved requests are
feasible. Constraint (4.15) states the number of aircraft in the system equals the fleet size.
Constraint (4.16) describes the dynamics of the number of aircraft at various vertiports
by modeling the dynamics of the operations. Constraint (4.17) ensures the stationarity of
the state of the system. The solution of xfw’u, gives the charging time window and energy
requirements. The solutions for 7, .., 5 ., and 2, determine the initial allocation of
aircraft to vertiports.

4.4 Charging Coordination Considering Power
System Dynamics

In this section, we model the interaction between the UAM system and the power grid.
We propose a joint model to capture the coupling between these two systems. Using the
charging time window and energy requirements derived from the optimal UAM fleet dispatch,
we calculate the optimal charging schedule while considering power grid dynamics. Our goal
is to maximize power system welfare through smart charging. We begin by formulating the
problem in a deterministic setting and then extend it to incorporate stochastic factors.

4.4.1 System Model

The system model includes both the UAM system and the power system. In the deterministic
formulation, we assume that charging demand and the charging time window are known with
certainty.

UAM System. At the vertiport charging station, each charging session n is characterized
by its earliest and latest possible charging times, denoted by 7, and 77, respectively. Here,
77 is no earlier than the time 7 when the aircraft completes its previous travel request and
repositions to the origin vertiport for its next travel request, while 7 no later than the time
74 when the aircraft departs from the vertiport. An illustrative example of the charging
window is shown in Fig. 4.2. The charging demand for session n is denoted by d,. The
parameters 75, 7¢, and d,, are obtained from the fleet dispatch. The binary parameter s,
indicates the available charging time slots as follows:

sy, . (4.18)
0, otherwise.

. {1, if 78 <t <7,
Within the charging window, the operator must decide on the charging power for session n
at time slot ¢ as pf,, which is bounded by P*. The binary parameter ¢, ,, indicates whether
session n takes place at charging station m. The total charging capacity of station m is
denoted by C;f'| meaning that the combined power of multiple concurrent charging sessions
at the same station should not exceed C.}.
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Charging window for the sessionn  Travel time for request r + relocation time
N N
a Y4 N
Earliest session start time ( °) Latest session end time (t °)

) ) ()

O O O
Arrival time at departure Departure time of request r (t¢) Arrival time at departure
vertiport of request r (%) vertiport of next request r’ (r,7)

Figure 4.2: Tllustrative example of a charging window. The window for session n spans from
the earliest start time 7, to the latest end time 77, bounded by the arrival time 77 and
departure time 7¢ of request r.

Power System. The power system consists of buses and transmission lines as its funda-
mental components. Some buses function as generators, while others serve as loads. Buses
that are neither generators nor loads act as interconnections. Generators produce power and
deliver it to the network, while loads consume power from the network. The operator de-
termines the energy generation at bus i during time slot ¢ as g¢, which is constrained by the
minimum and maximum generation limits G; and G;. The difference in generation between
two consecutive time slots is restricted by the ramp-down and ramp-up limits, denoted by
R; and R;". The generated power supplies the charging load of vertiports (with the binary
indicator 7,,; showing whether session n is a load for bus i) as well as the external load ¢
of bus i at time slot ¢. The voltage angle at bus i in time slot ¢ is represented by 4!, and
the reactance of the transmission line between buses ¢ and j is b; ;. The voltage angle and
reactance together determine the power flow between buses ¢ and j, denoted by f; ;, which
is constrained by the transmission line’s power flow limits, F;,” and F;'.

4.4.2 Decision Variable

We introduce variables at both the vertiport level and the power grid level. At the vertiport
charging station level, the continuous decision variable is p, representing the charging power
for session n at time slot ¢, and is bounded by P*. At the power grid level, the decision
variables include the continuous variables for energy generation at bus ¢ and time slot ¢ as
g, power flow between bus i and bus j at time slot ¢ as ff,j, and the voltage angle at bus ¢
and time slot ¢ as J ;.

4.4.3 Objective

The objective is to maximize power system welfare. Denote W(.) as the generation cost
function and ©;(g!) as the benefit the system can obtain by using the generated power g! at
bus 7, we have:
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max Zz@i(gf)—zzq’i(gf)a (4.19)

4.4.4 Constraints

On the charging station level, there are charging demand constraints, charging window con-
straints as well as charging station capacity constraints.

Energy Demand Constraints. Ensure the charging demand for each session should be
satisfied.

d ph=d., VneN, (4.20)
t

Charging Window Constraints. Ensure the power can be positive only during the charg-
ing window of the session. When the time ¢ is out of the charging session n, i.e., st = 0, the
constraint becomes p!, = 0. When the time ¢ is in the charging session n, i.e., si, = 1, the
constraint becomes 0 < pfl < PT.

0<pl <stPt, VneNteT, (4.21)

Station Capacity Constraints. Ensure the maximal charging capacity of each vertiport is
not exceeded. ¢, ,,p!, is the total power at station m in time ¢. By enforcing 0 < > ¢y, mpl, <
C:t, we ensure the total power at every station in every time slot doesn’t its capacity C.

0<> Gump, <Ch, YmeMteT, (4.22)

On the grid level, we consider power flow dynamics, which need to consider (1) how the
power injections are distributed along the power lines, and (2) how to ensure that the power
flows do not exceed the capacity of the lines. To model flow dynamics, both the higher-
fidelity AC model [174] and the simplified linear DC model [175] are commonly used. The
AC model accurately captures the physical behavior of the network but becomes compu-
tationally prohibitive for large-scale optimization. On the other hand, the DC model, due
to its linearity, is well-suited for large-scale problems. The linearity of the DC model relies
on several key assumptions: (1) voltage magnitudes are constant, (2) reactive power and
line resistances are neglected, and (3) phase angle differences between buses are assumed
to be small. While these assumptions improve computational efficiency, they also limit the
model’s ability to handle voltage constraints in distribution networks [176]. Despite this, the
DC model remains widely used in transmission-level application [177] and is appropriate for
high-level analysis of control policies [178]. In this paper, we focus on the transmission-level
application.
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System Balance Constraints. Ensure the difference between outflow and inflow equals
the net load generation minus load.

— (& + Znn,ip;) = Z Jik — Z fiiv Vi€eZteT. (4.23)

k j
flo=10 (5t ), VijeIteT. (4.24)
—2r <o <2m, VieZ,teT. (4.25)

Generation Capacity Constraints. Ensure the generation does not exceed generator
capacity lower bound G; and upper bound G .

Gy <gl<Gl VieIZteT. (4.26)

Flow Capacity Constraints. Ensure the flow does not exceed transmission line capacity.

The F; and F} * has same absolute value but different sign, i.e, Foi= Fﬁ;, which ensures
for bi- dlrectlonal flow doesn’t exceed I} .

<f”§Ff], Vi,jeZ,teT. (4.27)

Ramping Capacity Constraints. Ensure the generation power gap between consecutive
time intervals doesn’t exceed the lower limit R; and upper limit R;".

Ry <gl—gl"''<Rf, VieIteT. (4.28)

4.4.5 Optimization Problem

The optimization problem is:

PIPILUHEDIPIRACH (4.29)

> ph=d, Vnen, (4.30)

t
0<p <stPt VneN,teT, (4.31)
0<> ¢ump, <Cf, YmeMteT, (4.32)
— (4 Znn,ipz) =N fin= Y fu V€L teT, (4.33)

k J

= b, (5t &), VijeIteT (4.34)
—27r<(5t<27r VieZteT, (4.35)
F; < fngfj, Vi,jeZ,teT. (4.36)
Gy <g' <Gl VieILteT, (4.37)
Ry <gl—g"'<Rf, VieIteT, (4.38)
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Eq. (4.29) maximizes the power system welfare of the system. Constraint (4.30) describes
the charging requirement. Constraint (4.31) characterizes the maximal charging power of
each session in each vertiport. Constraint (4.32) characterizes the maximal charging capacity
of each vertiport. Constraints (4.33)-(4.35) denotes system balance. Constraints (4.36)
describe the line capacity constraints. Constraint (4.37) denotes the generation capacity.
Constraints (4.38) characterize the ramping constraints.

4.5 Charging Coordination Considering Uncertainty

The deterministic formulation focuses on cases where the aircraft’s arrival time and demand
are accurately estimated. However, in reality, the arrival time 7; and charging demand d,,
for each aircraft are stochastic. The uncertainty in the system affects the flexibility that
smart charging can provide. For instance, a narrowed time window reduces the flexibility
for adjusting the charging schedule. Similarly, if an aircraft consumes more energy than
expected, the demand may be higher than anticipated.

4.5.1 Variables and Parameters

The stochastic formulation shares the same variables and parameters as the deterministic
formulation. The difference between the deterministic and stochastic formulations lies in
the randomness of the variables. For each session n, its demand d,, and start time 7,7 are
stochastic and are sampled from a joint distribution €2, i.e., d,,, 7] « Q,,.

We assume the functions describe the probability of finite discrete realizations. Suppose
we have k € K realizations. A realization of the possible pattern is noted by the parameters
dy, and Si,k associated with the probability m, ;. A binary variable h,  is introduced for
each pattern realization.

4.5.2 Objective

The objective is still to maximize the total power system welfare. Denote W(.) as the gener-
ation cost function and ©;(g!) as the benefit the system can obtain by using the generated
power ¢! at bus 4, we have:

max ZZ@i(gf) - ZZ%(Q?)- (4.39)

4.5.3 Constraints

The stochastic formulation retains the same constraints as the deterministic formulation,
except for Constraints (4.30-4.31). In the stochastic formulation, the charging demand d,
and the earliest start time ¢5'" for session n are treated as stochastic parameters influenced by
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aircraft operations. We reformulate Constraints (4.30) and (4.31) using a chance-constrained
framework as follows:

dy < 30,00 —dn < d
Pr NteT | >1—¢VneN, (4.40)
0<pl <stPt

where € is a predefined confidence parameter for each session. This constraint ensures that
the probability of failing to meet the charging requirements is below e.

The distribution of stochastic parameters is hard to model by a continuous function.
Also, these two parameters are correlated with each other. Here we assume that stochastic
parameters have a finite discrete distribution, and then we can solve it by a mixed-integer
programming method [179]. We can divide the pattern realizations into two sets.

Essential Requirements. The subset of possible pattern realizations with a probability
over the confidence parameter is defined as:

K= {k € Kn, mns > €}, (4.41)

The binary variable for the realization k should be h,, = 0 when m,; > €. Since if this
realization is true, the probability will exceed the e. For realization & € K, the Constraints
are as original:

dy <> ph—dur <df, VneN keK), (4.42)
t
0<p, <s,,PY, VneN kek]. (4.43)

These constraints ensure all realizations with probability more than e should be satisfied.

Nonessential Requirements. The subset of possible pattern realizations with a probabil-
ity less than or equal to the confidence parameter is defined as:

Ko = {k € K, T < . (4.44)

For realization k € K., the Constraints can be reformulated as:

sz - dn,k - hnk(z P+ - dn,k) S d:;? vn € N? k S IC777 (445)
t t

> ph = dup + hogdng > dy, VneN keK,, (4.46)
t

0<p, <P (shy+hug), YneN keK,  teT, (4.47)

These constraints ensure all realizations with probability less or equal to € can be selected
to be compromised.
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When the binary variable A, = 0, Constraints are the same as the deterministic cases:
dy <> ph—dyp <df, VneNkek,, (4.48)

t
0<p,<s, P", VYneNteT kek, (4.49)

When the binary variable h,, ; = 1, Constraints are relaxed as:

Y ph—dur— Y PT<df, YneNkek,, (4.50)
t t

Sph>d,. VneNkek,, (4.51)
t

0<p, <P (sh+1), VneN keK  teT, (4.52)

Constraints (4.50) are guaranteed since Y, p!, < >, PT +d, . +d; is always true. Since
we have d,; < 0, we can guarantee Constraints (4.51) too. For Constraints (4.52), if s}, , = 0,
we have 0 < p!, < Pt which means even if the aircraft will not able to charge at time slot
t, charging now is still a feasible solution in this optimization problem. If sﬁl’k = 1, we have
0 < pf < 2P*, which means the aircraft can charge at time slot t. Together this constraint
ensures that whether this time slot ¢ is available for charging or not, a positive charging
power solution is feasible.

