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power systems. With advances in smart-grid infrastructure, many innovative demand response business models
have sought to tackle these challenges, while creating financial benefits for the participating actors. In this
context, we propose an optimal real-time pricing (ORTP) approach for the aggregation of distributed energy
resources within energy communities. We formulate the interaction between a community-owned profit-
maximizing aggregator and the users (consumers with electricity generation and storage potential, known
as “prosumagers”, and electric vehicles) as a stochastic bilevel disjunctive program. To solve the problem
efficiently, we offer a novel solution algorithm, which applies a linear quasi-relaxation approach and an
innovative dynamic partitioning technique. We introduce benchmark tariffs and solution algorithms and assess
the performance of the proposed pricing strategy and solution algorithm in four case studies. Our results show
that the ORTP strategy increases community welfare while providing useful grid services. Furthermore, our
findings reveal the superior computational efficiency of our proposed solution algorithm in comparison to
benchmark algorithms.

1. Introduction emergence of so-called “prosumagers” (consumers with electricity gen-
eration and storage potential®) as new market actors [3]. Furthermore,
1.1. Motivation improved charging infrastructures and policy support measures have
made electric vehicles (EVs) more competitive for mobility and intro-
The lower levelized cost of electricity from photovoltaic (PV) sys- duced them into the mix of distributed energy resources (DERs) [4].
tems compared to residential retail tariffs has incentivized households However, this growth of DERs poses significant challenges for the
in many countries to invest in rooftop PV systems [2]. Similarly, electricity system; For economic efficiency, end-user activities should
developments in battery storage systems (BSSs) are making them eco- be aligned with market signals [5] and provide system benefits [6].
nomically viable for use by electricity consumers. Thus, a combination With the expansion of smart-grid infrastructure, several innovative
of home energy storage (HES) and rooftop PV systems has been shown demand response (DR) business models are seeking to meet these
to be profitable under various regulatory schemes, leading to the challenges. Ideally, the focus of these business models should be the

* Corresponding author.

E-mail address: Seyedfarzad.sarfarazi@dlr.de (S. Sarfarazi).

1 This research is financed by the German Aerospace Center (DLR) basic-funding project SoGuR.

2 This work was financially supported by the Swedish Energy Agency (Energimyndigheten) under Grant 3233. The required computation is performed by
computing resources from the Swedish National Infrastructure for Computing (SNIC) at PDC center for high performance computing at KTH Royal Institute of
Technology which was supported by the Swedish Research Council under Grant 2018-05973.

3 In this paper, we adopt the naming convention suggested in [1] and refer to an electricity consumer with generation potential as a prosumer (producer and
consumer). A prosumager additionally operates an energy storage system to increase self-consumption (producer, consumer and storage). _

https://doi.org/10.1016/j.ijepes.2022.108770
Received 1 June 2022; Received in revised form 8 October 2022; Accepted 31 October 2022

Available online 1 December 2022
0142-0615/© 2022 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


https://www.elsevier.com/locate/ijepes
http://www.elsevier.com/locate/ijepes
mailto:Seyedfarzad.sarfarazi@dlr.de
https://doi.org/10.1016/j.ijepes.2022.108770
https://doi.org/10.1016/j.ijepes.2022.108770
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ijepes.2022.108770&domain=pdf
http://creativecommons.org/licenses/by/4.0/

S. Sarfarazi et al

International Journal of Electrical Power and Energy Systems 147 (2023) 108770

Nomenclature

Parameters

rs, r® Aggregator’s sale and purchase margin in
benchmark tariffs

0‘3 Battery capacity of user i

MB, M3 Sufficiently large constants

Pl.Q Marginal operational cost of
charging/discharging the BSS for user
1

nC.nP Battery charge and discharge efficiencies for
user i

w, Maximum available line capacity behind
the PCC in ¢

CwW Community welfare

c’ Total cost of all users

G Ly Electricity generation and load of user i in
vand ¢

N Last discrete step

PM Wholesale electricity market price in ¢ and
v

_::,7? Battery charge and discharge power limits
for user i

G,. L, Nominal power limits for user i

EB,?B Aggregator’s purchase price limits

gs,ﬁs Aggregator’s sale price limits

Hes O, Mean value and standard deviation of data
in cluster ¢

T Last optimization step

C;, Cost of user i in v

PS, PB Aggregator’s discrete sale and purchase
prices

b, Probability of scenario v

A; Battery self-discharge rate for user i

U, Battery availability of user i in ¢

éi,z,- Battery state of charge limits for user i

H ?(,ﬂi(’ﬁf(*jf(* Intermediary parameters of the MBB algo-
rithm in ¢

SX Size of each discrete step in the MBB
algorithm

LB Problem’s lower bound in the MBB algo-
rithm

Sets

X Set of user’s decision variables in (1)

13 Set of decision variables in (9)

0 Set of decision variables in (15)

C Set of clusters in k-method

Y Set of user-specific model parameters

Indices

c Cluster in the scenario generation algorithm

k Discretization step
Trade direction: Sale or purchase in 7

provision of incentives that are compatible with the needs of the sys-
tem. The most common DR schemes instruct consumers to change their
consumption patterns upon request or according to a contractual agree-
ment [7]. However, a lack of customer privacy and system scalability

t Optimization time

v Scenario index

i User index

Variables

r Aggregator’s total profit

Fitw Aggregator’s profit considering user i in v
and ¢

a, B, Ay, T, 0,1 Lagrangian dual variables

Vir Binary variable for user i to avoid simul-

taneous charge and discharge in v and
t

bS B Binary variables in the MILP formulation for
tok’ "tk
t, vand k
c D : L
Z s Ziny Charged and discharged power for user i in
v and ¢
hf,(ku Continuous variables in the MILP formula-
tion
d®, d,S Spanning variables in ¢
n".sm,ﬂ'gv Bilinear terms after single level reduction
for user i in v and ¢
Ciry Cost of user i in v and ¢
e[.sw, egv Grid usage and feed-in of the user i in t and

v
SO S(1) BO) B(D) o . - .
o> Cire 2 Cinp > €y NOD-NEgative 1ntermed_1ary variables in the
quasi-relaxed formulation for user i in v and

t

P>, pP Aggregator’s sale and purchase prices

s Silhouette value in the k-mean clustering
method

iy Battery state of charge for user i in ¢ and v

1_)?‘,5?( Dynamic lower and upper bounds of aggre-

gator sale prices in ¢

are major drawbacks of these directive approaches [8]. Alternatively, in
price-based schemes, consumers are exposed to time-varying prices that
reflect the cost of electricity and grid conditions. Furthermore, these
price-based schemes do not suffer from the same privacy and scalability
issues [7]. Real-time pricing (RTP) is perhaps the best-known example
of this approach [9]. Although RTP can increase the alignment of BSS
dispatch with wholesale market signals [5], it does not usually reflect
the local level of generation and the constraints of the grid; achieving
this requires more comprehensively specified optimal real-time pricing
(ORTP).

This paper considers an energy community (EC) that is not isolated
from the wholesale market and is managed by a community-owned
aggregator (real-world examples of such ECs can be found in [10] and
[11]). We have developed a methodology for the aggregator to set
ORTP and show how this can improve the EC’s welfare in comparison
to an RTP strategy. The economic profitability of ORTP is subjected to
many uncertainties associated with wholesale electricity prices as well
as the power demand and supply. Therefore, such local aggregators
operate under conditions of bounded rationality. Therefore, we also
provide a solution for the aggregator to deal with its limited knowledge
regarding the market prices, the level of local power generation, and
users’ electricity demands.

In the remainder of this section, we provide an overview of the
background research in this context and thereby identify the research
gap to which we contribute.
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Table 1
Drawbacks of the reviewed single-level DR studies compared to the chosen bilevel approach.
Approach Examples Focus Drawbacks
Single user optimization [15,16,24] Detailed modeling of the user-side + Lack of energy-sharing potential

reaction to dynamic prices

- Ignores the aggregator-side
strategy

User coordination [17]

Coordination of multiple users
in reaction to external prices

+ Interests of the higher-level
actors are neglected

Local power markets [20-22] Distributed trading of electricity + Internal prices do not reflect the
state of the larger energy system
Retailer-side strategy [12-14] Creating dynamic prices for users -+ Simplified modeling of the user-side

strategy
+ Internal prices do not reflect the state
of DERs

1.2. Background research and contributions

The contributions of this paper can be broadly embedded into two
bodies of literature: On the one hand, we contribute to the research
area of modeling price-based DR measures for end users in energy
communities. In Section 1.2.1, we provide an overview of relevant
publications and highlight the novelties of our proposed model. On
the other hand, our methodology contributes by proposing a relaxation
technique and an algorithm to solve the resulting bilevel optimization
problem. In Section 1.2.2, we review the common approaches to solving
the bilevel problems that emerge in modeling the hierarchical interac-
tions between an aggregator and users and show the advantages of our
proposed approach.

We summarize contributions of this paper in Section 1.2.3.

1.2.1. Price-based DR in energy communities

Residential DR programs in the context of the smart-grid have been
extensively studied in recent years [7,9]. A significant fraction of this
body of literature has examined efficient dynamic pricing strategies for
electricity consumers [12]. Considering consumer adoption barriers,
the authors of [13] designed and analyzed dynamic tariffs that can
provide considerable cost savings for households. Similarly, the authors
of [14] proposed a day-ahead and real-time pricing strategy for a smart-
home community to benefit the consumers while reducing their power
peak-to-average ratio.

