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Abstract—The randomness of user behaviors plays a significant
role in Electric Vehicle (EV) scheduling problems, especially when
the power supply for Electric Vehicle Supply Equipment (EVSE)
is limited. Existing EV scheduling methods do not consider this
limitation and assume charging session parameters, such as stay
duration and energy demand values, are perfectly known, which
is not realistic in practice. In this paper, based on real-world
implementations of networked EVSEs on UCLA campus, we
developed a predictive scheduling framework, including a
predictive control paradigm and a kernel-based session
parameter estimator. Specifically, the scheduling service
periodically computes for cost-efficient solutions, considering the
predicted session parameters, by the adaptive kernel-based
estimator with improved estimation accuracies. We also consider
the power sharing strategy of existing EVSEs and formulate the
virtual load constraint to handle the future EV arrivals with
unexpected energy demand. To validate the proposed framework,
20-fold cross validation is performed on the historical dataset of
charging behaviors for over one-year period. The simulation
results demonstrate that average unit energy cost per kWh can be
reduced by 29.42% with the proposed scheduling framework and
66.71% by further integrating solar generations with the given
capacity, after the initial infrastructure investment. The
effectiveness of kernel-based estimator, virtual load constraint
and event-based control scheme are also discussed in detail.
Index Terms—Electric Vehicle Charging, User Behavior,
Predictive Control, Kernel Density Estimation.

I. INTRODUCTION

E

Vehicles (EVs) and Plug-in Hybrid Electric
Vehicles(PHEVs) are gaining more popularity in the
auto-market in recent years according to the statistics published
in [1], [2]. Due to the pressure from the public to reduce air
pollution, 1.5 million zero emission vehicles (ZEV) will be put
on roads in California by 2025, which requires the EVSEs to
support 1 million ZEV by 2020[3]. As the penetration of EVs
grows larger, uncoordinated charging behaviors will create new
load peaks in the aggregated load curve, leading to a myriad of
issues, such as power quality degradation[4], [5] and
operational cost increase[6]. Furthermore, there are
uncertainties (e.g. start time, stay duration and energy demand,
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etc.) within the scheduling problem for EV charging behaviors,
which cannot be completely solved by deterministic problem
formulations. However, coordinating numerous EV charging
behaviors in real-time is a challenging task due to the following
reasons: 1) lack of sharing strategy to accommodate more EVs
per EVSE; 2) lack of stochastic model to handle uncertainties
of EV users’ behaviors, including arriving time, leaving time
and energy demand; 3) lack of predictive scheduling
framework, that adaptively computes for cost optimal energy
allocations, considering both current and future system states.
Previous researchers have developed numerous approaches
to solve the aforementioned challenges. However, to the best of
authors’ knowledge, none of them provides a comprehensive
solution and practical validation based on the real-world
implementations. [7]–[9] have defined the load from EV
charging as deferrable load, which can be shifted to a different
time window without compromising user’s schedule
requirements. EV charging load has also been considered in
demand response researches [10], [11], where the problem is
formulated as a convex optimization problem with the
objective to minimize the overall operational cost. In addition,
valley filling and load following strategies[9] are also
supported in the formulation. However, the simulation-based
work assumes the battery Status of Charge (SOC) values and
charging session parameters, i.e. the arrival and departure time,
energy demand, etc., are perfectly known once vehicles are
plugged, which is not realistic in practical implementations.
Time-varying electricity price signals are utilized for
controlling the EV energy scheduling in order to achieve cost
optimal solutions[11]–[16]. The validity of using Time-of-Use
(TOU) prices for EV scheduling is discussed in [11], [13], [14],
[17]. Maximum revenue model is defined in [15], where both
regulation price and electricity price for curtailing EV charging
load are defined. A social optimal pricing scheme is developed
in [12] between utility and load aggregator, which is applied to
a number of fleet vehicles. Vehicle-to-Grid and
Vehicle-to-Building services[17], [18] are considered in EV
scheduling problem. A framework for smart energy
management is proposed in [19], considering time-varying load
properties and user participation, etc.
To handle uncertainties in the scheduling system, including
renewable generations, base load and charging demand,
scheduling algorithms based on Model Predictive Control
(MPC), are proposed in [7], [8], where virtual load is modelled
for future EV energy demands. Markov Decision Process
(MDP) and Queue Theory (QT) are utilized to handle stochastic
EV arrival rate and intermittency of renewable generation in
[20], [21]. [22] models EV load, time schedules and energy
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prices with Monte Carlo method. These methods cannot be
applied directly to the EVSEs with multiple power sources and
outlets in our study since the constraints on different outlets are
not explicitly formulated. To estimate the aggregated EV
charging load, [23] evaluates multiple methods on EV charging
load predictions on each EVSE, including k-Nearest
Neighbors(KNN), Lazy-learning Algorithm and Pattern
Sequence-based
Algorithm
(PSA).
[16]
utilizes
Auto-Regressive Integrated Moving Average (ARIMA) to
predict aggregated EV load on UCLA campus for the next
week. Estimation methods in [13], [24] assume that there are
underlying stochastic models, such as Gaussian or Poisson
distribution for EV charging behaviors, which is sometimes not
realistic, especially for the data collected on UCLA campus.
However, the practical implementation needs real-time
parameter estimations for each charging session instead of
aggregated load predictions.
This paper focuses on an implementable solution that
considers uncertainties of user behaviors, time-varying energy
prices, renewable generation integration and other practical
concerns, such as the power source limitation and power
sharing strategies. We first introduce a practical system
architecture for data collection in detail, based on which we
show the exploratory analysis for EV charging behavioral data
by associating session parameters, such as start time, stay
duration and energy consumption, etc., with specific users. The
EV scheduling problem is formulated as a predictive convex
optimization problem, which achieves a cost-efficient solution
while maintaining high level of energy delivery rate with
uncertainties of user behaviors. An online predictive control
paradigm is developed, which adaptively estimates charging
session parameters using kernel-based methods. Specifically,
Gaussian kernel is utilized to model the joint probability
density distributions based on the qualified historical records,
which reduces the estimation deviations for both values of stay
duration (h) and energy consumption (kWh). To handle future
vehicle arrivals with unknown energy demand, we also model a
virtual load constraint with proper relaxation strategies to
reduce the level of deferability for EV load by limiting power
supply for future time intervals. The effects of virtual load
constraint on energy delivery rate and average unit energy cost
are also studied. Finally, to minimize the number of estimations
and controls, we extend the proposed Predictive Energy
Scheduling Algorithm (PESA) by developing an event-based
trigger scheme in Event-based Cost-optimal Scheduling
Algorithm (ECSA), where re-computation is only initiated by
pre-defined events. The real-world data for EV charging
behaviors, which is collected from UCLA test bed for 15
months, is randomly partitioned into training and test datasets
to further evaluate the overall system performance.
Compared to the preliminary work in [25], the following new
contributions are added: 1) More comprehensive description
and analysis for the predictive framework are provided,
including the details of scheduling services and exploratory
analysis for EV charging behaviors, etc. 2) Kernel-based
method is proposed to adaptively estimate parameters in
charging sessions by constructing joint probability density
distribution for the qualified data points with improved
estimation accuracy. 3) Virtual load constraint is added to
handle the unexpected EV energy demand by adjusting the