Failure Probability Requirements. Ensures the summation of probability 7, ; under all
realizations for session n is less than e. The subset of possible pattern realizations with a
probability over the confidence parameter is defined as:

> (Farhos) <0, VneN, (4.53)
ket
hoyx € {0,1}, VneN, ke K. (4.54)

The subset of possible pattern realizations with a probability less or equal to the confi-
dence parameter is defined as:

> (Turhos) <€, VneN, (4.55)
kek,,

hor €{0,1}, VneN,kek,. (4.56)
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4.5.4 Optimization Problem

We have the optimization problem as:

max Y 0> O:g]) = > Vil (4.57)

s.t. Constraints (4.32) — (4.38) (4.58)
dy <Y P = dux Sdf, YnENkEK], (4.59)
t

0<p, <s Pt VneNkek]. (4.60)
> (Taurhos) <0, VnEN, (4.61)
ket

hoi € {0,1}, VneN,kek;. (4.62)
> ph = dug = k(Y Pt —dyy) <df, VneN keK,, (4.63)
t t

D bk = dug+ hogdng > d,, VneNkeK,, (4.64)
t

0<p, <P (sh+hni), YneNkeK,  teT, (4.65)
> (Turhog) <€, YneN, (4.66)
kek,,

hoi € {0,1}, VneN, ke K. (4.67)

where Eq. (4.57) maximizes the power system welfare. Constraints (4.32)-(4.38) describe
deterministic power system dynamics. Constraints (4.59)-(4.62) ensure the subset of possible
pattern realizations with a probability over the confidence parameter should be satisfied.
Constraints (4.63)-(4.67) ensure the summation of probability under all realizations for each
session is less than the predetermined confidence level.

4.6 Numerical Studies

We first introduce the dataset used and then present the UAM travel demand. Following this,
we demonstrate the flexibility available in both the deterministic and stochastic settings.

4.6.1 Data Overview

We use LBS data to model the mobility trajectory of users. The datasets, as described
in [180], cover Miami-Dade County in Florida and were collected over a two-month period
from September to October 2022. The total number of users is approximately 100,000, and
these users generated millions of records within the given region and timeframe. Each record
consists of a user ID, a timestamp, a stay duration, and a pair of geographical coordinates.
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For the power grid analysis, we utilize a synthetic 9-bus transmission system [181] to
evaluate the performance of our framework. This system includes power flow data for nine
buses, three of which are generators. The dataset comprises bus data, generator data, branch
data, and generator cost data. Each bus can function as a generator or not; if it does, the
data includes the maximum and minimum power outputs. Each generator has an associated
cost represented by a quadratic function. For each branch between two buses, the dataset
provides its reactance, as well as the lower and upper power capacity. Each bus has a load
that must be satisfied, which is scaled from the data provided by [182]. This data offers
hourly load information for a typical day in Florida.

4.6.2 Experiments Setting

Travel Demand. Denote the saved travel time compared to traditional cars as At and the
travel distance as d, we define L = [At, d] as the factor vector to determine most possible
70,000 UAM trips. These trips satisfied At > 30 minutes and d > 30 miles.

Fleet Dispatch. Miami-Dade County is divided into hexagons with an edge length of 10
km, each containing a vertiport, resulting in a total of 27 stations. We assume the fleet size
is 1500 and the flexible time window is set to be 20 minutes. The charging demand within
the county is treated as the load for bus 1. The aircraft configuration is shown in Table 4.1.
In the numerical study, we assume the energy consumption per mile is a constant that stays
the same across the day.

N Charging Battery Initial  Reserve  SoC  Energy Rate Passenger
M power [kW]  Capacity [kWh] SoC [%] SoC [%4] Levels [kWh/mile] Capacity
Value 250 160 70% 20% 8 1 1

Table 4.1: Aircraft configurations

Power Grid. The generation capacity, ramping limits, line capacity, and reactance are
derived from the 9-bus system data. In this case study, we set the generation function as a
quadratic function, i.e., ¥(z) = &2 + &r + &, where the £, &, & is obtained from 9-bus
system data. The benefit function is assumed to be ©(x) = ox, where ¢ can be regarded as
the amortized benefit the users can get from using one unit of electricity. Here we set it as
the 0.1$/kW h, which is at the same magnitude as the electricity price.

Uncertainty Modeling. For stochastic formulation, the confidence level is set as 0.05. The
pattern realizations and probability for each session are listed in Table 4.2. In the table, we
show the difference between the sampled arrival time (energy demand) and the mean arrival
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Pattern Realizations 1 2 3 4 5 6 7 8 9
Arrival Time [min] -10 -10 -10 +0  +0 40 +10 +10 +10
Energy Demand [kWh] -30 +0 +30 30 +0 430 -30 +0 +30
Probability 0.00020 0.0063 0.00020 0.029 0.93 0.029 0.00020 0.0063 0.00020

Table 4.2: Pattern realizations and probabilities

time (energy demand). The probability is sampled from a joint normal distribution with a
mean value as the arrival time and energy demand in the deterministic formulation.

4.6.3 UAM Charging Demand

We analyze the differences between the city-wide mobility pattern and the UAM travel
demand. Our comparison includes the departure timing distribution as well as maps of the
origin and destination matrix for both general travel demand and UAM travel demand. Fig.
4.3 (A) illustrates that the departure timing for UAM and general travel demand have similar
distributions. Fig. 4.3 (b-c) highlights the differences between general travel demand and
UAM travel demand. The grey area represents the base map of Miami-Dade County. The
green hexagons indicate areas, each containing one vertiport, represented by orange nodes.
Links between vertiports signify travel demand between them, with the color of the edges
indicating the flow of travel demand—the darker the color, the greater the flow. Our analysis
reveals that while general travel demand covers the entirety of Miami-Dade County, UAM
travel demand has more long trips between the northern and southern parts of the county.
Then we further show the charging session overview after optimal dispatch. Fig. 4.4 (A)
shows the distribution of energy demand of charging sessions. Most charging sessions have
to satisfy a charging demand of around 75 kWh. Fig. 4.4 (B) shows the distribution of
charging start time, the travel demand distribution , and served travel demand distribution.
Most charging session starts at late night and early morning. This is because the travel
demand is low late night and early morning, allowing for time for charging. During the day,
the charging demand doesn’t increase with more travel demand. This is because all aircraft
are active in serving travel demand. From 0:00 to 6:00, travel demand is low, allowing most
aircraft to charge, resulting in numerous charging sessions. Around 8:00, during the 6:00
to 9:00 period, morning travel peaks occur, with many aircraft less available for charging
due to active service. With full charges between 0:00-6:00, the fleet can meet trip demands,
showing a served demand peak. From 9:00 to 15:00, demand drops, and so as the served
demand. The 15:00-19:00 period has a second demand peak, but served demand does not
rise due to limited fleet size and the morning peak depletes energy; aircraft charge only
when SoC is critically low. From 19:00-24:00, demand decreases, allowing more charging
time, and increasing charging sessions. This framework also provides important insights
into optimizing capacity, the quantity of charging piles, and the allocation of parking spaces
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Figure 4.3: Comparison of all travel demand and the UAM demand. (A) Temporal distri-
bution of the departure time of all trips and UAM trips. (B) Geographical distribution of
all trips’” OD. (C) Geographical distribution of UAM trips” OD.

to reduce unmet travel demand. Specifically, the number of simultaneous sessions varies
from 1 to 192, indicating significant differences in vertiport size requirements across different
locations.

4.6.4 Power Grid Flow

We analyze the power flow on transmission lines and the generation power at each generator
for both deterministic and stochastic scenarios. Fig. 4.5 shows power flow in the system.
The green nodes represent buses with generators, while the red nodes represent buses with-
out generators. Arrows between two links indicate a flow on the transmission line, and the
number on each arrow denotes the percentage of flow relative to the transmission line ca-
pacity. Similarly, the number on each node indicates the generation power relative to the
generator’s capacity. We define the peak hour as the time slot when the external load reaches
its maximum and the off-peak hour as the time slot when the external load is at its mini-
mum. Fig. 4.5 (A-C) display the off-peak hour power flow. In these scenarios, the stochastic
scenario focusing on generation exhibits a lower generation than the deterministic scenario,
while the stochastic scenario focusing on power system welfare shows a higher generation
than the deterministic scenario. Fig. 4.5 (D-F) show the peak hour power flow. Similarly,
during peak hours, the deterministic scenario has a generation between stochastic scenarios
focusing on power system welfare and a scenario focusing on generation.
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Figure 4.4: Charging session overview. (A) Histogram of charging session energy. (B)
Histogram of charging session start time, UAM trip departure time distribution, and served
UAM trip departure time distribution.

4.6.5 Power System Welfare

We present the load profile for both deterministic and stochastic scenarios, followed by the
power system welfare that the operator can generate under these scenarios. Fig. 4.6 (A)
illustrates the optimal charging schedule throughout the day. The red area highlights the
power grid peak hours while the green area highlights the off-peak hours. The Deterministic
case and ASAP case share the same area under curves because they are optimized without
considering uncertainty in charging energy needs. However, the Stochastic (W)/Stochastic
(G) case considers the uncertainty in energy consumption and thus has a different total
charging demand. With a smart charging schedule (Deterministic/Stochastic), the charg-
ing profile becomes more flattened. This occurs because the generation cost is a quadratic
function of power generation, meaning that a higher generation significantly increases the
cost. Therefore, a good strategy is to shift high demand to time slots with lower demand.
When comparing peak hours (times of high external load) with off-peak hours (times of
low external load), we observe that the difference between the four methods becomes more
pronounced during off-peak hours. For the stochastic cases, charging demand is uncertain,
leading the operator to either charge more or less than the actual demand. In the power
system welfare-focused case, the operator aims to maximize the benefit obtained by using
the generated electricity minus the generation cost. In contrast, the generation-focused case
aims to minimize generation costs only. The power system welfare-focused strategy is more
aligned with economic benefits, while the generation-focused approach considers environ-
mental factors. We find that under uncertainty, operators tend to charge more to increase
power system welfare, even when generating less power could satisfy demand and reduce
carbon emissions. Fig. 4.6 (B) shows the power system welfare change of Deterministic,
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Figure 4.5: Power flow to line capacity and power generation to generator capacity under
Deterministic and Stochastic (power system welfare) and Stochastic (Generation). (A-C)
Peak hour case. (D-F) Off-peak hour case.

Stochastic (Welfare), and Stochastic (Generation) compared to without any control in AM
(6:00-9:00), MD (9:00-15:00), PM (15:00-19:00), RD (19:00-6:00). The bar with '+’ pat-
terns indicates the change is positive and '/’ indicates the change is negative. We find the
change of Deterministic, Stochastic (Welfare) and Stochastic (Generation) is most signifi-
cant in AM and RD when there are more charging sessions. While Deterministic, Stochastic
(Welfare) provides positive changes, Stochastic (Generation) will reduce the power system
welfare to improve environmental benefits. The simulation incorporating uncertainty reveals
that areas with lower weather variability can be adequately managed through deterministic
optimization, ensuring efficient charging operations. However, in regions with high weather-
related uncertainties—where travel time and energy consumption exhibit significant fluctua-
tions—deterministic approaches may be insufficient. In such cases, aircraft must overcharge
to compensate for unpredictable energy demands, leading to lower effective service rates and
a potential reduction in overall network efficiency. This highlights the importance of choos-
ing launch sites for UAM services in areas with stable operational conditions. Additionally,
it highlights the need for designing a UAM network that is resilient to external uncertainties,
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Figure 4.6: Charging power and power system welfare. (A) Charging schedule under ASAP,
Deterministic, Stochastic (power system welfare), and Stochastic (Generation). (B) power
system welfare change of Deterministic, Stochastic (power system welfare), and Stochastic
(Generation) compared with ASAP. Patch '+’ denotes the positive change and '/’ denotes
negative changes.

such as weather disturbances and unexpected delays.

