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Abstract — The introduction of Electric Vehicles (EVs)
together with the implementation of smart grids will raise new
challenges to power system operators. This paper proposes a
demand response program for electric vehicle users which
provides the network operator with another useful resource that
consists in reducing vehicles charging necessities. This demand
response program enables vehicle users to get some profit by
agreeing to reduce their travel necessities and minimum battery
level requirements on a given period.

To support network operator actions, the amount of demand
response usage can be estimated using data mining techniques
applied to a database containing a large set of operation
scenarios.

The paper includes a case study based on simulated operation
scenarios that consider different operation conditions, e.g.
available renewable generation, and considering a diversity of
distributed resources and electric vehicles with vehicle-to-grid
capacity and demand response capacity in a 33 bus distribution
network.

Index Terms — Classification, Clustering, Data Mining,
Demand Response, Electric Vehicle, Mixed Integer Non-Linear
Programming (MINLP)

I. NOMENCLATURE

Period ¢ duration (e.g. 15 min., 30 min., 1

At hour...)

gb Voltage angle at bus b (rad)

gk Voltage angle at bus & (rad)

HZM Maximum voltage angle at bus b (rad)
bzm Minimum voltage angle at bus b (rad)

n Grid-to-Vehicle Efficiency when the vehicle
c(r) Vis in charge mode

n Vehicle-to-Grid Efficiency when the vehicle
dv) Vis in discharge mode

B Imaginary part of the element in yy
bk corresponding to the b row and k column

Clharge(v 1) Charge price of vehicle V in period ¢

CpG(pG.1) Generation price of DG unit in period ¢
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Discharge price of vehicle V in period ¢

Excess available power price of DG unit in
period ¢

Non-supplied demand cost of load L in
period ¢

Market energy price of upstream supplier S
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Battery energy capacity of vehicle
Minimum stored energy to be guaranteed at
the end of period t, for vehicle V'

Active energy stored in vehicle V at the end
of period ¢

Vehicle V energy consumption in period ¢
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Total number of buses b

Total number of distributed generators at
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Total number of distributed generators
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Total number of vehicles at bus b
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Power charge of vehicle V" at bus b in period
t

Power charge of vehicle V in period ¢

Maximum power charge of vehicle V in
period ¢

Active power generation of distributed
generation unit DG at bus b in period ¢
Active power generation of distributed
generation unit DG in period ¢
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distributed generator unit DG in period ¢
Minimum active power generation of
distributed generator unit DG in period ¢
Power discharge of vehicle 7 at bus b in
period ¢



s Discharge(V ,t)

by DischargeLimit (V1)

Pb

EAP(DG,t)

P

EAP(DG,t)

P

Load (L,t)

P,

NSD(L.1)

e

NSD(L,t)
b
Supplier(S.,t)
BS'upplier(S,t)
SupplierLimit (S,t)

b
TripRed (V ,t)

P

TripRed (V ,t)
I)TnpRedMax(V,t)
Qb

DG (DG ,t)

QDGMuxLzmit( DG.,t)

QDGMianmit(DG,f)

Qb

Load (L,t)

Qb
Supplier(S.,t)

QSupplieriimit(S 1)
max
Sbk

T

tLast

(DG.1)
()

(U))

Power discharge of vehicle V' in period ¢

Maximum power discharge of vehicle V in
period ¢

Excess available power by DG unit at bus b
in period ¢

Excess available power by DG unit in period
t

Active power demand of load L at bus b in
period ¢

Non-supplied demand for load L at bus b in
period ¢

Non-supplied demand for load L in period ¢

Active power flow in the branch connecting
to upstream supplier S at bus b in period ¢
Active power flow in the branch connecting
to upstream supplier S in period ¢

Maximum active power of upstream supplier
S in period ¢

Demand response power reduce of vehicle
trip ¥ at bus in period ¢

Demand response power reduce of vehicle
trip V in period ¢

Maximum power to be reduced in trip period
t for vehicle V'

Reactive power generation of distributed
generation unit DG at bus b in period ¢
Maximum reactive power generation of
distributed generator unit DG in period ¢
Minimum reactive power generation of
distributed generator unit DG in period ¢
Reactive power demand of load L at bus b in

period ¢

Reactive power flow in the branch
connecting to upstream supplier S at bus b in
period ¢

