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Abstract—The impact of hourly consumption information pro-
vided by smart meters on the operation of a risk averse retailer in
the Spanish electricity market is studied. It is assumed the retailer
can manage certain amount of consumers’ demand to reduce its
operation cost. It can operate in the forward market, day-ahead
market and balancing market. Uncertainty in energy price in
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1. Introduction

The implementation of smart metering is considered a
required first step towards the smart grid deployment. Smart
meters are being installed in many countries in Europe, like
for instance in Italy, Norway, UK and Spain. How the smart
meters could be used in smart grids for demand side man-
agement, integration of non-dispatchable distributed renewable
generation, management of electric vehicles (including the
option of vehicle to grid V2G), and distributed storage has
been extensively addressed in the literature.

The focus of this work is on the potential benefits of smart
metering in the Spanish Electricity Market. Traditional meters
in Spain provide a single value at each time that corresponds to
the accumulated energy consumption until that moment. This
single value is recorded by the corresponding retailer every
month or every two months. That means that consumer and
provider have no information on how much energy has been
consumed in each hour within the measured period (one or
two months). They know just the total energy consumption
during a whole month or two months. On the other hand,
energy prices in the Spanish electricity market are given on
hourly basis.

Smart meters will record energy consumption in periods
shorter than one hour, in Spain it will be probably every 15
minutes. Using this information:

o Retailers can assign the proper cost to the energy con-
sumption of each customer, according to the hourly
energy market price.

o Consumers can manage their demand to save some
money.

o Retailers can propose tariffs and contracts for their cus-
tomers, so they can reduce their operation cost related
to risk coverage. In particular the risks associated with
uncertainty in market prices and instantaneous demand
from consumers.

We focus on the last point and compute the potential cost
saving for a risk averse retailer in the Spanish electricity
market. The two main results are the retailer cost saving
and the new energy cost for consumers. We assume the cost
reduction is transferred to consumers (more competitive prices
from the retailer) instead of being a net increase in retailer
profit. We do not consider particular tariffs or contracts. We
compute an upper bound for what can be done, in terms of
demand side management, with the information from the smart
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meters in the best case (without constraints from particular
tariffs or contracts). It is assumed a plausible share of demand
that can be managed.

We formulate a model for the optimal operation of a retailer
in the Spanish market, it will be explain in detail in Section
2 . The retailer can operate in three markets: Forward market,
day-ahead market, and balancing market. It has to deal with
uncertainty in market prices and demand from consumers, and
can manage certain amount of consumers’ demand.

We chose the Spanish system because it offers interesting
possibilities because of: (i) High penetration of wind gener-
ation, (ii) The installation of smart meters is expected to be
completed at the end of 2017, (iii) New regulations oriented
to demand side management have been approved in 2015, (iv)
Apparently, no cost/benefit analysis for the implementation of
smart metering in the Spanish system has been published as
indicated in [1], despite the fact that a number of reports about
recommendations and studies of alternatives for the operation
of smart meters have been published by the Spanish National
Energy Commission (CNE).

A relevant question about demand side management, as
remarked by Shmuel Oren in [2], is the classical dichotomy be-
tween commodity and service (quantity and service) remains,
and the main question is not the technical implementation, that
has been feasible since the beginning of twenty century. The
main question is how to deploy a business model appealing
for both retailers and consumers. Here we focus on a simpler
question, that is to evaluate the potential cost reduction for
a retailer by means of demand side management using the
information from smart meters.

Many studies have been reported in the literature on how to
use the operational capabilities and the information provided
by the smart meters to improve the management of risk
averse retailers. For instance, in [3] a methodology based
in risk-constrained stochastic programming is proposed to
help a retailer make decisions on how much to contract in
the forward market and the optimal selling price to offer
to its consumers. They use a price-quota function to model
that clients can choose other provider if the prices are too
high. This model is extended in [4] to consider explicitly the
consumer behavior and the competence with other retailers.
They propose a bi-level approach consisting of a stochastic
problem for a risk averse retailer in the upper level, and an
optimization problem for customers in the lower level. The
objective function for consumers is to minimize the cost they
pay for the energy, and they consider the prices from other
retailers (exogenous parameters in the whole problem) and a
virtual cost for changing from one retailer to other, this cost
is also an exogenous parameter that can be fixed to zero.