4.7 Conclusion

The electrical grid is one of the many infrastructure challenges that must be overcome to
enable large-scale UAM operations. This paper provides a framework to estimate the poten-
tial of smart charging to improve power system welfare when integrating large-scale UAM
into the power grid. We first estimate UAM demand from LBS data. Then we construct
a transportation and power system nexus by solving a fleet dispatch and an optimal power
flow problem. The overall aim is to maximize the power grid welfare by smart charging man-
agement. At last, we incorporate the uncertainty of the charging time window and charging
demand into the formulation through chance-constraint optimization. The results indicate
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that smart charging effectively enhances power system welfare. Nevertheless, to incentivize
vertiports to adhere to the operator’s smart charging schedule, an appropriate pricing strat-
egy must be established. Beyond smart charging, several alternatives for integrating UAM
into the power grid we could explore include: (1) implementing renewable energy options
like solar and wind power to meet some of the UAM charging needs, (2) utilizing energy
storage systems, such as battery storage located at vertiports, to mitigate demand fluctua-
tions and ensure grid reliability, and (3) exploring vehicle-to-grid capabilities to improve grid
flexibility. UAM vehicles equipped with bidirectional charging systems could help stabilize
the grid by discharging stored energy back into it during peak demand periods.
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Chapter 5

A Cluster-based
Appliance-level-of-use Demand
Response Program Design

The ever-intensifying threat of climate change renders the electric power system undergoing
a profound transition toward net-zero emissions. Energy efficiency measures, such as de-
mand response, facilitate the transformation to jointly relieve consumers’ financial burden
and improve the operability of the electric power grid, in a carbon-free way. In this chap-
ter, we design a cluster-based appliance-level-of-use demand response program, based on the
massive volume of appliance consumption data, to expand the role demand response can
play in the power grid’s low-carbon transition. We systematically model the appliance-level
utility function to distinguish consumers’ distinct consumption patterns. We then develop a
bi-level optimization model to capture the interactions between individual consumers and a
DSO and enable appliance-level-of-use demand response functions. To further improve the
efficiency and scalability of the proposed mechanism, we propose a cluster-based approach
to capture the heterogeneity of users based on their energy consumption behaviors. Sim-
ulation results show that by capturing the detailed appliance-level response patterns, the
proposed approach can systematically improve overall social welfare compared with conven-
tional demand response mechanisms. The research reported in this chapter can be found in
[183].

5.1 Introduction

The undergoing profound transition of the electric power industry toward net-zero emis-
sions combats the climate change [184]. While the carbon emission responsibility has been
traditionally attributed to energy generators for the combustion of fossil fuels, the active
demand side is reshaping this conventional view [185]. The responsibility of carbon emission
flows with electricity, transfers over the power delivery network, and eventually distributes
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to consumers according to their electricity consumption activities. Therefore, encouraging
low-carbon energy behaviors from the demand side, such as shifting their electricity use or
adopting energy-efficient technology, could enable the decarbonization of the global economy
[186, 187]. To this end, demand response, empowered by the ever-increasing amount of fine-
grained energy consumption data collected by smart grid edge devices (e.g., smart meters),
creates a win-win situation to combat climate change [188].

Demand response refers to the changes in electric usage by consumers in response to
variations in the electricity price over time or across different energy sources. In this way,
demand response could shave down demand peaks and smooth out power consumption across
the grid, making it more reliable and versatile without requiring major investments in in-
frastructure upgrading [189]. Harnessing electricity demand can also help integrate variable
renewable energy sources, like wind and solar power [190]. The year 2022 has witnessed
several occasions where demand response from consumers effectively resolves system oper-
ability constraints. In the recent event of the California heat wave, electricity demand in
the state climbed to a record high of more than 52,000 MW on September 6. At 5:45 pm,
California’s Office of Emergency Services sent out an alert to targeted counties, and within
minutes, demand dropped by 1,200 MW between 5:50 pm and 5:55 pm, which effectively
ended the emergency [191]. Similarly, in May 2022, the Texas grid operator, ERCOT, asked
residents to reduce their power use to prevent rolling blackouts due to a heat wave and the
loss of several power generators, which successfully prevented the grid from falling below its
safety margin of excess supply [192].

Despite the various advantages offered by demand response, traditional demand response
programs fail to fully utilize the flexibility of consumers due to insufficient characterization
of the consumers’ energy behaviors with different appliances. For instance, while a dryer can
be run at different times, refrigerators must stay on constantly. Meanwhile, air conditioners
are mostly needed during the hottest times of the day for homes and apartments. Therefore,
a finer-level and more precise demand response empowers individual decisions at scale to
fight climate change and maintain the integrity of the grid.

The deployment of advanced metering infrastructure, if expanded, offers the capability
to monitor, record, and transmit data at unprecedented sampling rates [193]. Nevertheless,
this expansion faces two primary challenges: the costs associated with installation and data
collection and privacy concerns.

For the installation and data collection costs, recent technological advancements have
paved the way for cost-effective, large-scale data collection. Utility operators are now fo-
cusing on optimizing smart meter deployment to reduce costs associated with deployment,
maintenance, and data collection [194]. Innovations in smart meter infrastructure aim to
decrease communication costs, and hardware expenses, and simplify network complexities
[195]. A notable advancement is a low-cost smart meter design, offering a cost-efficient
deployment strategy and receiving strong consumer support [196]. Additionally, the pro-
liferation of smart home technologies such as Amazon’s Alexa®), Google Home®), Apple’s
HomeKit([®), and Samsung SmartThings®), has gained widespread popularity. These inno-
vations have introduced novel methods for individually monitoring and controlling household
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appliances, transforming how consumers interact with their home environments.

Addressing privacy concerns linked to smart meters involves three main strategies. First,
distorts data before sending it to utilities using data aggregation [197], anonymization [198],
and data obfuscation algorithms [199, 200, 201]. Second, estimates appliance use and con-
sumption from aggregated data through applying non-intrusive load monitoring algorithms
(202, 203, 204, 205]. Lastly, Decentralized frameworks, integrating cryptographic techniques
[206, 207], offer functional and privacy-preserving solutions, ensuring essential services while
protecting data privacy.

In summary, these technological improvements have rendered more detailed demand re-
sponse programs not only feasible but also practical, offering both operators and consumers
effective tools to manage energy usage more efficiently.

In this paper, to bridge the gap between high-resolution consumer data and demand
response methods, we propose a cluster-based appliance-level-of-use demand response pro-
gram design to expand the role demand response can play in facilitating and accelerating
the power grid‘s low-carbon transition.

Demand side management of the grid has been extensively studied in the previous liter-
ature to enhance the efficiency and reliability of the power system [208]. A key component
of demand side management is the design of demand response programs, which have been
extensively studied. These programs are typically categorized into two types: price-based
and incentive-based demand response. Price-based demand response includes strategies like
static time-of-use, critical peak pricing, and real-time pricing, with considerable research
dedicated to designing optimal pricing schemes. For instance, Li et al. propose a dynamic
pricing mechanism combining time-of-use and real-time pricing to tap the potential of de-
mand response through flexibly guiding users’ energy consumption in [209]. Ruan et al.
propose a graph deep learning-based retail dynamic pricing mechanism to incent consumers
to adjust their daily energy consumption behaviors in [210]. On the other hand, incentive-
based demand response programs are similar to critical peak pricing but reward customers for
reducing their energy consumption during peak hours below a set baseline. There is extensive
research focused on the design of incentive-based demand response programs. For instance,
Wen et al. propose an incentive-based demand response program with modified deep learning
and reinforcement learning [211]. Tsaousoglou et al. propose a demand response architecture
including a mechanism based on Ausubel’s clinching auction and a communication protocol
to guarantee both efficiency and truthful user participation in [212].

Various efforts have been made to study how to improve the design of price-based and
incentive-based demand response programs based on a more accurate characterization of
consumer behaviors. To this end, some of the previous literature made the effort to capture
energy consumption patterns on the individual level to enhance the effectiveness of demand
response. For instance, Samadi et al. analytically model each user’s preferences and en-
ergy consumption patterns and propose a mechanism for demand side management in [213].
Shafie-Khah et al. propose a stochastic model of a home energy management system to
optimize the customer’s cost in different demand response programs in [214]. Muthirayan
et al. propose a novel self-reported baseline mechanism and show that truthful reporting
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of baseline consumption and marginal utility is a dominant strategy in [215]. Nikzad et al.
employ bi-level stochastic programming to maximize the total social welfare for the smart
microgrid in the presence of demand response programs in [216]. Zheng et al. develop a
fully distributed multi-energy demand response approach based on the exchange alternating
direction method of multipliers to reduce overall energy cost in [217]. Yu et al. present a
novel framework for demand response resource trading between multiple service providers
and end customers in [218]. However, one common drawback shared by these works is that
they fail to differentiate the variance of different appliances within the design of the demand
response program. As each kind of appliance has its own energy consumption and operation
characteristics, it is evident that harnessing their unique energy consumption profiles and
operation models can further improve the effectiveness of the demand response design [219].

To address this important concern, previous literature has investigated the mechanism
and deployment of appliance-level demand response [220]. For instance, Aksanli et al. iden-
tify the relationship between human activities and the power demand of the house and
generate power profiles to estimate users’ flexibility when rescheduling appliances in [221].
Latifi et al. provide a detailed and practical characterization of the household appliances and
improve the efficiency of the demand response [222]. Antunes et al. consider the power cost
component and ways of dealing with user’s discomfort and model detailed energy consump-
tion models for different appliance categories [223]. Ruan et al. propose a non-interruptible
appliance load reconstruction technique to restore the estimated electric energy consumption
of appliances and proposes a demand-side smart dynamic pricing model to foster demand
responses in [224]. However, these works were largely model-based and relied on empirical
or numerical appliance models to capture the complex and dynamic human behaviors and
uncertain environmental factors involved in daily energy consumption activities. While the
aforementioned models were designed to reflect reality at their best, their validity can be
affected by simplifying assumptions and abstractions. For a complex real-world problem
characterized by noise and fluctuations, such as demand response, the massive volume of
appliance-level consumption data, and how they can help unmask some of the patterns that
we do not yet fully understand, have not been adequately explored in the literature.

The contributions of this paper are threefold. First, we propose a data-driven frame-
work for appliance-level utility modeling by formulating utility as a quadratic function and
estimating key parameters using a DCM. This approach distinguishes users’ usage patterns
based on appliance-level consumption data and integrates individual appliance utilities into
a unified user-level utility function. Second, we extend the conventional level-of-use demand
response program into an appliance-level-of-use design, leveraging the bi-level structure to
offer users more specific and actionable incentives tied to the usage of individual appliances.
Third, to enhance scalability and operational efficiency, we introduce a cluster-based version
of the program that captures user heterogeneity by grouping users with similar appliance
usage patterns.

The rest of this paper proceeds as follows: Section 5.2 introduces the appliance-level
utility model for consumers. Section 5.3 illustrates the appliance-level-of-use program. After
that, we present an extended version of the demand response program to enhance its scal-
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ability in Section 5.4. At last, we show the efficiency of proposed programs in Section 5.5.
Concluding remarks are demonstrated in Section 5.6.

5.2 Appliance-level Utility Function Estimation

In this section, we model the appliance-level utility function and employ the DCM to esti-
mate function parameters. After that, we illustrate how we combine appliance-level utility
functions to form an individual-level utility function for each consumer.

5.2.1 General Utility Model

The quadratic utility function is extensively utilized in power system research [213, 215] to
articulate the diverse utility functions of users. This approach effectively captures essen-
tial utility function characteristics and achieves a balance between representing population
heterogeneity and maintaining analytical simplicity. Originating from microeconomics’ law
of diminishing marginal utility (DMU) [225], the quadratic utility function embodies the
principle that an individual’s interest in consuming goods or services decreases when the
consumption reaches its maximum level. According to this law, marginal utility is initially
high and decreases to zero once consumption hits the saturation point. The utility function
should satisfy the following three properties.

e The utility function is non-decreasing and continuous:

U'z) >0 (5.1)
e Marginal benefit is non-increasing:

U'(z) <0 (5.2)
e Utility value is zero at zero power consumption:

U(0) = 0. (5.3)

Following DMU law, we characterize a user’s utility function of using a certain appliance
with a piecewise quadratic function U(z):

71'—%.1'2, nggla
(0%

PYRE) x> R

2c T

where x is the energy consumption of the appliance, o and v are constant parameters. We
characterize consumers’ personal preferences on energy consumption by estimating o and ~
parameters for every appliance in different households.
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To illustrate the meaning of these two parameters, we denote v = 2% and a = 2—‘; and

b
express the utility function as follows:

a
—x(2b —z), 0<x<0b,

Uz) = { b ( ) _, (5.5)
a? x— )

where a is a scale factor of the utility function. We can regard a as the maximum utility that
the user can obtain from using a certain appliance. The parameter b denotes the threshold
that the utility stops increasing with the energy consumption, which can also be interpreted
as the maximum possible energy consumption associated with the appliance. Thus, we divide
the utility function into two parts. The first part is the multiplier a, denoting the maximum
utility that can be obtained from the appliance. The second part is (20 — x) € [0, 1],
presenting how much the utility approaches to the maximum utility.

