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Abstract. In this paper we study energy cost saving strategies in power networks in presence of prosumers. Three tips
are considered: (i) distributed power network architecture, (ii) peak energy shaving with the integration of prosumers’
contribution, (iii) Electric vehicles self-charging by means of prosumers’ production. The proposed distributed power
network architecture reduces significantly the transmission costs and can reduce significantly the global energy cost
up to 42 percent. Different types of prosumer who use self-charging photovoltaic systems, are able to intelligently

buy energy from, or sell it, to the power grid. Therein, prosumers interact in a distributed environment during the

purchase or sale of electric power using a double auction with negotiation mechanism. Using a two-step combined
learning and optimization scheme, each prosumer can learn its optimal bidding strategy and forecast its energy
production, consumption and storage. Our simulation results, conducted for the region of Sicily in Italy, show that the

integration of prosumers can reduce peak hour costs up to 19 percent and 6 percent for eligible prosumers with

electric vehicles.

1 Introduction

The electric price is very cheap compared to other energy
production sources. As gasoline prices increase,
alternative fuels appeal more to vehicle fleet managers
and consumers. The electric prices are reduced by a
factor of 3.4 because electric motors are 3.4 times more
efficient than internal combustion engines. Based on the
US National Average Price (April 15, 2015) the electric
price is $0.12/kWh is the cheapest compare to Diesel
($3.06/gallon), Natural Gas ($2.09/GGE), Propane
($2.92/gallon) and Gasoline ($2.42/gallon). Electric
vehicles (EVs) use a battery to store the electric energy
that powers the motor. EV batteries are charged by
plugging the vehicle into an electric power source.
Charging an EV through a level 2 (220 to 240 volt circuit)
adds 10 to 20 miles of range per hour according to the
U.S. Department of Energy (DOE) and to the National
Renewable Energy Laboratory (NREL) [1]-[3].

In [4] the authors develop a strategy to coordinate the

charging of autonomous plug-in electric vehicles (EVs)
using a concept of non cooperative games where they
force people to pay the electricity even if they do not
consume. This has been done by introducing an artificial
price, called local penalty cost, in other to stabilize the
global system. Obviously asking to a power consumer to
pay without consuming is not reasonable.
The solution we propose is that power prosumers (Figure
1) could exploit self-charging photovoltaic system for
reducing the peak energy consumption and help to reduce
the peak energy demand in a distributed power network.

Figure 1: Power prosumer:self-charging PV system

More specifically, we analyze the pros and cons in terms
of energy cost saving for a population of electric vehicles.

The novelty of our approach is that the power
prosumer combines both distributed learning and
optimization to predict supply/demand and storage in a
more efficient way. We use reinforcement learning to
adapt prosumers price strategy at the power market and
dynamic programming to predict future outcomes. We
study the impact of the penetration of self-charging
photovoltaic system in the Sicily region of Italy. The self-
charging PV system is used by the prosumer for charging
their own electric vehicles. We show through
experimental studies that the population of prosumer in
which there is an increasing penetration of self-charging
photovoltaic system has saved the 6% of the total energy
cost of the population who doesn’t. The peak energy
consumption has been reduced by 19%. We also show
that the diversity of the power market participants (power
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consumers, producers and prosumers) allows to shave the
peak energy consumption in the power grid.

The rest of the paper is organized as follows. In the
next Section we describe the DIPONET power
architecture and, the learning and optimization methods
used by prosumer when buying/selling energy in the
power market. In Section 3 we consider the region of
Sicily (Italy) for studying the impact of self-charging
photovoltaic system. Experimental and numerical results
are presented in section 4. Section 5 concludes the paper.
The Table 1 summarizes the notations used in the paper.

Tablel: Notations

Symbol Meaning
[1,2,---,T] | time horizon of an entire day
[0 the energy profile of an entire day. [g1,--- ,q:]
keZ maximum energy variation
n€eZ the energy variation at time ¢, —k <x <k.
Ryax maximal energy reserve capacity Ry, : N
Ry initial energy reserve capacity Ry : N
R, state of the energy reserve at time r, R; : N
0:Z—+R | additional cost. if 0 < x then o(x) =x else x <o(x) <0.
R unitary energy cost achieved after the negotiation.
A the strategy space of the consumer/producer
8t negotiation strategy at time f, 5, €A
P(t,s) the value of the reward associated to action s at time 7.
r(t,s) the reward associated to action s at time 7.
aeR O<a<l
D(t) total demand at time t
S(t) total supply at time t
n the indice of the market participant (prosumer)
Gmean average energy consumption