A growing body of literature has focused on the demand-side im-
plementation of DR measures and studied optimization strategies for
individual users. For example, the authors of [15] proposed a schedul-
ing optimization model for smart-home appliances to reduce the peak
load value and electricity cost. The price-based DR presented in [16]
is implemented through control algorithms for different types resi-
dential consumer appliances. With a broader perspective, the authors
of [17] suggested an autonomous and distributed demand-side energy-
management system for efficient coordination of multiple users in
reaction to external dynamic prices. The demand-side management
design in [18] includes a group of passive consumers and active users
with DERs.

DR has also been studied in the context of peer-to-peer markets
with little or no interaction with a central energy system [19]. For
example, in [20] a two-stage energy sharing strategy for a building
cluster with distributed transaction was proposed. Considering a similar
setup, buildings in [21] can directly share their energy supplies and
demands within the community. The authors of [22] used an agent-
based model to study the implementation of DR measures in a local
energy market that is not isolated from the public grid.

Although all the works noted above offer beneficial features for both
the users and the grid, they generally fail to take the (often conflicting)
interests of the actors of the higher-level energy system (e.g., retailers)
into account. In this regard, the hierarchical nature of different decision
levels can be captured using bilevel optimization models [23]. Table 1
summarizes the reviewed single-level solutions and compares them
with the bilevel approach chosen in this work.

There is an extensive body of research that applies game-theoretic
frameworks or bilevel optimization models, in which the users follow
the pricing strategy of the aggregator [25,26]. However, many of
the existing models do not consider the load-shifting potential that
results from storage systems such as BSSs. For example, in an uncertain
environment, the EV aggregator in [27] offers selling prices to the
EV owners. In a similar setup, the decision-making variables of the
DR clients in [28] choose the most competitive aggregator. Without
load-shifting potential, the EV owners switch to rival aggregators to
minimize their energy procurement costs. In other models, users must
adapt their preferred electricity demand under strong pricing incen-
tives. For example, in the models of [29] and Yu and Hong [30],
users adjust the amount of electricity they consume based on a sat-
isfaction function. In the time-and-level-of-use scheme studied in [31],
consumers must book an energy capacity within each optimization time
frame. In the pricing process, the electricity consumption of the con-
sumers is unknown to both the supplier and the consumer themselves.
The proposed two-stage optimization model presented in [32] consists
of a real-time optimization stage, in which the microgrid operator
generates separate buy and sell RTPs, and the prosumers decide on the
amount of their hourly electricity consumption. Alternatively, in our
context, because users may own a BSS, they are not required to reshape
their desired demand profiles.

Among the studies that have considered load-shifting with BSSs,
in the model of [33] a competitive community energy storage (CES)
operator trades with the grid and offers RTP to trade with users. The
users in this model decide on the electricity they trade with the grid
and the CES operator. From a social planner’s perspective, the retailer
in [34] interacts with a CES operator and provides RTP for users to
minimize their total costs. In these studies, user-owned energy storage
systems are neglected. The aggregator in [35] also operates a CES
and can adopt either a profit-maximizing or self-sufficiency-maximizing
strategy. With full knowledge of market prices, electricity generation,
and power demand, the aggregator generates buy and sell RTPs for
the users in the EC to elicit a desired load and feed-in pattern. The
presented model of the interplay between users with BSSs and a social-
welfare-optimizing aggregator in [36] can be effectively used to size the
EC. The aggregator agent in [37] provides sale prices for self-optimizing
EVs for optimal bidding in the day-ahead reserve market.

None of the above formulations have considered uncertain input
parameters, and do not include a more generally applicable scenario-
generation algorithm. In our bilevel optimization model, we take these
three sources of uncertainty into account. The stochastic bilevel frame-
work presented in [28,38] determines the optimal involvement in
the wholesale market and its trading with the wind-generation units
while anticipating the reaction of the EVs and responsive loads. The
authors of this work showed that the implemented regret-based bidding
strategy is effective for hedging the risks of uncertainties. However, the
presented model, unlike our model, does not consider bilateral trading
with the clients and does not take prosumagers into account. Herein, we
take the EC grid restrictions into account and include a novel scenario-
generation approach for stochastic optimization. Table 2 compares the
existing bilevel models in comparison to our model.
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Papers BSS User-owned
optimization BSS

Prosumager

Uncertain
parameters

Bi-directional
trading

EV EC grid
restrictions

[29,30,39-43] X
[31] X
[32-34,44,45]
[28] X
[27] X
[38] v
[36] v
[37] v
[46] v
[35] 4
This paper v

NSNS SN X X% %X
CNX X UX X X X X X

X X WX N X X X X%
WX X X X QN XS X%

N X X X X X X X X X
NN X X N X X X X X X

1.2.2. Solution to DR bilevel problems

Bilevel optimization is widely used to solve consumer’s DR prob-
lems arising in the power sector [23]. Bilevel problems are generally
hard to solve; even linear bilevel problems are shown to be NP-hard
problems [47]. Different approaches have been used to solve bilevel
optimization problems in the literature.

Several studies have used heuristics algorithms [48]. For example,
the bilevel problem in the modeled energy-sharing solution in [49] is
solved with a closed-loop iterative algorithm based on the Brouwer
fixed-point-theorem. Moreover, the authors of [35,42,43,50] used ge-
netic algorithms to iterate between the upper- and lower-level problems
and search for the optimal solution. However, heuristic algorithms have
the drawback that they cannot guarantee that the global solution is
actually found [51].

If the lower-level problem is modeled as a differentiable function,
one can derive the optimal solution mathematically and replace it in
the upper-level problem. This leads to a single-level problem, which
is solvable using commercial solvers. This approach has been used
extensively in the context of DR modeling. For example, in [29,32,41]
the utility of consumers is modeled in a logarithmic relationship with
consumed energy. To model the objectives of the users, the authors
of [33,34,44,46] employed quadratic cost functions as strictly convex
and increasing functions of demand. Although this method can be used
to solve bilevel problems to their global optimum in an efficient man-
ner, the required underlying assumptions for the problem formulation
make it impractical for many real-world applications [35].

Another common approach to solving bilevel problems is using
mathematical techniques such as the Karush-Kuhn-Tucker (KKT) op-
timality conditions to transform the problem into an equivalent math-
ematical program with equilibrium constraints that is solvable with
commercial solvers [52]. Under certain conditions, the emerging com-
plementary slackness constraints can be replaced by the strong duality
condition to eliminate the bilinear terms. These two approaches for
single-level reduction are employed in [53] to solve the microgrid
investment and operation planning bilevel problem. Among the liter-
ature reviewed in Section 1.2.1, the authors of [27,28,36,38] used this
methodology. In many cases, the resulting single-level problem con-
tains many binary variables and requires a high computational effort
to solve [54]. In this paper, we propose a quasi-relaxation technique
and an innovative solution algorithm to eliminate the binary variables
that appear in the single-level reduction process and correspondingly
solve the problem efficiently.

1.2.3. Contributions

Against this background, this paper makes the following research
contributions:
1. We propose a bilevel stochastic nonlinear programming model to
find the buy-sell ORTP for a community-owned profit-maximizing
aggregator that manages for users (including prosumagers and EVs)
in a smart EC. We show that the profit-maximizing operation also
maximizes the welfare of the EC. In two transformation steps, we derive

a stochastic disjunctive program from the original bilevel stochastic
nonlinear program. To enable this transformation, we first apply a
single-level reduction technique using KKT optimality and strong du-
ality conditions and then discretize the aggregator’s prices. We use a
multi-parameter cluster-based (MPCB) scenario-generation approach to
produce the required representative scenarios for the key uncertainties
in the stochastic optimization problem.

2. We provide an efficient solution to the reformulated disjunctive
program. We apply a linear quasi-relaxation approach to eliminate
the nonlinear terms and propose a novel modified branch-and-bound
(MBB) algorithm that imposes the relaxed constraint. Moreover, we
extend the algorithm used in [54] and [55] by employing a dynamic
partitioning approach, which disentangles the optimization results from
the disjunctive parameters and reduces the computational effort needed
to solve the problem.

3. We present a comprehensive analysis, regarding the effectiveness of
the proposed ORTP scheme and solution algorithm. For this analysis,
we compare the ORTP tariff with two benchmark tariffs: average
pricing and RTP. Moreover, we demonstrate the superior computational
performance of the proposed MBB algorithm in comparison with the
branch-and-bound algorithm suggested in [54] and a standard mixed-
integer linear programming (MILP) formulation that is used extensively
in the literature. We parameterize the model with real data, examine
several case studies, and evaluate the effectiveness of the proposed
ORTP strategy against two benchmark tariffs.