5.2.2 Parameter Estimation

To better characterize the utility function, we need to estimate parameters a and ~ for
each user’s appliance. We have shown that these two parameters depend on the maximum
utility @ and maximum energy consumption b. For parameter b, we can directly estimate the
maximum energy consumption £ based on historical data. Therefore, we focus on estimating
a in this section.

Specifically, we adopt the DCM [226] to estimate the maximum utility, followed by a
three-step routine: model specification, model fitting, and parameter calculation.

Model Specification

DCM assumes that people choose the option that brings the maximal utility when facing
a discrete set of options, and the utility of an option is a function of variables, an option-
specific constant, and a random error term. For the distribution of error terms, we adopt
the Logit model [227], which assumes choice probabilities follow sigmoid functions.

In our setting, the consumer chooses whether to use the appliance when confronted with
different electricity payments and energy consumption. Therefore, for each user i’s appliance
J, if the user chooses option m, the utility U; ; , is specified as follows:

Uijm = Vijm + €ijm

_ Q¢ vl v B
= Pijm t PijmTijm t €ijm

(5.6)

where V;;n, is the net utility and €., is the random error. 7, . consists of variables

that will influence the consumer’s choice, and vector 8;;, specifies the coefficients of x7;
. . :

whereas 37, ,, denotes option specific constants.

In this case, z; "% € a? ; represents the general per-use energy consumption associated
payment

i € x;; means the general per-use payment related to the

. . )
appliance. The Bf?ergy and provmen ft}ymen

7j
with the appliance and x

are coefficients of % and x

1,7 2,7
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Model Fitting

After specifying the model, we use maximum likelihood estimation and observation data to

estimate the coefficients of variables, namely, 57, and 5}, .

For observation n of each user i’s appliance j, we define:

1, if observation n chooses m
o = . (5.7)
" 0, otherwise.
Besides, for observation n we define P, as the probability of the user i to choose the
option m for appliance j: )
eVi,j,m
P == (5.8)

i’j7m - V .
e € i

Then the likelihood function for user i’s using appliance j is:

Lh;(,j = H::l Hle PiT,Lj,vaj’ma (59)

Finally, the coefficients of all variables can be derived as follows:

AC /\,v o * (& v
rjmo Bijm = 218 | max I LR (B, B m)- (5.10)
i,5,m"1,5,m

Parameters Calculation

After estimating 37, ,, and 37, ,,, we calculate the maximum utility by estimating the value

of energy [228], denoted by VoE, which represents the average value of unit energy increase
from a user’s perspective. The VoE is calculated through:

aquyment aU/axgnergy ﬁ@@ergy
VOEivj - | 2gnergy | = | pzjment| = | pZG’,] ment |’ (51]‘)

Next, the utility function U, ;(z) for user i’s appliance j when it consumes energy x
is obtained by plugging maximum possible utility a;; and energy consumption b;; to get
maximum possible utility into Eq. (5.5):

;j = VOE,L"J‘ X Ei,j7 (512)

bi,j = Ei,j- (513)
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5.2.3 Utility Function Combination

We can combine each user’s appliance-level utility function into a single utility function.
Suppose we have U;(q;) = vig; — alq?/2 + ¢ as the total utility function to present
> e Ui j(4ij), where c is a constant, then we seek to solve the following optimization prob-

lem.
q” =max Us(q:)

qi,5
st. U(q) = Zjej Ui (%),
q; = Zjej dij,
qu‘ Z O,V] € J
The Lagrange function is as follows:

L QZ,j7 A N] Z U,j QZ,] + A (ZjeJ qij — %) + ZjeJ Hjdi,j- (515>

To obtain the optimizer, we check the Karush-Kuhn-Tucker conditions [229]:

(5.14)

Vij — Qi = —A— p;, V) € J
¢ = Zjej Qi (5.16)
¢; =0, p; >0, pg;=0, Vje
Solving the system of equations, we can present ¢;; through a linear function of g;.
Replacing ¢;; by the linear function of ¢; in U;;(q;;), we have Ui(¢;) = >_;c;Uij(gi;) =
Yiqi — alig? /2 + ¢, where v} and o are represented by v; ; and «; ;.
Note that for the first condltlon we only consider the x < b for U, ;(¢;;), since x > b will
not be reached: When x exceeds the maximum possible energy consumption b, the utility

will not increase while the energy cost builds up, which leads to lower revenue for the user,
contradicting users’ rationality.

5.3 Bi-level Model for Appliance-level Demand
Response Program

The Level-of-Use Program (LoUP) process, a general framework for demand response, aims
to maximize the revenue of the DSO by setting appropriate m,. and z. The program adopts
a three-phase process: Firstly, the DSO sends the pricing information {7", 7", z} to users,
where 7" is the electricity price and 7" is a reward price for users who reduce their energy
consumption below the threshold z. Secondly, user ¢ decides the energy ¢; ; it will consume
on each appliance j. Thirdly, the payment is calculated depending on the amount of energy
the user consumes. This section aims to extend the general framework to an appliance-level
demand response framework. We term this framework the appliance-level-of-use program
(ALoUP).
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5.3.1 Program Overview

The ALoUP aims to maximize the revenue of DSO by setting appropriate 77 and z; for
every appliance. Given the pricing information {r", Ly z;}, the payment of each appliance
is calculated as follows:

o If ¢, ; < z;, then the payment for the user ¢ is:

gy — (7" — )25 — Qi) (5.17)

o If ¢, ; > z;, then the payment for the user i is:

thid'. (518)
The sum of payments for all appliances is straightforwardly defined as the total payment.

5.3.2 User Side Model

User’s revenue refers to the utility that a user benefits from consuming energy minus the
payment she makes for the energy consumption.

For the utility part, we define the utility of user ¢ from using appliance 5 based on the
discrete choice modeling. Specifically, when user ¢ consumes ¢; ; for appliance j, its utility
is:

U™ = Uij(4ig)- (5.19)

For the payment part, we define the user’s payment under ALoUP. Therefore, when the
user ¢ consumes ¢; ; for appliance j, the payment is:

user ﬂ-hq@]' - (Trh - 7TT)(ZJ' - Qi,j)u qij < Zj
G = L (5.20)
™ dij, Qi > %
Combining them together, for each user i, we have her revenue R}*“" as:
R = ZjeJ(U;fje’” — i), (5.21)

Based on the revenue, user ¢ can calculate her optimal energy consumption plan by
solving the following optimization problem:

.— user
ij = Mmaxy, . R;

(5.22)

. - : T ias
The optimal response of user 4 given {z;, 7} } is:

q;; = maxg R (5.23)
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Remark: In this study, we focus on establishing a foundational framework, thereby re-
stricting our analysis to the continuous energy consumption of interruptible appliances. To
effectively integrate uninterruptible appliances into our model, we propose to employ a bi-
nary variable alongside the per-use energy consumption h; ;ja; ; to substitute the continuous
variable g; ; for representing the energy consumption of the user ¢ on appliance j. This re-
placement means that instead of consuming a continuous amount of energy ¢; ;, the user has
the option to either utilize the appliance and consume a; ; or not use it at all, consuming 0.
We defer the details in Appendix C.1.

5.3.3 Operator Side Model

The revenue of DSO is the profit it gains from users minus the generation cost to satisfy
users’ demand.
For the profit part, we assume it equals the sum of the users’ payments for energy:

U = Zig Z]EJ cpser, (5.24)

For the generation cost part, we assume it is a convex function g(.) of total energy demand

[230]:
dso __ .
=g <Ziel Z]EJ q”) ' (5:25)
For DSO, we denote the revenue R%° as:
Rdso — Udso o Odso‘ (526)

Then the DSO seeks to solve the following optimization problem to set the optimal 77}
and z;:
max, .- Rso

I ‘ (5.27)
stz >0, Vi€

We denote the optimal solution of DSO by

* T* dso
25,5 = MaX, R%°. (5.28)

5.3.4 Solution Analysis

The bi-level model consists of a lower-level model and an upper-level model as shown in
Figure 5.1.

The lower level focuses on the user side. Given the pricing scheme {7Th,7T§,Zj}, the
optimal energy consumption ¢;; can be obtained by maximizing Eq. (5.21) :

Yij — 2 + 5 . 2v;; — 3" + ;
a; = o 2%’,{ (5.29)
’ Yig — " 27 — 3" + 7
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Upper Level
DSO
Objective: Maximize Grid Revenue
Energy Hourly Energy Hourly Energy Hourly
Usage Pricing Scheme Usage Pricing Scheme Usage ||| Pricing Scheme
User 1 User 2 User n
Objective: Objective: Objective:
Maximize Individual Maximize Individual Maximize Individual
Revenue Revenue Revenue

Lower Level

Figure 5.1: The upper-level DSO sets hourly prices to maximize grid revenue, while lower-
level users respond by adjusting their energy usage to maximize individual revenue. This
hierarchical structure captures the interactive decision-making between the grid and users.

In the upper level, the DSO makes the decision. With the solution from the lower-level
model, we can obtain the optimal solution for the upper-level model. The profit the DSO
gets from the consumer is the sum of all payments from users:

(27" — 7%) (viy — 20" + ) 2v;; — 3" + 7

_< " _W;)Zjv Zj

CZL?ET _ ©J J 5.30
5J 7Th<%‘,j o 7Th) . 2,-)/1/7] _ 3,/Th + 7_(_5 ( )
ag T 20,5

Plugging C***" into Eq. (5.24) yields that:

U= > .G (5.31)

For the generation cost, since we know the energy consumption of every user,
by plugging ¢;; into Eq. (5.25), we have:

=y <Ziel Zje] qu) ' (5-32)

We use the big-M method [231] to formulate the decision-making. According to the Eq.
(5.30), the C5°" is determined by z; and Z; j, where Z; ; is:

25 — 3+t
5, = ) i (5.33)
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The big-M formulation needs two sets of auxiliary variables, y; ;1 and y; ;2. When z; > Z; ;,

we set ¥;,1 = 1. And when z; < z; ;, we set y; ;o = 1. Then the generation cost and users’

payment can be represented as the function of y (Details are deferred to Appendix C.2).
To find the optimal {7}, z;}, we need to solve the following optimization problem.

max Udso o Cdso
Z77T/r‘7y

st. Zi;—z <M —-vyij;1), VielVjeld
2i—Zijg <M1 —vy;,2), VielVjelJ (5.34)
Yija+Yije=1 Viel VjelJ
viit,Yig2 € {0,1}, Viel,VjeJ
2; >0, VjeJ

5.3.5 Algorithm to Solve Problem (5.34)

Problem (5.34) is hard to solve due to its cubic objective function. We make modifications
to the original optimization problem and transform the mixed integer cubic programming
problem ! into the mixed integer linear programming problem. Specifically, we first discretize
the reward price to reduce the cubic problem to a quadratic problem, then introduce more
auxiliary variables to transform the quadratic problem into a linear problem.

Discretization of Reward Price

We discretize the reward price to several segments. That is, for each appliance j, we set
7 € {75, s T}, and introduce auxiliary variable {x1j, zg ...,z ;}. If the kg, price
is chosen, then xj ; = 1. After the discretion, the problem becomes a quadratic problem.

Auxiliary Variable

To further reduce the quadratic problem to a linear mixed-integer programming problem,
we introduce several auxiliary variables:

ai%ﬁj:xk,jyi,jvl, ]{?EK,iEI,jE J
Ay = Ay %5, keKiel jeld (5.35)
af; = Yij1%;, 1el,jed

With these auxiliary variables, this problem is transformed from mixed-integer quadratic
programming to mixed-integer linear programming and can be solved efficiently via com-
mercial solvers, e.g., Gurobi [232].

!The cubic structure comes from the objective function. See Appendix C.2 for details.
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5.4 Cluster-based Bi-level Model for Demand
Response Program

We can straightforwardly customize the LoUP and ALoUP by setting the customized thresh-
old z; and price 7] for every customer ¢, or the threshold z; ; and price 7; ; for every user ¢’s ap-
pliance j. We term them individual-based level-of-use program (ILoUP) and individual-based
appliance-level-of-use program (IALoUP). However, IALoUP could be very time-consuming.
This section aims to improve the scalability of the proposed demand response program. We
cluster the customers based on their electricity consumption patterns and then use the cen-
troids to approximate the heterogeneity among all users. We term this kind of framework
the cluster-based level-of-use program (CLoUP) and the cluster-based appliance-level-of-use
program (CALoUP).