A similar model is proposed in [5], the problem is posed
as a mixed-integer stochastic programming and solved using
decomposition and branch-and-bound. The problem is for-
mulated from the point of view of a retailer, that uses the
Conditional Value at Risk (CVaR) [6], [7] as a risk measure.
In their approach a retailer manages a portfolio and sets the
prices in a Time of Use (TOU) tariff for its consumers. They
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assume fully rational consumers, that are price sensitive and
always have a complete reaction to prices. Consumers reaction
is modelled through their price elasticity, that is given in an
hourly basis (or for a number of hours). A base load profile
associated with a base price profile is given for consumers.
This load profile is reshaped based on the new prices that are
set according to the energy prices the retailer gets from the
wholesale market. The consumers option of moving to other
retailer is modelled through a market share function that is
given by exogenous parameters. They only consider one type
of tariff.

Here we pose the problem from the point of view of a
risk averse retailer assuming it can manage certain amount of
the consumer demand (demand side management), and taking
into account its participation in the day-ahead, balancing, and
forward markets. The main contributions of this work are to
answer the questions that follows for the Spanish system:

1) What is the potential benefit for retailers of the informa-
tion from smart meters?

2) What is the potential benefit for consumers of the infor-
mation from smart meters?

The rest of the paper is organized as follows. Methodology,
assumptions, and mathematical approach are described in
Section 2 . Case study and discussion of results are included
in Section 3 . Conclusions in Section 4 close the paper.

2 . Methodology and Mathematical Approach

To evaluate the potential cost reduction for a risk averse
electricity retailer operating in the Spanish system, we use a
model posed as a classical two stages stochastic programming.
The Conditional Value at Risk is used as risk measure. Uncer-
tainty in electricity market prices and demand from consumers
are taken into account through scenario trees, both parameters
are input data. The scenario trees are generated based on
historical data from the Spanish market. To summarize, the
main elements considered in the model are:

o Two type of agents, retailers and three groups of con-
sumers (residential, commercial, and industrial).

o Three markets: Forward market, day-ahead market, and
balancing market.

e Simulations in a period of 1 year given by a reduced
number of representative days. We consider three days
for each season (12 days per year).

o Consumers are considered in an aggregated form.

o Retailer problem is posed as a two stage stochastic
programming problem, that takes into account the risk
through the CVaR of the cost distribution. The objective
function minimizes a weighted average of the expected
cost and the CVaR of the cost. The weighting factor is
the risk aversion A € [0, 1].

o Demand side management is controlled by the retailer.
Here is applied the assumption of “best possible case”.

Retailer’s strategy consist of managing part of consumer’s
demand, and to buy and sell electricity in the markets to
maximize its profit taking an admissible level of risk. The
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level of risk and also the bounds for the demand that can be
shifted are exogenous parameters.

A. Retailer’s decision variables

The retailer’s problem includes the following decisions:

o How much to buy in the forward market (medium-term
decision). Retailer cannot sell in the forward market, it
can only buy. It can make only a contract for each season,
and the power contracted has the same constant value for
all the hours in the season.

o How much to buy and sell in the spot market (day-ahead,
short-term decision).

o How much to buy and sell in the balancing market (short-
term, almost real time decision).

o Where to shift the amount of consumers’ demand it can
manage. It can be done in day-ahead and/or real time.

