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ABSTRACT OF THE DISSERTATION

Autonomous and Coordinated Energy Management System: Implementing On-Line
Prediction, Electric Vehicle Time Series Analysis to Cohesive Microgrid Control

by

Yun Xue

Doctor of Philosophy, Graduate Program in Electrical Engineering
University of California, Riverside, December 2021
Dr. Alfredo. A. Martinez-Morales, Chairperson

Due to the finite nature and detrimental environmental impacts of conventional fossil-
fuel energy resources, renewable energy resources are promising clean and sustainable
forms of energy for meeting society’s future energy needs. As renewable energy continues
to gain higher penetration in the electric power grid through distributed generation,
microgrids represent an innovative approach towards achieving a distributed grid
architecture, playing a critical role in implementing future smart grid systems.

This dissertation first introduces a novel online prediction algorithm with the forgetting
factor: Affine Extreme Learning Machine with Forgetting Learning (FL-AELM). The

proposed FL-AELM is applied to forecast solar generation and EV charging power. Due to
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training data's non-availability and seasonality features, the FL-AELM is actively trained
by the newly arrived data. Compared to other state-of-the-art prediction models, the
proposed FL-AELM improves the prediction accuracy by over 8% and 13% for solar
generation and EV charging power, respectively.

Additionally, this dissertation introduces the unique EV characteristic from the charging
current time series: tail feature. Tail is a subsequence of the charging time series consisting
of nonincreasing current in the constant voltage stage. A novel shape-wise distance — refine
matrix profile similarity (RMPS) is proposed to measure the global similarity of two tails
by comparing each subsequence of the two time series. By tunning the subsequence length
and cluster numbers, diverse charging profiles can be classified into seven groups with
unique tail templates. Combining the learned tail templates into the centralized and
distributed EV smart charging, an average of 4% - 5% flexible rate or 0.7% satisfactory
rate improvement can be achieved.

This dissertation further introduces two real-world microgrid applications equipped with
solar generation and battery energy storage systems (BESS). Different predictive model-
based energy management systems are developed and implemented to handle demand
response, load shifting, and net load reduction (i.e. peak shaving). With the utilization of
BESS, the microgrid systems can reduce the electricity cost and peak demand. If a system

transitions to the updated time-of-use periods, the BESS can significantly contribute to
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more cost savings and take a more critical role in reducing the total electric bill than the

legacy time-of-use periods.
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Chapter 1 Introduction

1.1 Motivations

From 1882, when the first electrical power station (Pearl Street Station) was built with
the capability to supply 85 customers and provide electricity to 400 lamps, to the changes
resultant from Edison’s direct current (DC) to Tesla’s alternating current (AC) in the 19™
century, the idea of a large centralized power plant sprang out of greater efficiency and
cost-effectiveness [1]. Under a centralized generation paradigm, large-scale power plants
are built away from end-users, whether powered by fossil fuels, nuclear or hydroelectric
dams. Utilities can purchase power from centralized power plants located in other regions
through connected transmission lines. Centralized electricity generation capacity has
grown over time, and currently, in the United States, more than 1,100 gigawatts of electric
power can be generated through large-scale centralized facilities [2].

Over the last century, centralized electricity was dispatched to most places all over the
world. While in some rural areas, where transmission and distribution lines cannot reach,
there is an urgent need to find onsite alternative resources, which can satisfy local
electricity needs. In 1978, the world’s first solar power village was operated in Schuchuli,
Arizona, when no electricity could be delivered to this village [3]. According to

“Renewables 2017 Global Status Report”, distributed renewable energy has supplied the



needs of roughly 10% of the 600 million people living oft-grid on the African continent
[4].

It has been documented that centralized power plants can negatively affect the
environment in many ways, such as air pollutant emissions, land use, and energy loss
during transmission [2]. On the other hand, onsite, distributed renewable energy generation
provides a promising future. A better way to coordinate distributed energy resources (DERs)
is to form a microgrid system, including the distributed generation and associated electrical
loads within a localized power grid. With local energy management system (EMS)
controllers for the DERs in the microgrid, the need for central dispatch is reduced or
eliminated [5]. Microgrid projects are expanding rapidly worldwide. California’s
renewables portfolio standard provides a significant impetus for microgrid development,
which has a target of obtaining 50% of the state’s electricity from eligible renewable
resources by 2030, 100% zero-energy buildings by 2020 for all new residential buildings,

and 2030 for new commercial buildings [6].

1.2 Problem Statement and Contribution of the Dissertation

Research
It is well recognized that microgrids, as the future distributed power system, have the

great potential to improve grid sustainability. The real-time microgrid operation, including



the online predicting of the uncertainty within the microgrids, the constraints for different
battery energy storage systems (BESS), and the dynamics of the EV charging profiles, are
not well discussed. This dissertation discusses the above constraints and provides solutions
to those constraints, the contributions of this dissertation can be summarized as:

¢ An online prediction model with a forgetting learning mechanism is developed for
solar generation and EV charging power prediction.

e Classification of the diverse EVs’ charging profiles through the “tail” time series
using the novel distance measure - Refine Matrix Profile Similarity is proposed.
The learned “tail” features can be inherited into the smart charging algorithm to
further increase energy scheduling efficiency.

e The distributed EV charging scheduling game is established to manage the optimal
charging energy from the individual EVSE side, considering the uncertainty of EV
charging power after optimal scheduling.

e Real-time battery control algorithm is proposed for real-world solar + battery
microgrid arrangements to perform different microgrids’ functionalities by

emphasizing different systems’ objectives and constraints.



1.3 Organization of the Dissertation Research

The dissertation is organized as follows: Chapter 2 describes the prediction model —
Forgetting Learning — Affine Extreme Learning (FL-AELM) for the uncertainties in a
microgrids system such as solar generation and electric vehicle charging loads. The FL-
AELM is online trained, and any outdated data is given less importance, which shows the
computational efficiency and accuracy. Chapter 3 further discusses the unique EV charging
time series characteristic: tail feature. This chapter presents the novel distance measure -
Refine Matrix Profile Similarity (RMPS). With the RMPS, the k-medoids can classify
diverse charging profiles into only seven groups. The learned tail templates are utilized as
the constraints in the EV energy scheduling to enhance the flexibility and satisfactory rates
of the smart charging algorithms in both centralized and distributed control. The scheduling
game for distributed EV scheduling is also introduced in this chapter. The adjusted average
scheduled power by centralized control is utilized as the prediction of charging power. The
unique Nash equilibrium is found when the optimal distributed schedule is achieved.
Chapter 4 introduces the real-world microgrid application with the solar and BESS
architecture. The battery control algorithms based on the model predictive control (MPC)
schematic are proposed for microgrid energy management to handle demand response, load

shifting, and peak shaving. The proposed battery control strategies are implemented for



both lithium and flow BESSs, addressing the related battery constraints and system

limitations.



Chapter 2 Power Prediction Model for Solar

Generation and Electrical Vehicles

The intermittence of renewable energy, such as solar generation, and randomness of
electric charging power pose many challenges to microgrid energy management [7]. The
effectiveness of energy management, such as load dispatch, demand response, and power
quality [8] in a microgrid system, is highly dependent on the accuracy of the prediction for
renewable generation and electric power load.

This chapter introduces a novel online prediction model: affine extreme machine
learning with a forgetting mechanism. The model is applied to solar generation and EV
charging power prediction. Comprehensive prediction performance is carried out by

comparison between different state-of-art prediction algorithms.

2.1 Background for Prediction Algorithms in the Microgrid

System

2.1.1 Background of Solar Generation Prediction
Solar generation prediction algorithms can be classified into three categories: time
series statistical, a physical-mathematical formulation including the numerical weather

prediction (NWP), and the combination of both [9]. In time series statistical, machine



learning algorithms, including regressions and artificial neural networks, are mainly
discussed in the literature. In [10], an ensemble of M ANNSs is combined to predict the 24-
hour-ahead solar power and quantify the associated uncertainty at each time interval. By
generating appropriate base ANN models and aggregating the results of the predictions
from different ANNs trained in different weather conditions, better prediction accuracy can
be achieved. However, the prediction accuracy relies on the number of base ANNs — M,
and the computational burden increases while M increases. Besides, the base ANNs need
comprehensive data available during the training stage to formulate different networks for
weather conditions, which is not feasible for systems without well-documented data.
Authors in [11] propose a swarm optimized Radial basis function (RBF) neural network to
predict 15-minute ahead solar power. Considering the actual data availability for
community households, only historical recursive solar power was utilized as input features.
However, the solar data may become outdated, thus affecting the accuracy of the learned
prediction model.

Authors in [12], [13] utilize different regression models to perform solar power
prediction. In [12], the prediction algorithm, by combining the long short-term memory
(LSTM) and Gaussian process regression (GPR), provides not only point prediction but
also a reliable interval estimation for one-step hourly prediction. Numerical weather

information and time index are chosen as the input features. Similar to [12], authors in [13]



propose the grouped GPRs for the 15-minute ahead prediction. The grouped GPRs
incorporate spatial dependencies between latent functions to perform prediction for multi-
sites in a region. However, neither algorithms consider the solar data’s timeliness. The two
algorithms are computational complexity and required to be trained offline.

The physical formulation of the solar generation prediction is usually developed for
solar energy resource planning purposes [14]-[16]. In [14], HELIOSAT is introduced that
utilizes satellite images to calculate solar irradiance. Authors in [15] combine the NWP and
satellites-based data and forecasts such as clear sky estimates to predict several hours-
ahead solar generation in a region. Authors in [16] propose the physical prediction model
for photovoltaic (PV) panels based on the solar irradiance on inclined surfaces and panel
parameters. The physical prediction model requires comprehensive NWP information and
satellite data, which are unavailable for real-time retrieval.

From the above discussion, although the solar prediction has been intensively discussed
in the literature, the training solar data’s timeliness, availability at training are not well
addressed. The proposed prediction model in this chapter aims at addressing the two

challenges.



2.1.2 Background of Electric Vehicle Charging Power Prediction

Based on different input features, the EV charging power prediction can be classified
into two aspects: time series prediction and the probability distribution of charging behavior.
In [17], temporal convolutional networks (TCN) are proposed for multi-steps ahead of EV
load prediction. The input features are chosen as the past charging load time series. When
the number of input features (past charging load time series) increases, the TCN prediction
performance can be improved with more costly training computation. Authors in [ 18] apply
the support vector machine (SVM) to prediction half-hourly and daily ahead data. By
choosing the penalized kernel in SVM, the most relevant input features (past load time
series) are automatically selected during the training process. Hence the minimal input
features can be selected to increase the model learning speed and prediction performance.
Different deep learning models for load prediction are compared in [19], with the input
features selected from the past time-series data, electricity price, and day types (weekdays,
weekends, and holidays).

[20]-[22] propose the EV charging load distribution statistical models for a public place.
In [20], the day-ahead charging loads distribution is determined by the state of charge (SOC)
distribution for a large number of EVs in a business premise. In [21], the charging load
model is trained by the Gaussian mixture models (GMM) with the features of charging

events, including arrival time, departure time, and charging energy. In [22], EVs’ daily trip
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geographical and temporal transition probabilities are considered to model charging energy
consumption. The statistical model requires sufficient historical data in the modeling/
training process. Once it is established, the prediction results can be considered as
deterministic values. It lacks the mobility of online adjusting with the new system data;
thus, the prediction performance may degrade once the model’s behavior changes, such as
data’s seasonality.

In this chapter, the EV charging power prediction through time series is conducted.
Similar to the solar prediction research, the prediction models for the EV charging load in
the literature ignore the data’s timeliness and availability during the training process. The

proposed prediction model in this chapter aims at addressing the two challenges.

2.2 Extreme Learning Machine

The classical Extreme Learning Machine (ELM) is illustrated in Figure 2.1. The
network consists of a single hidden layer feedforward neural network (SLFN) with
randomized hidden neurons. Huang el. mentioned that “ELM tends to provide the best
generalization at extremely fast learning speed” [23]. Due to its computational efficiency

and good generalization, it is more applicable for real-time microgrids operation.
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2.2.1 Notations and Definitions
As shown in Figure 2.1, the ELM networks consist of n inputs nodes, m randomly
selected hidden neurons, and n’ output nodes. For any input-output set (x;, y;), the feed-

forward ELM computation is illustrated in (2.1):
m
Yi =Zﬁj'g(wj'xi+bj) (2.1)
j=1

where X = [X'il, ...,xin] € ]Rn, and yi = [yil' ...,yin,]T € R™,
g (+): the activation function for the hidden layers. The typical activation functions utilized

in this chapter are sine, tanh, and sigmoid functions in (2.2) — (2.4):

g() = sin(v) (sine function) (2.2)
e .

g) = —vrg (tanh function) (2.3)

gv) = e‘3+1 (sigmoid function) (2.4)

wj, bj: the weights and bias of the hidden neurons connecting the j th hidden neuron and
. T
the input nodes, where w; = [wjl, ...,wjn] .
m: the number of hidden neurons.
B is the output weight vector connecting the j th hidden neuron and the outputs, where
T
Bj = [ler---'ﬁjn’] .
For N arbitrary distinct inputs X = {xy,..,xy} € R¥™ and outputs Y =
ry p 1 P

{(v1, -, yn}T € RV*™ N equations can be written in (2.1) in the form of matrices in (2.5):

1



Y=H:B (2.5)

where H is the hidden layer output matrix:

g(wy1 x40+ b)) .. gl@wpg X1y + by)
H = : : — g(X-W+b),
91 Xy +b1) . g(@pm  Xyn + b)) Nxm
B1 yi
W= [(01 ---wm]nxm'ﬂ = T Y = T
Bm mxn/ Ym Nxnr

Input Nodes Neurons  Qutput Nodes

Figure 2.1: Extreme Learning Machine (ELM) networks.

2.2.2 Extreme Learning Machine Approximation
The objective of the ELM is to minimize the loss between the approximation from (2.5)

and observations as explicated in:

t= ar}}l}%IIY -0l (2.6)

12



where ¢ is the loss function and O € RV*™

is the observation matrix. Due to the arbitrary
choice of w, b in the ELM architecture, to minimize the error in (2.6), only output weight
B needs to be approximated. The equivalent of minimization (2.6) is the minimization of
N (Y; — 0,)2, which can be written in (2.7):
¢ = min||HB - O[3 2.7)
can be solved by minimum norm least-squares [23] as shown in (2.8)

B=H'0 (2.8)
where H* is the Moore-Penrose generalized inverse. The approximation of B follows
two principles [24], [25]:

e When the number of training samples is greater than the number of hidden nodes: N >
m, (2.8) can be written as (2.9);
B=MH"H)HTO (2.9)
e When the number of training samples is less than the number of hidden nodes: N <

m, (2.8) can be written as (2.10).

B =HT(HHT)™'0 (2.10)

2.2.3 Improvements for Extreme Learning Machine Algorithm
The approximation of f only considers the Empirical Risk Minimization (ERM),

and it tends to overfit the data and is sensitive to the outliers in the input data samples [26].
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Besides, due to the randomized choice of hidden neurons, the stability, generalization, and
prediction accuracy of the ELM heavily rely on the selected weights of hidden neurons
[27], the number of neurons set [28], and the input data samples scaling [29]. In this section,
different ELM algorithms are presented to improve the above challenges.
(1) Regularized Factors
To solve the limitation of only considering the ERM, structural risk minimization (SRM)
can be added to (2.8). Hence, £ can be written as (2.11):
¢=min(|[HB — OIz +vllAlli) (2.12)
where ||-||, represents the k-norm.
e By applying the #; penalty (lasso), (2.11) becomes the regularized ELM (RELM),
known as #;-RELM, as shown in (2.12) with k = 1.
¢ = min(|[HB — OII2 +vIIAlIT) (2.12)
Minimizing (2.12) can reduce the computational cost by sparse weights [30].
However, (2.12) becomes non-differential at zero points. Authors in [30] combine
alternative direction methods of multipliers and optimize the dual decomposition
of ||[HB — 0]l and y||B]l,. H and B are recursively updated in an online fashion.
e By applying the ¢, penalty (ridge regression), (2.11) becomes the £,-RELM as

shown in (2.13) with k = 2.
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¢ =min([HB - Ol +IIAII) (2.13)
(2.13) becomes a convex problem. In [26], Deng et al. introduced weighting
factors v to alleviate the outliers inference, where £ = mﬁin(llD(Hﬁ -0)|3+
vIIBl1%), D = dialog(v?, ...,v%), B then can be solved by quadratic optimization
in (2.14). When D is a unit matrix I, (2.15) represents a solution for unweighted
RELM.

(yI+ HTDH)"'H'DO,N > m

2.15
HT(yI + DHHT)"'DO,N <m (2.19)

|
e By combining #; and ¥, penalties, (2.11) becomes elastic-net RELM as shown
in (2.16).
£ = min(IIH — OII3 + y1I|BIIF + 111813 (2.16)
The elastic-net RELM can overcome the stability issue caused by ¢; penalty and
solve (2.16) more efficiently with sparse solutions [31], [32].
Besides adding different penalties, the selection of the regularized factor is crucial for
optimization accuracy. Authors in [33] map a function between the output weights and vy,
where y = f(B) to adaptively adjust y for different tasks/datasets to improve the

generalization. Authors in [34], [35] apply the leave-one-out cross validation (LOO) to

obtain the optimal y.
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(I1) Different Random Neurons Selection

As discussed in [36], ELM tends to have more neurons to achieve accuracy. However,
ELM may have redundant hidden neurons than tunning-based learning algorithms due to
the random assignment of w and b. Besides, more neurons may result in an ill-
conditioned output matrix H, which reduces the generalization of ELM. Lastly, the test
prediction generality of ELM is dependent on w and b. Different w and b may adapt
variously for different sets of test data. To resolve the above issues, authors in [36]-[38]
utilize evolutionary algorithms such as particle swarm optimization (PSO) to select the
optimal neurons with more compact networks.

Furthermore, multiple ELM networks can be ensembled as a whole system to avoid
individual ELM neurons’ parameters deficiency, known as ensembled ELM (EELM). The
output of EELM can be chosen as the mean of the outputs from individual ELMs as shown

in (2.17) [39],

p
1
P &
i=1
where p is the number of ELMs. In addition, authors in [27] apply the cross-validation

technique to the EELM in the training phase to avoid overfitting and iteratively update w

and b atthe ith ELM.
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(111) Number of Neurons Selection
As discussed above, the number of neurons tends to be larger than classical tunning-

based learning algorithms, while larger neurons tend to make the hidden layer output matrix
ill-conditioning. How to choose the optimal number of hidden neurons is critical for the
generalization of any ELM architecture. Instead of users determining the number of
neurons by trial-and-error, the Incremental neurons of ELM (IELM) can be applied to find
the optimal number. Authors in [28] propose the error-minimization-based method by
incrementally updating the output weights when new neurons are added to the existing
ELM. By adding &Lj hidden nodes to the existing ELM with Y, = Hjf8), the number of
hidden nodes become Lj,; = L + dLy, the output weight B can be updated as follows
when N > Ly,q:

Qi1 = (- HkHlJcr)(SHk)_l

U1 = lel(l — 6HyQy) (2.18)

Bi+1 = Hi,0 = [gi:j 0
where
g(ka+1’.bLk+1’ x1) g(ka+11.bLk+1» x1)

H., = [Hy, 6Hy], 6H; =

g(ka+1'bLk+1'xN) g(ka+1’bLk+1’xN) Nx8Ly
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If the neurons are added one by one, 6H;, =

T .
[g(ka+1,bLk+1,x1) g(kaH,bLkH,xN)]le, Q) in (2.18) can be converted to

(2.19).

SHE (1 - H H)
SHL(1— H H})oH,

Q1 = (2.19)

Authors in [40] combine the #,-RELM and the IELM to enhance the generalization

performance of the IELM, the output weight B can be updated by (2.20):

SHI(1— H,P,)

Ujpy1 = Pp(I— 6HgQp41) (2.20)

Qx+1 =

N L

Instead of directly using the Moore-Penrose generalized inverse Hf, P, can be solved by
(2.15), where P, = (yI + HLH;) 'HI.
(1V) Hidden Layer Input Data Scaling

Besides selecting the number of hidden neurons, ELM is sensitive to the range of input
variables. In the ELM architecture, the parameters of the hidden neurons are independent
of the input data. Without tunning these parameters, the hidden layer net inputs could
distribute into the activation function's saturated or linear regime [29]. Thus, ELM can be

plagued by input data scaling due to the non-uniformly distributed hidden layer net inputs.