Figure 5.2 illustrates the cluster-based bi-level model. Each household ¢ € [1,I] com-
putes its household-level utility function parameters («;, ;) and appliance-level utility func-
tion parameters (a;j,7; ;) for appliance j € [1,J]. These parameters are reported to the
DSO for clustering, ensuring that the DSO does not access individual energy consumption
data, thereby preserving user privacy. Upon receiving these parameters, the DSO employs K-
means clustering. For CLoUP, clustering is performed on household-level parameters («;, ),
assigning a cluster label n; and determining the cluster center (o/,;, /) for each household.
This results in the pricing scheme m,, 7"ni, z,,. CALoUP clusters appliance-level param-
eters (a;j,7i;), providing cluster center parameters (ay,; ;,7,, ;) for use in pricing scheme
design. This results in a pricing scheme 7, 7'ni, j, 2,,, ;. Finally, the DSO communicates the
respective pricing schemes to each household.

1Yr QY %Yy ' Utility Function

4\ A ... =
m Price Scheme

________________________________________________

Rey i Utility Function

| . -
™4 B ——II- S |

Price Scheme — e——

_________________________________________________

Figure 5.2: Households make appliance-level energy decisions based on utility functions and
pricing schemes provided by the Distribution System Operator (DSO). The DSO clusters
households using K-means and implements either cluster-level (CLoUP) or cluster-appliance-
level (CALoUP) optimization to improve scalability and pricing efficiency.
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5.4.1 Usage Pattern Clustering

The K-Means clustering method [233] is adopted here to differentiate different classes of
usage patterns. The K-Means algorithm clusters data by trying to separate samples into
n groups of equal variance, minimizing a criterion known as the inertia or within-cluster
sum-of-squares. This algorithm requires the number of clusters to be specified. It scales well
to a large number of samples and has been used across a large range of application areas in
many different fields.

The K-Means algorithm divides samples into disjoint clusters. After clustering, the
algorithm returns m clusters with ¢,, users in each cluster, each described by the center of
the samples in the cluster p,, = [, Vm]. These clustering results serve as the basis for
characterizing the cluster-based demand response problem.

5.4.2 Demand Response based on Approximation

We only describe CALoUP in detail and the CLoUP can be obtained by extending LoUP in
the same manner. The CALoUP aims to maximize the utility of DSO by setting appropriate
7, ; and 2, ; for every appliance of the group. Given the pricing information {r", T s Znits
the payment of each appliance is computed depending on the energy that users consume:

o If ¢, ; < z,;, then the payment for the user n is:

" ) (Zng — ) (5.36)

Ty — (7
o If g, ; > 2,;, then the payment for the user n is:

TG ;- (5.37)

The summation of all appliances leads to the total payment. Similarly, the optimal {7, ;, 2, ;}
can be obtained through the mixed-integer linear programming.

5.4.3 Solution Analysis
Similarly, denote the profit the DSO gets from the users as U94%:

h r h r
i =33 (2" — ;) (O — 27" + 7 5)

O yn,j,lcn
neN jeJ ™3
N o (5.38)
_ (2 — 1 Yoy — O T
ZZ m 7"'n,j)zjyn,],l ] yn,J,Q Cp.
neN jeJ Hn,j

The generation cost is C%°:

s Vnj — 21" — 7] Ynj — "
0 = 9( E E (— o "Y1 + —; —Yn,j2)Cn |- (5.39)
n,j

neN jeJ
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We also set z as:
Znj = (2Vn; — 37" + mn ) (200,5) 7" (5.40)

To find the optimal {7, ., 2, ; }, we need to solve the following optimization problem.

n]’

max Udso o Cdso
Z7x7y7a

St Znj— 20 S M1 —ys;1), YneN,jeJ
Zng — Zng < M(1—ynj2), VneN,jeJ] (5.41)
Ynjl+Ynj2o =1, Vne NVjelJ
YnjlsYnj2 €10,1}, Vne N,jeJ
2n; >0, VYneN,jeJ

5.4.4 Algorithm to Solve the Problem (5.41)

We follow the algorithm for ALoUP and transform our optimization problem as follows.
Denote the profit the DSO gets from the users as U%*°, we have:

h h
[rdso — Z Z ((27T Ynj1 — ZkeK Wkngaknj)(%g —2m")

a .
neN jeJ "]
r 2 .2y
+ 27T ZkEKﬂkn]akng _ ZkeK(Wk,n]) akng (542)
(671 Qn 4
h h
h yz a:yz (’ynyj -n )
7T —— i C
k,j k} n] O y?’L,],Q n:
keK n,J

The generation cost C%° can be described as:

r zy h
S0 Tn yn 1 Zk K Wk,n, '&k,n,' Yng — T
cd _9<ZZ ( J = gl Lake - d fmd ; : yn,m)cn). (5.43)
n7] n?]

neN jeJ

We set z, ; as follows:

h r
_ 290, = 31" + D rek 7Tk,n,jx’“v"’j. (5.44)

2Odn7j

Zn,j
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We can then transfer the problem as follows:
max Udso . C«dso
Z?Z7y7a
st Zng = 2ng < M(1 = ynja),
Zng — Zng < ML= Ynj2),

g Teni=1,2,:>0
kK kn,j y<n,g = Y

Ynji + Yng2 = 1,
Ynj1s Ynj2 € {0,1},

az?mj < Tk, T Yngjl — 1, Vk e K

Tyz zy Tyz ‘
akvnvj S a’k,n,j7 a’]{;7n7j S Z’rLJ’ Vk’ E K

aif’;ij <z,; —U(1- aif’nvj), Vk e K

yz . Yyz .
ap, < Yn,j,1, A j < Zn,j

ap i < zng — Ul = ynj1),

a™,a™* 0", x, . € {0,1}, Vk e K.

Note that all the constraints are n € N, 5 € J. We omit them for the sake of brevity.

5.5 Numerical Studies

This section first conducts the parameter estimation of the utility function and specifies the
distribution of the utility function among all users. Then we compare the four different
demand response programs based on estimation results.

5.5.1 Data Overview

To construct utility functions for various appliances, we utilize two datasets from Austin,
Texas: one detailing electricity usage time series and the other showing electric tariffs. The
Pecan Street Dataport [234] provides high-resolution data from instruments installed in
users’ homes, covering around 750 houses in Texas. This dataset offers anonymized power
data for each household, identified by a unique Data ID, with appliance-level data recorded
at one-minute intervals throughout 2018. We have appliances categorized into four groups:
cooking, cleaning, HVAC, and working appliances. Additionally, Austin Energy provides a
Time-of-Use (ToU) electric tariff option [235], which complements the electricity usage data
by offering insights into the cost implications of appliance use at different times.
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5.5.2 Utility Function Estimation

We demonstrate the calibrated utility function in this section. Figure 5.3 (A) illustrates
the energy consumption required for users to achieve maximum utility (E) for different
appliances. It reveals that HVAC appliances are the largest consumers of energy, followed
by cleaning appliances, due to their longer operation times. Cooking appliances consume
less energy due to shorter usage durations, while working appliances, typically having lower
rated power, consume the least energy. The distribution of E shows that HVAC appliances
exhibit higher variance, indicating diverse user behaviors when making decisions. Users need
to consider the payment and the energy consumption when they make decisions, and their
decisions reflect how they value the energy consumption associated with the appliance, i.e.,
the VoE. Figure 5.3 (B) explores the VoE for different appliances, highlighting that working
and HVAC appliances, often linked to essential activities, possess higher VoE values. The
variance in VoE for working and HVAC appliances is particularly notable, suggesting varying
usage patterns across households. With the knowledge of energy consumption and VoE, we
visualize the utility function with median £ and VoE among all users in Figure 5.3 (C). Figure
5.3 (C) shows that HVAC appliances typically offer higher utility compared to others. In
terms of energy consumption to reach maximum utility, HVAC appliances again lead, while
working appliances show the lowest maximum energy consumption to reach maximum utility.
This analysis indicates the diversity of appliance types on energy consumption patterns.

5 - 1.5
0.6
4 —
<
— 1.0 o
<3 g Z04
~ A £ Cooking
w 2 Y5 g Cleaning
~ 0.2
1 HVAC
4 Working
0 0.0 0.0
CookindCleaning HVAC Working Cookingleaning HVAC Working 0.0 0.5 1.0 1.5 2.0
Appliance Type Appliance Type Energy Consumption [kWh]

Figure 5.3: Utility function estimation for different appliance types. (A) shows the estimated
energy required to achieve maximum utility (E) across appliance types. (B) presents the
VoE across appliance types. (C) visualizes the median utility functions for each appliance

type.

5.5.3 Efficiency Evaluation

We evaluate the performance of the different algorithms listed below. To ensure the robust-
ness of the results, we add uniform-distributed noise to consumers’ utility function parame-
ters and repeat each method several times to show the uncertainty level of the results.
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e No Demand Response Program (NDR): No demand response program is applied.

e Classic Price-based Demand Response Program (PDR): PDR implements
time-of-use pricing, ToUQ@QLow and ToU@High, with peak hours prices at 1.1 and 1.2
times the current rate, respectively.

e Incentive-based Demand Response Program (IDR): IDR offers incentives for
reduced usage during peak hours, with a reported baseline set at 0.6 (Bid@Low) and
0.8 (Bid@High) times the energy leading to maximum utility.

e Our Demand Response Program (ODR): LoUP, ALoUP and CALoUP.

Figure 5.4 shows the improvement of ToU@Low, ToUQHigh, Bid@QLow, Bid@High, LoUP,
ALoUP, and CALoUP compared with NDR. For total revenue, the value denotes the increase
compared with NDR while for generation cost and user payment, the values indicate the re-
duction compared with the NDR. All values are normalized by maximum values among
all methods. CALoUP stands out as the leading solution, achieving the highest revenue
and reducing generation costs, thereby lowering user payments through substantial energy
consumption reductions. ALoUP outperforms LoUP by integrating appliance-level pricing,
showcasing the effectiveness of our proposed models. Although ToU@QHigh and Bid@QLow ex-
hibit performances comparable to ALoUP, ToU@High unintentionally raises user payments
without significant energy savings, and Bid@Low lacks efficiency relative to CALoUP. This
evaluation highlights CALoUP’s superior capability in improving demand response effective-
ness.
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Figure 5.4: Efficiency evaluation across pricing methods. The three panels compare the
change in total revenue, generation cost, and user payment under different methods. Cluster-
appliance-level optimization (CALoUP) achieves the highest system revenue but also results
in the highest generation cost and user payment, while simpler pricing schemes like ToU@QLow
yield lower system performance with minimal user cost.
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5.5.4 Robustness Evaluation

We assess the robustness of our framework by testing the algorithm across two scenarios:
varying user diversity levels and different numbers of clusters. User diversity reflects the
variance in utility functions, with higher levels indicating a wider range of utility function
shapes among participants. The choice of cluster numbers indicates the precision in char-
acterizing these utility functions, where more clusters equate to finer accuracy. Figure 5.5
(A) reveals that as user diversity increases, the total revenue improvement compared with
NDR for DSO decreases. Additionally, CALoUP outperforms ALoUP, highlighting the ef-
ficacy of cluster-based appliance-level pricing in enhancing demand response programs. On
the other hand, Figure 5.5 (B) shows an increase in the number of clusters leads to higher
DSO revenue improvement (compared with NDR). However, a higher number of clusters also
results in greater computational costs, the operator needs to consider the trade-off between
computational efficiency and the performance benefits of the framework.
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Figure 5.5: Robustness evaluation under user diversity and clustering levels. (A) shows that
total revenue improvements decrease with increasing user diversity, with CALoUP consis-
tently outperforming ALoUP. (B) illustrates that increasing the number of clusters enhances
DSO revenue improvement.

5.6 Conclusion

In this work, we model the appliance-level utility function as a quadratic function and esti-
mate the key parameters using the discrete choice model. Leveraging the proposed model, we
extend the level-of-use program to an appliance-level-of-use program to enable more specific
demand-side management. Furthermore, we propose a cluster-based approach to reduce the
computational complexity of the proposed appliance-level demand response program and
improve its scalability and efficiency. The numerical studies highlight the strength of the
proposed demand response programs as they significantly improve social welfare compared
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with the no-demand response scenario. In addition, the appliance-level demand response
programs outperform the individual-level demand response in the case of generation cost
and user payment. Our work can be extended in several ways. For instance, one can expand
the proposed demand response design to cover not only consumers that consume energy, but
also prosumers equipped with appliances such as energy storage devices.
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Chapter 6

Conclusion

This chapter concludes the dissertation by summarizing the key contributions, discussing
their impact on related research, and outlining potential directions for future work.