B. Mathematical Approach

The model is posed as a linear programming problem and
solved using algorithm CPLEX in software GAMS. Model
equations are listed in what follows:

. _ . {esc} . {esc}
efuapi s 4o {(1 A) - E[QL] + X - CVaRy[Q} }}
xpdb®S, sxdbh

ke ke
dsmasvhyc,dsrn'rs’,hC
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ceC
2)
xfs > wsdyp, + wsdbts, Vs, h, ke (3)
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seS seS
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Z dsma® e = Z dsmrfﬁ“( Vs,c, ke (6)
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Z dsma e S sc Z DES he Vs,e, ke (7)
heH heH
dsmrs he < DES hoc Vs, h,c,kc  (8)
dsma® e <2 DE*S e Vs, h,c,kc  (9)
Where:

Qe —af, - PXFM 244 Y (xpds,h . PXPDF,
heH
— wsdy p, - PXSDE] + apdbss, - PXPDBEY

— wsdbf, - PXSDB’“”’)
(10)

RE&PQJ, Vol.1, No.15, April 2017



is the retailer’s cost for operating (purchasing and selling) in
the markets (day-ahead, balancing, and forward) in season s

and scenario {esc}.
Z Z Pr{esc} Q{esc}

{esc}
s€S {esc}

(11)

is the retailer’s expected cost in a whole year.

€+ - Z Z PT{ESC} Q{esc}7

s€S {esc} (12)

is the Conditional Value at Risk for a confidence level  for
the retailer’s cost distribution.

Retailer’s objective function (1) minimizes a weighted aver-
age of the cost expectation and the cost CVaRy. The weighting
factor is the risk aversion A € [0, 1].

Constraint (2) is a balance equation that states the net energy
(purchased minus sold) from the markets must be greater or
equal to the net energy consumption at each period of time,
taking into account demand side management.

Constraint (3) sets that energy sold by the retailer in the
markets can not be greater than the energy it buys from the
markets at each period.

Constraints (4) and (5) are auxiliary constraints for CVaRy
calculation.

Constraints (6)-(9) model the demand side management
mechanism. Constraint (6) sets that total demand remains
constant, it does not increase or decrease, it is only shifted.
Constraint (7) sets an upper bound, a fraction J, . of the initial
demand, for the increase of demand because of the demand
side management. Constraint (8) indicates the final demand,
after the decrease for demand side management, cannot be
negative. Finally constraint (9) states that final demand cannot
be greater than twice the initial demand, to avoid creating new
demand peaks. We think these assumptions about demand side
management are plausible for the Spanish system.

CVaRg[QlesH =

3. Case Study and Results

The model described in the previous section is applied to
data from the Spanish market, [8]. The data set is quite long,
so only a few representative values for each parameter are
given. The data input for the model consist of: price of energy
purchased from the forward market, Table I, price of energy
purchased by the retailer from day-ahead market, Table II,
price of energy sold by the retailer in day-ahead market, Table
III, price of energy purchased by the retailer in the balancing
market, Table IV, price of energy sold by the retailer in the
balancing market, Table V, and demand from the three kind
of customer groups, Table VI.

For each one of the 5 prices considered we have 4 seasons
(s), 3 days for station, and 24 hours (h) for each day, that is for
each price 4 x3x24 = 288 values. For demand from customers
we have 3 groups of customers, 3 scenarios (days) for each
group, and 24 hours for each day, a total of 3 x 3 x 24 = 216
values. Representative days are chosen using statistical criteria
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(mean and deviation) over the set of historical data (a whole
year).

Using a risk aversion of A = 0.5 results for a typical demand
shifting pattern in a day in spring season are depicted in Fig.
1. The amount of shifted demand is constrained by shifting
bounds and for what is economically profitable. To study the
bounds of what is economically profitable we solve the model
for the shifting bounds in a range from 0.1 to 0.9 of the
total demand. The result for the total cost versus the value
of demand that can be shifted are depicted in Fig. 2. The
maximum cost saving is around 5% over the value without
demand side management.