deferability level of EV load. Its effects on operational cost and
energy delivery rate are analyzed using experiment results; 4)
20-fold cross validation is utilized as the evaluation method for
our proposed scheduling framework. Total charging records are
randomly divided into 20 partitions, each of which is used as
test set, and the remaining 19 partitions are used as training sets.
This paper is organized as follows: Section II introduces the
system architecture. Section III discusses the problem
formulation for predictive EV scheduling. Finally, discussions
on experiment setup and system performance are provided in
Section V. Section VI concludes this paper.
II. SYSTEM ARCHITECTURE

Fig. 1 System Overview

The proposed scheduling system includes three main
components, i.e. EVSE, control center on server side and
mobile application on user side, which are shown in Fig. 1. The
networked EVSEs are controllable by remote commands from
Internet, which can be either from the mobile applications or
from scheduling services running on the server. Charging
requests from EV users are transmitted from the mobile
applications to EV control center, which maintains an active
interface that accepts the real-time requests via HTTP secured
messages. After a verification process, the requests are stored in
a database system and meanwhile directed to corresponding
EVSEs. In addition, the control center also maintains active
scheduling services based on the real-time monitoring data
retrieved by the data collector. Various scheduling algorithms
with different objectives and constraints can be supported by
this architecture that is built on top of the complex
communication network within UCLA campus, involving
multiple communication protocols, such as Zigbee, 3G, Wifi
and Ethernet, etc. In addition, this architecture also supports
event-based control strategies, with customized triggers from
both server side and user side.
The hardware modeled in this paper is the level II EVSE
developed by UCLA Smart Grid Energy Research Center
(SMERC) [26], [27], which has power sharing capability, i.e.
split the power supply from single source to multiple charging
outlets within the preset range. The charging duty-cycle for
each outlet, defined by SAE J1772, is linearly correlated with
the charging current allocated for this outlet. In our
implementation, 50% duty-cycle denotes 30A and 10%
duty-cycle denotes 6A. The firmware in our EVSEs provides
explicit interfaces to modify the duty-cycles in order to adjust
the power consumption for specific outlet.
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A. Data Collection
In our previous implementation, the existing scheduling
algorithm that serves the purpose to collect EV charging related
data is a simple energy-sharing algorithm, i.e. Equal-Sharing
Scheduling Algorithm (ESSA). It splits the total power supply
from the power source equally by the number of connected
vehicles in each scheduling loop. For simplicity, this ESSA
does not require any input for user preferences but only a click
on mobile application to initiate the charging session. However,
significant session parameters for each user are preserved this
way, such as charging start time, finish time, leave time and the
energy consumption value for each session. Algorithm 1
indicates the details of ESSA when multiple vehicles are
connected.

on the most up-to-date system states. Another interface to
initiate the scheduling service is via pre-defined events through
the interface between database and scheduling service. The
events are detected by monitoring the real-time data from
EVSEs. Once a charging session is terminated or any status
updates are detected, notifications will be sent to users through
mobile applications. Note that the data and status for EVSE
come through mesh networks (from EVSE to control center)
and thereby communication delay exists. In addition, if the
commands lead to adjustments of power consumption, it will
take longer time for the circuit to stabilize. Thus, delays of
several seconds based on practical experiences are expected
and too frequent control (e.g. more than 5 times per minute) is
not recommended in this system.

Algorithm 1: Equal Sharing Scheduling Algorithm (ESSA)
EV User

Each Loop:
Retrieve EVSE status;
V ← connected vehicles;
n ←number of active vehicles 𝑉;
Calculate average Duty-cycle: 𝐷𝐶 ←

Mobile App.
Interface

Database
System

Scheduling
Service

EVSE

Input Preference
record request

𝑚𝑎𝑥𝐷𝐶
𝑛

Trigger

⋅ 𝜂 ⋅ 100%;

For 𝑖 ∈ [1,2, … , 𝑛]
If current value drops close to 0 or unplug
Close charging session;
Record session parameters in database;
Else if different 𝐷𝐶 value detected
Set duty-cycle to 𝐷𝐶 for 𝑖 𝑡ℎ vehicle in 𝑉;
Wait for current to stabilize;
End
End