The remainder of this paper is organized as follows. The method-
ology is described in Section 2, where we present our EC model
and the proposed bilevel problem. In this section, we reformulate the
mathematical problem into a quasi-relaxed stochastic disjunctive pro-
gram and describe the developed MBB algorithm to solve the resulting
problem. Section 2 also contains the definitions of the benchmark
models and tariffs used to assess the results as well as a description of
the data used in our analysis. This section ends with the explanation
of the developed MPCB scenario-generation algorithm and the used
data in the case studies. In Section 3, we introduce four case studies
and demonstrate the performance of the ORTP tariff and the MBB
algorithm. In Section 4, we compare the results of the case studies
with those of the benchmark cases. The limitations of our methodology
and the transferability of our results to real-world cases are critically
discussed in 5. Section 6 concludes.

2. Methodology
2.1. Model structure

ECs represent multifaceted sociotechnical systems that, depending
on their context and purpose, can have numerous definitions and
diverse forms [56]. The bottom-up model developed in this work
adopts the following definition: “An EC is a group of electricity users
(whether with or without DERs) that are connected to the same distribution
network. Each user is metered separately and operates under a contract
with a community-owned aggregator. The aggregator manages the electricity
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Fig. 1. Schematic illustration of the modeled energy community.

demand and generation of the EC by trading within the community and in
the electricity market”. Note that in our definition, we do not consider
the possibility of collective self-consumption or virtual sharing of the
electricity in the EC. The EC modeled according to this definition is
schematically illustrated in Fig. 1.

The EC aggregator is an agent that maximizes its profit (r) by op-
timizing its hourly trading in the day-ahead electricity market (hence-
forth referred to as the market) and with the users in the EC, while
considering the predicted EC grid limitations over the next day. For
this optimization, the aggregator receives a forecast of the upcoming
market prices (PM) and the maximum available line capacity behind
the point of common coupling (PCC) (W,). It also sets the real-time sell
and buy prices (p%, pP) to trade with the users within the community.
To isolate the effects of the ORTP, we consider a case in which the
aggregator does not operate a BSS. Therefore, the aggregator’s demand
and supply bids to the market correspond to the EC’s residual load and
generation, respectively.

Users within the EC can be parameterized as consumers, prosumers,
prosumagers, or EVs. For the case of a prosumager, the user’s model and
the interaction with the aggregator is schematically shown in Fig. 2.
Users with BSS optimize their interactions with the EC grid, i.e., their
power consumption and feed-in (¢S, ¢B) to minimize their costs (C). We
assume that the users are equipped with the processing and controlling
systems required for this optimization. Since the user’s bidirectional
grid interaction is measured with a single smart meter, the actual
interaction with the grid is unidirectional in each time step (¢5 = 0
if ¢ > 0 and vice versa).” Moreover, the considered metering scheme
allows a behind-the-meter consumption of the self-generated electricity.
Due to the near-zero marginal cost of the rooftop PV systems, we
assume that the electricity generated by the users is primarily used to
cover their electricity demand. If the electricity generated by the user
(G) is less than demand (L), the difference must be covered by the
BSS or from the grid. Similarly, if the electricity generation exceeds the
demand, the user will feed the residual generation into the BSS or sell
to the grid. We also assume that the electricity consumption of the users
is price inelastic, and the only source of flexibility is the load-shifting
potential with the BSS. The parameter A; considers the self-discharge
rate, while #° and #° account for charge and discharge efficiency of
the BSS. The state of charge (SOC) of the BSS (modeled as a) has an
initial value of A, and is limited by its lower and upper limits (4,, A).
By adding an availability factor (U;,), we take into account the inability

4 Note that the metering scheme in our model differs from the gross-
metering scheme, in which the electricity consumption and generation are
metered separately. Furthermore, unlike net-metering schemes, the users
cannot consume the electricity fed into the grid at a later time free of charge.
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Fig. 2. Schematic overview of the prosumager’s model.

or unwillingness of the users to charge their BSSs. This is particularly
important in the case of EVs, as these users may not be connected to
the grid during the whole day.

The interplay between the aggregator and users within this model
structure leads to a hierarchical decision-making formulation, specified
as a bilevel program, in which the aggregator’s and users’ optimizations
are the upper- and lower-level problems, respectively.

2.2. Bilevel program

The stochastic bilevel programming model is formulated in (1), in
which the indices i, ¢, and v refer to each user, optimization time, and
probabilistic scenario, respectively:

Maximize r = 3° ¢, (B (e}, ~¢;, )40 €5, ~pP ) (1a)
Py 5Py it
=it
—s —B
subject to: PS<pS <P, PP <pP <P, (1b)
W S __B 7
—W, < Z(eitl}_eitll) < WY’ (1(:)
i
wheree B € arg}r{nm Ci,
S,S _ B,B , pQ . C _ D
z(pr e i A i E )2 ad)
t
=Cin
b. . anSl7 ZEU . a
subject to: a;,, = A;a;4_y),+ e (A5, (1e)
i i
c S __B D .
Zity = eiru_eiru+Giw_Litu+zitu . u’iztu)’ an
é,' < ity < A[ : (Zim’?/w) ’ (1g)
ay, = A, (af,).1=0, (1h)
B .7 . - .
0< €t < G,‘ . (ﬁiw’ﬂ"'”)’ (11)
S <7 - - -
0< Citw <L (Qim’ UilU) ) (1‘])
—C —
0<25, <UZ, vy, : (B, Piro)- (1k)
—D _
0<zp, SUZ, (=) : (1, Tirw)- an

where y in (1d) is the set of the user’s decision variables y =
{eS,.eB . a;,.25,. 22 ). The symbols in parentheses (i.e., A% , 4%, By
Eitv’ Vitws Vi Vin? Hitws Hiw Uiy and v;,) are the
Lagrangian dual variables of the corresponding constraint in the lower-
level problem. Eq. (1a) represents the utility function of the aggregator
and ¢, is the probability of each scenario. Eq. (1b) sets bounds to ensure
that the aggregator’s prices in the EC are no worse than those of the
public grid (PS5, FS, P8, and FB are the lower and upper limits for the
aggregator’s sell and buy prices). We make these assumptions in the
absence of competition among different aggregators and retailers. The

total power imported/exported through the line that connects the EC

a
> Titws iy Yoy
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to the PCC is limited in Eq. (1c), where W,s is the maximum available
capacity of this line at time ¢. The user’s objective in Eq. (1d) is to
minimize the total operation costs for the given optimization period
(T). Therefore, the lower-level objective is unique for each pair of i
and v. The parameter PI.Q is a strictly positive value representing the
marginal operation cost of the BSS. Eq. (1e) describes the SOC of the
BSS, which depends on the SOC in the previous time step, the self-
discharge rate (4;), and the charged and discharged amount (z and

: m) The constraint in (1f) guarantees that the incoming and outgomg
power flows for each user and time step are balanced. Constraint (1g)
makes sure that the SOC of the BSS stays within an acceptable range.
Egs. (1i) and (1j) consider the users’ nominal power constraints (I,.
and G,). The battery charge and discharge in each step are limited by
the maximum allowed power constraints (Z.C, 7?), the availability of
the battery, and the binary variable y;,,, which prevents simultaneous
charging and discharging of the BSS. In the proposed stochastic model,
the aggregator considers the uncertainty of market prices as well as
the users’ electricity generation and load when deciding the hourly
sell and buy prices. To cope with these uncertainties and achieve the
best solution, the aggregator must solve the bilevel problem for various
scenarios. This means that, for a set of scenarios and for each step, a
unique solution (pt and p, B) is delivered to the users. The problem of
the users also incorporates uncertainties regarding their demand and
generation.

Note that the fact that the aggregator maximizes its profit does
not compromise its fiduciary obligation to the EC, since the welfare
of the EC is, in this case, maximized (see Proposition 1). The actual
redistribution of the aggregator’s profit among the EC users can be
done in several ways to reflect their respective interests, but these
considerations are subsidiary and outside the scope of this analysis.

Proposition 1. Solving (1) is equivalent to maximizing the community
welfare (CW):

Max1mlze r(p[ s Dy )
PopP
s.t. (1a), (1b)

B argmin c;,(x)
itv? ettv € ¥ ’

s.t. (1e)-(1D

Where e3

iy @)
Maximize 3, b, (ri(sS, 2% - C,-U(x))
Py by ——

=CW
s.t. (1a), (1b)

whereed B e argm mcw(;()

s.t. (1e)—(ll)

Proof. Proof of this proposition is given in Appendix A.1.
2.3. Proposed stochastic disjunctive program

We solve the bilevel program in (1) by reformulating the problem
into a single-level problem. To be able to represent the lower-level
problem, which is currently a MILP problem, by the KKT optimal-
ity conditions (which are necessary and sufficient), we propose an
equivalent relaxed linear programming (LP) formulation of (1). Using
Proposition 2, we can omit the binary variables in the constraints (1k)
and (11) in the formulation of the lower-level problem.

Proposition 2. If we drop the binary variables y;,, from the MILP model,
the optimal solution of the resulting relaxed LP model and its original MILP
model are the same.