2 DIPONET: a grid of micro-grids

The U.S. Energy Information Administration (EIA)
estimates that electricity transmission and distribution
losses average about 6% of the electricity that is
transmitted and distributed annually in the United States.
Distributed power network architecture aims to reduce
power transmission losses and to integrate renewable
energy sources. We focus on the DIPONET power
architecture for an efficient power grid management. The
idea behind is to manage the grid as a set of micro grids
and to reduce power transmission losses from the
distribution systems operators to the end-users [5]-6].

110-380 kv

/ BGM \10 kv
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Figure 2: DIPONET power architecture.

The DIPONET architecture (Figure 2) is more
dynamic and the idea is to provide the prosumer a more

efficient way to interact in the distributed power network.
At the power grid layer, DIPONET consists of a multi-
level micro-grids architecture which is sub-divided into 4
levels. The first level (0.4 kV) is a low-range network
covering subdivisions (a neighborhood). The second level
(10 kV) is a medium-range area network covering a
suburb (regional grid). The third level (110 kV) is a long-
distance energy transport network. Finally in the fourth
level (380 kV) the electricity is produced from large
power plants (coal, gas or nuclear).

At the power market layer, we consider a multi-stage
negotiation system through which the energy produced
by micro-grids (at various tiers) are auctioned to/by the
prosumers. The balancing of demand and supply between
participants is carried out through balancing group
managers (BGMs) which are located in different network
layers and operate in parallel on each grid. The BGM
balances the supply and the demand of electricity
between a producer and a consumer who have submitted
a similar bid.

2.1 Combined learning and optimization scheme
in DIPONET

The challenge of the prosumer in DIPONET is to make
elastic the demand for, and the supply of, electricity in
order to optimize its energy cost based on power market
conditions. Prosumer strategies are concerned with two
separate phases: negotiation and optimization. We now
describe the combined scheme DIPONET by means of
learning [7].

Step 1: Reinforcement learning

At the end of a negotiation in the power market, the final
achieved price by the prosumer, of index n, is normalized
according to the frame size of the negotiation. Then, the
temporal difference method [3] is used to derive the
reward of the negotiation strategy currently executed.

Pi(t+1,5) =Py (t,s) + ot (ra(t,s) — Pu(t,5)); (D

Step 2: Optimization
The consumer is characterized by the class of energy
variation profiles (s)he can adopt during the day.
Controllable inputs: we denote by the controllable
input of the consumer, n at time t. The consumer has the
ability to increase/decrease its energy consumption.
State of the consumer n: the state of the consumer is
given by the level of the energy reserve Ky,

Rn_.r+1 =Rn + gnt = Ryt + (Qmean + me) (2)
where §mearis the average energy consumption (non
shiftable energy demand), B is the consumption rate, and
Xp 18 the control action at time 7.

Objective function: the objective of the consumer is
to minimize the electricity cost achieved at the end of the
day.

T
min Y (0(xn) +gn) *Cu(D(2),S(r)) ©)

Xne t=1,..., =1
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where the energy cost C,; achieved by the consumer n
depends on the total energy demand and supply at time t.
o(xm) represents the storage cost of the prosumer which
depends on both the amount of electricity bought in the
market and on the energy loss due to any kind of
electricity transformation.

Constraints

(i) summing up all the variations from the beginning of
the day to any time, we cannot exceed a lower and an
upper bound of the energy reserve. This constraint
accounts for available energy storage media, like electric
vehicle batteries or thermic accumulations due to
anticipated heating, or delayed air conditioning.

T
VISrSTaOSRn0+zxnr§Rn.max (4)
t=1
(i1) the sum of all the energy variations in the whole day
for the consumer is zero, i.e. if in some slot the variation
is positive, in some other slot it must be negative.

Y% =0

Proposed algorithm: we propose an efficient dynamic
programming algorithm for planning the energy
consumption/production. Each consumer n will use the
algorithm to predict and control his/her energy
consumption. The control algorithm of the consumer has
three inputs: (i) the definition of the class of allowed
profiles Q; and (ii) the cost of a unit of energy which is
the result of the negotiation in each time step of the
previous day. We denote by C,(D(¢),S(t)) = C; the achieved
energy cost at time t. Hereafter, the optimization problem
and the proposed dynamic programming algorithm used
to solve it are defined.