Request Status
User Feedback

Update

Loop: Schedule Optimization
[Threadrunning=true]
insert data

B. Scheduling Services
The scheduling service running on server can perform
schedule optimization either periodically or triggered by
pre-defined events. As shown in Fig. 2, charging requests from
users are submitted through the mobile application and are then
stored in database as records before being directed to
scheduling service, from which specific control commands are
sent. Once the control action finishes, operation status is
returned to users. Meanwhile, the scheduling service is able to
host numerous threads, each of which can be a specific
scheduling algorithm with varied optimization objective and
constraints. The algorithm can be initiated periodically at the
pre-set time interval, which is shown in the red box of Fig. 2.
Before any optimization is made in each loop, the first action is
to retrieve the real-time data and status from EVSEs, which
enables the algorithm to compute the optimal schedules based

Retrieve data
data/status

Optimization

Power and Status Info
Notification

𝑚𝑎𝑥𝐷𝐶 denotes the maximum duty-cycle for each power
source and 𝜂 is a safety coefficient. In this algorithm, each
vehicle will be assigned a percentage of circuit duty-cycle and
continues charging until current drops below a pre-defined
threshold. Accordingly, the start time, finish time and energy
consumption are collected. Another significant parameter
indicating the vehicle leave time is the plug-in status, which is
also returned by the firmware in EVSEs and hereby user’s stay
duration can be obtained by the difference between start time
and leave time.

Control
data/status

Control
data/status

Update

Fig. 2. Sequence chart for scheduling service

III. PREDICTIVE SCHEDULING FRAMEWORK
In this section, we will discuss the predictive scheduling
framework, which includes two main components:
kernel-based parameter estimator and predictive scheduling
paradigm inspired by model predictive control (MPC).
A. Kernel-based Estimation for Session Parameters
1) Tuple Construction for Session Parameters
In order to simplify the process of behavioral data modeling,
a 5-tuple is created for each charging session:
𝑠 ≜ (𝑢, 𝑡𝑠 , 𝑡𝑓 , 𝑡𝑙 , 𝑒)
where 𝑢 is the unique identifier (index) for each user in our
system; 𝑡𝑠 and 𝑡𝑓 denote start time and finish time,
respectively; 𝑡𝑙 is the leave time for each charging session; 𝑒
denotes energy consumption. Note that 𝑡𝑙 is usually later than
𝑡𝑓 since some vehicles get fully charged before being
un-plugged by users. Stay duration 𝑑 can be obtained by 𝑑 =
𝑡𝑙 − 𝑡𝑠 for each session. This sequence is illustrated in Fig. 4,
where 𝑡0 is the initial time for each day.
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User 1

User 2

User 3

User 4

User 5

Fig. 3 Typical user behaviors

Session parameters are significant for scheduling algorithms
to determine optimal solutions. Once a charging session is
initiated by a specific user, the estimated stay duration and
energy consumption values are needed for the scheduling
service to compute for energy allocation schedules. Thus, the
purpose of estimation algorithm is to obtain the estimated
values of stay duration 𝑑̂ and energy consumption 𝑒̂ , given the
start time 𝑡𝑠 , user’s index 𝑢 and historical records.

t0

ts

tf

tl

Fig. 4. Charging session parameters

2) Exploratory Data Analysis
Exploratory data analysis is performed for each user to
exploit the distributions of session parameters and latent
relations between them, i.e. start time vs. stay duration and stay
duration vs. energy consumption. The charts in Fig. 3 show
session parameters for typical users in our system. From the
plots of start time vs. stay duration (upper level), one can tell
that users tend to have a relatively stable start time in the
morning, such as user 1, 2 and 4. However, the plots also show
a few deviations of start time, i.e. the tails, indicating that users
may plug in their vehicles later than usual. The tail effect is
different among varied users. For instance, tail effect of user 3
is much heavier than that of user 1. Another observation is that
in the tail part of the plots, the later users plug in their vehicles,
the shorter their stay durations will be. This makes sense since
most EV drivers in university campus tend to have fixed
departure time. On the other hand, the duration vs. energy
plots(lower level) cannot show apparent relations between
users’ energy consumption and their stay durations even though
for user 1 and user 5, one can find that the longer user stay
plugged the more energy will be consumed. However, as the
duration grows larger, the variance of energy consumption
values also increases. For user 2, 3 and 4, no obvious pattern
can be identified from the plots. These plots are only 5 samples
from more than 100 users in our system, whose parameter

distributions are far more diverse. Therefore, it is difficult to
develop a comprehensive parametric model to describe the
behavioral data for all users, which leads us to develop
nonparametric model-free method.
3) Kernel Density Estimator
Nonparametric estimation method, such as kernel density
estimation, does not require explicit parametric model to fit the
data. Discrete kernel estimator with tutorial is discussed in [28].
Given the parameters already known (e.g. start time 𝑡𝑠 or
estimated stay duration 𝑑̂ ), the objective here is to estimate the
unknown session parameters (e.g. stay duration 𝑑 and energy
consumption 𝑒) with kernel methods. As discussed above, there
exists latent relationship between session parameters, shown by
plots in Fig. 3, so that a bi-variate kernel density estimator is
formulated. One can obtain the joint probability distribution of
start time vs. stay duration or stay duration vs. energy
consumption, respectively. Suppose 𝑝(𝑥, 𝑦) is joint probability
for one of aforementioned chart, point estimation of random
variable 𝑋, i.e. 𝑥̂ , can be calculated by the marginalization
operation in equation (1):

xˆ  E  X    x  p  x  dx   x   p ( x , y )dy  dx
X

X

(1)