Authors in [29], [41] propose to add affine transformation before the activation function to
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map the hidden neurons' input data to a uniformly distributed range and avoid a saturated
regime. The expression of the affine transformation are explicated below:
V=at(X)=s-TX)+t (2.21)
X': hidden neurons’ input data, X' = X X W + b.
at (*): the function of an affine transformation.
I': the concatenation of all elements in X' in ascending order, I'(X) £ [x], ..., XNxm] "
where x' is the elementin X’ and x'; < - < X' yxm-
V: a uniformly distributed vector in the range of v' and v*, V £ [vy, ..., Uyxml'> V1 =
vt and vy, = V.
s and t can be estimated in (2.22) by gradient descent [42].
. 1 ! 2
€ =min—||g(s-x"+t) —v|5 (2.22)
st 2

For each iteration in the gradient descent with learning rate 7, s and t can be updated by
(2.23).

NXm

0€ 0¢€ d
sk +1) = 500 —nzes 5= ) 9l xi+0 vl

i=1

(2.23)

NxXm

o€ 0¢€ 0
t+1) = t00) —n e 5= ) Lol x +0) —vl5)

i=1

where k is the iteration step. s and t stop updating when they converge, or maximal
iteration step is reached. Downsampling can also be applied for H and V for efficient

computing without yielding computation accuracy, where
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M(X) =[x, ... x| ,Nd <N xm
V=1[¥,.. ] ,Nd <N xm
Learning rate n can be derived by backtracking line search (BLS) based on Armijo
condition [43]:
E(k +np) < (k) +nem
where p is the search direction for local decrement, m = VETp, c is a predefined control
parameter and ¢ € (0,1). For gradient descent, p can be chosen as the —VE. The

computation for affine parameters is presented in Algorithm 2.1.

Algorithm 2.1: Optimized Affine Parameters

Input: x, f(x)
Output: learning rate a

1 Choose c€(0,1), ¢;j=1,7€(0,1), j=0

2 Calculate search direction p = —Vf(x), m = =Vf(x)T X Vf(x)
3  whilef(x+ap)>f(x)+a-c-m and j < Iteryy

4 ‘j=j+1,aj=1'-aj_1

5 end while

6 return «

2.2.4 Learning Scheme
In many real-world applications, the computation of the learning process is slow due
to an extensive training dataset. Sometimes, a complete set of data is usually not available

at the training stage. Besides, when the training datasets increase over time, the datasets

20



may include outdated data that affect the accuracy of the trained networks. In this section,
various learning processes are presented to tackle the issues described above.
(1) Batch Learning (BL)

During the training process, a Batch Learning (BL) algorithm uses the entire training
set to generate an output hypothesis, which is a function that maps instances in X to labels
in'Y [44]: Y = fp;(X), where fp.(*) is the trained BL model, X € X,Y € Y. BL is also
called offline training. fp;(*) is expected to predict any y accurately with unseen x,
where x e X,x € X, and y € Y,y € Y. If new data samples come to the trained model,
this model must be retrained from scratch using both previous and new data samples [45].
(11) Online Learning (OL)

An Online Learning (OL) algorithm receives a sequence of data (either individually or
in mini-batches) and updates the model one by one: Y = fy,;(X), where X and Y are
incremental data samples and fo,(*) is the trained OL model. fp,(*) is an internal
hypothesis [44] that is continuously updated with new sequences during the OL training
process. OL is ideal when data is generated continuously in real-time, and the entire data
is unavailable at the training stage.

(111) Forgetting Learning (FL)
As discussed above, during the training process, the entire data sometimes is not

available. In some cases, the trained model f;.(-) could be less relevant to the new data
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samples, which is due to the weights of f;,.(-) are changed to meet the objectives of new
data samples [46]. Those outdated data may make f;,.(-) less accurate [47]. A Forgetting
Learning (FL) in this section receives data sequentially and updates the model with
adaptively adjust the outdated data weights: Y = f¢;(X), where X and Y are relevent
data samples and fg;(+) is the trained FL model. FL is ideal when data is time sensitive

and only valid within a certain time period [47].

2.3 Solar Generation Prediction

Short-term solar generation prediction is critical for efficient real-time microgrid
operation. Solar generation data is time-sensitive, as illustrated in Figure 2.2 — Figure 2.3.
Data is collected from the 100 kW solar PV system located at the College of Engineering
Center for Environmental Research and Technology (CE-CERT) facility of the University
of California — Riverside (UCR). Figure 2.2 depicts the monthly solar generation, and
Figure 2.3 depicts the average hourly solar generation in different months of 2019. It can
be found that the generated energy during cold months (such as November — February) is
less than the hot months (such as May — August). Overall, the highest solar generation
happens in the months when the days are long and sunny with the cooler ambient
temperature (i.e. June). Due to data loss from September 14™ — September 18™, the sum of

solar generation in September is less than its standard generation. Due to the daytime
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savings that started in March and ended in November, the hourly solar generation curves
are shifted by one hour. Overall, the solar generation shows distinct seasonal patterns.
Hence, short-term solar generation prediction based on the ELM algorithm with the

forgetting learning is applied and presented in this section.
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Figure 2.2: Sum of solar generation in different Figure 2.3: Average of hourly solar generation in
months of 2019. different months of 2019.

2.3.1 Algorithm Description
(1) Background

Authors in [47] utilize the classific ELM with the forgetting mechanism to predict the
short-term solar generation. However, as discussed in Section 2.2 and Figure 2.4, different
settings of the neurons of ELM may behave differently. In Figure 2.4, 15-minute solar
generation data (details of the training data sets are discussed in Section 2.3.2) of the

previous seven days is utilized for training the ELM model, and solar generation of the
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next day is used for testing. Two separate ELM trials with different randomized neurons
are tested. In Trial 1, the ELM model fits the data very well with the testing error of Mean
Square Error (MSE) =0.47. However, prediction performance in Trial 2 is worse with MSE
= 6.08. In this example, the drawback of ELM is discussed. The following section

illustrates the details of the proposed ELM with forgetting learning and affine

transformation.
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Figure 2.4: ELM prediction performance with two random neurons trials.
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(I1) Forgetting Learning Formulation

For the online training process with the growing input data size, only N > m is
considered where rank(H) = m. During the online training process, at step k, 8, can
be estimated by (2.15) where B = P HLO,, and P, can be written in (2.24):

P, = (y1+HgH)™!

(2.24)
K, =P;!
At step k+1 , incremental data (85X, 60,) = {(xl-, 0;),i = (Z?zo N;) +
(Zk“ N; )} is added to (2.5), the hidden layer output matrix Hy,; = [ SH ] where
the update process can be illustrated below [48]:
SHk = g(5Xk,w, b)
T T T Hy
Kiv1 = y1+ HipHeoy = vI+[Hy SHi] | oy
K1 = Ky + SHLSH, (2.25)

(0)
Br+1 = Kii1[HY  SH[] 5(;(1(]

Kii:(H{Oy + SH{50,)
Kici1 (K Ky 'Hg Oy + SHE50,)
Kici1(Ki By + SHE50,)
Apply (2.25) to the above equation:
Br+1 = Klzi1((Kk+1 — SHLSH ) By + 6H£50k)

= By + Kii16H; (60, — 6H, By)
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K} 1, can be derived by Woodbury matrix identity [49] and B, is updated in (2.26):
Ki1, = Ki! — Ki'6HI (1 + 6HIK*6HL) " 16H K;?!
Pyi1 = P, — PR SHL(1+ 6H, P, 6HL)16H, P,
(2.26)
Bi+1 = Bk + Pry18H (50, — SH,B))

Since the online sequential trained model is a combination of old data and new data,
instead of direct disregarding the old data illustrated in [48], an adaptive weight can be
added to the old data to emphasize the timeliness of the data samples, wherein (2.25) Ky 44
can be updated by:

K41 = AK; + SHLS6H,
(2.26) then can be updated in (3.30).

1 1 ol 1 N
Pk+1 = ka - ﬁpk(SHk (I + ESHkPkSHk) 6HkPk

2.27)
Br+1 = Bx + Pr16H[ (60, — 6H,B))

A can be adaptively adjusted by a bounded monotonic function such as in [50], 4 =

min(1,A — tan~1(E)), where E is the difference between the forecast error with B,

1

and By . A can also be retrieved by solving optimization: min
0<A<1 Ni+1

(60 —
SHyBys1)" (80, — SHyBysr) in [51].
(111) Affine ELM with Forgetting Learning (FL-AELM)

In real-time operation, the entire solar generation data or weather information is not

always available at the beginning of training. Besides, due to the seasonality of the solar
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generation, training data may include outdated data that affect the prediction performance.
Hence, the online forgetting training process is utilized. The training model fypgiy 18
updated periodically whenever new data is available. New data can come chunk-by-chunk,
such as hourly data points, or one-by-one, such as a single 15-minute data point. The
principles of the FL-AELM algorithm can be built as follows:
(i) Initialization: at k = 0, get firgim With the historical training solar data sets
(Xo,00) ={(x;,0;),i =1, ..., Ny}, and retrieve the valid data parameters A, = 1.
a. Randomly generalize w; and bj, j = 1, ..., m, m is the number of hidden neurons,
and m < N,.
b. Calculate the hidden layer output matrix H,:
g(w; - X1 + by) = (@, - X1 + b))

Ho = : . :
g(wl ' xNO + bl) g(wm b xNO + bm)

Noxm

c. Calculate the affine transformation parameters s and t based on (2.21) — (2.23).

d. Apply affine transformation to H, to retrieve the uniformly distributed hidden
layer output matrix V, = g(at(Hy, so, ty)).

e. Estimate the output weight vector B, based on ¢,-RELM optimization and (2.15),
where

Bo=(1+ViVy) V0

Py = (yI+VjVy)™?
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y can be optimized by LOO error-based algorithm similar to [34].
f. Getthe fip m(Ho, BosSo to,¥)
(i) FL: update £ _agrm (Hi, Bi» Sk» tie, ¥) Whenever new data is available.
a. Retrieve output weight matrix 8, and P; at k.
b. Wait until the data chunk from the k + 1 time interval is available, the new data
chunk (6Xy,80,) = {(x;,00),i = Xf-oN) + 1, ..., CKZi Np}.
c. Calculate the hidden layer output matrix for the outdated and new data chunk:

S5Hy, 8H,,, and the affine transformation 8V, = g(at(6Xy, Sk, t)).

d. If max(6vy) > v or min(6v,) < v, update Siiq,txsq based on (2.21) —
(2.23); else, Sk11 = Skt = ti-
e. Update B, and P, ., based on (3.30) where:

1 -1

1 1
Py, = ZPk - A—zpksvﬁ (1 + Advkpkcsvﬁ) 5V, Py
k

Br+1 = Bi + Pri1Pry16VE (50, — 8V, B)

=h

1 _
Update Agyq = Ay — (;) tan™ (U§f 2 apem — Uir-agim) 0 < Ajeyr < 1[50].

Set k = k + 1 and go back to (ii).

@«
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2.3.2 Parameters Selection
(1) Input Parameters

As discussed in [47], the solar generation of PV arrays is affected by the size and
efficiency of the PV array, solar radiation, cell temperature, and ambient temperature. Since
the size and efficiency of any given PV system are physically fixed and cannot change the
output anymore, variations of cell and ambient temperature and solar radiation can be
utilized as the input parameters. Solar radiation is usually forecast by numerical weather
prediction (NWP), including atmospheric conditions such as cloud motion [52]. Such
historical information is not available for public free access. Instead of solar radiation, solar
elevation angle and weather information are combined to represent the weather information.
The solar elevation angle is calculated by PV Performance Modeling Toolbox developed
by Sandia National Laboratories [53], and the weather information represents simple
weather conditions. The weather information can be obtained freely from any public
database, in which the weather type is simply coded by indicating different weather
conditions by a number value as follows: clear — 10, scattered clouds — 9, partly cloudy —
8, mostly cloudy — 7, overcast — 6, haze — 5, fog — 4, light rain — 3, rain — 2, thunderstorm
— 1, no sun (after sunset and before sunrise) — 0. The sunset and sunrise time is computed
using JPL ephemerides [54]. As displayed in Figure 2.5, the difference between actual and

calculated sunrise and sunset time is negligible. Root Mean Square Error (RMSE) is 0.015
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and 0.009, respectively. The actual sunrise and sunset data is retrieved from the Sunrise-
Sunset website [55]. In addition to the weather information, historical data such as power

values in the previous one hour and day-ahead are also included as the input parameters.
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Figure 2.5: Comparison between the actual and calculated sunrise and sunset time.

The solar data is collected from the Sustainable Integrated Grid Initiative (SIGI)
database and is resampled to a 15-minute interval with linear interpolation. Input
parameters are listed in Table 2.1, where the historical information is utilized, j is the 15-
minute duration of historical data. For example, j = k represents k X15-minute ahead
solar power. The sampling rate for the cloud coverage data that can be retrieved from the

public site is 1 hour. It is resampled to 15 minutes/data by linear interpolation.
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Fields Input Parameters

t Current time index: 0 <t <96
De-j Historical solar power

wt Weather type: 0 < wt < 10

T Temperature

cc Cloud coverage (%)

se Solar elevation

Table 2.1: Input parameters for solar prediction.

(1) Data Preparation

As shown in Table 2.1, the input parameters vector is X =
{xi |xl- € (t, pe-j wt, T, Se)}T. The typical data normalization/scaling is depicted in (3.30).
The first and second equations normalize the input data to [—1,1] and [0,1], and the last
equation standardizes the input data to zero mean and unit deviation (also called z-score
normalization). In this section, the input data X is normalized to [—1,1]. During the testing
process, data values that are less than -1 or in the time range {t|t < t,;se O7 t > tgo} are

tuned to -1, and data values that are larger than 1 are tuned to 1.

R X; — minx; R
X =2 ~L 1,7 € [-1,1]
maxXx; —minx;
R X; —minx;
X = - ) X € [0,1] (228)
max Xx; — minx;
X = ;‘i_j‘,f,, o; is the mean and standard deviation of x;
i—0q

31



(111) Neurons Number

As discussed in Section 2.2.3, improper selection of the number of hidden neurons can
make the output matrix ill-conditioning. In this selection, IELM is applied for choosing the
neuron number. To be more specific, neurons are added one by one during the training
process, where the output weight matrix 8 can be updated by (2.20). In this section, the
training data is selected as the 1-month ahead data, and the test data is the following 5-day
data. The activation function is chosen as sigmoid in (2.4). The training and testing data is

selected between April — May, as shown in Figure 2.6.
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Figure 2.6: April — May training and testing data.

Figure 2.7 compares neurons selection for different algorithms. The neurons are
incremented from 10 to 200, and the activation function is chosen as the sigmoid in (2.4).
Each algorithm runs for 50 trails, and the final RMSE curves in Figure 2.7 are the average

of the 50 trails. As shown in Figure 2.7 (a) — (c), RMSE converges at around 50 neurons,
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and minor improvement is recognized by adding more neurons for the three algorithms.
Among the three algorithms, the ELM algorithm becomes unstable when the neurons are
increased more than 160. In contrast, RELM and AELM algorithms maintain more stability

with new neurons added.
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Figure 2.7: RMSE for the different number of neurons by IELM: (a) ELM algorithm, (b) RELM
algorithm, and (c) AELM algorithm.

For the sigmoid function, any value out the range of [—4, +4] is saturated and out of
the linear regime. As illustrated in Figure 2.8 (a), when more neurons are added to the
network, the possibility of elements in the hidden layer input matrix falling out of [—4, +4]
increases. Without affine transformation, these elements are directly transferred to H and
saturated. Thus during the training process, instability occurs in Figure 2.7 (a) for ELM.
However, Figure 2.8 (b) shows that the hidden layer input matrix is mapped to a more

linear regime after the affine transformation.
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With proper neurons selected, the ELM and RELM algorithms perform almost equally,
and AELM performs better when the number of neurons is small. Besides, due to the
randomized nature of the ELM algorithm, stability can be increased by the affine
transformation to the input matrix. Overall, AELM outperforms the other two with lower
RMSE and a smaller number of neurons. In the following sections, otherwise stated, the

number of neurons is selected as 50 for solar prediction simulation and evaluation.
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Figure 2.8: Hidden layer output matrix illustration (neurons = 200): (a) without affine transformation,
and (b) with affine transformation.

2.3.3 Performance Evaluation
In this section, different scenarios of solar prediction are discussed.
(1) Prediction on Different Weather Conditions
Figure 2.9 illustrates a one-month solar power prediction using the prior month as the

training sets via the FL-ELM algorithm. The ‘No Update’ curves represent the training
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process without online updating. The model is trained every month. The ‘OL’ curves
represent the online updating based on (2.26), and the ‘FL’ curves represent the online
updating with forgetting weights based on (3.30) and the FL-AELM algorithm. The
training data covers most sunny conditions, which results in the prediction results with
different learning schemes for the sunny day in Figure 2.9 (b) are similar to each:
RMSEyy = 1.26, RMSE,;, = 1.25, RMSE; = 1.25. In Figure 2.9 (c), the weather is more
cloudy. As the cloud coverage data sample rate is 1 hour, the prediction can not accurately
find the 15-minute variation. However, the hourly power change can be predicted. The
prediction errors for different learning schemes are: RMSEyy = 7.38, RMSE,;, =
7.00, RMSEr; = 6.30. The improvement ratio of online updating is 5% and 15% for OL
and FL, respectively. The month-long prediction is shown in Figure 2.9 (a) with
RMSEyy = 6.25,RMSE,;, = 6.21, RMSEp;, = 6.19 . When comparing to ELM and
RELM in Table 2.2, better prediction performance always lies in AELM with online

updating scheme.
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Figure 2.9: Prediction performance for April 2017: (a) month-long prediction; (b) sunny day prediction on
April 10™ and (c) cloudy day prediction on April 18™.

Algorithms | Training No Update | OL FL

ELM 5.53 6.84 6.62 6.62
RELM 5.59 6.73 6.58 6.53
AELM 5.34 6.25 6.21 6.19

Table 2.2: RMSE for solar prediction performance on April 2017 via different algorithms.

(11) Different Settings of Training Data Lengths

In this section, different lengths of the training samples are selected to evaluate the
model’s accuracy and robustness to different training lengths. The prediction is performed
one step ahead, which is 15-minute ahead.

Figure 2.10 displays the prediction comparison between different algorithms. The
training data is selected as the one month prior to the testing data. For testing data in January,

the training data is selected as the December data. The new data chunk is selected as 1 hour.
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The RMSE error is the difference between non-normalized data. From Figure 2.10 (a), the
FL-AELM can achieve the lowest RMSE g = 5.07 for most of the months. RELM and
ELM share similar RMSE with RMSEg;,;, = 5.54, RMSEggiy = 5.49. InFigure 2.10 (b)
— (d), individual algorithms with different learning schemes are compared. The lowest
RMSE can always be achieved by online updating. For one-month training data, the
difference between OL and FL is negligible. During the summer months (June — August)
and winter months (November — December), the prediction performance achieves the best
among the other months due to consistent weather conditions for most of the days in the

month.
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Figure 2.10: Monthly solar prediction with 1-month training data: (a) comparison between different
algorithms with FL; (b) — (d) comparisons between different learning schemes of ELM, RELM, and
AELM, respectively.
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Figure 2.11 shows the prediction results with the training data length of three months.
The testing data is post-1-month data. The AELM algorithm can achieve the lowest RMSE
for most of the months: RMSE g1y = 5.12, RMSEg;yy = 5.50, RMSEgRgiy = 5.49.

Figure 2.12 shows the prediction results with the training data length of six months.
The testing data is post-1-month data. With more training data added, the difference
between different algorithms for most months becomes smaller. The monthly
average RMSE g1y = 5.11, RMSEg;yy = 5.50, RMSERg .y = 5.49. FL slight improves
during June — August with less RMSE.
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Figure 2.11: Monthly solar prediction with 3-month training data: (a) comparison between different
algorithms with FL; (b) — (d) comparisons between different learning schemes of ELM, RELM, and
AELM, respectively.
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Figure 2.12: Monthly solar prediction with 6-month training data: (a) comparison between different
algorithms with FL; (b) — (d) comparisons between different learning schemes of ELM, RELM, and
AELM, respectively.