5 Availability of the line capacity (W,) can vary due to power-system
operation issues such as a line outage at time 7.
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Proof. We assume that the binary variable y;,, (1k), and (11) do
not exist and the BSS unit can charge and discharge simultaneously,
ie., z , >0 and zlw > 0. Therefore, (1) is an LP problem in this case
and the KKT optimality conditions hold. Based on this assumption, the

Lagrangian multipliers ﬂ_m and v, are equal to zero. The stationary
—i —itv

conditions of the relaxed LP problem are written in (3):

e Tty =0 £ € @
-p _'liztv-"pitv_ﬁitv =0: eg”’ e

=it A1y~ iy i = 0 1 iy, ®9
Ak, =%, =0 % @it =0, GD
PQ )“zatv/”pr"')“zZtv_yiw"'?im =0: Z?u’ (3e)
PO 0P 2 4By =0 1 25, (3

From (3e) and (3f) we can derive:

N ) =
a8, /68 E PPy az, =1, i) = (PR B ~Bu) /0l 4

ltu

Based on our assumptions of an > 0 and z[w > 0, the terms ﬂiw =0
and Yiw = 0 can be omitted from (4). Therefore,
Vi

(——n VA%, = (T is + %%»H%w}’)ﬂ‘? ©)
'Ii i n;
While the right-hand side of (5) is strictly positive (PI.Q, nS, nP >0
and B, 7, 2 0) its left-hand side is negative (47, < 0 and r’%—n}) >
0). From this contradiction, one can conclude that the assumi)tion of
simultaneous charge and discharge of the BSS (zS , >0 and zEL > 0)
cannot hold.® [J

Thus, the dual feasibility conditions of the LP formulation can be
described as:

By Pivrt

it yltl/’ M o’ ﬂIlU’_,w’ itvs Vi U' v 2 0. (6)

The complementary slackness conditions for the lower-level problem
result in several nonlinear terms but, according to [57], the comple-
mentary slackness conditions can be replaced with the strong duality
condition. The strong duality condition for the lower-level problem can
be formulated as:

Q —
- z(pt n‘L _pr nL P (Zn‘v+znu)) aAOUA +
Z(—IIUA -z tv—z+ﬂlfUG +U:tb]-’ j',m(Gltv itv)

+U,-,ﬂ,,UZ +UtVztuZ )- )

The bilinear terms pSed and pPeB in the strong duality constraint and
the upper-level problem make the reformulated problem a nonlinear
programmmg (NLP) problem. We denote these bilinear terms 7Z'IS[U and

x5 , respectively. To eliminate the nonlinearity, we introduce discrete
electricity sell and buy prices that can take values from a feasible set
of prices pX € {P ”,... ,PX, ..., PX}. Accordingly, we formulate the
bilinear terms in the following disjunctive form:

X X
l!b \/Pkt nu’ (8)

where the disjunction is represented by the disjunction (OR) operator
\/. To shorten the expressions in (8) and throughout this paper, the

6 Although we have proved Proposition 2 analytically, the proposition
statement is also intuitive. It is not economical for a BSS with charging and
discharging efficiencies less than 100% to charge and discharge at the same
time.
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superscript X represents both sell and buy variables and parameters (in-
stead of the superscripts S and B). The original program can therefore
be rewritten as a stochastic disjunctive program:

\/ PBelIU

Max1mlzer = Z ¢U(PM(em em)+\/ PkS lsn
v,i,t#0

Subject to: (1b), (1c), (1e)-(1D), (3), (6),

(7) rewritten with (8). (C)]
where & is the set of decision variables &= (g, B e, B, ay,
ng’ ZBU’ l?m’ Zm;’ ?inﬂ E”U’ HIIU’ Zitv? Vjps ﬁ i’ ﬁitv! Zitv’ 7111;}' USll'lg
a binary expansion approach, the dlsjunctwe problem in (9) can be
reformulated as a MILP problem. The MILP formulation (presented later
in Section 2.5) contains many binary variables, which leads to a high
computational effort. Moreover, the performance of the solver depends
on the right choice of MX. To improve these shortcomings, authors
of [48] suggest an alternative approach to deal with bilinear terms.
Similar to [54], we adopt a linear quasi-relaxation to transform this
problem to an LP problem and deal with the disjunctive nature of pX
in our solution algorithm.

To this end, instead of formulating the electricity sell and buy prices
as a convex combination of discrete values, we use only their lower and
upper bounds. By introducing a continuous variable dX, we rewrite pX
as:

P =P dp (1 -d).0<df < 1. 10)

X X
Therefore, the aggregator’s p; always adopts a value between P and
Ef(. Then, the disjunctive constraints can be enforced by:

X X, =X Xy _ pX
[ aX+p5(1 - d¥) = PX|. an
k=1
To perform the quasi-relaxation method, we rewrite X 4,» which ap-
pears in the bilinear term #%, as the summation of two non-negative
variables:

X = KO X, 12

itv lm itv

Therefore, the bilinear term nffv can be formulated as:

7%, = @V +er ) [ aX+mia - a]. 13)

itv itv itv

We solve the formulated disjunctive program using an MBB algo-
rithm, which branches on the ranges of sell and buy prices instead
of branching on binary variables. To obtain the upper bound of the
objective value, we apply quasi-relaxation of the problem and drop the
disjunctive constraint (11) and replace (13) with (14):

X X(O) X, X(1)=X

Titp = €y P, Ty Pr» (14a)
0<ey” < MXdX, (14b)
0< eV < MX1-a¥), (140)
0<df<l. (14d)

As a result, the disjunctive program (9) can be reformulated in the
following quasi-relaxed form:

SDPQ: Max1m1ze r= Zqﬁ (PM(eB e )+rS, —78 )

itv Titv
vt

subject to: (1b), (1c), (1e)-(1D), (3), (6),

(7) rewritten with n,w from (14), (12). 15)

= (S pB oS SO S B BO) _B() Cc ,D S B
where 0= {pt’ P> €y Ciny > Ciny itv’ Titv ? Vitv Gits Zitps Zigys d d
Ao Tigys Tirws B, s Hitws Vs Vitws B, s Biaws ¥, » Y} 18 the set of decrsron
variables. For s1mpl1c1ty, we will refer to the quasi-relaxed formulation

of the stochastic disjunctive program in (15) as SDPQ.
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2.4. MBB solution algorithm

We now explain the different steps of the MBB algorithm in solv-
ing the SDPQ. Having imposed the dropped constraint in the quasi-
relaxation, we partition the disjunctive steps dynamically to find the
solution of (1) efficiently. The dynamic partitioning feature addresses
the limitation of the disjunctive formulation in having a fixed number
of discrete steps.

Fig. 3 illustrates the different steps of the algorithm in detail.
Initialization: The algorithm starts by initializing the parameters E,X’

ﬁtX, H IX, and H ,X as well as the algorithm hyperparameters LB and SX:

Ef <PX, p* <PX, (16a)
HY <PX.H, <P, (16b)
LB «—o0, SX (—(FX—PX)/(lkl—l), (16¢)
PX = HX+k(H -HX)/|kl. (16d)

where H tX and ﬁ, are intermediary lower and upper levels of dis-
junctive values in each time step, and SX is the disjunction step size
and LB is the lower bound of the solution that represents the best
solution so far. In (16d), the disjunctive values P,zj for each time step
are calculated.

Solving SDPQ and generating new branches: In each iteration (itr
in short), the algorithm solves the quasi-relaxed formulation of the
problem (SDPQ) in (15). If the problem is infeasible or the upper bound
of the objective function (r) is less than LB, the nodes are fathomed.
For the cases with r higher than LB (r > LB), the algorithm checks the
condition (17) to make sure that the result of the SDPQ is identical to
(1) and the relaxed constraint in (11) is imposed.

d¥ e (0,1} vp =7 a”n

If condition (17) is valid for all the optimization time steps, the node
is fathomed, LB is updated (LB <« r), and the values of p and p p

are stored in 1nterrned1ary parameters pX* and p p . The results with

X ; X

d; ¢ {0, 1}, gr + pt indicate that p, is not discrete (i.e., p; &
{P, | t, . k s P,ff}) and therefore does not satisfy constraint (11). In
these cases, we keep the nodes active and generate new branches.
According to (18a), the algorithm finds the closest disjunctive value

and generates two new branches on either side of the p?( (18b):

PX< pfdx+p, (1-d), (18a)
X _ pX
. = P, and g P(k+1)t (18b)

After creating new branches, the algorithm evaluates all the nodes
and selects the one with the largest LB as the next node to assess.
We chose this branching method as it creates fewer sub-problems and,
therefore, reduces the computational time required [58]. The next node
is evaluated by repeating this step.

Dynamic partitioning: Each optimization “round” is terminated when
all the created nodes have been investigated. Once there are no branches
left to solve, if LB is equal to its initial value (i.e., —o0), the problem
is infeasible. If not (i.e., the algorithm has found at least one solution
to the problem), we discretize the solution range further to search for
values that may lie between the first disjunctive steps and we start a
new round of optimization. Changes in the solution range (p top, Xy are
schematically visualized in Fig. 4. To perform the dynamic partltlonmg,
we update H tX and H. IX with the lower and upper values of the best
solution:

H, <5 HY A 19

If E:( and ﬁt have adopted the same value (E,X = ﬁ;(), at least one of
them is moved by the size of one step SX:

= —X
If pX =7, = PX then H, —p*+5%, (202)
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Infeasible
Yes

12
Update Bi(, ]_Jf( }—>| Solve SDPQ in (15), t+1 |<—
Yes

Branch available?

Dynamic partitioning

Yes [ —.
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| Initialize: based on (16) |
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t+1
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'f ?
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Py =Py
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Fig. 3. Our proposed modified branch-and-bound (MBB) algorithm.