Y

As an example, to estimate stay duration 𝑑 for a specific
user, joint distribution of start time 𝑡𝑠 vs. duration 𝑑 is utilized
and univariate distribution for 𝑑 is calculated by:
ts

p( d )   p(tS , d )dtS   p(tS , d )dtS
tS

ts

(2)

where 𝑡̅𝑠 is the upper bound of start time, denoted by 𝑡𝑠 = 𝑡𝑠 +
Δ𝑡. 𝛥𝑡 is a tunable parameter, denoting the tolerance bandwidth
for start time selections. Similarly, lower bound start time is
𝑡𝑠 = 𝑡𝑠 − Δ𝑡. The assumption for this modeling is the latent
dependence of stay duration on start time and the consistency of
users’ behaviors, i.e. user’s future behaviors resemble her
historical charging records. Thus, the similar sessions with start
time falling within the tolerance range of the start time 𝑡𝑠 for
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current session are used as the base dataset to construct the
kernelized joint distribution. For instance, if start time for
current charging session is 8:00 AM and the tolerance interval
is set to 1 hour, then historical sessions for current user with
start time between 7:00 AM and 9:00 AM will be extracted.
Thus, the following constraints have to be satisfied for each
qualified tuple 𝑠 in qualified tuple set 𝑆:
𝑡𝑠 ≥ 𝑠. 𝑡𝑠 ≥ 𝑡𝑠

(3)

𝑠. 𝑑 ≥ 𝑡 − 𝑠. 𝑡𝑠

(4)

𝑠. 𝑒 ≥ 𝑒𝑡𝑐

(5)

𝑠. 𝑢 = 𝑢

(6)

where 𝑠. 𝑡𝑠 denotes the start time 𝑡𝑠 of tuple 𝑠; t is the current
time when the estimation function is called and the 𝑒𝑡𝑐 is energy
already consumed by the time 𝑡. 𝑢 denotes the user index for
current user. These additional constraints serve to refine the
selection of historical sessions. Similarly, energy consumption
value can also be estimated by the distribution of stay duration
vs. energy consumption, given estimated duration 𝑑̂ and
tolerance bandwidth Δ𝑡 . However, as charging session
proceeds, the qualified dataset extracted from historical records
by equation (3) − (6) is quite different, which leads to the
diversity of the joint distributions. The joint probability can be
obtained as follows:
𝑁

1
𝑝𝐾𝐷𝐸 (𝑥) = ∑ 𝐾(𝑥, 𝐵)
𝑁

(7)

𝑖=1

where 𝐵 denotes the base dataset extracted for modeling and 𝑁
is the total number of data points in 𝐵 . Thus, 𝐵 ≜
{𝑏1 , 𝑏2 , ⋯ , 𝑏𝑁 } and each data point has 𝐷 dimensions, i.e. 𝑏 ∈
ℝ𝐷 . For instance, 𝐷 = 2 if we model a bi-variate distribution,
such as start time vs. stay duration. 𝐾(𝑥, 𝐵) is the kernel
function that is used to model the weight of each data point 𝑥.
We use Gaussian kernel for a continuous probability density,
i.e.:
𝐾(𝑥, 𝐵) =

1
∏𝐷
𝑗=1 ℎ𝑗

𝐷

𝑥 − 𝑏𝑖
𝐾𝑗 (
)
ℎ𝑗
𝑗=1

⋅∏

(8)

where ℎ𝑗 is the bandwidth for j-th dimension of the data point;
𝐾𝑗 is the kernel function for j-th dimension with the following
form, where 𝑔 is a random variable:
1

1 2

𝐾𝑗 (𝑔) = (2𝜋)−2 ⋅ 𝑒 −2𝑔

(9)

Note that kernel modeling in equation (7) − (9) does not
imply that variables are independent of each other, since the
multiplication operation is before the summation operation.
This modeling process is performed every loop when the
estimation is needed. As an illustrative example, sample
probability distributions for a user are displayed in Fig. 5 and
Fig. 6. The peak of joint probability distribution represents the
region with highest probability, i.e. the highest density of
qualified data points.

Fig. 5 Joint probability for start time and stay duration

Fig. 6 Joint probability for stay duration and energy consumption

Following the above steps, session parameters can be
estimated adaptively. The complete steps for parameter
estimation are summarized in algorithm 2:
Algorithm 2: Kernel based Parameter Estimator
Input: current session s, current time t
Output: 𝑒̂ , 𝑑̂
Extract historical tuples with the constraints (3) − (6);
If number of tuples found > threshold number
Calculate Gaussian kernel by (7) − (9);
Calculate estimated d̂ and ê by (1), (2);
𝑒̂ ← 𝑚𝑎𝑥{𝑒̂ , 𝑒𝑡𝑐 + ∆𝑒};
𝑑̂ ← 𝑚𝑎𝑥{𝑑̂ , 𝑡 − 𝑠. 𝑡𝑠 + ∆𝑑};
Else
𝑒̂ ← 𝑒 + ∆𝑒
𝑑̂ ← 𝑑 + ∆𝑑
End

Note that, there will be less qualified tuples as the charging
session proceeds. Specifically, a new user may also have less
similar historical records. In this case, we grant priority to these
users by updating the estimated energy demand and stay
durations in each loop with preset values. For example,
estimation algorithm may assume the energy demand is about 2
kWh for a new user within the next half an hour. In cases where
the estimated stay duration 𝑑̂ is smaller than modified current
value by time 𝑡, which is denoted by 𝑡 − 𝑠. 𝑡𝑠 + ∆𝑑 , the max
operation is added to prevent the early terminations of certain
charging sessions with less estimation accuracy, which may
further lead to lower energy delivery rate. Accordingly, the
modified estimated leave time is always later than the current
time 𝑡. Similar operations are made for the estimated energy
consumption 𝑒̂ , so that the charging sessions will not be
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terminated pre-maturely. Note that the estimation is computed
every time if the scheduling optimization service is set to run
periodically at a fixed time interval. However, under the
event-based control paradigm, where computation is only
triggered by pre-defined events, a considerable number of
computations can be reduced, which we will discuss in later
sections.
B. Problem Formulation
1) EVSE Model