Maximum reactive power of upstream
supplier S in period ¢

Maximum apparent power flow established
in line that connected bus b and k&

Total number of periods

Last connected period of vehicle V' before
current trip

Voltage magnitude at bus b (rad)
Voltage magnitude at bus b (rad)
Maximum voltage magnitude at bus b
Minimum voltage magnitude at bus b

Binary variable of unit DG in period ¢

Binary variable of vehicle V related to power
discharge in period ¢

Binary variable of vehicle V related to power
charge in period ¢

II. INTRODUCTION

Electric Vehicles (EVs) are emerging as a reliable
alternative solution to the typical internal combustion vehicles,
with the advantage of being a good way to reduce CO,
emissions, as well as to decrease dependence from fossil
energy sources [1].

One of the main future technologies to reduce greenhouse
gas emissions is the battery powered Electric Vehicle (EV) as
well as the Plug-in Hybrid Electric Vehicle (PHEV). [2]

Electric vehicles may be considered as active loads,
increasing the demand on the network during charging, and as
generators when operating in discharging mode. Therefore, the
impact of EVs on the grid, when operating in both modes,
needs to be analysed. It is expected that the impact of this new
scenario will be significant due to the high energy capacity
and mass deployment of EVs in the future [3]. The
introduction of renewable resources and the implementation of
the concept of smart grids on the distributed power network
also adds a degree of complexity in network operation. New
approaches to deal with and take full advantages of the new
concepts are therefore required [4].

This paper proposes a trip reduce demand response program
for EVs. The gist is to provide network operator with another
useful resource that consists in reducing vehicles charging
necessities for their trips. This demand response program
enables vehicle users to get some profit by agreeing to reduce
their travel necessities and the minimum battery level
requirements.

Fig. 1 presents the proposed framework for the trip reduce
demand response program.
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Fig. 1 — Framework of trip reduce DR program

An initial optimization is made assuming that EVs which
contracted DR option will participate. With the optimization
results it is possible to identify which EVs users are scheduled
to participate in the DR event. After that, these EV users can
be invited to participate, e.g. through internet application,
SMS message. The network operator should wait for a
response within a time limit. With the responses of EVs, users
the optimization program reschedules the day-ahead problem
with the updated information. If additionally EV users are
scheduled to participate in the DR program, according to the
new optimization results, the operator should follow the same



procedure. The users that do not respond within the time limit
are excluded from the DR event. In this work Particle Swarm
Optimization (PSO) was used to solve the optimization
problem.

In a real environment, a history list of the users that already
participated should be maintained and included in the
optimization model to enable an attractive commercial model
of this DR program and a fair choice of EV users participating
in this type of DR programs. It can happen that two users have
the same contracted trip reduce DR price; however, user
number one might be chosen often due while the other user is
never or rarely chosen. If a history list is maintained it is
possible to consider this information in order to make the
choice of EV users to participate in DR events fairer.

Data Mining (DM) techniques have been used in this work
in order to identify trip reduce demand response program
profiles for EVs in a given context. Starting from the
application of clustering algorithms it was identified several
clusters according to the similarity of trip reduce demand
response used. Thereafter, a classification model was applied
allowing the classification of new trip reduce demand
response according to the previous obtained clusters.

After this introduction section, section III briefly reports
data mining techniques to support EVs trip reduces demand
response programs definition. Section IV explains the
mathematical formulation that it was used in the proposed
model. In section V a case-study is presented and finally the
main conclusions of the paper are presented in Section VI.

III. DATA MINING TECHNIQUES

Data mining (DM) techniques can be used to extract
knowledge from a given database. A clustering process is used
to discover groups and identifying interesting distributions in
the underlying data [S]. This methodology is based on
previous work [6].

A. Clustering Process

The clustering process is an unsupervised classification of
patterns from observations or data sets, into groups, the so
called clusters. Indeed, the clustering analysis is the
organization of patterns collection, usually represented as a
vector of measurements, or a point in a multidimensional
space, into clusters based on similarity [7].

Clustering is used for pattern-analyses such as grouping,
decision-making and pattern classification. However, in many
such problems, there is little prior information available about
the data, and the decision-maker must make as few
assumptions about the data as possible. It is under these
restrictions that clustering methodology is appropriate for the
study of relationships and associations among the data points
to make an assessment of their organization [7].