For short-term prediction (15-minute), the length of training data cannot improve the
model accuracy when the data length is more than one month, and the prediction model
can be updated every month. Besides, the FL slightly improves the prediction. Figure 2.13
displays the RMSE boxplot for the 20 testing trails for each month, where the training and
testing data features are the same as Figure 2.10. The AELM always performs the best and
most stable compared to ELM and RELM, and online/forgetting learning schemes are

always more robust than the ‘No Update’ scheme.
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Figure 2.13: Boxplot for year-round testing RMSE with one-month prior training data.

2.3.4 Comparison with State-of-Art Machine Learning Algorithms
In this section, different state-of-art machine learning models (ML) are presented.
e Linear Regression (LR)
A general linear regression model can be modeled as y; = [y + Z}nzl Bj-Xij+e,i=

1,...,N, where f(-) is a scalar-valued function of the independent variables X;;, and ¢;

B
is the noise [56]. An interaction (IA) variation of LR is when one variable has a different
effect on the outcome depending on another variable, y; =B, + XL, B X;j+

Yke1 ks Br * Xig " Xigo + €; . A robust variation of LR is to iteratively tune w -

Yy-1llyi — $:lI* to compute B. A general weight function w(-) is ‘biweight’ [57]. A
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stepwise (SW) variation of LR is to find the most significant variables by adding and
removing terms from the general LR model [58].

e Support Vector Machine (SVM)

A support vector machine algorithm is to find a function f(x) thatclosesto y;, where
|f(x) — y;| < & and the deviation for each x € X is as flat as possible [59]. The SVM
utilizes different kernel functions to project X;; into a high-dimensional space. In this
section, three different kernels are utilized: 1) linear: K (xl-,xj) =x] x;j; 2) Gaussian:
K(x;,xj) = e("”xi"xinz); 3) polynomial (poly): K(x;,x;) = (1 + xiij)q,q =23, ...

e Gaussian Progress Regression (GPR)

GPR extends the general LR to a probabilistic model by introducing latent variables
f(x), and basis function h, where f(x)~GP(0,K(x,xT)). GP(-) is a Gaussian process
(GP) that random variables have joint Gaussian distribution. The general LR then
transforms to h)TB+ f(x) The probability of response
P(yilf (x), x)~N(y;|h(x)TB + f(x;),K(x,xT)) [60]. The covariance (kernel)
functions K (x,xT) in this section are selected as: 1) exponential (Exp) 2) Matern 5/2; 3)

rational quadratic (RA); 4) squared exponential (SE) [61].
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e Ensembled Tree (ET)

The ensembled tree algorithm extends the decision tree regression by ensembling
several decision trees to produce the final prediction. Two ensemble algorithms are utilized
in this section: Least-squares boosting (LS) and bootstrap aggregation (Bag) [62].

Three error matrices are compared: RMSE, Mean Absolute Error (MAE), and R-
squared score R?. RMSE and MSE measure the average prediction errors between the
actual and predicted values. R?> measures how well the predictions approximate the actual

data points.

1 N
MAE = NZ |0i - 61'
=1

2o = 0,)*
Yi(o; —0;)2

Table 2.3 displays the prediction accuracy for individual months with the training data

R*=1

selected as the one-month prior data. The highest prediction accuracy for each month is
marked bold. The ‘Type’ is selected as the highest prediction accuracy among different
variations or kernels for each model. Prediction accuracy in December is the highest while
in May is the lowest among all models. FL-AELM has the highest prediction accuracy in
6 months with an average of 9.87%, 8.28%, 13.31%, and 10.65% RMSE reduction

compared to LR, SVM, GPR, and ET, respectively.
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Testing LR SW GPR Ensembled Tree FL-AELM
Month RMSE|MAE( R2 | Type |RMSE|MAE[R2 | Type | RMSE |MAE| R2 | Type |[RMSE|MAE| R* |Type|RMSE|MAE| R2
Jan 589 [ 228 (0.89| Linear | 578 | 2.05 |0.90| Linear | 6.04 | 254|089 BExp | 597 | 263 [0.89| Bag | 5.18 | 1.97 [0.92
Feb 6.61 |[2.53(0.90| SW 6.67 | 2.42 |0.90| Poly 6.74 |2781090| Bxp | 6.56 | 272 |0.90 [ Bag | 6.62 | 2.80 | 0.90
Mar | 587 | 237 [096| SW 6.13 | 229 |0.95| Poly 581 |[227]09 | Bxp | 5.85 |2.23 |0.96( Bag | 6.03 | 253 |0.95
Apr 6.58 [ 2.66 [0.95| Linear | 6.64 | 2.34 |0.95| Poly 6.75 |251]09 | Bxp | 625 | 230 |0.96 [ Bag | 6.18 |2.36 |0.96
May | 815 [ 340(093| SwW 7.89 | 321 |0.93| Poly 814 |(329]093| B | 7.97 | 330|093 | Bag | 7.30 | 2.86 |0.94
Jun 439 | 1751098 | Linear | 4.48 | 1.72 [0.98( Poly 452 1187098 B | 3.97 [1.25 (0.98]| Bag | 406 | 1.37 [0.98
Jul 465 | 1.73 1097 | Linear | 4.43 | 1.75 [0.97( Linear | 516 | 1.74 [096| Exp | 4.86 | 1.84 |0.97 | Bag | 4.18 [ 1.46 |0.98
Aug | 458 [181(098| IA 457 | 1.98 [0.98( Linear | 524 | 240 (097| Bxp | 511 [ 260 |0.97|Bag | 4.27 |1.54 |0.98
Sep 7.01 | 262|093 SwW 753 | 274 10.92| Linear | 7.09 | 270|093 Bx | 6.74 |2.47 [0.93]| Bag | 6.83 | 2.56 [0.93
Oct 325 (096 (098] IA 340 | 091 |0.98| Poly 321 |1.00 (098] Exp | 340 | 1.15]0.98| Bag | 3.25 | 1.00 |0.98
Nov | 4.97 | 2251090 | Linear | 499 | 1.96 [0.90( Linear | 519 | 249 (0.89| BExp | 5.30 | 2.65|0.89| Bag | 4.45 | 1.81 |0.92
Dec 272 | 115|097 Sw 251 | 092 |0.98| Poly 280 |[1.08097| Bxp | 242 |0.89 |0.98| Bag | 243 | 091 |0.98

2.4 Electric Vehicle Charging Load Prediction

Table 2.3: Monthly solar generation prediction comparisons via different algorithms.

Over the last three decades, the greenhouse gas (GHG) emissions from the

transportation sector increased by over 22% in the United States. In 2019, the GHG

emission from the transportation section produced the most significant GHG emission,

accounting for 29% of the total yearly generated GHG emission [63]. The electrification

of transportation, including adopting a larger low/zero-carbon electric vehicles (EVs)

population on the road, provides a significant key to GHG reduction. During the last

decade, the population of EVs has been increasing rapidly worldwide, registered as the

year-on-year growth of 14% in the United States and 40% globally, respectively [64]. As a

result, the EVs’ charging load inevitably increases dramatically. The yearly UCR’s EV load

from 2015 — 2019 is shown in Figure 2.14. The charging load incremental rate is around

31% — 51% and reached an average of 33,254 kWh increased energy per year.
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Figure 2.14: Yearly EV charging energy from 2015 — 2019.

Similar to Section 2.3, this section applies the FL-AELM to predict the charging loads
for UCR. Numeric analyses are performed and discussed to show the effectiveness of the

proposed prediction algorithm.

2.4.1 Parameters Selection
(1) Input Data

The charging loads are heavily impacted by different day patterns of users' charging
behavior on campus, as shown in Figure 2.15. During typical academic working days
(DayPattern 1), charging events are the highest, while charging events on non-working
days are the lowest (DayPatten 3 — 5). During academic breaks, such as summer and winter
breaks, the charging loads share a similar pattern with DayPattern 1 but are more sparse.

Charging loads for DayPattern 1 and 2 are more variable and share more uncertainty. Hence,
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in this section, charging data used for training and testing are retrieved in DayPattern 1 and
2. When retrieving the historical training data in Table 2.4, data is within the same
DayPattern groups.
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Figure 2.15: Different day patterns of EV charging loads.
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Fields

Input Parameters

Current time index: 0 <t < 48

Pe—j

Historical charging power

dp

Day patterns

nc

Number of connection

Table 2.4: Input parameters for EV charging loads prediction.

(1) Neurons Number

Similar to solar prediction, the number of hidden neurons is selected by IELM. RMSE
for different algorithms is shown in Figure 2.16, where the training data is from the
academic working days of April 2018, and testing data is from the following week. The
number of the optimal hidden neurons for AELM is the smallest when comparing the other
two algorithms. All three algorithms can achieve better Test RMSE when the number of

neurons reaches 100. Thus, neurons number is set to 100 in this section for different

prediction scenarios.
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Figure 2.16: RMSE for the different number of neurons by IELM for EV loads prediction: (a) ELM
algorithm, (b) RELM algorithm, and (c) AELM algorithm.

2.4.2 Simulation Results and Performance Evaluation

Different algorithms are assessed and compared in this section, as shown in Table 2.5
— Table 2.6. The training parameters are selected as: p;_; and the number of connected
chargers in t — 1. The training data is selected as the entire year of 2018, and the testing
data is selected from January — April 2019. In the training process, the RMSE 1is calculated
by cross-validation of 10-folds. The EGPR is the best regression model learned by the
MATLAB Regression Learner [65]. Since most of the charging events ended in 2 — 3 hours,
the training parameters are selected as (I): pi_7.48, Pt—1448> Pt—21-48> Pt—2848> Pi—1»
Dt-2> Dt-3> Pt—4> Pt—s, Pt—e and (II) pr_7.48, Dt-1448, Pt—21.48, Dt-2848> Pt-1> Pt-2
DPt—3, Pi—s4- During the training process, different algorithms share similar results. The

EGPR performs the worst. The online learning scheme always performs better during the
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testing process than other algorithms, and the FL-ELM algorithm performs the best under
() and (IT). The training time for ELM algorithms is the total time of the 20 trials, and for
the EGPR algorithm is the total time for 5-folds training validation. The best testing results
always fall into the FL-AELM algorithm, which is improved by 53.89% compared to the
classic ELM, 18.80% compared to the AELM without forgetting learning, and 13.98%
compared to EGPR, the best state-of-art regression model learned by the software. An
example of the six-week prediction performance from 4/22/2019 — 4/29/2019 of different

algorithms is shown in Figure 2.17.

Training RMSE MAE R? RMSE MAE R? Training
I I I I I I Time
ELM 7.4 5.46 0.91 5.38 3.73 0.95 042s
RELM 7.44 5.52 0.91 5.41 3.77 0.95 536s
AELM 4.98 3.28 0.96 4.97 3.26 0.96 10.49s
EGPR 4.89 3.21 0.96 4.95 3.27 0.96 45.59 s
Table 2.5: EV charging loads training performance comparisons.
Testing RMSE MAE R? RMSE MAE R?
I 1 I II I I
ELM 13.21 8.13 0.82 7.62 4.83 0.94
RELM 12.9 8.04 0.83 7.49 4.81 0.94
AELM 7.5 4.55 0.94 7.24 4.40 0.95
OL-ELM 9.55 6.88 0.91 6.60 4.40 0.96
OL-RELM 9.48 6.68 0.91 6.58 441 0.96
OL-AELM 6.4 4.02 0.96 6.29 3.95 0.96
FL-ELM 9.0 6.47 0.92 6.46 4.36 0.96
FL-RELM 8.96 6.47 0.92 6.44 4.37 0.96
FL-AELM 6.09 3.89 0.96 5.99 3.83 0.96
EGPR 7.08 4.34 0.95 7.01 4.33 0.95

Table 2.6: EV charging loads testing performance comparisons.
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Figure 2.17: Prediction performance comparison for different algorithms.

2.5 Conclusion

In this chapter, the novel FL-AELM is proposed and applied to predict solar and EV
power accurately. In Section 2.2, different ELM variations and limitations are discussed.
Due to the randomized nature of the ELM algorithm and the non-uniformly distributed
hidden layer net inputs, the hidden layer output could drop into the activation function's
saturated or linear regime. By applying the affine transformation, the hidden layer net
inputs can be projected into a non-saturated zone uniformly, thus improving the model
stability.

In real-time operation, the entire solar/EV information is not always available at the
beginning of training, and training data may become outdated due to seasonality. To further

improve the prediction accuracy, the forgetting learning scheme is combined with the
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AELM. In Sections 2.3 and 2.4, the accurate FL-AELM prediction model is achieved by
first finding the optimal number of neurons via IELM, then applying the FL-AELM to
update the prediction model online. By comparing to the other state-of-the-art ML

algorithms, the improved accuracy is further validated.
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Chapter 3 Electric Vehicles Charging Characteristics

The beneficial environmental impacts of EVs with less GHG production draw the
world's attention, and nationwide, the population of EVs has increased rapidly in recent
years. As a result, the number of electric vehicle supply equipment (EVSE) has also
proliferated, especially for public EVSEs, nearly doubled between 2015 and 2019 [66].
This trend has led to significant attention in different aspects of EV charging management,
including drivers charging behavior modeling and prediction [67], the model-free EV
charging coordination by artificial intelligence [68], the recommendation of charging
schedule for the sequential arrived EVs in a network of charging station [69], and Vehicle-
to-Grid (V2G) considering battery-aging [70]. The critical challenge for EV charging
management in public places lies in the limitation of non-exchangeable battery information
between EV and EVSEs, hindering the formulation of the EV battery charging behavior
dynamics from the EVSE side.

In this chapter, the unique EV charging characteristics: tail feature is discussed. Diverse
charging current profiles can be classified into seven groups through the novel distance
measure: refine matrix profile similarity. This chapter also discusses EV charging

scheduling through centralized and distributed algorithms. With the consideration of
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charging tail characteristics, the EV smart charging algorithm shows more efficient energy

scheduling.

3.1 Background for Electric Vehicles Charging Characteristics

3.1.1 Electric Vehicle Charging Dynamics

The charging process is generally divided into two stages for a general EV charging load
profile: the constant charging current (CC) and the constant charging voltage (CV) stage.
During the CC stage, the charging current maintains constant, while in the CV stage, the
charging current gradually decreases to O till the full SOC of the battery. Some works
consider parameters such as the SOC, and the battery capacity is perceived to the EVSE
operator [70] —[71] without establishing any battery charging model. Other works simplify
the battery charging model by assuming a constant charging power pattern during the entire
charging process [68] — [69] or considering a predetermined charging power threshold to
identify the CV stage [67]. However, the simplification of the battery model inhibits the
accuracy of real-time EV management and scheduling problem.

There are two common approaches to formulate the EV charging loads dynamics:
model-based and data-driven approaches. Authors in [72] utilize the ZIP model (impedance
Z, current I, and power P) to formulate the charging load equivalent circuit systematically.

The ZIP parameters are estimated by curve fitting to the actual experimental data. However,
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the available battery capacity is a prerequisite in the ZIP model. Therefore, the ZIP
parameters for different batteries may vary significantly. In [73], the authors formulate the
charging current change in the CV stage as a simple linear decreasing function. The
decrement/slope of the current is a fixed value based on the EV battery characteristics.
Similar to [73], authors in [74] model the charging power in the CV stage as a staircase
curve with multiple discrete average power values. The mono-modeling of the charging
current/power variation results in the model's non-scalability to a charging infrastructure
with diverse EVs.

On the other hand, authors in [75] develop the non-linear EV charging model by
machine learning with the charging time series data. The neural network is utilized for
training the regression model of the relationship between the charging power and the EV
charging time series with the inputs of different EV models, SOC and the arrival time.
However, the EV models and SOC are not commonly available for the public EVSEs, the
modeling of the SOC and charging power is not feasible. Authors in [76] apply a more
generalized model to learn the battery behavior by classifying the large-scale charging
current time series in the CV stage into small groups. The cluster framework is utilized by
iteratively extracting and clustering the current time series in the CV stage. However, the
iterative framework ignores the inaccurate extraction of the charging time series when the

external EVSEs control the EV battery.
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Different battery charging characteristics in the CV stage may behave differently.
However, the diverse battery types may have small groups of charging behavior dynamics.
The charging current time series, especially the subsequence in the CV stage, can represent
a unique feature for identifying the battery charging model. Similar to [76], this chapter
introduces the data-driven battery charging model by employing the extraction and
classification for the charging time series in the CV stage. The extraction of the charging
time series is directly through the time series with the consideration of operational noise,

including the external charging schedule.

3.1.2 Electric Vehicle Charging Energy Management

An increasing number of the campus EV charging ports and uncoordinated charging
events can negatively impact the campus demand load and potentially create an enormous
burden for the substation. EV charging energy scheduling, also known as smart charging,
is an effective way to coordinate charging events and maintain stable charging profiles. It
has been conducted in many published works [71], [77]-[81]. The grid to vehicle (G2V)
and vehicle to grid (V2G) technologies are utilized to smooth out the load variance and
minimize the peak-to-average ratio [77], [80], minimize the total daily cost [71], [77]-[79],
mitigate the impacts on the utility grid [78], balance the fluctuation of RESs [79] and reduce

the emissions.
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EV charging management can be classified into two categories: centralized and
distributed control approaches. [82]-[84] propose centralized EV smart charging
algorithms in order to find the global system objectives. In [82], the smart charging
objective aims at maximizing the charging station’s capacity and minimizing the delay of
EVs by selecting the charging mechanisms between CCCV and multi-stage constant
current (MSCC). Authors in [83] develop a satisfaction fairness parameter and embed this
parameter into the objective function to reduce the system’s overall charging electricity
while maintaining high fairness among users. A bi-level smart charging schematic is [84],
where the upper-level controller (aggregator) can coordinate the temporal charging
schedules for each EV to shift load along the control horizon, and the lower-level controller
(each EVSEs) can coordinate the spatial schedules to minimize the peak at the current time.

The centralized smart charging requires the entire system and the individual EVSE’s
dynamics to be known at each control step. It requires sophisticated communication and
may jeopardize the privacy issue. Besides, the computation burden for optimization may
increase dramatically with the number of EVSEs; thus, the scalability of centralized control
cannot be maintained. The distributed control algorithms are proposed to handle the above
limitations. In [85], a general framework of distributed control optimization is proposed
with the objectives of load shifting and minimizing the charging electricity cost. Authors

in [86] propose a multiagent framework to minimize energy costs, avoid transformer
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overloads, and allow EV recharging. Each agent (EVSE) learns the cooperative, selfish and
final cooperation criteria policies via reinforcement learning.

However, none of the works of literature considers the actual dynamic EV charging
characteristics and inherits them to the charging constraints. Besides, many works ignore
the uncertainty of future charging events in the distributed control. The proposed
centralized and distributed control algorithms in this section aim at tackling the above two

challenges.

3.2 Electric Vehicle Charging Time Series Classification via

Refine Matrix Profile Similarity

Electric vehicles charging time series can be divided into constant current and constant
voltage (tail) stages. During the latter stage, different types of the battery may behave
differently in their charging time series. The tail is a unique feature to identify the battery
information and the real-time charging stage, contributing to more effective charging
scheduling. This chapter introduces a novel tail extraction algorithm and distance measure
— Refine Matrix Profile Similarity (RMPS). This section first classifies the variable-length,
noisy time series in the extracted tail stage by k-medoids. The tails are clustered into seven
groups with distinct representatives (medoids). Then the comprehensive classification

evaluation by different criteria is conducted. The classification performance of the
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proposed RMPS surpasses other distance measures, including Ecludience distance and
dynamic time warping. Lastly, the potential applications of the learned clusters and

representatives are illustrated.

3.2.1 Charging Time Series Introduction

In this section, EV charging profiles are obtained from the Adaptive Charging
Networks (ACN)-Database. ACN-Data is a public and dynamic EV charging dataset
collected from the real-world workplace EV charging data [21]. There are 15 fields in the
ACN-data to record the details of each charging session [87]. The focus is on the charging
time series of each charging session. Therefore, three fields in the ACN-Data are targeted:
userID (the unique identifier of the user), chargingCurrent (time series of the measured
current received from the EVSE), and the pilotSignal (time series of the pilot signals sent
to the EVSE). We collect all data from the same site (i.e., Caltech). The ACN-data includes
high-resolution real-time current measurements. Therefore, all data samples are
preprocessed by resampling them to 5s/data with linear interpolation, aligning charging
and pilot time series with the same timestamp, and adding a moving average window length
of 20 to filter out any high-resolution noise.