𝜏=𝑇

Since the EVSE in this paper can be equipped with multiple
power sources and certain outlets may share the same power
source, one more constraint is added to ensure that total power
drawn from each power source cannot exceed its upper limit. In
addition, power consumption rate at each outlet cannot exceed
the maximum value for that power source:
0 ≤ 𝑟𝑛𝑘 (𝑡) ≤ 𝑟𝑘𝑚𝑎𝑥 ⋅ 𝜂,

∀𝑡 ∈ [𝑡𝑛𝑠 , 𝑡𝑛𝑠 + 𝑑̂𝑛 ]

(10)

where the charging rate at time 𝑡 for vehicle 𝑛 connected to
power source 𝑘 , is defined as 𝑟𝑛𝑘 (𝑡) . 𝑟𝑘𝑚𝑎𝑥 denotes the
limitation of power source 𝑘 and 𝜂 is the safety coefficient for
each power source. 𝑡𝑛𝑠 is the start time for vehicle 𝑛. Let 𝑘 ≜
{1,2, … , 𝐾} denote the order of power source number in one
EVSE. For each power source 𝑘 in the EVSE, we have:
0 ≤ ∑ 𝑟𝑛𝑘 (𝑡) ≤ 𝑟𝑘𝑚𝑎𝑥 ⋅ 𝜂,

We propose a method based on virtual load constraint to
solve this issue, by adding constraints on power supply for a
future time window. Intuitively, if the future power supply is
further limited and the scheduling algorithm has to arrange
earlier time intervals for vehicle charging. Thus, the
deferability level of EV load is reduced and more energy
consumption will be shifted forward to avoid infeasible
solutions. The detailed mathematical formulation is in equation
(14):

̂ ]
∀𝑡 ∈ [𝑡𝑛𝑠 , 𝑡𝑛𝑠 + 𝑑
𝑛

(11)

𝑛∈𝑁𝑘

where 𝑁𝑘 denotes active charging sessions for power source 𝑘.
2) Battery Model
As discussed above, each charging session for user 𝑛 can be
described by the aforementioned parameters defined in the
𝑓
tuple 𝑠𝑛 ≜ (𝑢𝑛 , 𝑡𝑛𝑠 , 𝑡𝑛 , 𝑡𝑛𝑙 , 𝑒𝑛 ). Thus, the ideal scenario is that
scheduling algorithm allocates more energy than expected, i.e.
e𝑛 > 𝑒̂𝑛 , and meanwhile below the battery capacity 𝑒𝐵 , before
user’s leave time 𝑡𝑛𝑙 , which is represented by 𝑡𝑛𝑠 + 𝑑̂𝑛 . The
actual energy consumption 𝑒𝑛 increases as the charging process
goes on.
̂ ]
𝑒𝑛 (𝑡) = 𝑒𝑛 (𝑡 − ∆𝑡) + 𝑟𝑛 (𝑡) ⋅ ∆𝑡, ∀𝑡 ∈ [𝑡𝑛𝑠 , 𝑡𝑛𝑠 + 𝑑
𝑛

𝑒𝐵 ≥ 𝑒𝑛 (𝑡𝑛𝑠 + 𝑑̂𝑛 ) ≥ 𝑒̂𝑛

(12)
(13)

3) Virtual Load Constraint
Since the hardware we are modeling in this paper has the
power sharing circuit design, it means that the charging
schedules for vehicles connected to the same power source will
be interrelated with each other. Another concern with the EV
scheduling problem with random user behavior is that the
scheduling process is not quite robust if the power supply is
limited. In other words, the pre-computed schedules may be not
valid if unexpected additional energy demands are requested by
new coming users for the same power source. For instance, if
the scheduling algorithm arranges the energy consumptions in
several hours later without considering the future new demand,
it is highly possible that the limited power source fails to deliver
enough energy to satisfy the unexpected charging demand
because the total power consumption violates the power
capacity constraints.

∑

𝜏=𝑇

∑ 𝑟𝑛𝑘 (𝜏) < λ ⋅ ∑ 𝑟𝑘𝑚𝑎𝑥 , ∀𝜏 ∈ [𝑡 + Δ𝐻, 𝑇]

𝜏=𝑡+Δ𝐻 𝑛∈𝑁𝑘

(14)

𝜏=𝑡+Δ𝐻

This constraint is to limit the total power consumption for a
specific EVSE by virtual load constraint coefficient 𝜆. Note this
limit is only valid for the time range from 𝑡 + Δ𝐻 to the end
time T. λ = 1 is equivalent to remove this constraint and λ = 0
is actually only allowing power consumption from time 𝑡 to
𝑡 + Δ𝐻. Thus, for different scenarios, 𝜆 value and Δ𝐻 should
be tuned to achieve better overall scheduling performance. The
effects of 𝜆 parameter are discussed in later section.
4) Receding Horizon Control
We formulate EV charging scheduling problem as a
predictive control problem, which can be applied to a variety of
objectives, as long as the problem can be formulated as a
convex optimization problem. At each time interval, the
algorithm hosted by scheduling service will call optimization
program to compute an optimal EV charging schedule for the
remaining time intervals, considering the estimated session
parameters and energy consumption values for all active
charging sessions. With the solar generation integration, EV
power consumption as deferrable load, will be shifted to the
time interval with abundant solar generations. On the other
hand, when solar generations cannot support the total EV
charging load, algorithm will choose the time range with lower
energy prices for EV charging. The optimization objective is
formulated as follows:
𝜏=𝑇