As described in [8], typical pattern clustering activity
involves mainly the following steps: pattern representation
(optionally including feature extraction and/or selection);
definition of a pattern proximity measure appropriate to the
data domain; clustering or grouping; data abstraction; and
assessment of output.

For cluster analysis there are several clustering methods that
can be used. Thus, an important question arises: a decision
must be taken in order to choose the clustering method that
produces the best data partition. In order to support such
decision, indices for measuring the quality of the data partition
have been used. To choose the optimal clustering algorithm,
mainly two proposed criteria have been followed:
compactness, the members of each cluster should be as close
to each other as possible and separation, the clusters should be
widely spaced from each other.

From the variety of distance measures that have been used
the Euclidean distance is emphasize. This distance can often
be used to reflect dissimilarity between two patterns, whereas
other similarity measures can be used to characterize the
conceptual similarity between patterns. Hierarchical clustering
algorithms produce a nested series of partitions based on a
criterion for merging or splitting clusters based on similarity.
Partitional clustering algorithms identify the partition that
optimizes a clustering criterion. It is most common to
calculate the dissimilarity between two patterns using a
distance measure defined on the feature space [7].

In the proposed methodology, different clustering algorithm
has been used, the k-means algorithm and the two-step cluster
algorithm. In similar works already presented in this context
[5], [9], for instance, the algorithm that had the best
performance was the k-means and, therefore, was selected for
the present paper. The k-means algorithm [10] is the most
widely used clustering algorithm. The name represents each of
the “k” clusters by the mean or weighted average of its points
that is known by the cluster center.

B. Classification algorithm

Classification problem is a data supervised classification
that the pre-classified data set points are known and the
classification algorithm tries to discover a certain rule, which
allows mimicking as strictly as possible the observed
classification. Typically, the classification task consists in
building a classification model that can be applied to
unclassified records, seeking to classify them in classes.

The C5.0 algorithm [11] splits the sample based on a
criterion that provides the maximum information gain. Each
subsample obtained from the previous division is then divided
again, based on a different field, and the process is repeated
until the subsamples can no longer be divided. Finally, the
lowest level splits are re-examined, and those that do not
contribute significantly to the value of the model are removed
or pruned.

C5.0 produces a decision tree and a rule set. The decision
tree is a straightforward description of the splits found by the
algorithm. Each node describes a particular subset of the
training data. In the present work, the C5.0 algorithm was
chosen due to the fact that the results are easy to understand
since the rules derived from the model have concrete meaning.

IV. ENERGY RESOURCE MANAGEMENT PROBLEM

Energy Resource management is an important task that will
become crucial in future power systems. The intensification of



the use distributed energy resources contributes to higher
problem complexity. The inclusion of electric vehicles with
gridable capability introduces new problem variables and
constraints. In the formulation proposed in this paper, the main
goal is to minimize the operation costs from an aggregator
point of view. In the considered context, EVs pay to the
network operator to charge their batteries and the operator
pays to EV users whenever EV battery energy is used to
supply power to the grid. The aggregator also pays to EVs
whenever the demand response program proposed in this
paper is used.

The mathematical formulation of the optimization problem,
including the objective function, is defined as follows:

Npg

Z PDG(DG,t) XCpepan T

DG=1

NS

Z RS'upp[ier(S,t) X cSupplier(S,t) +
S=1

N,

Z PDischarge(V,t) X cDischarge(V,t) -
V=1

T Ny

Z PC/mrge(V,t) X CCharge(V,t) + (1)
t=1 V=1

XAt +

Z Nsp(L) XCnspny T

NDG

z Pesp06,0 X Coap(nG,n)
DG=1

N,

+Z ETrip Red (V ,t) X cTripRed(V,t)
V=1

To improve the solution feasibility the mathematical model
includes variables concerning the excess available power
(PEAP(DG,t)) and non—supplied demand (PNSD(L,t))~ PEAP(DG,t) is
important because the network operator can establish contracts
with uninterruptible generation, for instance, with producers
based on renewable energy. In extreme cases, when load is
lower than uninterruptible generation the value of Pgippg,y 1S
different from zero. Pysp,, is positive when the generation is
not enough to satisfy load demand even using demand
response.