—x
Else if pf( = ﬁf( =P then HX <—ﬁf(—SX, (20b)

—X
Else {H, <—pf(+SX and ﬂf( eﬁf(—SX} (20c¢)

Finally, we update the values of pX and ﬁ,x once more, set the LB to
—o0, update the disjunctive values according to (16d), and solve the
problem again.

— —X
p’X <H, ’Ef( <—£§ 21

If the solution (LB) is improved, the algorithm continues. Otherwise,
the optimal solution is reported.

2.5. Benchmark models

To assess the performance of the proposed MBB algorithm, we solve
the bilevel program with two alternative algorithms, as described in
Sections 2.5.1 and 2.5.2.

2.5.1. MILP

To reformulate the disjunctive problem in (9) as a MILP problem, we
use a binary expansion approach. For the disjunctive term \/;_, PXeX ,
we introduce binary variables Z,’{\; \b%, =1 and rewrite the disjunctive

constraints as:

XX X XX :

-M btuk < h[tku < M bwk,VllUk, (223)
X X X X S X X :

-MX(1 - bX ) <hY - PXeS < MX(1-bX,),Vituk, (22b)

X X X X X
Plt P2t PSt P4{: PSt
Init: | ” } — } —X= >
H =P H,=P
X i,
P Py
2t
Itr X1:} | I @ } }
H=pX t TP
) X =X
p Pt
2t
Itr X2:I 1 Sl 1 1 1
1|3X I_IIX o ﬁ T T ﬁxLﬁX
= =t t
X =X
Btept
Itr X3:} . } }
pP* HY % mY P*

® :Global optimal solution 4 :Discrete solution < :Solution range

Fig. 4. Change of the solution range Fp,x to &X) in our proposed MBB algorithm. Itr
X1, X2 and X3 respectively refer to the iterations with the best solutions in the first,
second, and third rounds of optimization.

where MX is a sufficiently large number, and A%, are continuous

itkv
variables that are enforced to take the values of the binary terms for a
single step k. The disjunctive term and the prices can then be written
as:

N N

X X _ X
\ Pk, = X s (23a)
k=1 k=1
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N

P =2 Pty (23b)
k=1

The disjunctive problem in (9) together with additional constraints

derived in (22) and (23) can be solved using standard commercial MILP

solvers and branch-and-bound algorithms.

2.5.2. Special branch-and-bound (SBB) algorithm
To demonstrate the improvements resulting from the MBB algo-
rithm, we also solve SDPQ using the SBB algorithm proposed in [54].

2.6. Benchmark tariffs

As shown in Proposition 1, we expect that the competition between
the aggregator and users in the proposed ORTP strategy increases the
CW of the EC, defined as CW = r — C’, where C' = }, ¢,C;, is the
total cost of users. Note that, in the calculation of CW, the terms with
pY are eliminated. Therefore, CW = Y, ¢,PM(ed —eB U)+P,.Q(zgv+zg )
To validate our hypothesis regarding the impact of competition on the
CW, we compare the resulting CW values from the ORTP with those

gained from the two benchmarks.

« Average pricing (AP) uses the mean value of the market prices during
the simulated period to calculate pf(. Therefore, the tariff does not
contain any real-time element and the price is constant over time,
similar to the retail price in many countries:

T
pF = P/l + % 24
t

* Real-time pricing (RTP) includes the market price signals in pX:
Pl =Py +Tx (25)

While the aggregator’s margin in the ORTP is optimized and may
change in real time, the parameters I'* in Egs. (24) and (25) are
exogenous model assumptions that do not vary over time. We assume
that I'S = —I"B, and this is set at 0.5 ¢/kWh. Since, in the calculation of
CW, the terms with plX are eliminated, the choice of I'X does not have
any impact on the community’s welfare.

2.7. Data and model parameterization

For the household demand profiles, we use the data from [59]. This
dataset contains high-resolution measured load profiles of 74 different
German households. Data regarding the load and availability profiles
of EVs were obtained using the open-source tool VencoPy [60], based
on the mobility data available in [61]. The translation of the mobility
data into the EV electrical demand and charging availability profiles for
this analysis is described in Appendix A.2. The electricity generation
profile of the PV systems is scaled based on the share of generated
electricity from the installed PV capacity in 2018 in Germany (PV
capacity data was collected from [62]). For P;IXI’ we use the day-
ahead electricity market prices for Germany in [62]. The aggregator’s
maximum (minimum) sell price ﬁs (gs) is 8 (3) ¢/kWh, while the
maximum (minimum) buy price ﬁB (EB) is 7 (2) ¢/kWh. The marginal
cost of charging and discharging the battery (Pl.Q) is 1 ¢/kWh. The SOC
of the BSSs cannot drop below 0 or exceed a maximum value of 1
0 < Z,- < 1). For the user-specific model parameters (Y), we assume
the values listed in Table 3. The big-M parameters (MS and MB) in the
MILP and LP formulations are set to 100000. Other parameters will be
introduced for each case study in the next section.
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Fig. 5. Silhouette values for different numbers of clusters.

2.8. MPCB scenario generation

The uncertain attributes in SDPQ are the market price, demand and
PV generation of each user. Since these attributes vary continuously
over time and with temperature, wind speed, cloud cover, etc., the
aggregator needs to take their associated uncertainties into account.
One approach to generating the required scenarios for the optimization
is the so-called direct-sampling method, which samples directly from
the historical data. Using this approach, if we increase the size of the
sample, the distribution of the scenarios will converge to the actual dis-
tribution of the data. However, performing the optimization for many
scenarios requires excessive computational resources and is impractical.
To provide a practical number of scenarios that are representative of
the historical data, we propose the following MPCB scenario-generation
algorithm:

Step 1: The time series for all attributes is specified according to year,
month, week, day of the week and hour of the day. Then, the data
for all attributes are scaled to the range [-1,1] so that we can use
the Euclidean distance to compare similarities between different data
points. The vector of attributes x has a probability distribution function
f ).

Step 2: The data for the attributes are divided into |{C}|” clusters. We
employ the well-known k-means method to group the dim(x) data into
clusters. To decide on the suitable number of clusters, we perform
a sensitivity analysis by applying the k-means method for different
numbers of clusters and choose a value of |C| that demonstrates the
highest silhouette value. The silhouette value s(p) is calculated in (26),
in which d(p) is the average Euclidean distance between point p and
all the points in its cluster. In this equation, d’(p) is the smallest
average Euclidean distance between point p and all the points in other
clusters [63]. A larger average silhouette value, i.e., Zp s(p)/dim(x),
indicates better cohesion within and separation between the clusters.

1-d(p)/d'(p), if d(p) <d'(p)

s(p) =140, if d(p) = d'(p) (26a)
d'(p)/d(p)-1, if d(p)>d’(p)
-1<s(p <1 (26b)

The average silhouette values for different numbers of clusters are
plotted in Fig. 5. We select [{C}| = 4, which results in the highest
silhouette value, as the optimal number of clusters for the k-means
clustering. Moreover, we only retain the attributes that improve the
silhouette value. These attributes are the hour of day, day of the week,
market prices, load, and solar generation profiles.

7 The expression |{Q}| is used for cardinality of the set {Q}.
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Table 3

Users’ technical parameters.
¥ op it P 4, Z, z; G, I, e or BSS
[-] [kWh] [-] [-] [-] [kwW] [kw] [kw] [kw] [¢/kWh] [kwW] [-]
1 20 1 1 1 20 20 20 20 1 20 HES
2 0.01% 0 0.01% 0 0 0 20 20 0 0 X
3 10 0.95 0.95 0.99 10 10 20 20 1 10 HES
4 6 0.90 0.90 1 6 6 20 20 1 7 HES
5 50 0.98 0.98 1 50 50 11 11 1 0 EV

2User 2 does not own a BSS. To avoid division by zero, a very small number is chosen for its 67 and 7P.

Actual data Generated Scenarios

A -
c=3 c=2
)
®
c=1
N
x[1] y[1] <

Fig. 6. Illustrative representation of the scenario-generation algorithm.

Step 3: The mean (u,.) and standard deviation (c,) of the data in each
cluster ¢ € C are calculated as:

. = EX) = / xf(x)dx (27a)
o, =/ E((x— U )?) = V/(X—ﬂc)zf(x)d)ﬂ (27Db)

We then use these values are to generate scenarios in each cluster
separately. Using the calculated means and standard deviations for each
cluster, we generate a vector of random numbers y with a normal
distribution:

y=1ly.] and gy,) = N(. 0,). (28)

Here, N(u.,0,) is a normal distribution function with a mean value
of u, and a standard deviation of o,. The data within each cluster
show significantly higher cohesion compared to the alternative of not
using these clusters, e.g., direct sampling. Fig. 6 shows a simplified
representation of the scenario-generation algorithm for three clusters
(]{C}] = 3) in two dimensions. Note that, depending on the number
of attributes, the actual number of dimensions dim(x) could be greater
than 2.

Fig. 7 shows a comparison of the means and standard deviations of
the actual data (described in Section 2.7) with the scenarios generated
by the direct-sampling and the MPCB approaches. It can be seen that
the distribution of the generated scenarios using the MPCB algorithm
for all attributes are closer to the actual data when compared to the
direct-sampling approach.