Let Z(Y):RU{w}, t=1,....,T, 0<Y¥;, < Ryu be the
optimal energy costs for time step /,...,7 when the final
energy reserve at time 7 is Y7. Here Z;(¥:) = = if energy
reserve Yt cannot be achieved at time step t. Thus
Zy(Yn) (no slot has elapsed yet) is everywhere oo except
for Zg(Rp) =0

Subproblems

i
ZF(YE}:J:FMI}‘_ E(O(xf)+Qf}Cfsr:ls"'5T (5)

=i

i
Vil 1<i'<T,0<Rp+ Y % < Rypax (6)
i=1
!
Ro+ Y xi=y 0=y <Rpax )
i=1
Dynamic programming
Zi(%) = _kfgiﬂc:k Zi (Y —x) +(o(x:) +qt)e &
0S¥~ R

ZT(RU.} =Z & ZG(YD) = if YD :R{) then 0 else oo, (9}

The value of Z¢ at time t is computed sequentially in

terms of Zr—1 by looking backwards for Zt#(Y#) to the
optimal energy costs at slot # — / for eligible values Y7 —
xt of the energy reserve. Finally, an optimal strategy S is
any sequence such that the values of and of are computed
backwards from , = T ...,1, by letting the final reserve
being . Formally: optimal strategy

Z(%) = Z_1 (5 — %) + (o(%) + g1 )ex, (10)
Y =Y—% Yr=Ry. (11)

The time and space complexity of the algorithm are O(T
Rmax k) and O(T Rmax) respectively.

3 Case study: Sicily region

In this section we consider the Sicily region of Italy. We
model the cost associated to the power transmission
system and the cost associated to the use of self-charging
PV system by the prosumers. This cost information is
used by the prosumer for predicting (optimizing) his/her
future supply/demand (see Section 2 above).

The amount of electricity produced in a region trough
wind turbine or solar panel depends mainly on the
geographic position and of the type of the climate. In
many regions and based on the time of climate, captive
consumers (households and small commercial businesses)
can use renewable energy sources to produce electricity
that can be made available to the power grid.

Figure 3: Sicily region: solar and wind power plants
penetration

We focus our attention on the Sicily region (Figure 3)
in the south of Italy which is composed of 10 regions and
contents 5,092 million of habitants. In the figure, the
green and red lines represent the electricity network
380—220kV in the Sicily region. The star and the square
represent respectively the distribution of wind farms and
solar panels in Sicily region (November 2012). In the
model we study the influence of self-charging
photovoltaic systems on the peak energy reduction in the
power grid. In this case a part of the population, that we
term prosumer, uses self-charging photovoltaic systems
and do not consume additional electric power from the
power grid for charging their electric vehicle. In our
model, power prosumer (small businesses and households)
using photovoltaic installation belongs to the first level of
the DIPONET power architecture.

02002-p.3
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3.1 Cost modelling

Transmission cost modeling: electric power transmission
and distribution losses include losses in transmission
between sources of supply and points of distribution and
in the distribution to consumers. The first step for the
minimization of the energy losses is to focuses on the
DIPONET architecture. The power transmission cost for
a producer, consumer or prosumer, denoted by i, in a time
period t is defined by the linear combination of the
operational cost Cij in different levels j:

4
Gi(t) = Y qij*rij =Cij (1) (12)
where q is the energy injected to (or withdrawn from) the
power grid and r is the rate of the energy
production/consumption.

Self-charging PV cost modeling: the photovoltaic cost
is given by the sum up of the technological investment
(Cinvest) cost, the maintenance cost (Cmain) and the
inefficiency cost (Cinef) due to the obscuration of the
sunlight. The inefficiency cost depends on the dust
deposition rate [2] which varies over a wide range both
with respect to the time of the year and the location. The
PV inefficiency cost during a time period t is then defined
by:

Cinef(t) = a(r)/[(s* ex)I, exp(—NAQ.q ] (13)

where o(t) represents the additional cost of inefficiency, s
is the speciment type of the solar panel technology, e is
the exposure period to the dust, N, o is the light intensity,
N is the number of deposited dust particle per unit area, A
is the area occupied by a particle and Qext the extinction
efficiency of a particle of dust (which varies from 1 to 5).