6.1 Summary

This dissertation introduces a framework for incorporating human system dynamics into the
design and operation of CPS, with a particular focus on the electrification of transportation
systems. By integrating human system dynamics, physical system dynamics, and operator
policy, the framework provides a foundation for more adaptive, efficient, and resilient HCPS.

The first part of the dissertation focuses on estimating human system dynamics using
real-world data. Specifically, it examines how spatial social networks influence PEV adoption
forecasts. A comparison of benchmark diffusion models reveals that models—despite fitting
the same historical data well-—can produce drastically different forecasts, highlighting the
risk of overfitting at the early stage of EV adoption. Besides, incorporating spatial social
networks improves the model’s ability to capture observed spatial autocorrelation in the
adoption patterns. This part also explores the role of uncertainty and network topology in
shaping the effectiveness of PEV promotion strategies. These findings emphasize the need
for adaptive, context-aware policies that consider both local social network structures.

The second part investigates how human system dynamics influence physical system
dynamics. For private EVs, human mobility data is combined with charging session data to
model spatiotemporal charging demand in the San Francisco Bay Area. Then, personalized
mobility-constrained shifting recommendations are proposed to alleviate peak demand on the
power grid. Simulations suggest that such strategies can significantly flatten load curves,
but their effectiveness depends on complementary infrastructure—particularly at workplaces
and public destinations during daytime hours. For commercial fleets, the analysis extends to
UAM. A framework is developed to integrate UAM travel demand with power grid operations
using smart charging. Results suggest that smart charging can benefit the power system
without compromising the optimal fleet dispatch.
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The third part focuses on how system operators can coordinate human system dynamics
and physical system dynamics through policy design. This part proposes an appliance-
level demand response program that models user utility functions using a quadratic form
estimated through discrete choice models. The program enables fine-grained control at the
appliance level. To improve scalability and reduce computational complexity, a cluster-based
approach is introduced that groups users based on similar consumption patterns. Numerical
experiments show that the proposed mechanism improves social welfare relative to baselines
and outperforms traditional individual-level demand response programs in terms of both
generation costs and user payments.

Together, these three parts demonstrate the value of incorporating human system dy-
namics into the operation of CPS. The proposed HCPS framework offers practical insights
to enable a more responsive and sustainable electrification of transportation systems.

6.2 Impacts on Related Efforts

The work presented in this dissertation has broader impacts across several domains. Below,
we summarize four key areas.

Extending Human System Dynamics Modeling to Diverse HCPS Domains. While
this dissertation focuses on transportation electrification, the outputs and modeling ap-
proaches developed are broadly applicable to other HCPS domains. For example, mobility
simulations and energy usage patterns can be used to improve traffic simulation, smart grid
control, and transportation-energy system coordination. These generalizations open up new
pathways for applying human system dynamics modeling to address challenges in urban
systems.

Advancing Privacy-Preserving System Design. The reliance on fine-grained behav-
ioral data in HCPS raises critical privacy concerns. This dissertation motivates the need
for privacy-aware algorithm design in system operations, as well as further development
of frameworks that incorporate privacy-preserving and incentive-compatible mechanisms.
These directions are particularly relevant for scaling HCPS in data-sensitive environments
such as health care systems, mobility platforms, and smart grids, where balancing utility
with user trust is essential.

Enhancing System Robustness under Human Uncertainty. The stochastic nature of
human decision-making can destabilize HCPS operations if not properly accounted for. In the
context of transportation electrification, this dissertation reveals the importance of integrat-
ing renewable energy sources, energy storage systems, vehicle-grid integration technologies
to buffer demand-side uncertainty. These efforts can collectively support the development
of robust optimization frameworks in HCPS.

Promoting Equitable and Resilient Infrastructure Planning. This dissertation pro-
vides a framework to model where charging demand will grow, helping utilities and planners
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target grid upgrades and charging station deployments. Furthermore, this research allows for
the identification of systemic disparities in EV adoption and access to charging stations. As
a result, it can aid in shaping policies focused on a fair transition, such as equitable subsidy
initiatives or strategic placement of infrastructure in underserved communities. These con-
tributions provide a data-driven basis for integrating equity and resilience into infrastructure
planning.

6.3 Future Directions

The methodologies and findings presented in this dissertation contribute to operations of
HCPS, particularly in the context of transportation electrification. Nonetheless, several
promising research directions remain. These can be grouped into four key areas:

Human System Dynamics as a Public Asset. This dissertation develops models of
human system dynamics using network science, statistical physics of complex systems, and
probabilistic agent-based approaches. The approaches as well as outputs are valuable for var-
ious applications [236, 237]. However, for non-specialists, it remains difficult to apply these
methods directly. Future work should focus on making knowledge human system dynam-
ics more accessible by publishing standardized datasets with high-resolution spatiotemporal
coverage on mobility [238] and energy section [234]. Additionally, building an open-source
software library with tools for modeling human activity [239] could further foster interdisci-
plinary research.

Privacy-Preserving and Incentive-Compatible HCPS. The effective operation of HCPS
often requires detailed, real-time data on human activity, such as smart meter readings or

mobility traces. However, privacy concerns remain a significant barrier to data sharing.

Future research should investigate mechanisms that both protect individual privacy and in-

centivize engagement. This includes the development of privacy-preserving algorithms based

on differential privacy [240], correlated randomness [241], and encryption techniques [242].

Designing privacy-preserving and incentive-compatible frameworks that align individual in-

terests with system-level objectives is critical for broader adoption [243].

Robust Operations under Human System Uncertainty. Human decision-making
can introduce significant uncertainty into physical world operations. While prior work on
system management has largely focused on uncertainties from the physical environment [244,
245, 246], future research should address how to manage uncertainties in human system
dynamics. Approaches such as stochastic dynamic programming [247], chance-constrained
optimization [248], robust optimization [249], and deep reinforcement learning [250] hold
promise. Moreover, developing a theoretical framework to mathematically characterize the
impact of human behavioral uncertainty on physical system performance can provide valuable
insights for enhancing the robustness of system operations.

Equitable and Resilient Infrastructure Planning. This dissertation demonstrates how
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modeling human system dynamics improves the precision of infrastructure planning. Look-
ing forward, extending these models to forecast future human behavior—shaped by socioe-
conomic, environmental, and technological changes—will be essential. On the technical side,
such forecasts can improve grid planning by providing detailed demand-side information
and supporting the integration of distributed energy resources for greater resilience. On the
socioeconomic side, predicting and addressing disparities in infrastructure access is critical
for advancing justice and inclusion. For example, future work could explore co-optimization
frameworks for charging infrastructure placement that balance both equity [251] and re-
silience [252].
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Appendix A

Supplementary Information for
Chapter 2

A.1 Fitting Error on County Level

Figure A.1 shows 2022 county-level adoption rates for Washington and California (excluding
the 15 most populated counties) from data and simulations of State BM, County BM, and
SocNet BM.
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Figure A.1: County-level adoption rates of data, State/County BM and SocNet BM in 2022.
The box shows the quartiles of the county-level adoption rates of SocNet BM while the
whiskers extend to show the rest of the distribution. Cross markers show the adoption rate
of State BM, star markers show the adoption rate of County BM, and square markers show
the empirical data. (A-B) demonstrate results in Washington (blue) and (C-D) demonstrate
results in California (orange).
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A.2 Fitting Error on Tract Level

Tract-level fitted adoption rates from State BM, County BM, SocNet BM, and data in 2022
are shown in Fig. A.2.
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Figure A.2: Tract-level adoption rate comparison between empirical data and simulations
of State BM (orange), County BM (dark blue), and SocNet BM (light blue) in 2022. Each
point presents the fitted tract-level adoption rate and the corresponding empirical adoption
rate. The diagonal line indicates fitted adoption rate is the same as the empirical data. (A)
demonstrates results in Washington and (B) demonstrates results in California.
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A.3 Coefficients of State/County BM and SocNet

BM.

Table A.1 demonstrates fitted p and ¢ values from State/County BM and SocNet BM.

plow pMidde pttigh ghow  gMiddle o High
Wasslgiton 14x107% 2.6 x 107" 7.6x107* 021 021 020
Wzsiﬁf;on 7T4x 107 13x1071 18x 1071 023 022  0.22
Wzilg;i‘éon 15%x10% 34x10% 40x10% 002 003 0.3
Caslf;)trema 23x 107" 62x107" 20x107% 015 013 0.8
ngi‘ﬁ‘;a 14x 107" 2.9%x107* 88x 107" 0.14 014 0.11
Collomia 1% 10 47x 107 12x10% 002 001 0.5

Table A.1: Median p and ¢ values of State/County BM and SocNet BM (units for BM

parameters are year!).
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A.4 Forecast Considering “Switching Back to
Internal Combustion Engines Vehicles (ICEVs)”.

Various elements—including fluctuations in fuel /electricity prices, the availability of charging
stations, and changes in consumer tastes—may cause a reversal towards older technology.
According to [253], approximately 46% of current PEV users in the United States may
consider reverting to ICE vehicles. Our model allows for the simulation of “Switching Back
to ICEVS” by assigning a likelihood that users will abandon PEVs after several years of use.
We examine different scenarios by adjusting two parameters: Year indicates the number of
years before users start to consider transitioning back to ICEVs, while Prob expresses the
probability of this switch. For example, “Year = 5 and Prob = 0.5” indicates that after 5
years of adoption, the adopter will have a probability of 0.5 of switching back to ICEVs every
year thereafter. Our settings include Year = 5, 10, 15 and Prob = 0.1, 0.3, 0.5. Setting “No
Return” represents the baseline where customers do not switch back to ICEVs. Fig. A.3
(A-B) demonstrates how a smaller Year and a larger Prob slows down the PEV diffusion in
Los Angeles.

O O
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Figure A.3: PEV diffusion forecast accounting for “Switching Back to ICEVs”. (A) demon-
strates adoption forecast based on varying timeframes (in years) before users begin consid-
ering a transition back to ICEVs (Year set as 5). (B) demonstrates adoption forecast based
on different probabilities of switching back to ICEVs (Prob set as 0.5).
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A.5 Forecasts on County Level

Figure A.4 shows 2050 county-level adoption rates for Washington and California (excluding
the 15 most populated counties) from data and simulations of State BM, County BM, and
SocNet BM.
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Figure A.4: County-level adoption rates of data, State/County BM and SocNet BM in 2050.
The box shows the quartiles of the county-level adoption rates of SocNet BM while the
whiskers extend to show the rest of the distribution. Cross markers show the adoption rate
of State BM, star markers show the adoption rate of County BM, and square markers show
the empirical data. (A-B) demonstrate results in Washington (blue) and (C-D) demonstrate
results in California (orange).
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A.6 Urban Layout and Diffusion Process

The urban layout of the area directly affects the spatial and social structures of areas, which
can further affect PEV adoption. This section provides an analysis of the correlation between
urban spatial /social structures and adoption diffusion patterns. Regarding spatial structure,
we consider the geographical autocorrelation of population density, the geographical auto-
correlation of income, and the overall population density at the county level. Concerning
the social structure of areas, we take into account various 7y values that determine the social
network structure.

In terms of spatial structure, Fig. A.5 demonstrates that counties with greater population
and higher geographical autocorrelation in terms of income and population density typically
exhibit higher adoption rates in present and forthcoming adoption trends.
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Figure A.5: Spatial structure and diffusion process. Each circle represents one county in
Washington and California. The solid line denotes the linear regression results of circles.
(A-C) plot the county-level adoption rate and corresponding population density Moran’s 1,
Income Moran’s I, and overall population density in 2022. (D-F) plot county-level adoption

rate and corresponding population density Moran’s I, Income Moran’s I, and overall popu-
lation density in 2050.