3. Case studies

In this section, we consider four case studies to demonstrate the per-
formance of the methodology. The first three are illustrative examples
to show how the algorithm and pricing work. The fourth is a larger-
scale example to demonstrate computational scalability. Table 4 gives
an overview of the model setups of the different case studies.

Table 4
Overview of model setups in the case studies.

Case study T i v Y Demonstration goal

1 2 1 1 1 Convergence of the solution algorithm

I 4 1 1 1 Determination of ORTP

111 4 2 1 1,2 Internal balance of load and generation

v 8 5 9 1,2,3,4,5 Large-scale stochastic optimization
3.1. Case study I

In the first example, we consider a single prosumager (i = 1),

parameterized with Y = 1, an optimization period of 2 h (r € {1,2}),
one scenario with probability of 1 (|{v}| = 1, ¢, = 1), and three

discretization steps (k = 3). The prosumager has a constant demand of 5
kWh (L, l¢=1y = Lisyl¢=2) = 5 kWh), and the power generation is 7 kWh
and 3 kWh in the first and second time steps, respectively (G;;, =1, =7
kWh, G;,,|(;=2) = 3 kWh). The market price changes from 0 ¢/kWh in
t=1t08¢/kWhins=2(PM,._, =0 ¢kWh, PM_, =8 ¢/kWh).
The BSS is available all the time (U; = 1). The discrete options for
sell and buy prices are p} € {3,5.5,8} and pP € {2,4.5,7}, respectively.
Detailed results for the performance of the proposed solution algorithm
are shown in Table 5.

The proposed MBB algorithm changes 1_7?, ﬁf, 1_)?, and E? at each
iteration. In iterations 1 to 7, condition (17) is not satisfied (status A).
Iteration 8 is the first iteration in which all solutions are discrete for all
time periods (status B: condition (17) is fulfilled). Since r > LB and all
the solutions are discrete, LB is updated for the first time from —1000
to —14 in iteration 9. Similarly, pX and ﬁ,x are changed until better
solutions are found in iterations 25, 48, and 53 and the lower bound
updates to 72 (LB=72). After 56 iterations, the algorithm has checked
all the branches and this round is ended (status C). Therefore, the
highest profit for the aggregator with the current discretization steps is
72 (r =72 ¢). Thus, if we use the SBB algorithm proposed in [54] with
fixed discrete steps, the optimal solution will be 72 in iteration 53, and
the algorithm will stop after iteration 56. In contrast, in the proposed
MBB algorithm, we modify the discrete steps inside the algorithm to
find a solution that is closer to the global optimal point. In iteration
57, we apply the dynamic partitioning technique and start a new round
in our algorithm (status D). Based on the best discrete result of the last
round, the new discrete options for sale and purchase prices in the new
round are p? € {2,3.25,4.5}, p§ € {4.5,5.75,7}, pf € {3,4.25,5.5}, and
p5 € {5.5,6.75,8}.

As the choices are changed, the LB is initialized again with —1000.
Then, pX and Ef( are changed until a better discrete solution is found
at iterations 71, 83, and 84 with the aggregator’s profit r and LB
equal to 0, 94, and 94.5. Round 2 of the algorithm is finished after
iteration 92. After this, the discrete options are updated once more:
PP € {2,3.25,45}, p¥ € {5.75,6.375,7}, p} € {3,425,55} and p5 €
{6.75,7.375,8}. In round 3, the lower bound of the problem updates
twice, in iteration 99 and 101, to 0 and 105.75, respectively. Fig. 8
shows the transformation of the solution range for the purchase price
(p?) in the time step ¢ = 2 in iterations 53, 84, and 101. The remaining

10
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Fig. 8. Change of solution range (ﬁ? to E‘B) in Case I for 1 =2.

options for pf‘ and ﬁf( are investigated until iteration 104, after which
the MBB algorithm for this problem is ended. To reach this objective
value with the SBB algorithm, a larger number of discretization steps
(k) and correspondingly more iterations are required.

3.2. Case study II

In the second example, the bilevel problem for a simple setup with
one prosumager (i = 1), parameterized with Y = 1, is solved. For a time
period of 4 h (T=4)and a single scenario, the model results, electricity
prices, and prosumager’s grid interactions, as well as the input time
series, PM, Gy, |(y=1), and L;,|y~y), are shown in Fig. 9.

In time steps ¢ = 3 and 4, the prosumager uses its generation to cover
its load. Note that in our model, the self-consumption of electricity
by prosumagers is considered to be free of charge. Therefore, it is
profitable for the users to use the generated electricity mainly to cover
the own load in most cases. Since the storage is full in this hour,
the residual generation at + = 4 is fed into the grid. As the highest
market price occurs at t = 4 (PM|,_, = 9 ¢/kWh), the aggregator
increases the purchase price to p?|,_4) = 5.75 ¢/kWh and incentivizes
the prosumager to discharge the storage. The prosumager completely
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Fig. 9. Optimization results for Case study II. A: Aggregator’s and market prices. B:
Prosumager’s electricity demand and generation, as well as grid usage and feed-in. C:
Battery SOC of the prosumager.

discharges the BSS in this time step and feeds 20 kWh into the grid
(€8, 1¢=4) = G; = 20 kWh).

3.3. Case study III

In Case study III, we demonstrate how the ORTP reacts to market
prices, limited available line capacity, and the availability of local
generation and storage. Two users with the technical specifications
of Y = 1 and 2 (see Table 3) are considered. User 2 (Y = 2) does
not have a PV system or BSS. Therefore, this user does not have
electricity generation and cannot have a flexible interaction with the
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Table 5
Detailed results of Case I.

Iteration ¢ r LB P PP g;‘ Ef E’B Efi Round  Status

[-] [h] [¢] [¢] * * * * * * [-]
1 3 2 3 8 2 7

! 2 108 -1000 -, 20005 3 8 2 7 ! A
1 3 2 3 8 2 7

2 2 106 -1000 5 20006 3 3 2 7 ! A
1 6 6 3 8 2 7

3 2 108 -1000 ¢ 20005 5.5 8 2 7 E A
1 8 2 3 8 2 2

8 5 —14 ~1000 > 3 3 > > 1 B
1 7.9990  4.5002 3 8 45 7

9 ) 55.6 -14 3 ) 3 3 ) ) 1 A
1 3 2 3 2 2

53 ) 72 69 s 7 s s 7 7 1 B
1 5.5 45 55 55 45 45

36 2 -4 2 5.5 45 5.5 5.5 2 45 E ¢
1 54995 45 3 55 2 45

57 2 108 —1000 (9006 69996 5.5 8 45 7 2 D
1 2 3 2 2

n 2 0 -0 o5 45 55 8 45 45 2 B
1 3 2 3 3 2 2

83 2 %4 0 55 575 55 55 5.75 7 2 B
1 3 2 3 3 2 2

&2 2 St ot 6.75 575 675 8 5.75 7 Z E
1 5.5 45 5.5 5.5 3.25 45

22 2 0 o435 6.75 5.75 675 675 45 575 2 ¢
1 54999 45 3 5.5 2 45

93 2 108 -1000- 7 675 8 5.75 7 3 b
1 55 45 55 55 2 45

99 5 0 ~1000 ; 575 ; 3 B
1 425 2 3 425 2 325

s 2 s ¢ 6.75 6.375 675 8 6375 17 € B
1 3 3 3 3 2 3.25

104 2 945 10575 4 5.75 675 8 5.75 575 O ¢

*: [¢/kWh]. A: (17) is not fulfilled. B: (17) is fulfilled. LB will be updated. C: All branches are checked. End of

this round. D: Dynamic partitioning is applied. Beginning of a new round. | Highlighted solution || Best solution

in this round.

grid. Moreover, we assume that the available line capacity is limited
(W|([:1,2,4) =20 kWh and Wl(,:3) = 0.6 kWh). The optimization results
and the input series for Case III are presented in Fig. 10. As a result
of a low market price at + = 2, the aggregator offers a low sale price
to the users. However, due to the restricted available line capacity,
user 1 cannot charge the BSS completely (el.swl(,ﬁ) = 17.526 kWh,
@il (1=2) = 0.78). In hour 3 (¢ = 3), user 1 feeds enough electricity into
the community grid to cover the load of user 2 and therefore the load
and generation of the EC can be balanced locally in this hour. At =4,
the market price reaches its highest value (Pt’tfll(,=4) = 8.9). Therefore,
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the aggregator increases the purchase price to p?l(,zs) =5 ¢/kWh and
user 1 is encouraged to discharge its battery completely.

3.4. Case study IV

In Case study IV, we increase the problem size and analyze an
EC with a larger number of users and a longer optimization period
compared to the previous illustrative examples. Five users (|{i}| =
5) and eight optimization periods (i.e., |{r}| = 8) are considered.
These users are relatively diverse and adopt the parameters shown
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Fig. 10. Optimization results for Case study III. A: Aggregator’s and market prices. B:
Users’ electricity demand and generation, as well as grid usage and feed-in. C: Battery
SOC of the prosumager.

in Table 3. For this case, we study the sensitivity of the aggregator’s
expected profit to the scenarios. In a simulation experiment, we vary
the number of scenarios (|{v}|) from 1 (indicating a deterministic
solution) to 50 and solve the SDPQ over 7000 times.® We use the MPCB
scenario-generation algorithm (introduced in Section 2.8) to provide
the required scenarios for this experiment. Note that every scenario is
unique and used only once in this analysis. Moreover, as a simplifying
assumption, we consider a uniform probability of occurrence for all the
scenarios (¢, = 1/[{v}|,Vv).