𝑚𝑖𝑛

𝑟𝑛𝑘 (𝜏),𝜏∈[𝑡,𝑇]

∑ 𝑃(𝜏) ⋅ 𝑚𝑎𝑥(∑ ∑ 𝑟𝑛𝑘 (𝜏) − 𝑃𝑉(𝜏)) , 0)
𝜏=𝑡

(15)

𝑘∈𝐾 𝑛∈𝑁𝑘

𝑠. 𝑡. (10) − (14)
𝜏 denotes to the current time when the scheduling algorithm
is called and 𝑇 is the maximum time step for the scheduling
horizon. 𝑃𝑉(𝜏) denotes the forecast solar generation at time 𝜏
from the installed panels. 𝑃(𝜏) is the electricity price at time 𝜏.
The 𝑚𝑎𝑥 operation actually models the integration of solar
generation by comparing the total charging load with the solar
output value for each future time interval. Inspired by the model
predictive control paradigm, the optimal energy consumption
schedules for all the remaining time intervals are computed,
however, only the first element, 𝑟𝑛𝑘 (𝑡) , is implemented to
control EVSE. As the scheduling proceeds, the scheduling
horizon recedes to the maximum time step 𝑇, indicated by the
name receding horizon control. The complete charging control
algorithm is summarized in the following Algorithm 3.
Note that this control paradigm requires the scheduling service
to be initiated every time step, which leads to the successive
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operations for data retrieval, parameter estimation and
optimization. In cases when the computing resources are
limited or quality of communication network is not reliable,
failure to update charging schedules may happen. Therefore, to
overcome this drawback, we propose an event-based
scheduling paradigm that minimizes the number of charging
session controls.
Algorithm 3: Predictive EV Scheduling Algorithm(PESA)
Generate price data;
Retrieve forecast solar data;
𝜏 = 𝑡0 ;
Do
For each power source 𝑘 ∈ 𝐾:
Terminate charging sessions whose leave time 𝑡𝑙 ≤ 𝜏;
For each vehicle 𝑛 ∈ 𝑁𝑘 :
Estimate stay duration 𝑑̂𝑛 and energy consumption 𝑒̂𝑛
for vehicle 𝑛, according to Algorithm 2;
End
Solve problem (15) ,subject to (10) − (14);
If solution infeasible:
Relax constraint (14), and set 𝜂 = 1 in equation (10)
and (11);
End
For each vehicle 𝑛 ∈ 𝑁𝑘 :
Implement 𝑟𝑛𝑘 (𝜏);
End
End
𝜏 = 𝜏 + Δ𝑡;
While 𝜏 ≤ 𝑇

IV. RESULTS AND DISCUSSION
A. Experiment setup
To evaluate the performance of our proposed scheduling
framework, charging sessions of real-world users on UCLA
campus are utilized to set up the simulation experiments. The
dataset includes UCLA experiment data from August. 2013 to
Mar. 2015. 20-fold cross validation, discussed in [29], section
5.3.3, is utilized to justify the performance of the proposed
scheduling framework. Specifically, the total charging records
of 588 days are randomly divided into 20 partitions, i.e.
approximate 30 days in each partition, and the simulation will
run for each partition as the test set, using the remaining 19
partitions as training datasets. The details of this method are
shown in Fig. 7. Training sets provide the historical records for
all users as basis for session parameter estimation, while test set
is used to evaluate the scheduling performances, in terms of
energy delivery rate, cost performance, etc. The properties for
the datasets are displayed in Table 1.
Table 1. Dataset Properties
Training Set
19
558
≈4400
79

Number of Partitions
Number of Days
Number of Sessions
Number of Users

Test Set
1
30
≈200
79

Original Dataset
1

2

3

4

5

6

7

8

9

...

...

...

3

7

9

...

...

2

587 588

5) Event Trigger Scheme
In most cases, the continuous estimation of session
parameters does not have large variations, which means the
schedules obtained previously are still valid under current
conditions and the re-computation is not necessary. Under the
proposed event-based control paradigm, the scheduling
services only initiate when the pre-defined events are detected,
instead of being computed every time interval. The pre-defined
events should represent obvious deviations of system states.
Therefore, the do-while structure in Algorithm 3 needs to be
updated with the event trigger structure based on the real-time
monitoring of charging sessions and the following events are
defined.
Event 1: New vehicle arrives with charging request;
Event 2: Vehicle leaves from EVSEs or terminates charging;
Event 3: Energy already consumed exceeds the estimated one,
which is believed as an abnormal behavior and we infer that this
user needs more energy than consumed;
Event 4: Leave time exceeds the estimated one, which might
indicate the extended stay duration for this user;
Event 5: New estimated session parameters deviates the
original estimations by a pre-defined value.

1

4

5

Training Partition #1

Test Partition

6

8

...

Training Partition #19

Fig. 7. 20-fold cross validation

TOU price list is generated based on the wholesale price
signals from California Independent System Operator (CAISO)
[30]. The original prices are modified with additional values for
certain hours during the day to simulate the retail electricity
prices in distribution networks, which are displayed in Fig. 8.

Fig. 8 Energy Price Used for Simulation

The solar generation data we used in simulation is from solar
integration project [31], [32] on UCLA campus. We assume
that each EVSE is equipped with 10 solar panels. Since the
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focus of this paper is on the uncertainty of user behaviors,
details of solar prediction algorithm are not within the scope of
this paper. We simply apply the smoothed solar curve as our
forecast solar generation data, which is shown in 9.

algorithm. Since the local solar generation can be utilized as
alternative power source instead of purchasing electricity from
grid, the allocation of EV charging energy tends to follow the
curve of solar generation, as is shown in Fig. 10. Thus, due to
the load shifting effects, the total energy cost by PESA has been
reduced.