The minimization of the objective function (1) is subject to
the following constraints:

e The network active (2) and reactive (3) power balance,
considering power loss, in each period t;
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e Maximum distributed generation limit in each period t;
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e Upstream supplier maximum limit in each period t;
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e Vehicle charge and discharge are not simultaneous;
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e Battery balance for each vehicle. The energy consumption
for period t travel has to be considered jointly with the energy
remaining from the previous period and the charge/discharge
in the period. Efficiency rates are according to [2];

EStored(V,t) = EStored(V,tfl) + nc(V) X PCharge(V 1) X At -
1
Trip(V ,t) - X PDixcharge(V,r) X At (12)
d(v)
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e Discharge limit for each vehicle considering the battery

) discharge rate;
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e Charge limit for each vehicle considering the battery charge
rate;
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e Vehicle battery discharge limit considering the battery
balance;
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e Vehicle battery charge limit considering the battery capacity
and previous charge status;
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e Minimum stored energy to be guaranteed at the end of
period ¢. This can be seen as a reserve energy (fixed by the EV
users) that can be used for a regular travel or an unexpected
travel in each period;

EMinCharge(V,tLast) = ETrip(V,t)
(18)
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V. CASE STUDY

This section presents a case study that illustrates the
application of the proposed methodology. The experiments
that will be described in this section were conducted using
Clementine version 12 [12]. This is an integrated data mining
toolkit, which uses a visual-programming interface, and
supports all knowledge data discovery process. MATLAB
software has been used to create the scenario database and to
implement the Particle Swarm Optimization (PSO) based
approach. The basis for this case-study is a distribution
network adapted from [13-14] as presented in Fig. 2. A total of
66 DG units and 2000 gridable vehicles were used in the
scenario.
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Fig. 2 — 33 bus network distribution system [13-14]

Fig. 3 presents the implemented methodology framework.
Starting from an initial case study database [4] some inputs
data were modified such as the available Distributed
Generation (DG), the price of network suppliers and the base
load.
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Fig. 3 — Implemented methodology framework



The main goal of these combinations in the input data was
to create a range of scenarios. Fig .2 presents how the 2,079
operation scenarios were obtained for the network presented.
Applying particle swarm optimization (PSO) technique to the
created scenarios the optimization results were obtained using
the mathematical formulation that is presented in the previous
sections. The presented formulation results from an
improvement of previous works [4] which did not include trip
reduce demand response program for electrical vehicles.
Besides that, PSO is modified to include a power flow model
to handle network constraints. This power flow is based on
[15].

The mean execution time for each optimization, using PSO,
is 50 seconds, which resulted in a total of 103,950 seconds (29
hours) to compute the 2,079 scenarios.

The parameters used in PSO for the optimization are the
following:

e Number of particles was set to 10

e Number of iterations was set to 50

e Maximum and minimum velocities of the particles are
automatically adjusted to each scenario using an algorithm
taking into account the cost of the network resources and the
load context.

¢ Gaussian mutation of the velocity governing weights is used
in PSO core, using 0.80 as mutation factor.

A total of 101,472 PSO variables were used to compute the
problem formulation as described in section I'V.

Fig. 4 presents an example of the 2,079 optimized scenarios.
This case corresponds to a variation of 150% of network
supplier prices and 140% of the original base load. The
available DG based on renewables such as wind and
photovoltaic generation is set to 0%. In this case, the trip
reduce demand response occurs mainly between period 9 and
period 24. The peak load is 6.10 MW at period 20 as can be
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Fig. 4 — Example of scheduling with trip reduce DR available

seen in the figure. The power loss in this period is 180 kW.
With trip reduce DR program available the PSO scheduled this
program in some vehicles and the total reduced energy from
vehicle trips amounts to 3.72 MWh of the about 10 MWh
expected travel trips requirements. A total charge of 6.23
MWh was dedicated to EVs. The high EVs charge occurred at
period 18. 1250 of the 2000 cars were scheduled to discharge
at period 9 by PSO. The discharge of the 1250 cars, in this
period, presents an average power of 0.51 kW, totaling 637
kW of discharge power. In this same period the amount of trip
reduce DR program was scheduled to be 249 kWh with the
participation of 130 vehicles.

The data pre-processing phase consisted in converting the
optimization results (2,079) to a period basis, resulting in
49,986 operation periods, with the attributes of table II with
the exception of the class attribute. After the data pre-
processing, a clustering algorithm was used in order to
identify similar patterns among trip reduce demand response.
It was used the k-means clustering algorithm. In this phase the
choice of the number of clusters is extremely important.
Typically, the choice of the number of clusters may be
supported, by the analysis and evaluation of measurement
distances indexes [9]. However, the contribution of expert
opinions must also be taken into account. In this case, the
number of clusters was chosen to be equal to 10 due to the fact
that it allows a reasonable analysis by the network operator.
The results of the obtained profiles can be seen in table I.