The results of this experiment are presented in Fig. 11. Each box
plot in this figure displays the distribution of the aggregator’s profit
(objective value of the optimization problem in SDPQ) for a fixed
number of scenarios. In this case, the fluctuation of the profit stems
from the variance of the underlying time series in each of the generated
scenarios. The trend of the median values indicates that, with an
increasing number of scenarios, the aggregator’s expected profit tends
to drop. We observed that solving the SDPQ with a higher number
of scenarios, e.g., larger than 100, the median value falls below 100
¢. In the formulated stochastic problem, regardless of the number of
scenarios, the aggregator chooses a single set of prices for the users
(see also (1a)). With an increasing number of scenarios, these prices
are less tailored to each individual scenario and therefore the overall
efficiency of the ORTP drops. Moreover, the aggregator’s profit is more
sensitive to the scenarios when the number of scenarios is lower. For
instance, in the deterministic solution, i.e., |[{v}| = 1, the profit of the
aggregator varies between 104 and 382 ¢ (267% change) depending
on the selected scenario. This range is reduced to 121 and 174 ¢ (43%
change), when the number of scenarios is 47. Due to the considered
uniform probability of scenarios, the impact of extreme scenarios re-
duces when the number of scenarios increases. This leads to a smaller
spread of profit in the cases simulated with high numbers of scenarios.

Due to computational limitations, for the comparative analysis in
Section 4, we solved the SDPQ with nine scenarios (|{v}| = 9). In

8 These cases are optimized using high performance computer Tegner PDC
with 24 computational nodes and 32 threads [64].

13

International Journal of Electrical Power and Energy Systems 147 (2023) 108770

Section 4.2, we present a sensitivity analysis and elaborate on the de-
pendency of the computational efforts to solve the formulated problem
on the numbers of users, optimization time steps, and scenarios.

4. Comparison of results
4.1. CW comparison

The results regarding the aggregator’s profit, users’ total costs, and
the CW of the EC for the proposed ORTP tariff together with those de-
rived from AP and RTP schemes are presented in Table 6 (the contents
of this table are plotted in Appendix A.3). With the implementation
of the ORTP, the CW of the EC has the highest value relative to the
two other tariff strategies. In the setup in which only one flexible user
interacts with the aggregator (Case study I), the RTP tariff performs as
well as the ORTP tariff. In more complicated setups with multiple users,
the ORTP tariff outperforms the RTP tariff. The AP tariff, the current
pricing strategy for many small-scale electricity users in Germany,
demonstrates the lowest CW value. This tariff does not contain any
real-time signals relating to the scarcity or surplus of electricity (in
the market or the EC). Note that we did not monetize the achieved
grid relief by the ORTP in Case study III. In such a case, we would
expect that the achieved CW in the ORTP tariff would outperform the
benchmark tariffs by an even higher margin.

In all case studies, the aggregator’s profit reveals the highest and
lowest values for the ORTP and AP versions, respectively. However,
the aggregator’s profit in the benchmarks depends on the choice of
the aggregator’s margin. (I'X). Larger I'X values will lead to greater
profits for the aggregator, which come at higher costs for the users.
This will be a policy decision for the EC stakeholders as the aggregator’s
profit increases the EC’s assets; these may be redistributed to users or
invested.

4.2. Computational comparison

Table 7 compares the performance of the MBB algorithm and the
benchmark algorithms introduced in Section 2.5 for the four case stud-
ies (the contents of this table are plotted in Appendix A.3). The model
statistics and the number of discretization steps (k) in different cases
under investigation are given in 8. We carried out the optimization
for both the MILP and LP models on GAMS 25.1.3 platform using the
CPLEX 12.8 solver. The case studies I-IV are optimized on a laptop with
Intel Core i7-8650U CPU running at 1.90 GHz with eight nodes and
16 threads. Note that our algorithm does not use parallel computation
and therefore, even though multiple processors were available, all the
calculations were carried out on a single CPU node.

The optimal solution of SDPQ (the profit of the aggregator) depends
substantially on the level of discretization (k); a larger number of
discretization steps will converge closer to the optimal solution of the
original problem in (1).

The results in Table 7 clearly show that the MBB algorithm outper-
forms the SBB algorithm (from [54]) and the MILP model, as it is able
to reach a better objective value with fewer iterations and less com-
putation time. These improvements increase in more complex cases.
For example, in Case study IV, the MBB algorithm converges to an
objective value, which is respectively 9.2% and 11% higher than those
from the SBB algorithm and MILP model with 83.1% and 91.8% less
solver execution time. This indicates the efficient performance of our
proposed MBB algorithm, especially for solving large-scale problems.

A convergence plot of the proposed MBB and the benchmark SBB
algorithms for Case study III is presented in Fig. 12. Starting with a
lower value k, the MBB algorithm converges to the objective value
of 76.49 after 768 iterations for the first time. After this step, the
discretized prices are dynamically modified, and LB is set back to
—oo. After five more rounds, the algorithm converges to the objective
value of 123.25 in iteration 2189. In contrast, with k = 5, the SBB
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Table 6
Comparison of aggregator’s profit, users’ costs and CW under different tariff strategies.
Tariff Case study I Case study II Case study III Case study IV
r [¢] C' [¢] CW [¢] r [¢] C’ [¢] CW [¢] r [¢] C’ [¢] CW [¢] r [¢] C’ [¢] CW [¢]
ORTP 105.7 1.7 104 93.36 -13.31 106.67 99.6 52.3 47.3 181.1 -2.7 183.8
AP -14 2 -16 12.59 -0.67 13.26 4.3 199.9 -195.6 23.5 -31.3 54.8
RTP 18 -86 104 22.45 —84.22 106.67 28.4 338.6 -310.2 50.2 -56.1 106.3
Table 7
Comparison of the computational performance.
Case Number of iterations [-] Nodes explored [-] CPU time [s] Profit (r) [¢]
MILP SBB MBB MILP SBB MBB MILP SBB MBB MILP SBB MBB
1 1226 306 104 203 296 102 5.12 0.69 0.37 105.75 105.75 105.75
I 70439 5959 1701 19945 5610 1608 35.39 18.22 5.85 93.36 91.17 102.34
i 876382 8586 2188 141848 7761 2138 347.2 26.83 6.9 99.55 99.55 123.25
v 50227324 41254 6086 190145 30058 4021 10935 5270 924.3 181.08 184.18 201.14

14
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Table 8
Model statistics.
Case Bin. Con. Const. |klprop |kl spp |kl v BB
I 38 115 198 9 9 3
I 44 163 264 5 5 3
11 48 277 495 5 5 3
I\ 819 8799 16035 4 4 3

Bin.: Number of binary variables. Con.: Number of continuous variables. Const.: Number
of constraints.

algorithm, achieves the optimal value of 99.55 after 8587 iterations.
This shows that a significant efficiency improvement is made by the
MBB algorithm. Note that each round of optimization is finished, when
the termination criteria (see Section 2.4) are fulfilled.

To assess the sensitivity of the computation effort to three key model
parameters, i.e., number of optimization time-steps, users, and sce-
narios, we perform another simulation experiment. The starting point
of our sensitivity analysis is a reference case, which is parameterized
identically to Case III (i.e., with five time steps, one scenario, and two
users). In three parallel analyses (one for each parameter), we increase
the parameters and carry out more than 600 simulations with unique
scenarios. The required CPU time for the simulated cases is presented
in Fig. 13.° The x-axis in Fig. 13 shows the increased number of time
steps, scenarios, and users (with the maximum value of 14) in each
analysis.

The computation time of the reference case (black box in Fig. 13)
varies between 0.6 and 1297 s. This fluctuation indicates a strong de-
pendency of the computation effort to the input time series (electricity
demand, generation, and market prices). The findings of the simulation
experiment reveal that the required computation time rises significantly
when prolonging the optimization period. Simulations with 19 time
steps (14 steps more than REF) require an average computation time

9 For this simulation experiment, we used the processor AMD EPYC
2.25 GHz and 16 GB memory from the recent KTH Dardel system [65].
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of 4370 s. In contrast, optimizing the formulated problem with a
larger number of users does not increase the needed solution time
substantially. When increasing the number of scenarios, we observed
that stochastic optimizations with larger |{v}| were solved faster than
deterministic optimizations. For instance, the maximum recorded com-
putation time for the cases with 13 and 15 scenarios (12 and 14
scenarios more than REF) is 226 and 259 s. These findings indicate that
the proposed model scalable with respect to the number of scenarios
and users in the EC. In contrast, increasing the optimization period
above 14 time steps seem to have a strong impact on the required
computation effort.

5. Discussion of limitations and implications for external validity

The results of our analysis demonstrate that the implementation
of DR in ECs with the help of smart real-time pricing strategies can
potentially lead to technical and economic benefits. Our evaluation did
not assess the practical implementation of this pricing strategy. The
following are pointers to future research needs.