Fig. 9. Sample Solar Generation Data
Fig. 10. EV Load Scheduling Results

Note that the time interval ∆𝑡 for scheduling algorithm is set
to 15 min. For each dimension, bandwidth ℎ in kernel based
1
5

−

estimator, i.e. equation (8), is set to 1.06𝜎 ⋅ 𝑁 according to
[28], where 𝜎 is standard deviation of the values in that
dimension. Adjustable values in session parameter estimator,
i.e. 𝛥𝑑 and 𝛥𝑒 in Algorithm 2, are set to 0.5 hour and 2 kWh,
respectively. For virtual load constraint in equation (14) ,
horizontal length 𝛥𝐻 is set to 3 hours. The EVSE picked for
simulation has 2 power sources and each one has the maximum
output 6.6 kW. The safety coefficient 𝜂 in equation (11) is set
to 0.7. The virtual load constraint λ is set to 0.3. The package in
[33] is employed to solve the schedule optimization problem.
B. Cost Saving and Load Shifting Effects
Since the primary objective of the scheduling framework is
to optimize the overall cost performance for providing charging
services and satisfy the charging demand from EV users, we
randomly pick one day for the single day simulation, with the
following records shown in Table 2.
Table 2. Charging Records on 17th, Marth, 2015
No.

User Index

Start Time

Duration
(h)

Energy Demand
(kWh)

1
2
3
4
5
6
7

CE1*
F42*
BFE*
155*
9CA*
8D5*
2E7*

06:10:12
06:42:33
07:07:44
07:17:24
14:08:58
15:30:23
18:31:56

9.33
2.02
6.87
9.92
7.3
4.2
1.05

8.561
4.468
12.207
9.185
6.154
11.11
5.722

The scheduling results from the original ESSA and our
proposed PESA (virtual load constraint λ = 0.3) are shown in
Fig. 10. The blue dot curve denotes the original EV load created
by the charging sessions in Table 2, while the red curve is the
new EV power consumption schedule generated by PESA.
From the figure, one can see that a large portion of the load is
shifted from early morning to early afternoon when there is
abundant solar generation and the energy prices are lower,
which can be found in Fig. 8 and 9. Another interesting
phenomena is the solar generation following effects of this

However, it should be noted that the total delivered energy
by the new PESA algorithm is not as much as the originally
delivered energy, i.e. the area under the red curve is less than
that under blue dot one. A close investigation reveals that this
issue is caused by the uncertainty of session parameter
estimation. In other words, there exist certain users in this
EVSE who leave earlier than their estimated leave time so that
not enough energy is allocated to their EVs. In the single day
test, the energy delivered by PESA is 51.6 kWh, which is
10.12% less than the original value. On the other hand, the
average unit energy cost (¢/kWh) is originally 11.23 ¢/kWh
without optimization and solar integration, and it is then
reduced to 5.72 ¢/kWh by PESA.
Thus, we define another criteria to evaluate the robustness of
the scheduling framework over all the test samples in each
partition, i.e. Average Schedule Error Rate (ASER), whose
mathematical form is:
𝐴𝑆𝐸𝑅 =

𝑀

𝑁𝑚

𝑚=1

𝑖=1

1
1
𝑒𝑖𝑚 − 𝑚𝑖𝑛(𝑒𝑖𝑚,𝑐 , 𝑒𝑖𝑚 )
⋅∑{
⋅∑
} ⋅ 100%
𝑀
𝑁𝑚
𝑒𝑖𝑚

(16)

where 𝑒𝑖𝑚 is the actual energy consumption from ESSA for i-th
charging session on m-th test day of a particular partition in
training sets. 𝑒𝑖𝑚,𝑐 is the corresponding energy consumption
from PESA. 𝑁𝑚 here denotes the number of charging sessions
in m-th test day. 𝑀 is the total number of test days in m-th
partition. Smaller ASER value represents a more robust
solution with higher EV energy delivery rate, while the larger
one indicates higher probability of failures to provide enough
energy to EVs due to their uncertain charging behaviors. For a
particular charging session, it is possible for the system to
provide either more or less energy, i.e. 𝑒𝑖𝑚,𝑐 , than actual
consumption value 𝑒𝑖𝑚 , however, only the cases where 𝑒𝑖𝑚,𝑐 <
𝑒𝑖𝑚 , are defined as schedule errors, which should be avoided or
minimized.
To validate overall performance, the average unit energy cost
and ASER values across all test partitions are computed and
shown in Fig. 11 and Fig. 12, respectively. The scheduling
results demonstrate that the PESA is more effective in cost
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optimization compared to the original ESSA. With the solar
integration and time-varying energy prices, PESA will
adaptively minimize the total operational cost by searching for
the optimal time ranges and charging power for each vehicle.
The average reduction of unit energy cost across all partitions
reaches 29.42% (blue vs. yellow bars) and it can be further
improved to 66.71% (blue vs. green bars) by integrating
renewable generations with EVSEs. PESA can also outperform
ESSA when both are with solar integration (green vs. red bars).
In our experiment, the maximum solar output is around 3 kW so
the cost saving performance can be further optimized by
increasing the capacity of solar integration, especially when the
energy demand is high on the test days. Besides, the ASER
values for all partitions are also computed to evaluate the
energy delivery rate. The maximum ASER value, in Fig. 12, is
approximately 12%, indicating that the energy delivery rates
are acceptable across all test samples. Note that, ASER values
can be improved by tuning the virtual load constraint (𝜆), which
is discussed in later sections.