Over 80% of the public and workplace EVSE in the United States are level 2, which

utilize the J1772 protocol to communicate with the plugged EVs [88]. The J1772 defines
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the pilot control signal as the communication between EVSE and EV. The pilot signal
(current) sets the boundary of the maximum charging power delivered to the plugged EVs
[89]. Charging current during the CC stage remains constant, while different EV batteries
may perform significantly different during the CV stage. Typically, the time series data in
the CV stage is more valuable to analyze. Hence, tail is defined as a subsequence of the
charging time series consisting of a set of consistently nonincreasing current in the CV stage
in (3.1):

tail = {c;|c;_1 = c;, Vi} (3.1)
where c; is the charging current at time index i. In practice, due to the different charging
behavior of the battery and the scheduled control in the ACN-data by pilot signal, the tail
is not always a decreasing sequence. To mitigate the inference from the pilot signal, we
adopt the piloted points definition from [76]. Any piloted point at ¢ is defined as the
charging current at t which is controlled by the pilot signal by scheduling in (3.2). In
addition to the piloted point, (3.3) locates the charging current points continuously
controlled by the pilot signal during the CV stage.

pts(t) —cts(t) < pts(t —1) —cts(t — 1) (3.2)

pts(t) —cts(t) < 0 (3.3)

where pts represents for the pilot current time series, cts represents for the current time

series.
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Figure 3.1 exhibits two charging events with the charging current characteristic
influenced by the pilot current from the same userID. The top figure is a typical charging
current profile with the CC-CV stages. During the CV stage, the tail current gradually
decreases from the constant charging current and eventually reaches 0. The bottom figure
displays an example of the charging current controlled by the pilot current. The charging
current is always less than the pilot current. During the end stage of charging sessions, the
tail current also gradually decreases but no longer follows the typical tail patterns of the
battery. It is essential to extract the tails directly with the given cts and pts, while without

the knowledge of the battery information or historical charging data of the battery.
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Figure 3.1: Charging current and pilot current for two charging events: top). charging current not controlled by
the pilot current; bottom) charging current controlled by the pilot current.
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3.2.2 Tail Extraction Algorithm

Tail is a non-increasing portion in cts regardless of the pilot current. Therefore, the
extracted tail time series (tts) consistently follows a non-increasing pattern without the
piloted points (external control) and gradually decreases to zero. Algorithm 3.1 finds the
non-increasing portion of cts by locating the starting and ending points of tts. It first
finds ending point t, of the tail by iteratively finding the last non-increasing points of the
cts. It then locates the the tail starting point t, at local maximum of the tts starting from
t.. Inline 1, cts is reversed to cts’ and the first-order derivate cts’ is differentiated.
Lines 2 — 6 use while loop to continuously finding cts’ increasing indices, where €; is
the threshold for finding the maximum value in cts and e; € (0,1]. In lines 3 and 4, the
first increasing index and its corresponding local maximum of cts’ are recorded in t,,
and ¢, respectively. Line 5 records all ¢~ in the vector LOC. In line 7, the tail ending
point t, isthe last index of cts’'subjectto cts’(t,) < cts'(LOC) + €,. Asmall value e,
is added to the minimal value of cts’(LOC) to indicate the completion of the charging
session, and t, = 1. Lines 8 — 10 find the tail starting point t, not created by of the pilot

signal, where €5 in line 8 is the tolerance range for continuously piloted points.
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Algorithm 3.1: Direct tail extraction

Input: any charging and pilot time series: cts and pts with length N
Output: tail time series: tts

4

1  cts' «cts(N,N—-1,..,1),cts « (;tts St te, < 1
2 while cts'(t;,) < €; - max (cts)

3 te, “ts, +t—1, t < gltisr;{ﬂct's’(t) > 0}

4 ts, < te, tt—1, ¢ <—tr£1ti£{t|cis’(t) =0}

5 LOC « [LOC, t, |

6  end while
t. = max{1,LOC(t)},
t « max{t|cts'(LOC) < mincts'(LOC) + €,}
8 tg, < ts,+k+es3—1, k isthe continuously k points satisfied for (3.3).
9 B {tsl, (3.2) is satisfied for t € [t,,ts,]
S2 ts,, else

10 ts =ts, +argmaxcts(t) —1
tE[tSZ,te]

11 return tts « cts(ts:t,)

Figure 3.2 demonstrates tail extraction results from two distinctive users based on
Algorithm 1, where the parameters €;, €,,and e; arechosenas €; = 0.9,6, = 0.5,¢€; =
5. Itis observed that different vehicles equipped with different batteries may behave distinct
charging tails with different lengths from comparing two different users. In contrast,
charging tails remain the same, with various required charging energy for the same type of
vehicle. Although the duration for the tails of the same userID is different, the tail structure
(shape) remains similar. Hence, tails can be chosen as the critical EV features to classify

different vehicles on the market.
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Figure 3.2: Tail extraction for two distinct users. (a). partial charging curves of userID 115; (b) tails
extraction from (a); (c). partial charging curves of userID 135; (d). tails extraction from (c).

Data samples are selected from September 2018 — July 2020 from the ACN-Data. There
are charging events that do not include any of the tails, resulting in the charging current
dropping directly from the constant current to zero in a short period, commonly less than
two minutes. The situations are caused by two reasons: 1) the EV battery directly
disconnected from the EVSEs before it was charged; 2) the nonexistence of CV stage for
such battery. Another common situation is that only a partial tail exists due to the charging
sessions controlled by the pilot signal, such as the one shown in Figure 3.1 (bottom). To
acquire suitable tails that show actual tails’ characteristics without external inference, the

chosen tail samples are selected by first excluding samples whose lengths median absolute
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deviations are outside the percentile threshold of [10,90]. The chosen tails samples are called
partial samples in this paper. The partial samples are then partitioned into nine bins with
uniform bin widths based on their lengths. The partial tail samples are further narrowed
down to the set which has the largest number of samples. The value of nine bins is selected
to primarily represent the tail duration distribution and guarantee adequate tail samples from
various users. There are a total of 28 frequent users, and 903 partial tails are selected. The
selected tails are shown in Figure 3.3 with data scaled to [0,1]. The following section
presents the formulation of the classification algorithm by considering variate lengths and

noise of tail time series.
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Figure 3.3: Selected partial tails extracted by Algorithm 3.1.
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3.2.3 Tail Classification Algorithm

For the time series classification, the key is to find the similarity/distance among different
time series and iteratively locate each time series into its nearest neighbor until it converges.
The purpose is to cluster tails into small groups to find possible representatives of battery
features regardless of the location, lengths of different tails. This section first introduces the
background of the Matrix Profile (MP) and then elaborates the proposed distance measure:
RMPS for the tail classification formulation.
(1) Background

The Matrix Profile (MP) of a time series T is defined as a vector of the Euclidean
distances between the z-score all-subsequences of T and its nearest non-trivial neighbor of
z-scored all-subsequences with length L. To make it more straightforward, this section
begins by giving related definitions of MP, and more details can be found in [90] — [92].
Definition 1. An all-subsequence § of time series T with length |T| is defined as:

S = {Tl,L' Ty, Ty_p41};
T, =TGi+1..,i+L—1)

where i isthe index of T. The length of subsequence T;, is L.
Definition 2. Distance d;of S; is defined as the nearest non-trivial Euclidean distance

within each pair of z-score normalized all-subsequences.
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d; = ngsl{g#ED(Si,Sj) (3.4)
where s;,s; is the z-score normalized subsequence of §; and §;, calculated in (3.30).
SL is the size of § equal to |T| — L+ 1. ED(-) calculates the Euclidean distance
between s; and s;. Any j # i is the non-trivial neighbor of s;.
Definition 3. Matrix Profile (mp) is a vector that stores all d;,i =1, ...,SL. Thus,a mp
of two time series A and B can be defined as

mpap = [da,, ---'dA|A|_L+1]'

da; = VjsH91|iPL+1ED (4: B;)
Please note that in general mpyp = mppa.
Definition 4. Join Matrix Profile of A and B (mp4gpa) 1S @ vector that stores all
dy, and dBj,Vi < |A|—-L+1,Vj < |B|—L+ 1.Thesize of mpyppa is |A| + |B| —
1.

Figure 3.4 is the demonstration of mp4ppa calculation between two different tails with

equal length N = 124 with the subsequence length L = 20. The size of all-subsequences
of tail, and tail, is SL = 105. There is a gap within the range of [105,124] and

[229,248], marked in the green line when the d; calculation reaches beyond the last

subsequence of each tail.
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(1) Refine Matrix Profile Similarity

By putting all distance values to mp4pga, €ach subsequence distance with the nearest
neighbor for two time series is calculated. Intuitively, if two time series are similar, they
share multiple similar subsequences, where elements of mp,pps are small. Hence,
mpagpa can be utilized to measure the similarity of two time series. Authors in [91]
proposed to use the matrix profile distance, which is defined as the kth smallest values
value of the sorted mp g4 to measure the distance of two time series. However, the
classification accuracy of choosing the appropriate k is non-quantified, especially when
the lengths of the two time series are different. Besides, the kth value tends to find the
local similarity, and there is no way to quantify any dissimilarity of two time series with a

small k. To overcome the above issues, the Refine Matrix Profile Similarity (RMPS) is
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formulated in (3.6). The selection of k is avoided by choosing the larger value between
the median and mean of D in (3.5) as the global distance of any two time series. Besides,
the global RMPS omits the temporal locality since more considerable dissimilarity can
always be found in (3.6) than the matrix profile distance when any short and long time
series sharing a similar shape. The proposed RMPS is computationally efficient, robust,

and capable of comparing time series with various lengths.

D = sort(mpappalmpappa > 0) (3.5)
RMPS = max (median( D), mean( D)) (3.6)
(111) k-Medoids Classification with Refine Matrix Profile Similarity

The k-medoids algorithm is used to cluster samples into the nearest medoids in the data
samples. k-Medoids classification is formulated in (3.30), where m,, is the kth medoid
of the tail time series tts, dist(*) is the distance between any tts; and m, calculated
by (3.7). Partition around medoids (PAM) algorithm [93] and k-means++ [94] initialization
are utilized for the classification and Scalable Time series Anytime Matrix Profile (STAMP)

algorithm [90] are utilized to calculate mp, g, efficiently.

K |tts|

min Z Z dist(tts; m;) (3.7)

k=1i=1
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3.2.4 Classification Results

Figure 3.5 displays the classification result with RMPS similarity with subsequence

length L = 80,and K = 7.
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Figure 3.5: Classification via RMPS. (al) — (a7) are 7 clusters with the medoids are highlighted; (b) is
the overview of the entire tails.
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3.2.5 Classification Evaluation
(1) Internal Indices

Without any information on the battery types in the ACN-Data, it is impossible to use
the ground truth of the external index to evaluate the accuracy of the classification. Hence,
this section utilizes three internal indices: Sum of the Squared Error (SSE), Silhouette

Coefficient (SC), and Davies Bouldin (DB) [95] to validate the proposed RMPS and
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comparing it with other state-of-art distance measure. The data samples utilized for analysis

are shown in Figure 3.3.

This section adopts the shape-based distance (SBD) [96] in (3.8) as the error measure.
SBD can differentiate two similar time series with distortions in amplitude and phase, and is
in the range of [0,2]. WCD in (3.9) and BCD in (3.10) represent within and between
cluster distances, respectively. SSE index evaluates the total dispersion within the same
clusters, which is the squared distances between tts; and its medoids m;. SC index in
(3.12) evaluates the mean similarity of each point to points in its own cluster versus points
in other clusters. a; and b; are the similarity and dissimilarity measure for any tts;
within and between the clusters, where a; is the mean distance between tts; and Vits;
within its cluster M, and b; is the smallest mean distance between tts; and Vtts; in
cluster My,. DB in (3.13) evaluates the mean ratio of the similarity of each cluster with
its most similar cluster. Generally, a lower SSE, DB and a higher SC represent a good

classification of tts.

SBD(%,y) =1-— max< (&) ) (3.8)
' v \VRyG %) - Ro(3,7) |

WCDRBP (i, j) = distsgp (ttsy;, ttsy ), Vi, j € My, i # j (3.9)

BCDRPP (i, k') = distgpp (ttsy, tts,: ;),Vi € My,j € My, k # k' (3.10)
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SSE = Z 2 WCD, (i, my)? (3.11)
k=1 i=1
1w b
_ i —a;
_IN. o bima 3.12
=R 1S“Sl max(a;, b;) (3.12)
i=

a; = WCDy (i), by = min BCD, (i, k')

K _
1 WCD, (i, my) + WCDy, (i, my,)

DB =— 8 = 3.13

K Z 6k 6k g}gig BCDk(mk, mk’) ( )

l=

For the RMPS distance measure, two parameters needed to be tuned: the subsequence
length L and the number of clusters K. Figure 3.6 demonstrates the selection of a different
number of clusters and lengths of subsequence. By fixing the subsequence length L = 80,
the SSE decreases when K increases, but the SC reaches to the maximum value at K =
7 then decreases. A larger number of clusters makes b; of each cluster very small,
resulting to a small SC. The optimum K =7 was chosen for different lengths of
subsequence evaluation, as shown on the left side of Figure 3.6. A short subsequence tends
to make each time series very similar; thus, the classification performance is poor. The
adequate L should include the unique shape features of each tail. In our evaluation, L
ranging in [70, 85] can achieve comparable classification. From the above discussion, K =

7 and L = 80 are chosen for the rest of the chapter for classification evaluation.
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Figure 3.6: Evaluation the classification of RMPS with different choices of left) different cluster
number K (fix L = 80), and right) different lengths of subsequence L (fix K = 7).

(1) Comparison between Different Distance Measure

This section compares the classification performance of RMPS with other distance
measure methods: Euclidean distance (padding shorter tails with zeros at the end), Dynamic
Time Warping (DTW'), Modified Euclidean Distance (MED) defined in [76]. The
evaluation of different distance measures with variable cluster numbers is shown in Figure
3.7. For RMPS, the choice of K is critical where a larger K makes SC/DB decreases/
increases. The three indices converge to their local optimal when K = 7. For ED, with the
increment of the number of clusters, three indices converge at a higher K = 10. For MED,

the SSE and SC indices are the lowest/highest with a smaller K when compared to other
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distance measures. When increasing the number of K, the three indices performance

decrease. The optimal K for MED can be chosen at K = 4. Similar to MED, the three

indices of DTW can achieve the optimal at small K = 3. The three indices values for the

corresponding optimal K, are shown in Table 3.1.
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Figure 3.7: Classification performance measured by SBD compariosn between different distance
measure: upper) SSE index; middle) SC index; bottom) DB index.

Besides considering the SBD error measure as the shape-wise similarity, we introduce

the Eculideace Sequential distance (EDSeq) in (3.14). The EDSeq measures the global

“structure level” similarity by comparing each subsequence of tts; and tts;.

1
EDSeq(%,7) = T ngaABBA (tts;, tts;), L = |tts;| < |ttsy]
L

(3.14)
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The ED takes a value between [0, +0). Here, we use the Ball-Hall index, which is the
mean SSE of each cluster,% K WCD;”%°? (i, my)?. Instead of SSE to better visually
compare the difference of the cluster dispersion between different distance measures. The
evaluation of the three indices is shown in Figure 3.8. Similar to the SBD error measure,
the three indices of RMPS, ED, MED can converge and achieve the optimal when
Krmpaise = 7, Kgp = 10, Kygp = 4, respectively. DTW, on the other hand, can achieve
the optimal of three indices at Kpry, = 6. The three indices values for the optimal K,

are shown in Table 3.1.
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Figure 3.8: Classification performance measured by EDSeq compariosn between different distance
measure: upper) SSE index; middle) SC index; bottom) DB index.
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Error Measure RMPS | ED | MED | DTW
SSE 17.85 7.27 | 20.73 | 27.04
SC 0.56 0.61 | 0.6 0.49
SBD
DB 1.03 0.84 | 0.85 0.71
Kopt 7 10 4 3
mean SSE | 14.71 7.48 | 26.37 | 26.93
SC 0.47 0.49 | 0.19 0.23
EDSeq
DB 1.10 0.88 | 1.07 1.61
Kopt 7 10 4 6

Table 3.1: Evaluation results for different distance measures.

(111) Correctly Clustered Ratio

For the same userID, the percentage of the user owing two EVs with distinct tails is low
[76]. Hence, the majority of the tails from the same userID should be within the same
cluster, and the number of tails from the same user consistently classified into one cluster
can be utilized to evaluate the classification performance, defined as the Correctly Clustered
Ratio (CCR). However, tails from the same userID equipped with multiple unique tails may

happen in the database, such as an example shown in Figure 3.9 for userID_124.
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Figure 3.9: Tails from userlD_124.

To evaluate CCR with the consideration of multiple distinct tails for the same userID,
the other correctly clustered tails tts.. is defined in (3.15) as follows: for user;, the tails
are tts"¢"i, and those tails are clustered into M, ..., M,: where | M| = -+ = | M|, k <
K. The mean time series of M is my¢,, and & = max WCD{ 7y, (i, ).

ttsce = {tts;|i € Mj.1, ED(i, my,) > €} (3.15)

Zi |M1useri | + |ttsuseri|

CCR ce 3.16
Zi |ttsuseri | ( )

The results of the CCR with different clusters are featured in Figure 3.10. For RMPS
and ED, a higher CCR can be found at K = 7, while for MED and DTW, the CCR

reduces when K reaches to 4. The above discussion implies that statically, the RMPS and
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ED perform comparatively at a higher K € [5,8], and outperform over the MED and

DTW.
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Figure 3.10: Correctly clustered ratio.

Meanwhile, the tail identification for individual users is illustrated in Algorithm 3.2.

Algorithm 3.2: Tail identification

Input: learned tail templates my, cts“$¢"i
Output: tail templates m,,,, for user;

1

Extract tails of cts**¢"i via Algorithm 3.1, and retrieve tts“*¢":,

Compute RMPS between tts“*¢"i and my, and find it corresponding clusters
My, oo, My, and add myp, 10 My,

Retrieve tts.. from (3.15) and the related my and add My 10 Mygey,

return mg,,.
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(1V) Classification Performance from Different Distance Measures

In this section, the classification results from different distance measures are plotted
from Figure 3.11 - Figure 3.13. Each graph displays the tails within the clusters with the
corresponding optimal number of clusters illustrated in Table 3.1. It is found that the longer
tails with up-downs at the end of time series are consistently classified into one cluster by
RMPS in Figure 3.5, regardless of the tail length, up-downs frequency and duration of such
up-downs. While for ED and other distance measures, those tails are consistently clustered
into more than two clusters. Due to the calculation of subsequence length between time
series, some short tails with up-down noise are clustered in Figure 3.5 (a2), resulting in
incorrectly clustered tails. In Figure 3.11, although tails in each cluster are close to each
other, the medoids of clusters are also close to each other, such as medoids in (a5) and (al0),
(a4) and (a8). DTW and MED in Figure 3.12 - Figure 3.13 can only cluster minor features
with their optimal K. Overall, the tail medoids by RMPS in Figure 3.5 are more
representative of each cluster comparing to other distance measures with fewer cluster

numbers.
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Figure 3.12: Classification via DTW. (al) — (4) are 4 clusters with the medoids are highlighted; (b) is
the overview of the entire tails.
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Figure 3.13: Classification via MED. (al) — (a4) are 4 clusters with the medoids are highlighted; (b) is
the overview of the entire tails.

3.2.6 Applications
(1) Future EV Charging Demand Projection

In order to demonstrate the potential EV charging demand difference with consideration
of charging tails, this section utilizes the California future EV number projection of 350,000
at present, 1.5 million in 2025, and 5 million in 2030 [21]. For this case study, the complete
charging sessions information of the Caltech site from ACN-data for September 2018 —
September 2019 is utilized to formulate the sessions distribution. Each charging session is
represented by four parameters: arrival time (a;), parking duration (d;), charging energy

(e;), and the tail representative (m;). Gaussian Mixture Model (GMM) is used to fit the
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distribution of {a;, d;, e;} with cluster numbers k and the cluster’s covariance structure
X: GMM~N (uy, Zx). The GMM is tuned by Expectation-Maximization (EM) algorithm
with exhausting all k from 1 —30 and ¥ with diagonal and full structures [97]. The results
of different k are shown in Figure 3.14. The optimal GMM is chosen as k = 24 and full-

unshared covariance structure. m; is derived from (3.7) with the marginal probability of

[ M|
|tts|’

Y- where Y is the probability of whether this charging session enters the tail stage.