In terms of social structure, Fig. A.6 (A-C) display the Moran’s I statistics for State/County
BM and SocNet BM across three counties in Washington, while Fig. A.6 (D-F) show the
same in California. In California and Washington’s most populous counties, specifically
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King and Los Angeles, we can identify a social network structure parameter () that closely
replicates the observed Moran’s I statistics. Nonetheless, counties such as Santa Clara and
Pierce have no ~y value that can accurately replicate the empirical Moran’s I statistics.
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Figure A.6: Moran’s I statistics for State/County BM and SocNet BM in 6 counties in
Washington and California. For SocNet BM, we use the network with three s, i.e., 1,3,10.
The fitting process is repeated for each v and the median of predictions is reported. Solid
lines with circle markers show the median (50th percentile) Moran’s I statistics from SocNet
BM. Dashed lines with cross markers and star markers show the Moran’s I statistics from

State/County BM; Squares show the Moran’s I statistics calculated from empirical data on
tract level.
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A.7 Justification of Market Segmentation

In this study, we divide the potential market based on income. Other related segmentation
factors include educational background, home ownership, and housing type. In Fig. A.7, we
show that these three variables exhibit correlations. The figure illustrates the association
of these three variables with income. Besides, with only three income groups, the fitted p
and ¢ already demonstrate significant variability due to limited data at the early adoption
stage. Hence, despite the potential for more advanced applications to incorporate additional
market segmentation with more socio-demographic parameters [44] or varying levels of the
variables[254], we select income as the sole segmentation criterion.

: ; 1.00 1.00
e} : o
£ 0.75 2 0.75 T 0.75
-4 S aé_
= b
g 050 2 0.50 £ 0.50
i : g
3025 2025 £ 025
w o
0.00 WA 0.00 WA 0.00 WA
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
Income Ratio Income Ratio Income Ratio
1.00 1.00
o 0.8 2
S 5 0.75 T 0.75
= 06 S <
.‘% 0.4 g 0.50 ﬁ 0.50
(]
E 3 0.25 € 0.25
502 T (% .
0.0 CA 0.00 CA 0.00 CA
0.5 1.0 0.5 1.0 0.5 1.0
Income Ratio Income Ratio Income Ratio

Figure A.7: Correlation plots of socio-demographic variables related to adoption. The in-
come ratio represents the normalized income relative to the highest income across all tracts.
(A,D) demonstrate correlation between the education ratio and income in Washington and
California. The education ratio is defined as the proportion of the population aged 25 or
older who have at least a Bachelor’s degree, relative to the total population aged 25 and
older. (B,E) demonstrate correlation between ownership ratio and income in Washington
and California. The ownership ratio refers to the percentage of owner-occupied units among
all housing units. (C,F) demonstrate correlation between the housing ratio and income in
Washington and California. The housing ratio indicates the percentage of detached single-
family units among total housing units.
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A.8 Sensitivity Analysis on Network Size

This sensitivity analysis illustrates the impact of varying network sizes on the social network
structure, adoption rate, and Moran’s I for the adoption rate. We configure various network
sizes by selecting expansion factors of 5, 10, 15, 25, and 100 in Los Angeles. As presented in
Table A.2-A.4, an increase in the expansion factor results in reduced network size, character-
ized by fewer nodes and edges. Our analysis also demonstrates how average degree, average
geographical distance between two nodes, clustering coefficient, and assortativity vary across
different expansion factors.

Expansion Average Average Clustering ..
Factor # Nodes 77 Edges Degree  Distance Coefficient Assortativity
5 1,189,150 3,567,441 6 21.67 0.0001 0.07
10 594,480 1,783,431 6 21.68 0.0002 0.07
15 396,364 1,189,083 6 21.66 0.0002 0.07
25 237,827 713,472 6 21.70 0.0004 0.07
100 59,453 178,350 6 21.76 0.0012 0.07

Table A.2: Expansion factor and corresponding social network structure summary (v = 1)

Expansion Average Average Clustering .
Factor # Nodes 77 Edges Degree Distance Coefficient Assortativity
5 1,189,150 3,567,441 6 1.95 0.01 0.65
10 594,480 1,783,431 6 1.96 0.02 0.65
15 396,364 1,189,083 6 1.97 0.02 0.65
25 237,827 713,472 6 1.99 0.03 0.64
100 59,453 178,350 6 2.14 0.08 0.62

Table A.3: Expansion factor and corresponding social network structure summary (y = 3)

We further illustrate the impact of varying expansion factors on adoption rates and
Moran’s I. Figure A.8 (A-C) shows that smaller expansion factors result in higher Moran’s I,
whereas Fig. A.8 (D-F) indicates that the expansion factor has minimal effect on adoption
rates. Consequently, we decide to use the smallest feasible expansion factor, which is 5.
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Expansion Average Average Clustering .
Factor # Nodes 7+ Edges Degree Distance Coefficient Assortativity
5 1,189,150 3,567,441 6 0.71 0.04 0.96
10 594,480 1,783,431 6 0.71 0.07 0.96
15 396,364 1,189,083 6 0.72 0.10 0.95
25 237,827 713,472 6 0.72 0.14 0.95
100 59,453 178,350 6 0.78 0.33 0.92

Table A.4: Expansion factor and corresponding social network structure summary (y = 10)
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Figure A.8: Network expansion factors’ influence on diffusion patterns. The dots present the
median results of multiple repetitions of simulation using a predefined p and ¢ set. (A-C)
demonstrate the correlation of adoption rates and corresponding Moran’s I across various
expansion factors (Expansion Factor = 5, 10, 25, 100) and different network structures
(v =1,3,10). (D-F) demonstrate adoption rates evolution across various expansion factors
(Expansion Factor = 5, 10, 25, 100) and different network structures (v = 1,3, 10).
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A.9 Justification of Values of vs

We calculate clustering coefficient [255], assortativity [256], the distribution of degree, and
distribution of the geographical distance between nodes in Los Angeles. Table A.5 and Fig.
A.9 show the overview of social network characteristics with different v. We find that higher
v leads to higher clustering coefficients, assortativity, P(k) exponents, and P(r) exponents.

Previous research finds for the social network inferred from blogs [257], location-based so-
cial networks [258][259] or mobile phone data [260][261][262], the distribution of geographical
distance between nodes follows a power law, with exponents between -1 and -2. Therefore,
we explore social networks with v = 1, 3,10, which leads exponents between 0 to -3. Also,
we set v = 10 for the default social network for analysis as it leads to a clustering coefficient
closer to empirical values in social networks.

Clustering Assortativit P(k) Power Law P(r) Power Law
Coefficient Y Fitted Exponent Fitted Exponent
1 0.0001 0.07 -3 -0.3
3 0.01 0.65 -3 -2.1
10 0.04 0.96 -3 -3.0

Table A.5: Social network characteristics with different ~
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Figure A.9: Distance distribution P(r) and Degree distribution P(k) of social network with
v = 1,3,10. (A) Distance distribution of various social network structures. The solid line
indicates the data distribution and the dashed line with the same color indicates the fitted
power law distribution. (B) Degree distribution of various social network structures. The
solid line indicates the data distribution and the grey dashed line indicates the fitted power
law distribution.
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A.10 Social Network Construction Process

Fig. A.10 depicts the procedure for constructing a social network. Subfigures (A-C) illustrate
the assignment of geographical information to nodes based on census data [47], while (D-F)
illustrate the process of forming edges among nodes.
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Figure A.10: Social network construction process. (A) Number of vehicles in each census
tract (obtained from the census tract data). (B) Each node represents one node (when
the expansion factor is 1). The latitude and longitude for each node are set as centroid
coordinates of its respective census tract. (C) Based on the latitude and longitude for each
node, the distance d;; between any two nodes, 7 and j, can be computed. For nodes residing
within the same census tract, the distance is set as half the square root of the census tract’s
area. (D) Nodes 1, 2, and 6 are selected as the active nodes set, leaving nodes 3, 4, and 5 as
inactive. (E) Inactive node 4 is randomly chosen, and prob,_,; is calculated and normalized
where 7 € {1,2,6}. For example, for node 4 and node 1, k; = 0 and dy; is the distance
between the centroid of census tract 4 and census tract 1. Based on prob,_,;, m = 3 edges
are created linking node 4 to nodes in the active nodes set. Node 4 is then marked as active.
This step is repeated for the remaining inactive nodes until all are active. (F) This process
is executed for nodes 3 and 5 to finalize the social network.
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Appendix B

Supplementary Information for
Chapter 3

B.1

Sensitivity Analysis

We test the performance of our personalized recommendations with three parameters, i.e.,
maximum shifting stays, different peak hours, and recommendation acceptance rates.

Maximum Shifting Stays: Maximum shifting stay is the maximum number of stays
we assume each session can be shifted from the original charging session. We set
different maximum shifting limits to test how shifting by fewer stays would influence
the success of the peak shaving results. We find in Fig. B.1 (A) that, consistently under
different EV adoption rates, larger maximum shifting stays enable more peak shaving,
and even with a maximum displacement of 2 stops (stays) the recommendations are
able to achieve more than 40% shaving.

Different Peak Hours: Different peak hours are the possible period of grid peak
hours. In the future, the increasing production from renewables and the availability
of other system management assets will cause the peak of the net load on the grid
to occur at different times of day. In this sensitivity analysis, we test how different
peak hours will influence the success of the algorithm’s peak shaving results. We
test four cases: morning, afternoon, evening, and late-time peak periods. We find
in Fig. B.1 (B) that the morning peak hour benefits from the most shaving and
the midnight peak hour benefits from the least shaving. This happens because the
current uncontrolled charging peak occurs in the morning or afternoon/evening, so the
morning/afternoon/evening peak has more potential to be shaved. Also, since current
home charging access is higher than work charging access, moving workplace charging
(which usually happens in the morning) to home charging (which usually happens in
the afternoon/evening) is easier than moving home charging to workplace charging.
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¢ Recommendation Acceptance Rate: Recommendation acceptance rate is the ratio
of drivers who follow the recommendations. In the base case we assume all drivers
follow the personalized shifting recommendations in this work. In practice, adopters
may not follow the personalized shifting recommendations for personal reasons. We
vary the ratio of drivers who follow the recommendations to test how different levels
of compliance will influence the peak shaving results. We confirm in Fig. B.1 (C) that
with an increasing fraction of drivers following the recommendations, peak shaving is
more successful. When the acceptance rate is just 20%, the recommendations can still
achieve over 10% shaving. Designing incentives and education programs to increase
recommendations following ratio is necessary to realize the full potential of this demand
flexibility.



APPENDIX B. SUPPLEMENTARY INFORMATION FOR CHAPTER 3

A
2 ool l , I } I d I Maximum Shifting Stays
é * ’ *# ’ f [’ WZ 2 Stays
g 04l ” ’ ’ ’ ” ’ ” ’ ’ W4 4 Stays
o o2 ” ’ ” ’ ” ’ ” ’ ’ 6 Stays
9 ’ ” ’ 1 8 Stays
g a /| A g &
: 20.0 40.0 60.0 80.0 100.0
Adoption Rate [%)]
B
o
K] Different Peak Hours
Caﬁ) 0.6 o d I o
= D B LR M Mid Night (1- 4 AM)
g o4 S E1  Morning (7-10 AM)
o - g Afternoon (1- 4 PM)
O 02- R 5 .
g | B , B Night (7-10 PM)
00 T200 400 T 600 800 T1000
Adoption Rate [%)]
C
o
o 0.5/ e é . 1 Recommendation Acceptance Rates
9 o4r . I S H I e H i® 20% of Adopters Accept
§ 031 === == === == === IHI 40% of Adopters Acceot
3 ii 1] iE oo {l 1T iE T} i' 1]
g ] EEE =. EE EEE == H 60% of Adopters Accept
‘© EE i N (17} i iSi 80% of Adopters Accept
o TR N EN [Tl ]
]

Adoption Rate [%]

136

Figure B.1: Sensitivity analysis of personalized shifting recommendations. We show ZIP
code level differences between before and after our personalized shifting recommendations
in the ratio of before recommendations under different EV adoption rates. The error bar
highlights the variance among ZIP codes. (A) Peak shaving effects under different maximum
numbers of shifting stays. (B) Peak shaving effects under different peak hours. (C) Peak
shaving effects under different recommendation acceptance rates.
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B.2 Unbalanced Demand with Increasing Adoption
Rates

With increasing adoption rates, ZIP codes in the Bay Area show sub-linear increases and
super-linear increases in peak charging loads. We identify sub-linear and super-linear in-
creases in peak charging load on the ZIP code level and visualize the increases in Figure
B.2 and Figure B.3. Sub-linear growth in a given ZIP code indicates there is less EV de-
mand there from early adopters and more from later adopters; super-linear growth means
the opposite.