The solution does not change when the bounds for real-
locating demand are greater or equal to approximately 50%
of total demand. That is because it is not profitable to shift
more demand, at least in terms of the objective function in
our model, that is in expected value taking into accouton the
risk. Thus, even if we have the information from smart meters
and are free to shift demand, the expected cost reduction is
explicitly bounded by market uncertanties.

50001

45001

—#— Advanced Consumption
-©-Delayed Consumption
——Total Demand

40001

Hour

Fig. 1: Demand shifting pattern for a typical day in spring season.

Table I: Scenarios for price (EUR/MWh)
of energy purchased in the Spanish for-
ward market in 2015

Scenario (kf)

(s) 1 2 3

1 4622 4624 48.94
2 5141 5152 5424
3 6144 5461 6340
4 5395 5658 50.88

4 . Conclusions

To summarize, the main conclusions are:

o The potential benefit for consumers is a relative small
fraction of their average cost, around 5%.

o The potential benefit for retailers, even in the case of
great flexibility for demand side management, is also a
small fraction of their cost.
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Fig. 2: Total operation cost versus amount of demand that can be

shifted.
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Table II: Scenarios for price (EUR/MWh)
of energy purchased in the Spanish day-

ahead market in 2015

Day (kd)
(s) (h) 2 3
1 1 3824 2899 41.69
1 12 4458 29.76  41.83
1 24 41779 37.19 4094
2 1 4649 37.89 4549
2 12 5593 39.84 56.04
2 24 48771 3845 4437
3 1 40.02 5443 3454
3 12 5599 51.73 60.54
3 24 4205 5023 5644
4 1 2897 4574 4346
4 12 4935 46.14 54.87
4 24 4372 4246 5432
Table IIl:  Scenarios for  price
(EUR/MWh) of energy sold in the
Spanish day-ahead market in 2015
Day (kd)
(s) (h) 1 2 3
1 1 5201 3943 56.71
1 12 60.64 4048 56.90
1 24 56.84 50.59 55.69
2 1 6323 5153 61.88
2 12 76.08 54.19 76.22
2 24 66.26 5230 60.35
3 1 5444 7403 4698
3 12 76.15 7036 82.34
3 24 57.19 6832 76.77
4 1 3940 6222 59.11
4 12 67.12 6276 74.63
4 24 5946 5775 73.88

0.8

0.9

Table IV:  Scenarios for price
(EUR/MWh) of energy purchased
in the Spanish balancing market in 2015

Day (kdb)
(h) I 2 3
1 3608 3456 3894

12 3928 3990 42.72
24 3695 3729 40.63

1 3747 4120 39.75
12 49.14 4676  49.90
24 4173 4398 44.17

1 4189 3927 45.77
12 5574 5026 54.96
24 48.65 4329 5036

1 3733 4157 36.06
12 4856 4990 45.17
24 4311 4530 42.19

PRRLOOONNN———~&

Table V: Scenarios for price (EUR/MWh)
of energy sold in the Spanish balancing
market in 2015

Day (kdb)
) (b T 2 3
1 1 9020 8639 9734
1 12 9819 9976 106.80
1 24 9238 9323 10157
2 1 9368 103.00  99.37
2 12 12286 11691 124.74
2 24 10433 10994 11043
3 1 10473  98.18 11442
312 13935 12565  137.39
3 24 12163 10822 12591
4 1 9332 10394  90.15
4 12 12140 12475 11292
4 24 10777 11325 10548

Table VI: Hourly values for consumers
demand [MWh] in the representative sce-

narios
Scenario (kc)

(¢) (h) 1 2 3
1 1 1418.33 1174.38 1646.69
1 12 195021 1659.45  2604.06
1 24 195021 1557.33  2412.59
2 1 495.13 381.25 604.55
2 12 1237.82 991.24  1503.21
2 24 606.53 479.28 702.59
3 1 285.15 223.30 343.12
3 12 338.62 269.60 400.31
3 24 249.51 198.79 285.94
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