Diagonal-shared Full-shared Diagonal-unshared

5 5
29 x10 . ‘ 29 x10

Full-unshared

2151

21¢

Figure 3.14: Fit GMM by Expectation-Maximization algorithm.
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Figure 3.15: GMM fitted distributions for ACN-Data: upper) arrival and departure time; and bottom)

parking duration.

The future EV demand projection and the difference in considering the charging tails
are shown in Figure 3.16. The learned GMM model first populates the same number of
charging sessions cs, as the future population of EVs. The charging demand of those
sessions is combined as the ‘Unknown Tails’. K tail representatives with their marginal
probability then added to c¢s, to acquire the updated charging demand shown as ‘Known
Tails’. The upper and lower bounds of ‘Known Tails’ represent the probability of charging
sessions containing the tail stage, where y = 0.9 and 0.1 are chosen for the upper and
lower bounds, respectively. With the more significant users who choose to charge their
vehicle full at the charging station, an average of 5% of the charging demand decreasing

can be found for the future charging demand prediction when considering tail features.
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Figure 3.16: Projection of the future EV charging demand with different population of EVs: a) 350,000,
b) 1.5 million and c) 5 million.

(1) EV Battery Capacity Estimation

For users' requested energy, the prediction accuracy of the charging duration for such a
session can be increased by the learned tail features. For any session without user-provided
information, the charging duration can also be online updated whenever the tail stage has
been identified. The tail stage identification can be modeled as a binary decision problem
[76] whenever the ED between the tts;. and any m, ¢, are small enough. Thus, the real-
time energy scheduling of EVs can be more efficient with the consideration of charging
duration and tail features. Another potential application is to quantify the battery capacity

distribution within each cluster. Figure 3.17 quantifies the battery capacity for all 903 tails,
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where the battery capacity is chosen as the largest recorded energy within the same cluster.
Each box represents the group of the battery capacity sets in the same cluster with the
approximate same charging rate. The outliers of the lower bounds of blue boxes for k = 1
and 6 are for a lower charging current at about 10A. The battery capacity distribution in
most clusters is in a small range. The battery capacity estimation provides the charging

infrastructure for quickly learning and serving the plugged-in vehicles.
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Figure 3.17: Boxplot for battery energy capacity distribution for each cluster.

The blue box is for maximum charging current less than 18 A (approximately 15 — 17 A), and the orange
box is for current higher than 18 A (approximately 29 — 32 A).
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3.3 EV Charging Management

In this section, a centralized EV charging schedule algorithm considering the tail
features is proposed. Different case studies are carried out to showcase the importance of
considering charging tails in conjunction with smart charging algorithms.

The raw EV charging data is noise caused by three reasons: 1) the pilot signal inference,
2) some recorded energy not aligned with the time-series data, and 3) multiple tails for
some userID. To align time-series data with energy and tails more precisely, a charging
event CE(Request,, Park,) with requested charging energy Request, and parking
duration Park, are reconstructed in Algorithm 3.3 as follows: in line 1, the constant
charging stage is reconstructed by maintaining the stable charging current around the
maximum value of the charging current. t, is the first time index when BAU reaches mc.
Line 2 reconstructs the tail stage by the tail template. In such a case, only one tail template
for each ulD is considered. The tail template is located by first clustering all tails from
ulD to the learned templates my; € my. Then m,; is chosen, which includes the
majority of tails as the only tail template. Line 3 revises the charging energy and parking

duration for the reconstructed tts.
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Algorithm 3.3: Reconstruct charging events

Input: CE(Request,, Park,), tts fromuserlD ulD

Output: CE(Request, Park), tts
Replace piloted points I' from (3.2) — (3.3) with the average current around

1 maximum charging current mc = tts(||tts — max tts|| < €), tts(I") = mec,
I'>t,.
For ulD, find the tail template m,,, from the Tail Identification in Algorithm

points for tail stage

3.2, and update tts(t) = my,, - mc, where 7 = { 0. 1o tail exists

3 Revise Request = tts-0.208 - AT, Park = max(Park,, |tts]).
4 return CE(Request,Park), tts.

Figure 3.18 displays two reconstruction examples from different ulDs. € = 2 is
utilized. The left graph shows an example of the reconstruction of the constant charging
stage. The business as usual (BAU) is a noisy charging profile during the constant current
stage. The reconstructed current remains a constant charging current 30.87 A. The right
graph shows an example of the reconstruction tail stage. The BAU profile is controlled by
the pilot, which results in the CE entering the tail stage at a lower current around 8 A. To
reconstruct the tail stage without the inference of pilot signal, the tail template m;_5 is
identified for this user, tts(t) = my_s - mc. The constant charging stage is maintained

for the period of [to to +

Request,—Y.; tts(1)-0.208-At—Y; tts(l:to)]
mc-0.208At )
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Figure 3.18: Reconstruction of charging events.

3.3.1 Centralized Control

For the EV smart charging applications, it is assumed that each user submits his/ her
charging energy, parking time, arrival time, charging station 24-hour ahead of the time, and
the EV central controller schedule the charging power of each EVSE for this day. The
objectives of the central controller are minimizing the total charging (electricity) cost of
the facility and the emission cost. The emission cost data is retrieved from the marginal
emission cost in the Southern California Edison region for January 2018 [98], and the
electricity cost data is from the SCE TOU-EV-8 winter rate schedule [99], as shown in

Figure 3.19.
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Figure 3.19: Unit marginal emission production and charging electricity cost.
(1) Control Objectives and Constraints

The objective function of the central controller is depicted in (3.30) with the constraints
from (3.18) — (3.20). Each charging event can also be represented as CE(t,m,n) =
[Request,, n, Park,, ], where t is the time index t; <t < t; + Parky,, and t < z—:, t;
is the event initial time index, At is the unit control step duration; m 1is the mth
charging event for EVSE n;and n isthe EVSE id, n < N. The total charging loads pgy
is equal to the sum of all scheduled charging power as shown in (3.18). For each individual
charging event CE(t,m,n), the sum of the scheduled charging energy should be equal to

the request energy in (3.19), and the scheduled charging power during the parking duration

should be no larger than the maximal charging power cmax,, .
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mtin(l — w) - (pricege X Pey " At +y - pricegem - max Pev) +©
(3.17)
" Priceem; X Pey - At

Pev = Zzzx(t, m,n) (3.18)

Z x(t,m,n) - At = Request, ,,Ym,n (3.19)
t

0 <x(t,mn) <cmaxpyy,, t; <t <t +Parky,,, Vmn (3.20)
x(t,m,n): the optimized charging power at time index t for m‘® charging events of
EVSE n;
w: the weight balancing the importance of minimizing electricity cost and emission cost;
Pry: the total charging power vector, pgy = [Py (0)]7;
price: price matrices for energy, where price,, is the unit electricity cost ($/ kWh),
pricegm; 1s the unit emission production (kg/ MWh), and priceg .., is the unit demand
cost ($/ kW).
y: the coefficient of the importance of demand cost, y < 1.

(1) Simulation Results and Discussions

A. Different Choices of w and y

Figure 3.20 displays the relationship between different choices of w, y and peak to
average ratio (PAR), total electricity cost, and the total emissions. Charging events from

the caltech site on 5/8/2019 are utilized for simulation. w increases, the electricity cost

89



increases while the emission decreases. When w = 0.5, equal weights are given to the

electricity and emission.

100

98

Emission (g)

PAR

0.5

Figure 3.20: 3-D plots for different choices of w and y: left) PAR, middle) electricity, and right)
emission.

In Figure 3.21, a higher y evitably reduces the PAR. However, the electricity cost and
emission increase. Meanwhile, the increment of emission is relatively more minor when
compared to electricity cost.

Figure 3.22 displays different optimized charging power profiles with variable y.
When y = 0.2, the optimized charging power profiles remain the same. The dropout
during 4 PM — 5 PM when y < 0.2 caused by the increased electricity and emission unit
price/generation. It is noted that when y is high, the charging electricity cost is higher in

return for a more stable charging profile with fewer charging stops.
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Figure 3.21: The relationship between y and PAR, electricity cost and emission, respectively.
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Figure 3.22: Charging power optimization for different choices of y when w = 0.5.
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B. Considering Tail Features

e Flexibility Analysis (FA)

The flexibility analysis aims at determining the difference in the EV charging power
between charging schedules considering tails or not. The flexible energy refers to energy
within the tail stages. The flexible energy is defined as (3.21).

fe= E(mt — Pwe) At (3.21)
t
Pn: 1s the optimized pgy without considering tails, and p,,; is the optimized pgy
considering tails.

The constraints of (3.19) — (3.20) can be further revised as (3.30) — (3.23). Due to
inefficient charging during the tail stage, by constraining the scheduled charging energy no
less than the charging energy minus the tail energy and delaying the tail stage to the end of
the entire parking period for CE(t,m,n), less priority is given to EVSE,, when the

charging event enters the tail stage.

Z x(t,m,n) - At = Request,, — 1 Z tail,, , - At,Vm,n (3.22)

t Tk

0 < x(t,mn) < cmaxpy, t <Ar,Ym,n
0 <x(t,mmn) < taily,,,t = At,n=1 (3.23)

At = Park,, , — T
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7n: the indicator of whether CE(t,m,n) contains the tail stage, 1 — tail stage exists, and 0
— o tail;
tail,, , ,: tail charging power profile from the learned tail template m,, where tail,, , x
is the maximum charging power for every At steps in the tail stage formulated in (3.30);
Ty: time duration for my; At: time duration when the charging event not entering tail
stage.

tail,, ,, = maxm, (At +j-At:At+ (G +1)-At—1)-0.208 (3.24)

Three different case studies are considered for FA: 1) actual EV charging events from
the caltech site on 5/8/2019 with different unit control steps At, 2) generated/ projected
EV charging events from Section 3.2.6 with a various number of charging events, and 3)
most significant/longest charging tail in Figure 3.5 (a5).

Case study 1 analysis is shown in Figure 3.23, and the curve is the representation of
fe difference between pyiar and Ppeae, where At = [1,2,3,5,6,10,12,15]" minutes.
w=05and y = 11—5 are chosen for FA simulations to assign equal weights for each cost.
A more frequent control step gives more flexible energy when considering tails. Most
duration of tails lies around 10 minutes, when At > 10, the scheduling influence from tails
is negligible for most tails. Thus, the flexible energy reduces significantly when At > 10.

Figure 3.24 illustrates two simulations with At =1 and At =15 minutes,

respectively. p,, maintains the same for different unit control steps. However, p,,; can
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achieve a lower PAR with lower peak charging power when At = 1 when compared to
At = 15. With a fast charging scheduling operation such as under real-time circumstances,
the importance of considering the tail stage for charging events increases and evitably
improves the flexible energy due to more precise scheduled charging power for the tail

stage as depicted in (3.23).
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Figure 3.23: Case study 1 — the flexible energy difference between scheduling with and without
considering tails.
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For case study 2 analysis, the same GMM model illustrated in Section 3.2.6 (I) is
utilized to generate more charging events. The probability of charging events, including
the tail stage, is chosen as 0.9. It is assumed that enough EVSEs exist, and EVSEs are
assigned in sequential order. For any CE;, assuming the prior charging event is assigned
to EVSE n;_y: CE;_1(t,mj_1pn,_,,Mi—1). If all EVSEs from 1 to n;_; are occupied,
CE; = CE;(t; myn, = L,n; =n;_y +1) ; otherwise, CE; = CEi(t,my,, =m;_y; +
1,n; =j), where j is the available EVSE, j < n;_;.

Figure 3.25 displays the fe simulation with various number of charging events, where

fe

tPnt

the flexibility rate fr:= 5 X 100%. In this simulation, At =3, y = % and w = 0.5.
When more events are added, it is evident that the fe increases due to the increased tail

events. The fr lies in the range between 4% ~ 5%, which means that when tail
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characteristics are added to the EV smart charging operation, a 4% - 5% incremental energy

flexibility can be preserved.
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Figure 3.25: Case study 2 — the flexible energy and flexibility rate with a different number of charging
events.

For case study 3 analysis, a particular assumption is made when vehicles are only
exhibiting tails with the template set to be my_s. This assumption is considered for the
fleet charging scenario with the same type of EVs but different charging energy and parking
duration. Similar to case study 2, At =3, w =0.5, and y = % It is anticipated that
higher fe is available with a more significant number of charging events due to longer
tail duration and energy. The fr can further increase over 10% and achieve 14.5% when

the number is equal to 150.
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Figure 3.26: Case study 3 — the flexible energy and flexibility rate with a different number of charging
events when considering only one tail.

e Satisfactory Analysis (SA)
The satisfactory analysis aims at determining whether the scheduled charging energy

satisfies the user-requested energy. The satisfaction rate is defined as (3.30).

_ Xt Py
ST

" Request,,, (3.25)

For any CE(t, m,n), although (3.19) is satisfied and constrained during optimization
without considering tails, the actual charging power is reduced when CE(t,m,n) enters
the tail stage, which results in a non-fully charging event for CE(t, m,n). In this section,

the optimization function considering tails is formulated as (3.17) with constraints (3.18) -

(3.19) and (3.23).
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Forany CE(t, m,n), the calculated schedule vectoris x(t, m, n). For simplicity, m,n
are omitted in the following description. The actual charging power x(t) is demonstrated
in Algorithm 3.4: if n = 0, x(t) = x(t); otherwise, revise the charging power in the tail

stage to limit the charging power less than tail,.

Algorithm 3.4: Actual scheduled charging power

Input: any CE(t), x(t), tail indictor n
Output: x(t)

1 Retrieve the tail template m, from Algorithm 3.2

2 ifn=1

3 Find the first Az such that ¥, x(t) - At > Request — ep,, and x(At) > 0.

4 Find the remaining scheduled vector x, = x(At:t 4+ Park) > 0 and the
allowed maximum charging power tail; in (3.30)

5 if x| > |taily|

6 Calculate the cumulative sum energy of x, and taily, e, and ey

7 fort=1:|x,] and [ =1

8 if e, (£) > equ (D)

9 l=1+1

10 Jump out for when [ > |tail;|

11 end if

12 xr(t) = min(x,(t), tail, (1))

13 end for

14 else

15 ‘ X, = min(x,, tail, (1: |x,|))

16 end if

17 x(t) = [x(1: A1), x,]

18 else

19 | %) = x(0)

20 endif

21 return x(t)
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Figure 3.27 displays the comparison between sr,; and sry;, where sr,,; =

STy = Tnt Charging events from 4/1/2019 — 5/10/2019 from the ACN-Data are
Request
utilized to run the simulations. The scheduling optimization only runs for days when the

number of charging events for this day is larger than 30. There are a total of 1152 charging

events, and most sr lies near 1. There are more charging events with sr,, = 1 than

STy = 1.
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Figure 3.27: Satisfactory rate for ACN-Data: left) satisfactory rate distribution and right) boxplot for
each charging event with and without considering tails during scheduling.

Additionally, ineffective charging events happen more frequently for NT scheduling as
more outliers are shown in the right figure of Figure 3.27. An average of 0.69% sr

improvement can be achieved by s1y,;.
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3.3.2 Distributed Control

The centralized control requires future information for each EVSE, which is not
available for most real-world applications. Furthermore, the distribution probability of
charging events at the individual EVSE scale is more robust and random than the charging
facility scale. In this section, a distributed smart charging algorithm is proposed.
(1) Control Objectives and Constraints

Suppose at time index t — 1, the scheduling vector for all EVSEs is yr«n(t — 1),
where y; is the scheduling charging power for EVSE i, and X;_; isthe EVSEs in use at
t — 1. Attime index t, An new charging events are added and X; EVSEs are in use. The
newly in-use EVSEs are n;, where n; € 8;, n, € X;_; . For each EVSE n; € X;, the
objective of EVSE n; for the new charging event CE(t) is the same as the centralized
scheduling, which can be formulated as min(1 — w) - (priceele X (y_nl. + yni) At +vy-
pricegem - m?x(y_ni + yni)) + W priceem; X (Y_n, + ¥n,) - At, where t < t + Park,
and y_j, is the scheduling vector for other EVSEs except n;. However, the above
scheduling problem only solves the scheduling vector for current known events and tends
to constantly delay charging events to a late time when the price is low. To optimize the
current scheduling vector with the considering of future possible charging events, instead

of directly minimizing the electricity and emission cost function for EVSE n;, the new
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scheduling vector can be updated by minimizing the difference between ¥y, and y,., as

shown from (3.26) — (3.29).

Parky,(t)
mina X > G, (6) = ¥, (0 (3.26)
t=1

Yn, = Pwtjday; = Y-n, (3.27)

Parky,(t)
z ¥n,(£) - At = Requesty,, (1) (3.28)

t=1

0=yn < cn (3.29)

w¢: weight function of time t o« f(t), such that when the charging events number are
small, or the first a few charging events of a day, the scheduling is not delayed to satisfy a
lower difference for high p,,. at a later time.In this section, w; = %

Dwe: the average of the optimized charging power with the consideration of tail feature

1

from the past days of operation. Pyijaay; = pr

Zdays=dayj Pw:- Inthe simulation below,
P.: Is further smoothed by the one-hour moving average filter.
Cp,- the allowed charging power from (3.23).
(1) Scheduling Game

Each EVSE aims at updating its schedule vector and maximizing the benefit for its
own purpose, and eventually, no EVSE will benefit when changing its scheduling vector.

The scheduling problem can be formulated as a scheduling game, and the final schedule

vector y(t) can be solved by the unique Nash Equilibrium (NE) [100]. The distributed
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EV energy scheduling game is presented in Algorithm 3.5. The game is played whenever
new charging events are submitted to EVSEs. Lines 1 — 3 initialize schedules for the new
EVSEs n,, and broadcast the new schedules to X;_ . In lines 4 — 17, for Vn; € X, if it
receives broadcast information from other EVSEs, it needs to update its schedule. €; =
0.01 and €, = 0.1 are the converging tolereance. Once there are no changes fornew yy,,

the unique NE is found, and the distributed schedules are optimized.

Algorithm 3.5: Distributed EV energy scheduling game

Input: new charging events CE(t) at EVSEs ng, ﬁwudayj

Output: yy,
1 forn; en,
2 Update y,, by solving (3.26), and broadcast y,, to N;_p,set y° =y
3  endfor
4 while true
5 forn; € X;
6 if new schedule announcement received
7 yni = ﬁwt|dayj - z y(i)
i#nIEX;
8 Update y,, by solving (3.26)

if |y1’li_y?li| >61

9 ‘ Broadcast y,, to ¥ _p,

10 end if

11 end if

12 Update y° = yy,

13 end for

14 if |3’xt — y§t| < €, or No broadcast for Vn; € ¥;
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15 ’ jump out while
16 end if

17 end while

28 return yy,

The control principles for real-time distributed EV energy scheduling are as follows:
(i) Initialization: select ’ﬁwqday,- for each day number, and initialize scheduling
vector y(0) and charging events memory Myy3 = [t Request Park] to be
ZEros.
(ii) At the time index t, if new charging events are added to the system, M, =
[t Request,, Park, ]. Run Algorithm 3.5 and update yy,(t); else, remain the
same schedule: yy, (t) = yx,(t — 1). Charge EVs using yy, (t).
(iii)Update My, = [t + 1, Requesty, — Yy, - At, Parky, — 1].
(iv)At time index t « t + 1, go back to (ii), until t > T.
(111) Simulation Results and Discussions
Figure 3.28 and Figure 3.29 display the BAU and the scheduled/ optimized EV
charging power for April 2019, solved by (3.17) with the constraints (3.18) and (3.30) —
(3.23). The black broken lines in each graph are the 1-hour moving average of the average
power of this day type. Different curves are represented for the simulation results for

different days. The shape of average power for weekdays shares a similar and more stable

pattern than the BAU power. Hence, the ﬁwt|dayj can be chosen as the forecast load.
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Figure 3.28: The BAU EV charging power for different weekdays: (a) Monday, (b) Tuesday, (c)

Wednesday, (d) Thursday, and (e) Friday.
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Figure 3.29: Optimized EV charging power for different weekdays: (a) Monday, (b) Tuesday, (c)

Wednesday, (d) Thursday, and (e) Friday.
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Figure 3.30 illustrates the distributed control simulation for days: May 6 — 9 and May
3, 2019 (Monday — Friday). In each simulation, the yellow (‘Distributed”) power curve can
follow ﬁwﬂdayj tightly and dramatically reduce the peak demand of charging power. The

cost from different scheduling operations is shown in Figure 3.32 for the corresponding

days.
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Figure 3.30: Distributed EV smart charging power for different weekdays via the average power
baseline: (a) Monday, (b) Tuesday, (¢) Wednesday, (d) Thursday, and (e) Friday.