In order to allow classifying new trip reduce demand
response per period a classification model has been
implemented
For the classification, rule-based modelling technique C5.0
classification algorithm has been used. The input attributes
data sets have been divided to form a training group and a test

group.

12 13 14 15 16 17 18 19 20 21 22 23 24

" Period (h)

.4V2G Discharge 4DR Trip Reduce —~Total Load



The separation among test and training classes is to avoid the
results being spoiled, i.e. the model error will not be influenced.

The classification model automatically generates the decision
tree to provide the rules set.

TABLE
OBTAINED CLUSTER FROM THE K-MEANS CLUSTERING ALGORITHM

and DG_GEN <= 1,364

and LAST GEN PRIC > 0,189

then CLASS 2

Rule 2 for CLASS 2

if PERIOD > 12

and PERIOD <= ]3

and LAST GEN PRIC > 0,182

Cluster Average capacity usage (kW) Simulations per cluster then CLASS 2

2 56,29 197 if PERIOD > 15

3 104,04 289 and PERIOD <= 17

4 139,19 265 and V2G LOAD <= 0,697

S 167,77 386 and LAST GEN_PRIC > 0,189

j ;gg;? = then CLASS 2

g g%% 12342 The classification model generated a rule set with an overall

10 3 59:28 13 accuracy of 98.18%. Table III summarizes the information
Total ; 49,986 concerning the overall accuracy of the used C5.0 algorithm for

Table II shows the attributes of the database that were used
by the clustering algorithm and by the classification model to
generate the rules set. The class attribute is used by the
classification model to create the decision tree, i.e. the rule set.
After creating the decision tree, the class attribute is not needed
to classify new events. In the case of updating trip reduce DR
patterns, using the clustering algorithm, the class attribute
should be used to create the new updated decision tree and the
corresponding rule set.

TABLE II
ATTRIBUTES OF THE INITIAL DATABASE USED BY THE CLUSTERING
ALGORITHM AND CLASSIFICATION MODEL

this case study.

TABLE 111
OVERALL ACCURACY
Total number Accuracy (%)
Correct decisions 16,596 98.18
Wrong decisions 308 1.82
Total 16,904 100.00

Variables Description Clust. | Class.
PERIOD Time interval (1-24h) X
TOTAL LOAD Total Load fpr the given X
- period
Generation from distributed
DG_GEN generation for the given X
period
SUPLLIERS GEN Generation from suppliers X
- for the given period
Trip reduce demand response
V2G_DR program used for the given X
period
LAST GEN PRICE Last gene_ration p_rice for the X
- - given period
V2G LOAD Total logd from EVS for the X
given period
CLASS Class obtained by clustering X
Total number of inputs 1 6

As an example, the rule set for class 2 is presented:

Rules for CLASS 2 - contains 3 rule(s)

Rule 1 for CLASS 2

if PERIOD > 15

and PERIOD <= 17

and TOTAL LOAD > 4,133

and V2G_LOAD <= 0,697

VI. CONCLUSIONS

This paper presents a new methodology to support network
operators in the definition of the proposed electric vehicles
demand response programs. The optimal resource scheduling
solutions for the considered scenario set results in a large
database from which relevant knowledge is automatically
extracted using data mining techniques.

Considering different states of network conditions, 2,079
scenarios have been obtained resulting in 49,986 operation
periods. These scenarios have been used to obtain the optimal
energy resources scheduling. The optimal solutions considered
the trip reduce demand response program for electric vehicles.

The proposed methodology obtained a set of clusters,
concerning the values of electric vehicles demand response
program by period, from the database scheduling solutions.
After this phase, a classification model was applied. A rule set
was obtained containing the variables of the studied network
and explaining the reasons of a certain demand response usage.
This knowledge can be subsequently used by the operator in its
daily operation in order to support decisions concerning
demand response programs in the context of smart grids
paradigm operation.

The application of the proposed methodology enables to
estimate the DR usage. The case study produced 10 electric
vehicles demand response clusters. The classification model
generated a rule set with an overall accuracy of 98.18% to
estimate the DR usage.
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