Figure B.2 shows the average peak charging loads with increasing adoption rates for ZIP
codes with sub-linear and super-linear increases in load, respectively. The dashed line shows
the linear increase of the peak charging load. The solid line above the dashed line represents
the average load of ZIP codes with sublinear increases while the solid line below the dashed
line represents the average load of ZIP codes with superlinear increases. Figure B.2 (A) and
(C) show that during grid peak hours, the shifting strategy narrows the gap of load between
sub-linear increasing ZIP codes and super-linear increasing ZIP codes. In contrast, Figure
B.2 (B) and (D) show that during grid off-peak hours, the shifting strategy enlarges the gap
of load between sub-linear increasing ZIP codes and super-linear increasing ZIP codes.

Figure B.3 (A-B) indicate more sublinear increases in South Bay Area and more superlin-
ear increases in the North Bay Area. The difference among ZIP codes implies the unbalanced
development of EV charging demand in the Bay Area. Figure B.3 (C) indicates that the
recommendations reduce the number of ZIP codes with sublinear increases in the South Bay
Area during grid peak hours. Figure B.3 (D) shows that the recommendations reduce the
number of ZIP codes with superlinear increases in the North Bay Area and increase the
number of ZIP codes with sublinear increases in the South Bay Area during grid off-peak
hours.
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Figure B.2: Charging load growth under sub-linear, linear, and super-linear adoption pat-
terns. (A) and (B) show average peak and off-peak charging loads before applying shifting
strategies, while (C) and (D) present the corresponding results after shifting. The dashed

line indicates linear growth; solid lines represent average loads for ZIP codes with sub-linear
(above) and super-linear (below) increases.
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Figure B.3: Spatial distribution of sub-linear and super-linear charging load growth in the
Bay Area. (A) and (B) show ZIP codes with sub-linear (blue) and super-linear (red) peak

load growth before demand shifting, during grid peak and off-peak hours, respectively. (C)
and (D) present the same classification after shifting.
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B.3 EV Models Market Share

Figure B.4 shows the market share of battery-operated EVs used in this study [122]. We
observe that Tesla Model 3 and Nissan LEAF S are the most popular model. The Tesla
Model 3 has a battery capacity of 50-82 kWh and Nissan LEAF S has a battery capacity of
40 kWh [136].
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Figure B.4: Market share of battery electric vehicle (BEV) models used in this study. The
Tesla Model 3 and Nissan LEAF S are the most common models among users, followed by
the Chevrolet Bolt EV and Volkswagen e-Golf.
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B.4 Travel Behavior of EV Drivers

Figure B.5 (A) shows the distribution arrival time for EV drivers in the year 2019. There are
two peaks during the day. One happens at around 9 a.m. in the morning, while the other
happens at around 7 p.m. at night. Figure B.5 (B) shows the departure time distribution.
The distribution of arrival time and departure time are similar since people spend little time
on the way. The histogram of daily energy consumption is shown in Fig. B.5 (C). Most
people consume less than 25 kWh a day. Figure B.5 (D) shows the number of stays during
the day. Most people visit two places during the day.
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Figure B.5: Distributions of simulated EV driver travel behavior. (A) and (B) show the
distributions of arrival and departure times, revealing two travel peaks around 9 a.m. and 7
p.m., with similar shapes due to short dwell times. (C) displays the daily energy consump-
tion, where most users consume less than 25 kWh per day. (D) shows the number of stops
per day, with the majority of users making two or fewer visits.
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B.5 Speech Groups Data

The dendrograms in Fig. B.6 and Fig. B.7 illustrate the result of the hierarchical clustering
on real charging data with 136 charging groups. Some statistics are annotated to support
the labeling interpreting the clustering results.
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Figure B.6: Clustering dendrograms of EV charging groups (groups 1-68). Dendrograms
represent hierarchical clustering results of 68 EV charging groups based on charging behavior
and energy use. The data is segmented into three energy usage tiers: (top) 0-600 kWh,
(middle) 1000-1600 kWh, and (bottom) 1600-2000 kWh of annual energy consumption.
Labels such as “Only Work,” “Public L2 and Work,” and “Mostly Public L2, Some MUD”
describe common charging patterns and living types (e.g., SFH = single-family home, MUD
= multi-unit dwelling).
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Figure B.7: Clustering dendrograms of EV charging groups (groups 69-136). Dendrograms
represent hierarchical clustering results for EV user groups with annual energy consumption
above 2000 kWh, separated into three tiers: 2000-3000 kWh (top), 3000-4000 kWh (middle),
and over 4000 kWh (bottom). Labels such as “Almost Only Work,” “Public L2 and Work,”
and “SFH + Public L2” summarize shared traits including charging location (e.g., work,
public Level 2, fast charging), and dwelling type (e.g., SFH = single-family home, MUD =
multi-unit dwelling).
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B.6 Home Charging Access Survey Data

Table B.1 shows the share of vehicles that currently park near 120V electricity or could park
in locations where respondents think new electrical installation could occur [37]. We observe
that people living in SFH with higher household incomes have a higher probability to have
home charging access.

Household $ 60,000 $ 60,000 $ 60,000 $ 60,000  $ 100,000 $ 100,000

Income orless  orless to $100,000 to $100,000 or More  or More
Housing SFH  MFH SFH MFH SFH MFH
Type

Potential Access
with Parking
Behavior
Modification

2% 29% 78% 36% 85% 43%

Table B.1: Potential home charging access by housing type and income level. The table
presents the percentage of vehicles with potential access to home charging based on data
from the California Energy Commission’s Home Charging Access Survey.



APPENDIX B. SUPPLEMENTARY INFORMATION FOR CHAPTER 3 144

B.7 Monte Carlo Simulation

For each EV adopter, TimeGeo estimates when and where the adopter visit during the week.
We apply the Algorithm 1 to estimate the charging behavior of a given EV adopter.

Algorithm 1 Monte Carlo simulation for one EV adopter

Input: G: charging group of the adopter, where G € [1, ..., 136];
e: weekly energy consumption of the adopter;
t: stay period of the adopter, where t; = (t%,t¢) with t¢ and ¢ as arrival time and
departure time, respectively, t¢,t¢ € [1, ..., 1008];
I: stay place of the adopter, where I; = (I/P¢, 174" @°s) with 11" € [home, work,
public];

Output: ¢*;1*: when and where the adopter charges;

c*: energy charged in the stay;
z*: charging segment in the stay.

1: for stay ¢ in all stays do

2

3:  # When and where charging happens

4 =t =1

5:

6: # How to charge (charging segment in the session)
7. if I} € [home| then

8 z, = [SFH L1, SFH L2, MFH L2, Public L2, Public L3]
9: else if I] € [work] then

10: z, = [Work L2, Public L2, Public L3]

11:  else if I € [public] then

12: z}, = [ Public L2, Public L3]

13:  end if

14: 2] =maxyc Pz | G).

15:  Sample if the driver charges charges in segment z; with probability P(z] | G).
16:

17 # How much to charge (charging energy in the session)

18:  if the driver charges in segment 2z} then

19: Sample the energy charged with Gaussian mixture model ¢} = P(¢; | G, 7).
20:  else

21: c; =0

22:  end if

23: end for

24: ¢} = (c;‘/zj c;) X e
25: return t*, 1", c*, z*
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B.8 Validation for Adoption Model in 2019

Figure B.8 shows a comparison between the CVRP data [122] and our simulation. Figure
B.8 (A) and B.8 (B) show the geographical distribution of CVRP and our simulation. The
distributions are similar in most ZIP codes. Figure B.8c shows the correlation between
CVRP data and our simulation, which implies a good agreement between the number of
EVs obtained via the Bayesian estimates and the mobility model versus the ground truth of
EV usage.
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Figure B.8: Validation of the EV adoption model for the year 2019. (A) shows the ge-
ographical distribution of EV counts based on California’s CVRP data, and (B) presents
the corresponding simulation results from the proposed adoption model. (C) illustrates the
correlation between CVRP data and simulated EV counts
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B.9 Geographical Distribution of EV Adopters with
Increasing Adoption Rate

Figure B.9 shows the number of EV drivers with an increasing adoption rate. The early EV
adopters locate in the South Bay, as shown in Fig. B.9 (A-C). When the adoption rate keeps
increasing, there will be more EV adopters in the North Bay Area, as shown in Fig. B.9
(D-F).
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Figure B.9: Simulated spatial distribution of EV adopters under increasing adoption rates.
Maps (A) through (F) show the number of electric vehicle adopters across ZIP codes in the
Bay Area at adoption rates of 3%, 20%, 40%, 60%, 80%, and 100%, respectively.
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Appendix C

Supplementary Information for
Chapter 5

C.1 User Side Model for Uninterruptible Appliances.

Here, we demonstrate the method to derive the optimal solution on the user side with h; j,
which constitutes the lower level of the bi-level optimization.

The user aims to maximize its revenue by calculating optimal h; ;. User revenue refers
to the utility that a user benefits from consuming energy minus the payment she makes for
the energy consumption.

For the utility part, when user ¢ consumes ¢; ; for appliance j, its utility is:

Ugfjer — Ui,jhi,j> (Cl)

where h; ; is a binary variable that indicates if the user chooses to use the appliance, i.e.,
hi; = 1 represents that the user chooses to use the appliance, and U; ; denotes the utility
the user can obtain when deciding to use the appliance. For the payment part, we define the
user’s payment under ALoUP as an example. Therefore, when the user 7 consumes a; ;h;
for appliance j (a; ; is the energy consumption per use for appliance j of user j), the payment
is:

Cruser _ waihiy — (" = 7") (25 — aishig),  aighiy <z (C2)

s maijhig, aijhig > 2.

Combining them together, for each user i, we have her revenue R{*“" as:
R = ZjGJ(UﬁjeT — C). (C.3)

Based on the revenue, user ¢ can calculate her optimal energy consumption plan by solving
the following optimization problem:

“o— USer
hij = maxy, . R;

C4
s.t. hi’j € {0, 1} ( )
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The optimal response of user i given {z;, 7} } is:
h’;j = maxh;j Ryser. (05)

Given the pricing scheme {n", 77, z;}, the optimal choice h;; can be obtained by maxi-
mizing Eq. (C.3).

o When U” mh a;; < 0, we have:

1, =z i + a;
b= E (C.6)
J ha, - — U
0 7T aZJ 1,] +
) Z] — h r alv]
Ty

e When Ui] h a; ; > 0, we have h* =

In the upper level, the DSO makes the decision. With the solution from the lower-level
model, we can obtain the optimal solution for the upper-level model.

C.2 Transformation for ALoUP

In the original optimization problem, we have U9 as
so (Qﬂ—h B 7'('7.')(71-7- — 2" + WT) r mh Yij — h
i€l ieJ 4J i,J
(C.7)

Note that the term (7})%y; ;1 in U 450 is cubic, so we make modifications to the original
optimization problem to reduce the cubic programming to linear programming.
We denote the profit the DSO gets from the users as U%°:

h r T h
U= > <(27T Yij1 = ke Thyhig) (Vg = 27")

el jeJ i
n 2mh ZkeK 7Tl<:g iz’;g _ ZkeK( Tj)z iyu (C,8)
(07% Q5
h h
h yz acyz (Pylv] d )
Zﬂ'kd k,m —aij ?/z‘,m).
keK ’

The generation cost is C9%°:

so ’Yz, yz, , Zk; Kﬂ-k, kl, Yig — ﬂ-h
1,5 %]

el jeJ
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We set z; ; as follows:

h r
2 = 3T D ek Th Tk

Zij = C.10
Then the optimization problem becomes:
max Udso . Cdso
2,7,Y,a
s.t. E@j — Zj S M(]_ — yi,j,1>a W) el

Z— Ei,j S M(l - yi,j,2>7 VZ € [
ZkEK l‘kvj = 1’ Zj 2 0?
Yig1l + Yij2 = 1, Viel
Yij1s Yij,2, Thj € {O, 1}, Vi € [, ke K
ai?i,j S $k7j7ai%7]~ S yz"j’l,\V/'L. € I, k e K (Cll)

Uiy < a5 g < 2, Vie Lk e K,
<z —U(l—af)VielLke K
Sy al; <z Viel

al’y <z —U(l—yjq),Viel

Ty Yz Yz .
Qi s Ot j> Qi 5> Thoj € {0,1},Vie I,k € K.

ai?i,j < Tk,j + Yijgl — ]_,VZ c I,k? € K,

a

Note that all the constraints are also Vj € J. We omit this condition for the sake of
brevity.