One limitation is that the performance of the distributed control is heavily affected by
the accuracy of the baseline — the average power from the historical data. When the
charging events do not follow the historical patterns (e.g., more/less charging events), the
distributed control fails to converge to the optimal solution. As shown in Figure 3.30 (a) —

(c), the base average charging power is less than the centralized charging power during the
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time indexes from 35 — 64. Thus, the flexibility to charge EVs at a later time is reduced.
Some charging events are delayed to the on-peak rate period, and as a result, the electricity
cost may increase.

To improve the accuracy of the baseline power, instead of keeping p,,; = ﬁwqdayj

unchanged, p,,; can be online adjusted as follows:

(i) Find the ratio between the average requested power and the actual request power at

t, 0 = Arpi, where the request power at time index t is defined as: rp(t) =
rpdayj(t)

iex, —eit g js chosen in the range [-0.8,1.2]. The average requested power

Park; At

ﬁ)dayj daydeays day; TP - Calculate the average power variation in the

following AT steps: Ap =6 - (ﬁwﬂdayj(t: t+AT —1) — ﬁwqdayj(t - 1)).

(ii) Update p,,.(t:t + AT —1) via (3.20) and record the updated time step of

Pweit =t + AT.

0+p,:(t:t+AT —1),Ap(1) =0,60 > 1
Puc(tit + AT —1) ={—0 + Pyc(t:t + AT —1),Ap(1) = 0,6 <1  (3.30)
Ap + Pwtjday; (t — 1), otherwise

(iii)If no new event is added (no new schedules), when t > t, update p,.(t) =
Ap(1) + Py (t — 1).

The distributed EV charging scheduling via the adjusted average power baseline is

displayed in Figure 3.31. From Figure 3.31 (a) — (c), the ‘Adjusted Average’ curves

dynamically update from time indexes 35 — 65 and move the baseline power closer to the
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“Centralized” curve. The overall electricity cost ($) for the 5-day simulation is reduced by
3.55% compared to control via the average baseline. When compared to the BAU operation,
the electricity cost for the five days is increased by $13.47, in exchange for an average of
26.28 kW daily peak reduction. The distributed control via both baselines shows the

effectiveness of smart charging to smooth the charging power and reduce the charging peak.
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Figure 3.31: Distributed EV smart charging power for different weekdays via the adjusted average power
baseline: (a) Monday, (b) Tuesday, (c) Wednesday, (d) Thursday, and (¢) Friday.
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Figure 3.32: EV charging cost from different scheduling algorithms: top) electricity cost, middle)
generated emission, and bottom) peak demand.

3.4 Conclusion

This chapter presents a direct tail extraction algorithm and novel distance measure
RMPS for tail time series classification. The proposed tail extraction finds the tail time
series without the prior knowledge of the EV. However, those tails are noisy and commonly
share different lengths. The proposed RMPS as the shape-wise distance measure finds the
global similarity of two tails by comparing each subsequence of the two time series. Section
3.2.5 compares the RMPS with other distance measures. RMPS surpasses all other
distance measures when optimal K is chosen, and distinct cluster representatives can be
extracted via k-medoids classification. Different applications of the learned tail features are

discussed in Section 3.2.6: 1) reducing the future EV charging demand and 2) efficient real-
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time prediction and scheduling. With the tail representatives (medoids) learned from the
tails, it is found that the EV charging demand planning for future EV population projection
can reduce by 4%, resulting ina 17.4 MW, 74.5 MW, and 248.4 demand MW reduction. In
most clusters, the battery capacity distribution ranges are small, which may provide the EV
charging station to identify the possible battery capacity for the plugged-in vehicles, thus
better serving their charging energy needs.

This chapter also presents centralized and distributed EV smart charging algorithms with
the consideration of the tail features. As illustrated in Section 3.3.1, with proper w and y
are chosen, the centralized EV charging power scheduling can continuously optimize the
PAR, electricity cost, and emission generation. The FA and SA simulations under different
case scenarios indicate the tail features can improve the scheduling efficiency and accuracy,
with a 4% - 5% flexibility rate and 0.69% satisfactory rate improvement, respectively.
However, the centralized optimization requires all information to be acquired at the stage of
optimization, which is infeasible for most real-world applications. The distributed smart
charging algorithm presented in Section 3.3.2 forms an energy scheduling game, and the
optimal schedule is the unique Nash equilibrium that for any new charging event at
CE(t,m,n), the n; € x,\X,_; EVSE first optimizes for its own interest, and the rest —n;
EVSEs adjust their own schedules until no EVSE would benefit by deviating from the

scheduling vector. By applying the average charging power for each day type as the
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prediction model, and online adjusting the prediction by FL-AELM, the distributed

scheduling can smooth out the load profile of an average of 26.28 kW daily peak reduction.
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Chapter 4 Real-world Microgrid Applications

with Solar + Battery Architecture

Based on the microgrid definition by the U.S. Department of Energy Microgrid
Exchange Group [101], a microgrid should have the ability to generate and distribute
energy within its internal architecture, as well as be able to control different load
components as a single intelligent network entity. The on-site energy generated from the
microgrid system can be from renewable energy sources such as solar and wind. From 2000
— 2020, renewable energy consumption increased from 6,104 Trillion Btu to 11,689 Trillion
Btu, accounting for 6.2% - 12.6% of the total energy consumption in the U.S. [102]. One
of the majority changes from the investment and increment of the solar energy generation.
The solar energy consumption portion of the total renewable energy has increased from
1.0% - 10.7% in the recent 20 years.

Due to the intermittent nature of renewable sources such as solar, energy storage
systems have been integrated into the architecture of microgrid systems to make them more
efficient and robust. The integration of a BESS within a microgrid architecture that includes
renewable generation provides a dual benefit: 1) it makes the microgrid system more
controllable, reliable, and robust by managing the intermittent nature of renewable sources,

and 2) adds economic value to the operation of the microgrid by implementing a variety of
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energy management strategies, including the reduction of demand charges under a time-of-

use (TOU) rate schedule.

4.1 Background of Microgrid

4.1.1 Microgrid Definition
The Microgrid Exchange Group defines the microgrid power system as:

“A Microgrid is a group of interconnected loads and distributed energy
resources within clearly defined electrical boundaries that acts as a single
controllable entity with respect to the grid. A Microgrid can connect and
disconnect from the grid to enable it to operate in both grid-connected or
island-mode.” [101]

Based on the above definition, a microgrid should have the ability to generate
and distribute energy within its internal architecture and control different load
components as a single intelligent network entity [103]. Three essential components
should be included in a microgrid based on CIGRE C6.22 Definition Qualifiers: (1)
generators (most are renewable energy sources (RESs)), (2) storage devices, and (3)
controllable loads. Microgrids are controlled by their own microgrid central
controller, which has the ability to 1) coordinate self-distributed generation units,

distributed energy storage units, and controllable loads; 2) provide support to
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critical loads; 3) be capable of being connected to or isolated from the distribution

system [104] and, 4) plug and play operation [105].

4.1.2 Background of the Microgrid Energy Management

As an increasing number of microgrids have been developed and connected to the
power grid distribution network, interconnecting multiple microgrids as a single microgrid
cluster (MGC) provides an effective way to improve the operational performance and
reliability of large-scale DERs integration [106]. Each microgrid has onsite renewable
distributed generation (RDG), controlled distributed generation (CDGQG), battery energy
storage system (BESS), and electrical loads. The RDG refers to non-controllable and non-
dispatchable resources, such as PV and wind. Each individual microgrid is controlled by
its own EMS and can communicate with the EMS of neighboring microgrid and the power
grid. The microgrids are clustered and controlled by the upper-level community EMS.

Besides offering economic and environmental benefits, microgrids also improve the
whole system’s reliability. The microgrid systems have been demonstrated to minimize the
power output of conventional generator sets and maximize power output from RESs [107].
Additionally, by implementing power sharing between microgrids with the main grid, the
microgrids can reduce the total operational cost of the future distribution network [108],

[109]. The additional avoided CO» emissions from the reduced active power loss along the
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generation and distribution from RESs using microgrids technologies have also been
evaluated [106], [110]. Power systems with interconnected microgrids have shown to be
more stable and resilient than individual islanded microgrids to deal with blackouts when
intermittent DERs provide most of the generation [111]. Lu et al. investigated a wind
turbine-solar photovoltaic (PV)-battery MGC system that reduced the distribution grid's
power loss through power exchange and saved responsive reserve from dispatchable
resources, demonstrating that both aspects can improve the system reliability [112].

In the literature, the microgrids are divided into two categories: AC microgrids and DC
microgrids. AC microgrids are most studied in the current utility grid environment,
connected with the utility grid at the point of common coupling [113]. Studies focus on the
optimal power scheduling [107], [114], [115], voltage and frequency regulation [116], and
islanding protection [117], [118].

Due to the higher efficiency associated with less DC-AC power conversion of the DC
characteristic of RESs, energy storage systems, and electric vehicles, as well as
circumventing the drawbacks of synchronization, reactive control, and voltage stability of
the AC microgrids, significant research efforts have focused interconnecting microgrids
through a common DC-link [119]. A novel simultaneous control interface and protection
scheme for DC microgrids has been reported in [120]. A DC MGC testbed is operated in a

real-world scenario by connecting 19 inhabited houses with a DC power bus line [121].
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Hybrid microgrid systems with a combination of AC and DC microgrids taking advantage
of both systems are also reported in the literature [122], [123].

There are two primary control schemes for the microgrid EMS: centralized and
decentralized (distributed). A centralized EMS control scheme observes the real-time data
within the microgrids and makes the decision for the whole microgrid system. A centralized
EMS typically follows the hierarchical way with the two-level optimization to minimize
the operational cost of the whole system and the individual components [124]. The lower-
level EMS runs the optimization for the single microgrid component in a scheduled period
for its minimal operational cost and shares the optimal exchange power with the upper-
level EMS. After the upper-level EMS receives the whole information of the system, it
determines the connection of the microgrids and the central MGC system. By sharing
market transaction information, centralized control can achieve maximum economic
benefit.

Due to lack of scalability, the burden of communication, and privacy issues with
centralized controllers, decentralized microgrid EMS controllers have gained much
attention recently [115] [125]. The multi-agent system (MAS) based distributed control
architecture for microgrids is widely discussed in the literature. Han et al. carried out a
comprehensive review of the MAS-based controller for microgrids [126]. The topology,

mathematic models of the MAS system, communication delay, energy coordination, and
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economic dispatch strategies are reviewed. The RESs, controllable generators, energy
storage system, load, and grid are modeled as different agents to monitor and/ or control
the related components [115]. Global optimization is carried out by minimizing the usage
of diesel generators on a daily basis. Non-cooperative game theory is used to coordinate
each agent to optimize the energy dispatch and costs. Hierarchical bi-level control schemes
are applied for a real-time interactive EMS framework [127]. The virtual load and grid are
aggregated in the discussion. The primary controller of distributed EMS for each microgrid
aims at maximizing the use of non-dispatchable resources and increasing the energy stored
in the energy storage. After all EMSs are executed, the shortage or surplus of the microgrid
power is sent to the secondary level controller to minimize the mismatch between the feed
power by microgrids and the load demand. The stability of the tie-line, which connects
different microgrids, shows the autonomy of each microgrid. Liu et al. focused on fair
energy trading among microgrids [128]. The distributed robust optimal energy scheduling
for microgrids is achieved by minimizing the total cost including fuel, degradation cost of
BESSs, net energy trading cost with the main grid and energy transfer cost among the
microgrids under the worst-case scenario of parameter uncertainties (real-time energy

market, forecast of renewable generation and low consumption).
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4.2 Microgrid I: Rancho Cucamonga City Hall (RCCH)

Microgrid

This work designs and performs a real-time battery control strategy for a microgrid
system located at Rancho Cucamonga, CA, which is located in Southern California and
has an abundant solar energy resources. The microgrid integrated a Battery Energy Storage
System (BESS), and carport photovoltaic (PV) system provides a dual benefit: 1) it makes
the microgrid system more controllable, reliable, and robust by managing the intermittent
nature of renewable sources, and 2) adds economic value to the operation of the microgrid

by implementing a variety of energy management strategies.

4.2.1 System Architecture
Figure 4.1 illustrates the architecture of the RCCH microgrid system, which includes
125 kW of solar generation, 100 kW/87 kWh stationary BESS, and a high electricity

consumption building. The existing microgrid system is displayed in Figure 4.1.
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Figure 4.1: Photograph of the RCCH microgrid.

The data flow and architecture of the RCCH microgrid are shown in Figure 4.2. On the
top left of Figure 4.2, the control system consists of LabVIEW and Matlab software for
real-time battery operation computing and the microcontroller as the data bridge and
control switch between the battery system and the software. On the top right of Figure 4.2,
the physical battery system consists of 83 kWh battery banks, DC - AC inverter, and BMS
for battery cell balancing and calibrating. The battery bank charger is directly connected to
the building’s power system that permits the BESS to directly charge (discharge) from(to)

the utility grid. The solar PV system includes a data logger AcquiSuite which reads solar
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power from the solar meter (Veris) and sends solar power to the local database. Similar to

solar, building load information is metered and sent to the database.
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Figure 4.2: Overall system architecture and data transmission.

The electric tariff for the building is Riverside Public Utility’s (RPU’s) large general
and industrial service, Time-of-Use (TOU) rate schedule. In addition to fix charges, the
monthly TOU rate schedule charges consist of two components: demand charges ($/kW)
and energy use charges ($/kWh). There are three TOU periods: off-peak, mid-peak, and
on-peak, which change between the summer and winter seasons [129] as shown in Table
4.1, where off-peak has the lowest, and the on-peak has the highest energy rate. The

demand charges consist of on-peak (summer) and facility (summer and winter) demand
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charges. Facility demand refers to the maximum average kilowatt input indicated or

recorded by instruments during any 15-minute metered interval in a month.

Rate Period Summer Winter
June to September October to May
Oft-Peak 11 PM -8 AM 9PM -8 AM
Mid-Peak 8 AM -12 PM 8 AM -9 PM
6 PM - 11 PM
On-Peak 12PM -6 PM ---

Table 4.1: Time-of-use rate periods for SIGI microgrid.

4.2.2 Solar Generation and Building Load Consumption Characteristics

Figure 4.3 displays the monthly and yearly comparison between the simulated solar
generation and average building electricity consumption for RCCH. The solar generation
is simulated via System Advisor Model (SAM) [130]. The parameters of SAM modeling
are listed in Table 4.2. The building electricity consumption is from the facility’s electrical
bill from January 2014 — August 2015, and the monthly consumption is averaged for
January — August. The on-site solar generation only contributes to slight energy reduction
since the yearly solar generation is 3.56% of the building electricity consumption. As
shown in Figure 4.4, the demand charge accounts for more than 27.5% of total electricity

cost for all the months and over 45% for the summer rate periods. Thus, decreasing the
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building’s peak demand, especially during the on-peak rate period, could significantly
reduce the demand charges and electrical bills.

m Solar m Building
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Figure 4.3: RCCH solar generation vs. building load consumption: left) monthly comparison; and right)

yearly comparison.
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Figure 4.4: Demand charges and total electricity charges.
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Location Rancho Cucamonga, CA
Canadian Solar CS6P-260P
Modules
SunPower SPR-P17-340-COM (2)
Inverter 5 AE 3TL-23-6
. 5 Subarrays
System Design
Modules per string in subarray: 12
Strings in parallel in subarray: 6
System Power Rating 125 kW

Table 4.2: SAM parameters configuration for the RCCH solar carport system.

Figure 4.5 left) displays the average building load in different day patterns, such as
workdays (Mondays — Thursdays) and non-workdays (holidays and Fridays — Sundays), as
shown in the five lines except for the “Non-workdays” and ‘“Non-workdays” lines,
respectively. During regular workdays, the building load in summer is higher than in winter
due to heating, ventilation, and air conditioning (HVAC) operations. In both seasons, the
daily peak demand always appears between 1:00 PM — 5:00 PM, and the monthly peak
load always appears around 1 PM — 3:30 PM, as shown in Figure 4.5 right). On non-

working days, the electricity consumption is stable and much smaller than regular working

days.
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Figure 4.5: Building load characteristics: left) building load patterns for summer and winter rate periods,

and workdays and non-workdays; and right) peak demand occurrence at the time of a day.

4.2.3 System Control Objectives and Constraints

Generally, well-documented meteorological information and long-term historical
trends are required for establishing accurate prediction models for solar generation and
building loads [77, 78]. In practice, building sophisticated prediction models is often
hindered by the ease of access by end-users to comprehensive data sets. This challenge is
augmented by the different demand charges during one billing cycle that requires further
consideration for minimizing peak demand across multiple rate periods, which is an aspect

of demand charge management that is regularly ignored in the literature.
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The objective of the RCCH microgrid control is to design and perform a real-time
battery control scheme for the RCCH microgrid where only basic information such as real-
time building load, solar power generation, and short-term historical data are available. The
proposed control scheme employing three different operations strategies, one for each rate
period is to:

e minimize the costs associated with demand charges by optimizing the performance

of a solar carport photovoltaic (PV) system coupled with the BESS;

o cfficiently utilize the BESS to store and deliver energy.

The system's limitation lies in the limited battery storage and solar generation compared
to the consumption, making the BESS impossible to cover the entire on-peak rate periods.
As shown in Figure 4.5, the occurrence time of peak demand is consistent. Considering the
limited discharging time of the BESS, an optimized battery discharging period is required
for achieving lower monthly power demand for the building.

This advanced and easy implementation real-time battery control scheme can increase
the system's economic benefit without adding the complexity of the microgrid system,

which can achieve considerable electricity cost reduction for the RCCH microgrid.
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4.2.4 Control Algorithm Description

To efficiently manage fluctuating peak demand under the TOU rate schedule, the
developed battery control scheme consists of three battery operational modes for each of
the three different rate periods. The battery charging and discharging process is modeled
as a linear process from the field experiments. The charging and discharging process is
constrained within 20% to 90% state of charge (SOC) to prolong the BESS's useful life
span. The BMS stops discharging and only allows charging when the SOC reaches 20%.

As discussed above, for reducing the facilities demand throughout the day, 12 PM — 5
PM is the period of interest for the BESS operation.
(1) Off-Peak Mode

In this mode, the control algorithm determines the battery operation from 11 PM to 8
AM in the summer rate periods, 10 PM to 8 AM in the winter rate periods, and whole days
on weekends and holidays. The control objectives during off-peak battery operation are: 1)
charging the BESS to 90% SOC and 2) maintaining a low off-peak demand value. The off-
peak threshold demg, is predetermined by the previous months’ off-peak load demand.
In most cases, the BESS maintains a stable charging power and does not exceed demg,,
due to low and stable electricity consumption. When the electricity load consumption is

high, an autonomous adjustment of demy,. is achieved by tracking the SOC difference
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between the desired and the actual charging power. The battery’s charging power can be
expressed in (4.1).
0,nlors >0
bp ={—nlyss, nlyssr + pea > 0N Asoc < 0 (4.1)
pca,else
bp : battery charging/discharging at the current time, where bp > 0 for discharging
process and bp < 0 for charging process;
r?loff: allowed off-peak net load, ﬁloff = bl — so — demg,;
bl: the building load at the current time; nl: the net load at the current time;
so: the solar-generated power at the current time;

soc: the SOC at the current time;

pca: the average charging power at the current time, where

(socypax — soc) - C V)

pea = —mii (Remaining Off Time - u’

C is the BESS capacity, INV is the battery inverter size (INV = 100);
Asoc: the difference between the preferred SOC and the actual SOC, where

Asoc = p- (pca — bp) - At + Asoc

1.1,discharging When Asoc <

u is the charging and discharging loss/ efficiency: u = { 0.9, charging

—0.5, demg,, is increased by 2.5 kW and Asoc = 0 is reinitialized. In most cases, the

BESS charges at pca due to the low electricity consumption.
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(1) Mid-Peak Mode

In this mode, the control algorithm determines the battery operation between 8§ AM —
12 PM and 6 PM — 11 PM. Since the net load is relatively low between 9 PM to 6 AM,
only two time periods need to be monitored: 8 AM to 12 PM and 6 PM to 9 PM. During
the first period, the BESS works in a schedule mode which only discharges when nl >
demsq, and charges when soc < 90%. During the second mid-peak period, the BESS
charges up to 50% SOC to prepare for the unpredictable high demand for the rest of the
time for this period.
(111) On-Peak Mode

In this mode, the control algorithm determines the battery operation between 12 PM —
5 PM. The control algorithm aims at reducing the peak demand. Besides the minimization
in (3.30), the building net load NL (captical letters represent vectors of related parameters)

is constrained by (4.7) to maintain the lowest value.

min P17 - NL - At + g max (VL) (4.2)
subjectto BC = BCy —u-A-BP - At (4.3

0 < BP <INV (4.4)

BCppin < BC < BCppgy (4.5)

NL = BL — S0 — u- BP (4.6)
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NL < dem,, 4.7)
Pr,: energy price;
BC': the BESS battery capacity vector: BCp,ip, = 0.2C, BCppax = 0.9C.
A: lower unit triangular matrix.
nlyy: allowed on-peak net load, nl,,, = bl — so — dem,,,

The Model Predictive Control (MPC) approach is utilized for decision-making at each
control time interval. At time period k, the battery operation is achieved by optimized (4.2)
with constraints (4.3) - (4.7). Due to the small capacity of the battery, the battery
discharging power is always limited to make the net load no larger than 20 kW of the
dem,,, as shown in below (3.30) where NL,,q,, is the maximal values of all previous net
load during the battery operation, and power, = BP,,.(1) and recursively reduced by 2.5

kW until load — solar — powers < NLpgy, — 20.