Fig. 11. Average unit energy cost on partitions

Considering the initial investment on the solar Photovoltaics
(PV) infrastructure, including fees of installation and
maintenance, etc., the overall operational costs by one EVSE
with and without solar installation, are visualized in Fig. 16,
respectively, by plotting the accumulated values of energy
consumption and operational cost by PESA and ESSA.
According to [34], the solar installation and maintenance cost
in California in 2015 Q1 is roughly 2.14 $/W, and lifetime of
service is longer than 30 years. Therefore, it is estimated that
after 82000 kWh energy delivery (approximate 6.6 years), the
proposed EVSE with solar integration will provide more
benefits than the traditional solution. As the cost of solar panel
drops, the time it takes to reach the cost match point in Fig. 13 is
becoming shorter.
C. Virtual Load Constraint on Scheduling Performance
Since the energy delivery deviations are caused by users’
early departures which cannot be estimated with 100%
accuracy, here we demonstrate the effects of virtual load factor
on improving the ASER values. Intuitively, constraints on the
future power supply renders the algorithm to allocate more
energy as soon as possible in order to avoid infeasible
schedules, i.e. the power source cannot provide enough energy
to match the total demands from active charging sessions after
𝛥𝐻. For one test day, the ASER value and the total operational
cost are computed with different λ values and the results are
shown in Fig. 14. As the value of constraint factor λ goes
smaller, tighter restrictions after 𝛥𝐻 are applied on power
sources, the algorithm tends to shift as much EV energy
consumption as possible to time intervals before time 𝑡 + 𝛥𝐻,
so that energy delivery rate is improved even though users may
leave unexpectedly earlier. However, as more energy is
consumed in earlier non-preferable time ranges with higher
prices or less solar generation, which is forced by virtual load
constraints, the solution becomes less optimal. Thus, the total
energy cost increases as 𝜆 goes smaller. Due to the
uncertainties of user behaviors, this is a trade-off one has to
consider. For example, in scenarios where requirements on
schedule error rates are restrict, a smaller 𝜆 is minimize the
ASER value down to 5%, however, it will not achieve the best
overall cost.

Fig. 12. ASER values for partitions

Fig. 14. Virtual load constraint factor effect

Fig. 13. Accumulated energy consumption and cost

D. Estimation Accuracy
In preliminary work [25], a simpler estimator was utilized to
estimate session parameters, including stay duration and energy
consumption. The original solution is a simple mean estimator,
which calculates the mean value across all qualified sessions
extracted by (6) − (9) . At each time interval when the
scheduling algorithm is initiated, the estimated values from
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both the simple mean estimator and kernel-based estimator are
recorded for performance assessment. Due to the variety of
session parameters, the number of estimations for each
charging session may be varied so that we define another
metric, i.e. sample estimation deviation to evaluate the overall
estimation accuracy.
𝑁𝑚

𝐿𝑛

1
1
𝐷𝑒𝑣𝑚 = √
⋅ ∑ ⋅ ∑(𝑣𝑙𝑖 − 𝑣𝑇𝑖 )2
𝑁𝑚
𝐿𝑛
𝑖=1

(17)

𝑙=1

where 𝐿𝑛 is the total number of estimations that belongs to i-th
charging session in the m-th partition. Note there must be at
least one estimation for each charging session. 𝑁𝑚 denotes the
total number of charging sessions on partition 𝑚. 𝑣𝑙𝑖 is the l-th
estimated value of i-th session and 𝑣𝑇𝑖 is the actual parameter,
i.e. true values for stay duration or energy consumption.

the results are compared in Fig. 16 and Fig. 17.For all
partitions, PESA has better ASER values, which indicates the
better performance on energy delivery rate, than ECSA, which
fails to capture the most up-to-date system states by skipping
over certain time steps and assuming the previous estimations
are still right. The average ASER values across all partitions for
PESA and ECSA are 7.5% and 11.65%, respectively, shown in
Fig. 16. Interestingly, even though ECSA has a little worse
ASER values, it has comparable average unit energy cost at
4.81 ¢/kWh, which is only ¢0.03 higher than that by PESA.
Note that the maximum ASER value by ECSA is still less than
15%. Therefore, ECSA can serve as a cost-efficient solution
with acceptable performance, if the requirements on energy
delivery rate are not too strict.

Fig. 16 ASER values for PESA and ECSA

Fig. 15 Estimation deviation

According to equation (17), the estimation deviations for
stay duration and energy consumption are both displayed in
Fig. 15. The performance of kernel-based estimator is better
than the mean estimator for both stay duration and energy
consumption, with smaller deviation values. The advantage of
Gaussian kernel estimator is the smoothing effect across all the
variable space, which does not require a specific model. The
averaged estimation deviation for stay duration by kernel-based
estimator is 1.52 h, which is 26.05% less than that of mean
estimator, while for energy consumption, the deviation value is
reduced from 2.91 kWh to 2.50 kWh by 14.22%. The
effectiveness of kernel-based estimator is demonstrated
thereby.
E. Performance Evaluation for Event-based Scheduling
Event-based EV scheduling paradigm is first introduced in
[25], which is believed to reduce the number of controls and
computer resources, while maintaining system performances.
Event-based Cost-optimal Scheduling Algorithm (ECSA) is
compared
with
Predictive
Energy
Scheduling
Algorithm(PESA) in terms of ASER values and unit energy
cost. The only difference between these two algorithms is that
ECSA is initiated by the pre-defined events while PESA runs
periodically at fixed time interval. As 𝛥𝑡 is set to 15 minutes,

Fig. 17. Unit cost for PESA and ECSA
V. CONCLUSION
In this paper, we propose a predictive scheduling framework
which takes into account the uncertainties of EV user
behaviors. Specifically, Gaussian kernel estimator is designed
to dynamically estimate the charging session parameters with
improved estimation accuracies. In addition, virtual load
constraint is also formulated to handle the unexpected EV
energy demand arriving in the near future. Real-world data on
UCLA campus is utilized for the cross validation of the
proposed framework to demonstrate the improved cost
performance and EV energy delivery rate.
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