Concerning the economic benefits of the proposed pricing strategy, a
question arises about how the generated welfare is redistributed among
the stakeholders; i.e., what are the financial incentives for the users
to participate in this business model, rather than switching to another
retailer. In this regard, the absence of competition among aggregators is
a limitation of our model that should be addressed in future research.
Moreover, the observed actor behavior in this analysis could be dis-
torted by the addition of regulatory-induced charges to the electricity
consumer price.'° Expensive electricity consumer prices generally

10 These regulatory-induced charges do not contain any time-varying signal
and comprised more than 70% of the end-user electricity price in Germany in
the year 2021.
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incentivize a higher level of behind-the-meter self-consumption for the
prosumagers [66]. Because we neglected the impact of these consumer-
price components, future research should assess the adaptability of such
real-time pricing schemes in different regulatory environments.

With an efficient operation, ECs can support the power network
and enhance the integration of renewable energies. In this paper, we
demonstrated that the ORTP strategy can incentivize an operation that
contributes to power-grid relief. Quantifying the value of the delivered
flexibility requires a more comprehensive study with the help of a
distribution grid model. Along with these benefits, the establishment of
ECs can arouse concerns regarding inefficient investments and increas-
ing overall energy-system costs. For instance, if sharing the electricity
across the EC reduces the revenues of the distribution grid, raising the
grid charges for other consumers is likely. This effect may exacerbate
inequalities and incentivize local self-consumption even further. In this
case, solutions such as distribution-network tariffs are suggested in the
literature [67]. Therefore, further studies are required concerning the
impact of the (collective) self-consumption in ECs on the larger energy
system. A useful approach for such analysis is the coupling of models
with different perspectives (e.g., local and national perspectives) [68].

Regarding the technical implementation, this paper assumes that the
bidirectional communication infrastructure and the required measuring
and control equipment for an efficient and secure transmission of data
is available in the EC. Therefore, we have neglected the investment
costs in our calculations. For the case of Germany, users need to be
equipped with smart-meter gateways, which are devices that auto-
matically communicate measurements from connected smart meters
to external market participants; these allow them to send incentives
or commands for load adjustments to local control boxes such as
energy-management systems [69]. While a general advantage of the
price-based DR measures is respecting users’ privacy [8], a limitation
of the single-level reduction approach in solving bilevel optimization
problems (compared to distributed algorithms such as [35]) is the
necessity for sharing information about users with the aggregator. The
technical evaluation of the technologies and algorithms that enable
an efficient and secure transmission of the necessary data is part of
another field of research [70]. Concerning our proposed methodology,
we demonstrated that the presented modeling approach and solving
technique can significantly contribute to a more effective solution of the
bilevel problem when compared to the benchmark solving approaches.
Real-world applications, however, can lead to optimization problems
with longer durations and more heterogeneous users. Improving the
performance of the proposed methodology to satisfy real-world-scale
problems should be the focus of future research. In this context, one
direction to improving the scalability potential of the algorithm is the
simultaneous evaluation of the created branches on multiple processors
using parallel computing [71].

6. Conclusion

The expansion of distributed electricity generation and storage po-
tential poses challenges for the efficient technical and economic opera-
tion of the power system. Smart-grid infrastructure has opened the door
to many innovative DR business models that can contribute to meeting
these challenges while creating financial benefits for the participating
actors. In this context, we have proposed an ORTP methodology for a
profit-maximizing community-owned aggregator in an EC, that is not
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isolated from the wholesale market. In our model, the aggregator trades
bilaterally with users in the EC (e.g., prosumagers and electric vehicles)
while coping with restrictions regarding the maximum available line
capacity behind the point of common coupling. Moreover, the stochas-
tic formulation of the problem provides a solution for the aggregator to
deal with uncertainties regarding the wholesale market prices as well as
users’ electricity demand and generation. The required representative
scenarios for these sources of uncertainty are produced by develop-
ing a multi-parameter cluster-based scenario-generation approach. To
capture the hierarchical nature of the decision-making process in the
considered setup, the interplay between the users and the aggregator is
formulated as a bilevel optimization problem. To solve the resulting
problem efficiently, we reformulated the original stochastic bilevel
program as a stochastic disjunctive program and proposed a novel
MBB algorithm that applies a linear quasi-relaxation approach and a
dynamic partitioning technique. We assessed the effectiveness of our
proposed methodology in four cases studies.

Our results show that the derived ORTP leads to higher community
welfare for the EC. Furthermore, if necessary, the ORTP can provide
useful grid services by creating incentives to offset the EC’s demand and
supply locally. The comparison of the ORTP with the average pricing
strategy (with no time-varying component) shows a significant im-
provement in all studied cases. However, the effectiveness of the ORTP
against a simple real-time pricing strategy (including only signals from
the wholesale market) becomes evident when the diversity of users
increases. Moreover, our proposed algorithm outperforms the bench-
mark algorithms both in computational performance and community
welfare. These enhancements were found to be more substantial in the
large-scale case studies. There are two major drivers for the achieved
improvements: first, by applying the quasi-relaxation approach a large
number of binary variables are eliminated; second, the implemented
dynamic partitioning technique disentangles the optimization results
from the disjunctive parameters. Our simulation experiments show that
the computational effort is sensitive to the number of optimization time
steps. In contrast, the proposed model is observed to be scalable in
terms of the number of users and scenarios. One direction of future
studies includes assessing the impact of ECs on the German electricity
market. Another objective of the subsequent studies will be the further
development and enhancement of the proposed EC model and the
solution algorithm.
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Appendix

A.1. Proof of Proposition 1

We start with the objective on the left-hand side of (2), which is
defined in (29a). In (29), { p,S, p? } and y are sets of decision variables for
the user and the aggregator, respectively and y = {e5 .eP . a;;,, 25 , 2D
The expression —Y,;,¢,C;, () is not a function of p} and pB. Therefore,
it can be added to the objective function in (29a) without changing the
optimal solution, i.e., (29a) and (29b) are equivalent. From (1), the ex-
pression r(pts, p?) can be replaced with its equivalent Ziw(ﬁvr,.,,,(pts, p?),
as done in (29c). Then, we can extract ¢, in (29d); this has the term
(0@, P2) — C, (1)), which is the CW. The terms r(p}, pB) and —C,(»)
indicate profit of the aggregator and user i, respectively. CW can be
defined as a summation of revenue of all the participants in the EC
(users and the aggregator). Therefore, CW = r;,,(p3, pP) — ¢;,,(x). Note
that ¢, is a fixed parameter that does not change with the decision
variables.

Maximize r(pts, p?) = (29a)
S B
P}y
. S By _ ] —
Maximize (re? b = EduCuta)) = (29)
LI S B -
Maximize (Xt d) = X i) = (290)
(29d)

MaxSiInBize Z ¢u<"[w(17,s,17?) = Cm(){))
Py 5Py itv e ———
=cw
We have started from the left-side of (2) and demonstrated that it is
equivalent to the right-side of (2), which is CW. This shows that solving

(1) is equivalent to maximizing the CW, as stated in (2). []
A.2. EV parameterization

The optimization of the charging schedule for EVs requires a delib-
erate consideration of their mobility pattern. Assuming a price-inelastic
transport demand, we should know when the EV is available for charg-
ing/discharging from/to the grid (the battery storage of the prosumager
is connected to the grid the whole time) and what the electricity con-
sumption of the EV is. Due to a lack of suitable empirical open-source
data, in this work, the VencoPy tool was deployed to derive these data.
VencoPy uses data from the German national travel survey [61] and
aims to estimate future electric vehicle fleet charging flexibility [60]. In
the first step (trip diary building), the individual trips are consolidated
into a user-specific travel diary. In this step, the driven distance and
the travel purpose (e.g., shopping, returning home, etc.) are allocated
to their respective hour and merged into the daily travel diaries. In
the next step, using a basic charging infrastructure model, the charging
availability is allocated through a binary True-False mapping of the
respective trip purposes. Since we focus on the technical load-shifting
potential, and due to lack of sufficient data, user behavior (e.g., state-of-
charge dependent plugging decisions) is disregarded. The result of the
charging-availability allocation is a binary grid connection profile that
describes whether the EV is connected to the grid at a given hour. To
calculate the electricity flow from the battery to the electric motor, the
driven distance is multiplied by an assumed average specific electricity
consumption in 100 kWh/100 km. The two resulting profiles, together
with the technical parameters of the storage, are then passed to the EC
model. Fig. 14 gives an overview of the described steps to calculate the
EV load and availability profiles. The interested reader can refer to [60]
for a more detailed explanation of the internal calculations of VencoPy.

itv!*
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A.3. Visualization of the comparative results

In this section, we visualize the comparative results presented in
Section 4. Fig. 15 shows the achieved community welfare with ORTP
compared to the benchmark tariffs AP and RTP. Fig. 16 compares
the computational performance of the MBB with the benchmark ap-
proaches SBB and MILP. Figs. 15 and 16 respectively correspond to
Tables 6 and 7.

Storage technical parameters | —%
EV electrical consumption profile AL EV charging availability

Electrical demand calculation ‘ Binary grid connection profile
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Fig. 14. Data preparation using the VencoPy tool.
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Fig. 15. Community welfare for the studied tariffs in different case studies.
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