0,1l < NLyay — 20
bp(k) = {powery, load — solar — powery < NL,0 — 20 (4.8)
BPy,:(1),else

In (4.7), dem,,, is adaptively adjusted by the deviation between actual SOC change

and the predicted change ASOC. The online adjustment is expressed in (4.9).

k
ASOC; = Z ASOC(H) =[1 .. Uk-t+1)x1 " (bp(t:k)
j=t (4.9)

At
~ Apd(t:K)) X —
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ASOC; - C

R S L <
k—t+1)'lfASOCl_g

dem,, = max (mmax, demy,, —
where t is the last time slot when dem,, changes, k is the current time, Apd =

BP,pt(2), and ¢ is a factor for the time and range of the deviation to change dem,, . A

smaller initial dem,,, makes dem,,, adapting more quickly and vice versa. Meanwhile,

a larger |g| increases the time to adjust to a new threshold which exploits more battery

capacity to maintain the previous low load. The detailed control principles for RCCH are

shown as follows:

(i) For each on-peak rate period of a day, time intervals can be divided into M slots (1 PM
— 5 PM). The time slot is At = 5 minutes; within 1 hour, there are 12 time slots.

(i) At the initial time, set time interval i = 0, and get the prediction model for solar
generation building load, electricity price SOux;, BLyxi, Pr. respectively. Set
BESS disRate = 0.3 and ASOC; = 0.

(iii) At time i = k, set optimization operation horizon L4, = M — k + 1. Retrieve the
real time solar generation so;, building load bl , battery capacity bc;, battery
operation power bp, And the electricity price Pr.(k: M) . Update prediction
information SO(k: M) and BL(k:M).

(iv) If soc(k) < 85, bl — so, < max(demyy, NLpay) — 20, allow charging process.

bP charge (k) = max ((nly, — 20),—50), Apd(k) = 0. Go to (vii).
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bcy—disRate-C

(v) Else, calculate the average discharging power: pda; = max( 1 ,INV) and
maximum average discharging power: pdamax;, = max(b;k__—ko;rzl'c, INV) ; when

pda, < 0,set disRate = 0.2, pda;, = pdamax;,.

(vi) Calculate the optimization problem (4.2) with constraints (4.3) — (4.7) and obtain the
result  BP,, . Calculate bp(k) from (3.30) and Apd(k)=
min(BPopt(Z),pdamaxk) . Increase flag by 1. If no result from optimization
problem when the constraints cannot be satisfied, set flag = 0,node = 1,

bp(k) =

{min(blk — 50y — max(NLygy, demy, — 10,dem,,_),INV),ASOC > 0
min(ﬁlon, INV) ,else

Charging is allowed when soc < 80% and bp(k) < 0. Apd(k) is calculated
following:

min(BL(2) — SO(2) — dem,,, INV),ASOC <0

Apd(k) = _ g _ :
pd(k) {min(BL(Z) —50(2) — NLpax, INV),ASOC > 0

and Apd(k) =0

(vii) Calculate ASOC; by (4.9).
(viii) If flag > 12, update dem,, by (4.11).
dem,, = max(demyy,, NLimay) (4.10)
Reset flag = 12. This step shows that if MPC can be successfully solved over an hour,

on-peak threshold value should be chosen as the previous maximum net load or
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dem,y, . Future dem,, should be increased upon (4.11) rather than the previous
calculated dem,y,, .
(ix) Calculate dem,,, by (4.9), and record t = k. Reset ASOC = 0; else go to (x).

(X) Set i =k + 1,node = 0; then go back to step (iv) until i = M.

4.2.5 Simulation Results

The solar and load forecast models in Figure 4.6 - Figure 4.7 are developed based on
[133]: the solar generation and building load profile are predicted by first averaging the
historical data as a baseline and then online updating proportionally between the actual
values and baseline. The ‘Building Load’ curve represents the simulated building load by
adding small Gaussian noise to the actual load. The difference between the ‘Building Load’
and ‘Net w/o Battery’ is the solar generation and the initial dem,, is retrieved by the
average of monthly facilities demand. The two days are selected as the largest peak demand
occurrence days for the related months. In Figure 4.6, dem,,, is adjusted from the initial
789 kW to 860.73 kW. The peak demand is reduced from 968.05 kW to 887 kW with the
help of solar generation, down further to 845.01 kW when combined with the proposed
battery control algorithm. In Figure 4.7, dem,,, is adjusted from the initial 710 kW to
790.96 kW. The peak demand is reduced from 837.27 kW to 810.4 kW, further to 787.83

kW.
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Figure 4.6: Battery operation for building load on 7/7/2014 during the summer rate period.
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Figure 4.7: Battery operation for building load on 10/6/2014 during the winter rate period.
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4.2.6 Cost Benefit Analysis

Figure 4.8 shows the simulated year-round peak demand reduction by solar and battery
systems. The difference between ‘Total Dollar Savings ($)’ and ‘Solar Savings ($)’ is the
dollar savings from the BESS operation. During the summer rate periods, besides the
facilities demand reduction, on-peak demand is also reduced, which causes higher demand
savings. The total demand savings are $19,448.01, and the BESS accounts for 37.78% of

the total demand savings, up to $7346.47.

mmmm Optimzed Peak Demand &%= Reduced by Battery r### Reduced by Solar
== Total Dollar Savings ($) === Solar Savings ($)
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Figure 4.8: Peak demand kW and dollar savings by different components.

The energy reduction and savings are directly from the solar system, up to $13,003.22.

Details of the monthly energy and demand savings are listed in Table 4.3.
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Energy Information Demand Information

Building Energy Building Optimized | Demand
Month Energy i Ener.gy Dollar Peak Peak Dollar
consumption Gerlli;/ar:lon Savings Demand Demand Savings

(kwh) () $) (kW) (kw) $)
Jan 339,845 9426.87 877.64 808.24 731.7 1057.80
Feb 292,942 9056.19 843.13 722.19 660 859.47
Mar 327,595 12075.24 1124.20 718.58 657 851.04
Apr 328,830 13581.39 1264.43 745.06 655 1244.63
May 350,891 13499.4 1256.79 792.24 722.92 958.00
Jun 358,273 14155.65 1317.89 901.35 808.57 2813.09
Jul 399,201 13318.92 1239.99 963.16 845.01 3582.31
Aug 388,790 13564.89 1262.89 1013.74 904.91 3299.73
Sep 397,764 12308.28 1145.90 1035.57 955.14 2438.64
Oct 367,576 11855.97 1103.79 835.72 781.72 746.28
Nov 315,426 9154.83 852.31 743.15 703.06 554.04
Dec 314,197 7671.81 714.25 707.74 632.27 1043.00

4.3 Microgrid II: Chemehuevi Community Center (CCC)

Microgrid

This work demonstrates the control strategy for a Flow Battery Energy Storage System
(FBESS) in a microgrid system located at the Chemehuevi Indian Tribe in Havasu Lake,
CA. Due to the intermittence of solar generation, energy storage systems have been
integrated in microgrid systems for more efficiency and robustness. In late 2017, a

microgrid system was installed at the Chemehuevi Community Center (CCC). The
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microgrid integrated a solar carport PV system and a zinc-bromine FBESS to manage
energy use profiles while permitting flexibility in energy utilization by the energy

management system for the community center.

4.3.1 System Architecture

The CCC microgrid consists of a 90.4 kW carport PV system, 25 kW/125 kWh flow
battery system, three combiner boxes, one advanced inverter (Matrix unit), 1 AC
disconnect switch and the community center building. The Matrix unit is an energy
management platform, designed by EnSync Energy Systems, that integrates the
Chemehuevi microgrid direct current (DC) sources (solar PV panels and flow battery) onto
a common DC bus. Figure 4.9 is the actual system location, and Figure 4.10 is the overview

of the system architecture and the power flow.
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Figure 4.9: Photograph of the CCC microgrid.

As depicted in Figure 4.10, the CCC microgrid is a DC-coupled system with all DC
sources (solar, battery) integrated into a single DC — DC power conversion unit at the
Matrix. The Matrix unit has four DC-DC converter units. Three of the DC-DC units are
connected to the solar PV system, and one is connected to the flow battery system. During
the charging mode, the FBESS is directly charged from the solar PV system. Power
generated from the solar PV system is divided into two parts: one directly feeds into the
building loads and the Southern California Edison (SCE) grid, and the other flows to the
FBESS when charging is needed. Power flowing from the solar PV system and the FBESS
to the building is converted at a single DC-AC inverter. The system is connected to the

main grid through the Grid Isolation Device (GID), which allows the system to operate in
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an island mode when there is a grid outage. When the system is operated in the island mode,

the onsite 175 kW generator outputs electricity to power the lighting and critical loads in

the building.
»  Lighting
» 200 A Circuit =
SCEMeter | | SCE Meter SE—— 175 kW Standby
Transformer 600 N Generators
» 400 A Circuit =
Ensync Matrix i
GID _ Other Building
PV Array 1 Combiner 1 | 33.3kwDC- . Loads
31.32 kW ombiner DC Converter
PV Array 2 | Combiner2 ) 333 kW DC-
31.32 kW ombiner DC Converter 125 kVA Inverter
PV A 33.3 kW DC- -
rray 3 . > DC-AC
28.9 kKW | Combiner 3 DC Converter g
: 025 kW DC-DC }
Converter

125 kWh Primus
Flow Battery <
System

Figure 4.10: Architecture of the CCC microgrid.

The entire microgrid system information is collected and monitored by the local
database, as shown in Figure 4.11. The EMS control center retrieves the historical and real-
time system data such as solar, SOC, net load battery charging/discharging power, weather
forecast, and demand response request signal from the local database. It then calculates the
optimal battery operation power. When discharging is needed, the desired discharging
power is directly sent to the FBESS from the DC — DC inverter. The desired discharging
power is delivered to the building through DC — AC inverter. When charging is needed,

instead of sending the charging power to the FBESS, the EMS sends the solar power minus
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charging power to the DC — DC inverter. In such a way, the desired DC charging power
from the solar PV system can be converted at the DC-DC converter and flows to the FBESS.
The total power from the FBESS and the rest of the solar PV system is converted at the

DC-AC inverter and fed into the building.
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Optimized Sola;_ S |Nettoad T | Server :
92 kW PV Solar Power P:wer to Buildit Real-time Solar Power, Local Server !
System 4—,@ SOC, Battery Power, Net Load 1
DC-DC H Historical Solar Power, '
Solar Power, Building Load !
Inverter i ;
Battery Power, Battery Power, . |
Voltage DC BUS Voltage Local Optimized Solar Power to EMS Brain '
—_ -
25 kW/125 kw i | Database | Building !
Flow Battery ] Optimized Salar H '
System Battery Power Power to Building ! !
1
1

1
s 100 kW ! VPN .
attery System H - |
Information: SOC, 125 kvA [P Temperature, Radiation, _ _ _ _________ | ________

Current, Voltage, DC-AC Inverter Wind Speed,

Refresh Time, Power,
Weather
Station

e Modbus RS 485

e Ethernet
— Wi-Fi

Figure 4.11: Diagram of EMS data flow for CCC microgrid.

4.3.2 Solar Generation and Building Load Consumption Characteristics

The overall monthly solar generation can be simulated with the System Advisor Model
(SAM) [76] prediction model. The parameters selected in SAM are listed in Table 4.4.
There are two different PV panels: SunPower SPR-E20-435-COM (144 modules) and
SunPower SPR-P17-330-COM (84 modules). Since the DC-AC inverter in this project is
not defined in the SAM database, parameters for the inverter datasheet are manually
configured. Each type of PV modules can be considered as connected to different inverters
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with the same inverter parameters. PV modules at Combiner box 1 are SunPower SPR-
P17-330-COM, and PV modules at Combiner boxes 2 and 3 are SunPower SPR-E20-435-

COM.

Location Havasu Lake, CA

SunPower SPR-E20-435-COM (1)
SunPower SPR-P17-340-COM (2)

Modules

Inverter Power Ratings

e  Maximum AC Output Power: 125 kW
e Weighted Efficiency: 95

Operating Ranges

e Normal AC Voltage: 208 Vac

e  Minimum MPPT DC Voltage: 150 Vdc
e  Maximum DC Voltage: 300 Vdc

e Nominal DC Voltage: 300 Vdc

e Maximum DC Current: 150 Adc

e  Maximum MPPT DC Voltage: 300 Vdc

Modules per String: 4 for (1), 5 for (2)
Strings in Parallel: 36 for (1), 17 for (2)
System Power Rating (1): 62.64 kW

(2): 28.56 kW
Table 4.4: SAM parameters configuration for CCC PV system.

System Design

The simulated monthly and yearly solar generation is displayed in Figure 4.12
compared to the building electricity consumption from 2016 —2018. Figure 4.4 (left) shows
that for most months, especially Spring and Fall seasons, the onsite solar PV system can

generate more energy than the building’s consumption when the temperature is not high
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compared to summer days. Figure 4.4 (right) shows that the yearly onsite PV production
generation can provide sufficient energy for the community center and account for more
than 100% of electricity consumption. The over-produced solar energy can not only satisfy
the FBESS, but also help the facility reduce the electricity cost, efficiently respond to the

Demand Response (DR) events, and perform storage-to-grid activities.

2016 meew 2017 #2018 ==@=Solar
20,000

18,000 Solar
16,000

2018

2017

2,000 2016

L1

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 0% 50% 100%
Month Percentage (%)

Figure 4.12: Comparison between simulated solar generation and building load consumption: left)
monthly solar generation vs. building electricity consumption from 2016 — 2018; and right) yearly solar
generation percentage of yearly building electricity consumption.

As shown in Figure 4.13, the impact of solar generation on the building’s electricity
consumption from SCE is compared, where the baseline is chosen as the average of the 3-
year (2016 — 2018) building load. Since the solar PV system was operated in late January

2019, this month is replaced by data from January 2020 in Figure 4.13 to quantify full-year
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solar generation impacts and performance. The yearly electricity consumption with the
solar PV system compensates in 2019 is net negative, with 23,547 kWh over generating by
the PV system. The total consumption is reduced by 152,141kWh compared to the baseline.
Consequently, the entire yearly billing amount savings is $11,042, reduced by 48.68% of

the baseline billing amount.
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Figure 4.13: The impact of solar generation on the building’s electricity consumption: left) monthly
electricity consumption comparison between 2019 and baseline; right) monthly electricity billing
comparison between 2019 and baseline.

4.3.3 System Control Objectives and Constraints
(1) Objectives
Over the last ten years, solar energy production has been increasing rapidly in the state

of California. From 2009 to 2018, solar PV and solar thermal power plants generation have
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expanded from 0.41% to 13.97% of the state’s total electricity production [134]. As
California adopts more solar energy, energy is now less costly during midday and more
costly in the late afternoon and evening [135]. Starting in March 2019 [136], the time-of-
use (TOU) rate periods switched from a legacy TOU (L-TOU) shown in Figure 4.14 to an
updated TOU (U-TOU) for SCE customers shown in Figure 4.15. It is found that the on-
peak rate periods with the highest electricity cost shifted from 12 — 6 PM to 4 — 9 PM when
the solar generation decreases.

Solar systems installed in California are eligible for the state’s net metering (NEM)
program [137]. NEM allows customers to get full retail rate credit for their onsite solar
generation, and the credits are cumulatively added and applied to each electric bill on a
monthly basis. The structure change of TOU periods inevitably decreases solar energy
credits since solar is mostly credited during off-peak prices. Furthermore, changing the on-

peak rate period also impacts the solar system's potential for on-peak demand reduction.
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Figure 4.14: Legacy time-of-use periods.

Various control algorithms have been carried out for microgrid systems consisting of
solar and battery in the literature. They mainly focused on providing voltage and frequency
support [138], mitigating power fluctuations [139], and reducing peak demand [133] under
the L-TOU. Few papers consider the operational constraints of flow battery technology and

economic benefit analysis under the U-TOU rate schedules. Thus, the objectives of the

control algorithm are threefolds:

e Minimizing the electricity cost by considering the flow battery operational

constraints;

e Decreasing the peak demand;
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Figure 4.15: Updated time-of-use periods.

¢ Providing demand response support by the FBESS.
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Besides, the large onsite solar generation and the characteristics of the FBESS provide
a unique opportunity to perform NEM aggregation analysis for over-produced solar
generation and the FBESS cost-effectiveness comparison under the U-TOU and L-TOU
rate schedules.
(1) Constraints
Considering the characteristic of the specific flow battery used in this project, there are
three primary battery constraints:
e The FBESS needs to be charged at a constant rate for a certain period of time during
the charging process to ensure the uniform deposition of Zn on the battery electrodes.
e The FBESS needs to be fully discharged for most of the charge and discharge cycles
for safety reasons and a long battery lifetime.
e The FBESS needs to perform a refresh cycle after each full deployment of
discharging cycle (state of charge (SOC) = 0%). During the refresh cycle, the BMS
performs maintenance on battery electrodes to ensure maximum energy storage

capacity.

4.3.4 Control Algorithm Description
The flexibility of operating the flow battery is hindered by its characteristics and

limitations. To take advantage of battery storage for reducing the peak demand during the
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on-peak/ demand response (DR) period with the battery limitations, the control strategy is
separated into three modes: Before Charge, Charge, and Discharge. Each mode has its own
tasks and requirements.
(1) Before Charge Mode

In this mode, the control algorithm determines the battery operation from 9 PM — 8§ AM.
Two different scenarios need to be addressed: (S1) the battery is fully discharged for sunny
and non-DR days; and (S2) the battery maintains a high level of SOC to fulfill the
requirements for DR or deficient solar generation on the following day. After the SOC
drops to 0, a pre-set 2-hour duration is required for completing the refresh cycles from 8:00

to 10:00. The battery power flow can be expressed in (4.11).