3.2 Power prosumers and electric vehicle
penetrations

Based on the data of the Italian GSE, in 2012 the number
of photovoltaic systems in Sicily amounted to 18,846
units with a total capacity of 836.1IMW. In the model
captive consumers, who are able to produce electricity
through alternative energy sources, are considered power
prosumer and they represent the 30% of the Sicily
population. Each power prosumer owns an electrical
vehicle. We study the penetration of electric vehicles in
the Sicily region (Figure 3) and their impact on the
overall power consumption. We consider the 10
provinces of Sicily and we model them into the
DIPONET power architecture.

4 Simulations

We compare the behavior of the population in terms of
energy consumption through a placebo test (Table 2). In
the first case the population doesn’t dispose of any self-
charging PV system while in the second case they do.
Figure 4 reports the result of the placebo test of the
behavior of the consumer population after one day. The
dashed curve represents the amount of energy consumed

in each hour by the entire population when there is no
self-charging PV system in the Sicily region.

Analogously, the solid curve represents the case in
which a self-charging PV system is used by 60% of the
population of Sicily (nearly 3 million of persons).

The observation we have is that the consumer
population when 60% (of them) makes use of the self-
changing PV system has consumed less during periods
when the electricity cost is high. The peak energy
reduction is about 17,91% and this is a positive result for
the distribution system operator.

Table 2: Experimental setup of Sicily region in the DIPONET

architecture
[ Negotiation Levels 3
BGM on Level 1 (< 0,4kV) 10
BGM on Level 2 (0, kv — 10EV) 1
Architecture BGM on Level 2 (= 10&V) 1
Clients

Producers (50— 300 KW)
Consumers (50— 100 KW) in avg
Prosumers (50 — 300 KW) in avg
Day duration: 60 slots (24 hours)

[ Profile cost of the clectricity (free market)
Prosumer with Self-charging PV
Population with no EV penetration

Reserve capacity finite

Combination of RL and Optimization

Bid strategies - Energy profiling

Electricity price

Prosumers environment

Prosumer: controller

Agpregator | Collection of 4 prosumers
Duration: 3 days - 3 months
Simulations | Test 1: Self-charging PV penetration

Test 2: Peak energy shaving

In Figure 5 the final cost achieved at the end of day 3
by the population of consumers in which the self-
charging PV system was active (solid curve) is less than
the case in which there was no self- charging PV system
(dashed curve). The energy saving cost by the penetration
of EV is about 5,33% of the energy consumes by the
entire population.

We now consider the case in which the population is
composed of power prosumer who do not care about the
inelasticity demand constraint. We compare the behavior
of the later population with the one who doesn’t use
DIPONET.

In Figure 6, we analyze the result of the placebo test
in terms of energy cost achieved by all the population in
different time of the day. We can notice that the two
peaks energy consumption in the first case (dashed curve)
have been anticipated in periods when the energy cost
turns out to be low (solid curve). The peak remains high
in the first case in which the population doesn’t make use
of the DIPONET optimization scheme. The analysis we
make is that the system operator cannot balance such a
heavy change in the consumption rate of the prosumer
population. Hence, the heterogeneity of the market
participant (see Figure 4) in power market indirectly
helps to balance the mismatch between the energy
demand and supply.

Figure 7 reports the result of the placebo test of the
behavior of the consumer population after tree months.
The population in the case in which there is a penetration
of self-charging photovoltaic system (solid curve) has
saved 19% of the total energy cost of the population who
doesn’t (dashed curve). The information we have is that

02002-p.4
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the percentage of energy cost saving in the population
keep increasing in the long run.
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Figure 4: EV penetration: peak energy consumption shaving by
17,91 %.
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Figure 5: EV penetration: total energy cost saving about 6%
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Figure 6: EV penetration 1 day duration: case of only elastic
power demand.

5 Concluding remarks

This paper proposed self-charging photovoltaic system as
a solution for lowering peak energy consumption by
means of distributed power networks. Our study was
based on the Sicily region of Italy. We have used
reinforcement learning and optimization for predicting
supply/demand and store energy in a more efficient way.

210

- - -Population: neutral

— Population: EV self-charging|
o

energy cost (cent)

days

Figure 7: EV penetration 3 months duration: total energy cost
saving about 19%.
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