. bl — ups - sg — demgp,
min | bgmax, Upa '
bg = 1 if L= ppa - sg — demsep > 0 (4.11)
. S0C, * o/ Hr¢ * capacity
S1: min(bgmax Remain Time
\ S2:0

bg: power flow from the battery to the building/grid at the current time, bg,,.: battery
maximum allowed discharge power;

soc,: the initial battery SOC,;

Urs- the battery round-trip efficiency (1, = 0.75);

Upa: DC-AC inverter efficiency (up, = 0.94);

bl: the building load at the current time;
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sg: power flow from the solar to the building/grid at the current time;
demg.p: pre-set demand for corresponding rate period based on historical data.
(I1) Charge Mode

In this mode, the control algorithm determines the battery operation from 8 AM to 4
PM, or any time beyond 4 PM, depending on the solar PV generation and DR event
schedules. The control algorithm maintains the constant charge rate for a certain period (e.g.,
2 hours). If solar power decreases significantly and is lower than the last charge power, a
charge-must-change point occurs. dch memory is used to record the duration for keeping
one constant charging power value. Only when dch = 0 or > 2 or charge-must-change
points occur, the charge power can be recalculated by (4.12), and dch is resetto 0.

bl —d
DL T dCMsch _ so)) (4.12)

sb = —min (0, max (sbmax,
Hpa

sb: power flow from the solar to the battery at the current time;
Shimax: the maximum allowed charge power for the battery;
so: total solar production at the current time.
On rainy and cloudy days, if the solar generation and sb = 0, the control algorithm
switches to Discharge Mode.
(111) Discharge Mode
In this mode, the control algorithm determines the operation for the remainder of the day

after Charge Mode until midnight. The battery is optimally discharged using convex
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optimization by solving (4.13). During days prior to rainy/cloudy days or when DR
participation is required, the battery is discharged only when the net load is higher than the
pre-set value. For days during DR events, the control algorithm sets a constant discharging
rate for the entire DR periods to discharge the battery to achieve the lowest energy
consumption.

Equation (4.13) is developed to minimize the CCC's electricity cost while maintaining
the most renewable energy usage drawn into the building. The first portion of (4.13) not
only guarantees the minimal energy cost for the CCC but also limits the energy flow back
to the utility grid. The second portion of (4.13) minimizes the on-peak demand cost for the
entire discharging period. The battery constraints are similar to the SIGI controller and are

listed in (4.14) — (4.16).

rgén NLT X Pr, Xx NLT - AT + w * Pr; - max(NL) (4.13)
NL = BL — pp, - SG — BG (4.14)
0 < BG < BGpyyy (4.15)

soc; < soc, — A X BG < soc, (4.16)

1
vV Ure
NL: net load vector for the entire Discharge Mode;

BL,SG, BG: related power vectors for the entire Discharge Mode;

Pr: rate price: Pr,— energy price and Pr; —demand price.
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AT: time resolution, in our simulation, AT = 1;

soc;, soc,: lower and upper bound of the operational soc during the discharge process,
where soc; = max (50 — soc,, 10);

A: lower unit triangular matrix.

The battery control operation requires decision-making at each control time interval,
which can be solved by model predictive control (MPC) [133]. At each control interval,
convex optimization can be utilized to get the optimal battery discharge power vector
BGp; for the entire discharge period, while only the first index of BG,,; is taken for the
discharge power bg of current time interval as (4.17).

bg = BGope(1) (4.17)

The EMS receives weather forecasts and DR event notifications from external sources.
For those days, the battery is only discharged when necessary where the building load is
high.

bg = min (BG,,:(1), max(0, BL — pip, * SG — demgy,)) (4.18)
(1V) Principles of the Control Algorithm
A 24-hour FBESS control algorithm is the combination of the charging strategies in the

above three modes. The principles can be built as follows
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(i) Initialization: at k=0 , retrieve the weather condition rInd =

0, rai th t24h '
{ rainy for the nex OUTS " demand response request signal dr =

1, sunny for the next 24 hours

0,n0 DR event for the next 24 h
{ no event for the nex ours , and preset peak demand

1, DR event for drp hours for the next 24 hours

thresholds for on-peak, mid-peak, and facilities. The preset values are chosen as the
previous peak demand for the corresponding rate periods.

(ii) At k = j, retrieve real-time building load bl;, solar generation so;, battery state of
charge soc; and demand threshold demg.,. If j > 21 or j < 8, “Before Charging”
mode is identified, go to step (iii); else, if j > 8 < j < 16, the “Charging” mode is
identified, go to step (iv); else go to step (V).

(iii) Retrieve power flow from solar to the building sg; = so; and demand threshold
demg., = dem,,;y. If there is no DR event or rainy weather, the FBESS continues

discharging wunder (S1) for the entire “Before Charging” period at

socj/ure-capacity
(9-)) or (33-))

min(bgmax, ) until fully discharged; if any of the two conditions are

identified, the FBESS only discharges at max (O,min (bgmax, Plm#pasg, _demSCh) )

UDpA

to maintain the net load at demg,y,.
(iv) Set demgy., = demg,.. Charge at a constant charging rate sb; = sb. kW for dch
time. When bl; —so; — uip, - sb; > demg, (high net load occurs) and dch >

2 or dch = 0, change sb; based on (4.12), else maintain the charging rate at sb;_;.
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When the so; > —sb;_;, a charge-must-change point occurs, reduce charging power
based on (4.12) or switch to ‘Discharging’ mode when the weather is rainy.

(V) Set demy., = dem,,,. If DR is identified, discharge during DR period at the maximum

(soci7=socy)/ Ure'C
drp

discharging rate ; else, predict the solar generation and building load
for SO(j:21) and BL(j:21), and calculate the optimal discharging rate from (4.13) —
(4.16).

(vi) Set k = k + 1, go back to (ii).

The overall flowchart of the FBESS control algorithm is shown in Error! Reference

source not found..
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4.3.5 Simulation Results

The developed MPC algorithm consists of a predictive model for the building load and
solar generation. In this simulation, the load forecast model is developed via neural
networks. The features of the training sets include hourly time-series building load, day
pattern (Sunday to Saturday are coded as 1 — 7 and national holidays as 0), and ambient
temperature data from the CCC site. Solar production gradually decreases after 16:00, and
the characteristics of solar power are relatively stable. The solar prediction model can be
simplified based on the demonstration indicated in [133].

Figure 4.17 is the battery operation for a regular weekday. From 12 AM — 8 AM, the
FBESS works in the “Before Charging” mode. After the battery is fully deployed around 8
AM, the FBESS goes into “Refresh” mode. Performance maintenance is scheduled to
remove the full residual plating from the electrodes. Given sufficient solar production from
10 AM- 4 PM, the FBESS maintains the constant maximum charge rate at 20 kW, and the
SOC reaches 83.14%. The FBESS switches to “Discharge” mode at 4 PM, and the
discharge power is optimized following (4.13) — (4.16). After 9 PM, the FBESS returns to
the “Before Charge” mode, and it uniformly distributes the power to the building and
prevents any high peak following (4.11) during this period. The original on-peak demand
for the building itself is 25.6 kW at 16:00. Although the solar PV system still provides

sufficient generation simultaneously, the on-peak demand can only reduce to 22.4 kW at 7
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PM after sunsets for the solar alone system. In contrast, the on-peak demand further reduces

to 3.48 kW with the help of the FBESS.
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Figure 4.17: Simulation of battery operation on a regular weekday.

A single-day DR operation is simulated in Figure 4.18 when the DR period is from 4
PM -9 PM on 7/6/2017. The FBESS is pre-charged to full capacity in advance (day-ahead)

and continuously delivers 17.32 kW to the building during the DR periods.
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Figure 4.18: Simulation for single DR event from 4 PM — 9 PM.

In Figure 4.19, the DR events happen on two consecutive days (7/17/2017 and
7/18/2017). On the first day, the FBESS is operated the same as Figure 4.18. The battery
stays idle during the first “Before Charging” mode and maintains a high SOC. During the
first “Charging” mode, the battery only takes one hour to be fully charged (soc = 95%)
and waits for the DR event. At 4 PM, the FBESS continuously discharges at 16.24 kW.
SOC drops at 20% at the end of the first DR event. During the second “Before Charging”
mode, two small discharging operations maintain the facility's demand below the preset
demand threshold. During the second “Charging” mode, the FBESS charges at the maximal
rate and takes more than four hours to full capacity. When the second DR event comes, the

FBESS switches to “Discharge” mode and continuously delivers 17.32 kW to the building.
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Thanks to sufficient on-site solar generation, the FBESS can be fully charged before each

DR event.
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Figure 4.19: Battery operation for two consecutive DR events.

In Figure 4.20, one month of battery operations is simulated for July 2017. In this
month, five DR events (the online database only records the DR events for the CCC after
2018. For simulation purposes, we incorporate the DR events in 2018 to our test data of
2017) are simulated based on the SCE DR history database [140]. Most days for this month
are sunny. The FBESS performs full charge and discharge cycles for those days. When
solar generation is insufficient (7/15) or DR events are called (marked in the dashed boxes),
the FBESS maintains a higher SOC during previous day operation to be accessible for
higher energy capacity during “Discharge” mode. The on-peak demand for the stand-alone

community center of this month is 36.4 kW. After being integrated with the solar system,
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the on-peak demand only reduces to 30.9 kW. With implementing the proposed flow battery

control strategy, the on-peak demand reduces further to 16 kW.
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Figure 4.20: Simulation of battery operation for an entire month

4.3.6 Cost Benefit Analysis

To maximize the electric bill savings for the CCC, the system owner can choose the
appropriate rate schedule and enroll in different programs provided by the utility company
considering the microgrid structure. This section assesses the year-round cost savings for
different rate plans and compares the economic benefit difference between the flow battery

control operation under the U-TOU and L-TOU periods.
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(1) Demand Response Program

DR programs offer incentives to reduce electricity use when the demand for the utility
territory is high [141]. Critical peak pricing (CPP) is one of the SCE’s DR programs. The
CPP events are called year-round (total of 12 events) on a day-ahead basis. For rate plans
of TOU-GS-2, CPP has a significantly higher energy price from 16:00 —21:00, in exchange
for a discount on summer on-peak demand charge. To maximize the program's incentives,
the energy storage can contribute to the reduction of energy consumption from the utility
during the 5-hour events. The on-peak electric bill charges for the summer months (June —
September) of 2017 are listed in Table 4.5, calculated based on the CCC’s actual rate

schedule: TOU-GS-2-D [142].

Different System Architectures

With Without Building
FBESS FBESS Alone

Energy | $167.41 $873.37 $1,411.29
CPP Demand | $1,323.14 | $2,746.93 | $3,246.86
Total $1,490.55 | $3,620.30 | $4,658.15
Energy | $187.86 $637.41 $1,058.47

Different Rate
Schedule

Non
CPP Demand | $1,518.99 | $3,147.38 | $3,720.19
Total $1,706.85 | $3,784.79 | $4,778.66
Table 4.5: Comparison of electric bill cost for summer on-peak period between different system
architectures.

(1) Meter Aggregation Program
In 2012, NEM Aggregation (NEM-A) was approved, which allows an eligible

customer-generator to aggregate the electrical load from multiple meters in the same
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property [137]. There are seven subaccounts for the Chemehuevi administrative electrical
account, and each subaccount has one unique ID number and different rate schedules. The
credits of solar production from the generating account (the community center) can be
proportionally distributed to other benefiting accounts based on the generation credit
allocation methodology [143].

Equation (4.19) finds the optimal set of allocated accounts V' to maximize the energy

savings for the property. There are total Y.5_, C(6,n) = 63 different sets.

4
mJ\ifnZZ(Ei,j—Ai,j)-TOUl-,j—C-n,lEN (4.19)
iEN j=1

i: account ID;
j: rate period: 1 — super off-peak, 2 — off-peak, 3 — mid-peak, 4 — on-peak;
NV': set of aggregated account IDs, which always includes account 1;
E; j: energy consumption of account i for rate period j;
A; j: allocated energy of account i for rate period j;
TOU, ;: TOU electricity price of account i for rate period j;
C: fix charges for single meter aggregation,;
n: number of accounts in V.
Figure 4.21 demonstrates the energy savings comparison between systems with and

without the FBESS for different aggregation accounts. Each bar represents the highest year-
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round savings of aggregated accounts through all combinations of V' (n). Calculations are
based on the actual rate schedules for those accounts. The system without the FBESS can
allocate the entire excessive solar generation to other accounts. While the system with the
battery requires the solar PV system to first achieve the highest savings for the generating
account, with restoring a portion of the solar energy to the FBESS to offset on-peak energy

consumption and demand reduction. The highest aggregation savings can be achieved

when Ny, = {1,2,3,4} without the FBESS, and N, = {1,2,4} with the FBESS.

$9k
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S $5k
% sa
$3k
$2k
$1k
$0k

2 3 4 5 6 7

Number of Aggregation Accounts

m With Battery = Without Battery

Figure 4.21: Maximum electricity cost savings for the different number of aggregated accounts.

Table 4.6 exhibits the details of the economic benefit before and after meter aggregation.
The overproduced solar energy without NEM-A can be compensated by the Net Surplus

Compensation Rate (NSCR) at a significantly low price [144].
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Without NEM-A With NEM-A
With Without With Without
FBESS FBESS FBESS FBESS
Energy
Savings for | $10,283.23 | $10,545.00 | $6,945.10 | $4,342.45
Account 1
Demand
Savings $3923.53 $1,276.81 | $4,203.97 | $1,349.69
Energy
Savings for | 0 0 $5,381.14 | $8,371.66
Accounts 2-7
Total Savings | $14,206.8 | $11,821.8 | $16,530.2 | $14,045.8

Table 4.6: Cost savings comparison between NEM and NEM-A.

to the FBESS's low round-trip efficiency.
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(111) Comparison between the Cost Savings of Legacy and Updated TOU Periods
This section evaluates the economic benefit under the different architectures of the
microgrid system: varied solar PV system and the existence of the FBESS. Figure 4.22
quantifies the difference between different microgrid systems architectures: (a) the actual
solar PV size and (b) 50% of the actual solar PV size. The calculation is based on the actual
rate plan for the CCC, which is TOU-GS-2-B [142] for the L-TOU periods and TOU-GS-
2-D for the U-TOU periods (to eliminate the deviation of the simulated DR events and be
consistent with the grandfathered rate plan, TOU-GS-2-D is used to calculate the bill). Due
to sufficient onsite solar generation, energy savings always account for a higher ratio than
the demand reduction savings for all system architectures. Energy savings are always

higher for the system without the FBESS when comparing to systems with the FBESS due




In Figure 4.22 (a), the total savings are always higher with the FBESS. Furthermore,
the FBESS can contribute to more than 67.7% of the total demand reduction savings and
22.2% of the total savings for the U-TOU periods compared to 50.5% and 13.2% for the
L-TOU. The highest savings can be achieved for the system with the FBESS under the U-
TOU periods. Figure 4.22 (b) shows that the demand savings portion increases with a
smaller solar system. It is recognizable that the importance of the FBESS under the U-TOU
periods raises significantly, where the savings ratio from the FBESS accounts for 34.9% of
the total savings. For the L-TOU periods, although the FBESS can improve the demand
reduction savings, the operational constraints and low round-trip efficiency of the FBESS
diminish the total savings. From comparing different sizes of the solar PV system, the
FBESS leads to increased cost savings under the U-TOU periods, while the benefit from
the solar PV system decreases. In addition, the microgrid system integrating with the solar
PV and the FBESS can consistently achieve the highest savings under the U-TOU periods

among different system architectures or rate periods.
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Figure 4.22: Comparison between the yearly energy and demand cost savings ratio of the U-TOU and L-
TOU.

4.4 Conclusion

In this chapter, two different microgrids with various system architecture and
constraints are discussed. In Section 4.2, a microgrid consists of a large building
consumption and small battery storage and solar generation. In Section 4.3, a microgrid
consists of a flow battery and sufficient solar PV generation.

For the RCCH microgrid, the optimal battery control algorithm is proposed for
decreasing the building’s peak demand with limited battery storage. Due to the small
capacity of the BESS, it is impossible to deliver energy from the BESS during the entire

on-peak rate period. By identifying the discharging period to 1 PM — 5 PM when the peak
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load happens the most, the BESS can achieve 37.78% of the total demand savings, around
$7346.47 per year.

For the CCC microgrid, the optimal battery control strategy is proposed for the flow
battery aiming at handling the unique battery operational constraints and reducing the peak
demand under U-TOU periods. With the flexibility of the microgrid, the owner can achieve
the highest electric bill savings by participating in different rate plans such as DR and
NEM-A. The energy storage can contribute to the lowest energy consumption during the
DR events. The NEM-A provides the opportunity to customers, who have an
overproduction generating system and multiple accounts, to further reduce their electric
bill by allocating the surplus energy to other aggregated accounts. Furthermore, we
evaluate the economic benefits from the electric bill under the U-TOU and L-TOU periods.
It is clear that if the system transitions to the U-TOU periods, the energy storage system
can significantly contribute to more cost savings and take a more critical role in reducing

the total electric bill than the L-TOU periods.
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Chapter 5 Conclusions and Future Work

5.1 Conclusions

In this dissertation, comprehensive studies and algorithms, including prediction, time
series analysis, and energy scheduling within a microgrid system, are carried out.

In Chapter 2, the FL-AELM algorithm is developed for solar power generation and
electric vehicle charging load prediction. The FL-AELM can online update the model’s
weights with the newly available data, assign less importance to old training data (outdated)
by the forgetting parameters, and tune the hidden layer inputs to a more linear regime by
the affine transformation. The numeric prediction performance comparison with other
state-of-the-art machine learning algorithms is carried out. The FL-AELM algorithm can
increase short-term prediction accuracy for solar generation and EV charging power over
8% and 13%, respectively.

In Chapter 3, the unique tail feature from the EV charging time series is introduced.
The tail feature can classify the diverse charging profiles into seven clusters via k-medoids
with the novel RMPS distance. The RMPS is robust to time series noise and time series
lengths yet computationally efficient. Comprehensive classification evaluations to compare

and validate the accuracy of the proposed RMPS are carried out in a combination of the
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internal/external evaluation indices and physical-based error matrix CCR. The
classification performance of the RMPS distance measure surpasses other state-of-art
distance measures, offering a more reliable classification performance. Chapter 3 further
proposes the centralized and distributed EV smart charging algorithms. Combining the
learned tail templates into the centralized and distributed EV smart charging optimization,
an average of 4% - 5% flexible rate or 0.7% satisfactory rate improvement can be achieved.

In Chapter 4, two real-world solar + battery microgrid systems are presented. The
proposed battery control algorithm for the RCCH project aims at minimizing the demand
charges costs with the limited BESS capacity. At the same time, the algorithm for the CCC
project aims at minimizing the electricity cost by considering the operational constraints of
the FBESS. With the help of the BESSs, the peak demand savings can reduce by 37.78%,
67.7%, and 34.9% for RCCH, CCC (100% solar), and CCC (50% solar) under the U-TOU,

respectively.

5.2 Selected Publications

[1] Y. Xue, H. Nazaripouya, A. A. Alfredo Martinez-Morales, “Classification of Electric
Vehicle Charging Tail Time Series by Refine Matrix Profile Similarity”, under

preparation.
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[2] Y. Xue, M. Penchev, H. Xin, and A. A. Martinez-Morales, “Flow Battery Control
Strategy Implementation and Cost Benefit Analysis for Microgrid under Updated Time-
of-Use Periods”, 2020 IEEE Power & Energy Society Innovative Smart Grid
Technologies Conference (ISGT), Washington, DC, USA, 2020, pp. 1-5, doi:
10.1109/ISGT45199.2020.9087673.

[3]1 Y. Xue, M. Todd, S. Ula, M. J. Barth, and A. A. Martinez-Morales, “Field
Implementation of a Real-time Battery Control Scheme for a Microgrid at the
University of California, Riverside”, 2019 IEEE Innovative Smart Grid Technologies -
Asia (ISGT Asia), Chengdu, China, 2019, pp. 2859-2864. doi: 10.1109/ISGT-
Asia.2019.8881076
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Between Two MPC Algorithms for Demand Charge Reduction in a Real-World
Microgrid System”, 2016 IEEE 43rd Photovoltaic Specialists Conference (PVSC),

Portland, OR, 2016, pp. 1875-1880. doi: 10.1109/PVSC.2016.7749947

5.3 Future work
As discussed in Chapter 2, the FL-AELM is implemented for one-step-ahead
prediction and has achieved satisfying prediction performance. However, being able to

implement multiple steps ahead prediction can further increase the microgrid operation

166



stability. In future work, an elaborated multi-step-ahead prediction model can be developed.
Besides, the real-time EV charging load prediction considering the tail features can also be
developed to further increase prediction accuracy.

As discussed in Section 3.2, the purpose of classification is to cluster tails into small
groups to find possible representatives. However, more detailed clusters can be generated
from the base groups, for example, subgroups with different maximum charging power. In
such a way, Figure 3.17 can be more accurate of different EV battery capacity distribution,
thus possibly making tails one unique feature EV types (brands, capacity, etc.).

As discussed in Section 3.3.2, the adaptive adjusting of the average base power
algorithm can be further improved by machine learning or reinforcement learning
techniques. Instead of a fixed value of the change power Ap, Ap can be represented as

Ap~ANN(t, 6).
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