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Abstract
The increasing penetration of residential photovoltaics (PV) comes with numerous
challenges for distribution system operators. Technical difficulties arise when an excess
of PV energy is injected into the grid, causing voltage rise or overloading of the lines.
Economic challenges appear because PV owners and consumers are not participating
equally in the grid costs. Indeed, PV owners benefit by self-consuming their PV
production and by gaining additional revenues when they sell their PV surplus to the
grid. Hence, they lower their grid costs. In this paper, we propose a mixed-integer-linear
programming approach to solve the design and operation of a PV and battery system
efficiently. We use this tool to benchmark five different tariff scenarios, which include
real-time pricing, a capacity-based tariff, and a block rate tariff, and evaluate their effect
on the design and operation of the system. Carefully tailored metrics show the impact
of these tariff structures on the trade-off between the economic viability of privately
owned energy systems and their grid usage intensity. Considering both aspects, we
show that a block rate tariff is the most promising approach and that capacity-based
tariffs rely on PV curtailment alone to curtail the generation peaks.

Keywords: MILP, Photovoltaic, Battery, Tariff design

Introduction
The increasing penetration of distributed renewable energy in local distribution networks
introduces numerous exploitation challenges for distribution system operators. In par-
ticular, the high penetration of photovoltaics (PV) in a residential district may cause
over-voltages or breaking of the line thermal limit, which can be overcome with grid rein-
forcement at a high cost (Theo et al. 2017). The increasing usage of the grid, proportional
to the maximum power exchanged with the grid, is hence one of the barriers to a high
penetration of residential PV. Additionally, since the current business model of PV own-
ers is to reduce their electricity bill thanks to self-consumption (Kubli 2018), social equity
issues arise. Indeed the current tariff structures do not allow the network operator to
recover grid costs from PV owners. At least, any attempt may reduce the attractiveness

© The Author(s). 2019 Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons license, and indicate if changes were made.

(2019), 2(Suppl 1): 16

http://crossmark.crossref.org/dialog/?doi=s42162-019-0085-z&domain=pdf
mailto: lionel.bloch@epfl.ch
http://creativecommons.org/licenses/by/4.0/


Bloch et al. Energy Informatics Page 2 of 19

of PV investment (Huber et al. 2018). To address these issues, carefully tailored demand-
side management measures must be implemented to promote investment in flexible PV
energy systems while not penalizing PV technologies. As a tool, energy retail tariff and
grid fees could enable this flexibility. Regarding energy retail tariff, we can distinguish four
different pricing strategies (Dutta and Mitra 2017):

Flat rate A common electricity tariff strategy, flat rate consists of a price proportional to
the energy exchanged (i.e. in CHF/kWh). By definition, this tariff is constant through
time.

Time-of-use Also common for larger residential consumers. A lower energy rate
(CHF/kWh) typically applies during the night. In general, time-of-use tariffs have a
variable rate according to the time of the day.

Critical peak pricing Similar to the time-of-use tariff, critical peak pricing sets a higher
energy price (CHF/kWh) during periods of high demand, typically cooking time, on
an everyday basis. An extension of this pricing policy is variable peak pricing which
may consider daily variations of both the peak hours and the tariffs.

Real-time pricing The energy tariff is indexed with the spot energy market prices for
instance. Hence the energy tariff can vary on a 15- or 60-min basis.

Although network charges for the residential sector are mixed with the retail energy
price in the form of a volumetric charge (CHF/kWh), alternative grid fees also exist
(Azarova et al. 2018):

Fixed charges A fixed annual fee, which may depend on the power capacity of the con-
nection point, that is independent of both the energy consumption and the used
power capacity.

Capacity based grid costs are paid on a monthly (or yearly) basis and based on the max-
imum measured power (CHF/kW). Usually, the capacity tariff is time-independent,
but it can vary on a seasonal basis.

Block rate tariff An energy tariff (CHF/kWh) that varies according to the (averaged)
power over a 15-min period. The energy tariff usually increases with the power
interval, thus forming blocks. More details are given in “Objective function” section.

To realize the flexibility, emerging technologies such as battery energy storage are
needed. The latter is particularly promising to increase the flexibility of PV systems, but
the economic viability of this technology is still under debate and depends strongly on the
underlying electricity tariff design (Milis et al. 2018).
This paper aims to study the impact of the most-up-to-date tariff structures provided
by the literature on the optimal operation and design of a grid-connected residential
PV-battery system. First, an integrated optimization of both the component sizing and
control, based onmixed integer linear programming (MILP) is proposed. Then, appropri-
ate performance metrics are defined allowing us to assess how tariff structures mitigate
grid usage and prevent excessive power injection or withdrawal while preserving financial
sustainability for the investor. This paper is organized as follows: “Related work” section
presents the most relevant literature, “Methodology” section introduces the formula-
tion of the optimization problem and the relevant performance metrics, “Case study”
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section briefly introduces the considered case study, and “Results and discussion”
section discusses and analyzes the optimizations. Finally, “Conclusions” section draws
conclusions and provides insight for policy makers and future research directions.

Related work
In the early adoption of residential photovoltaics, the design of feed-in tariffs was disputed
in order to avoid overcompensation for the government. A high feed-in tariff incentivizes
investment in distributed generation and transfers market price risk from investors to
consumers (Devine et al. 2017). Ayompe et al. (2013) analyzed various feed-in tariffs
and proposed multiple (even continuous) tariffs at which household investment becomes
profitable. They showed how current feed-in tariffs generate overcompensation and how
tuning them over a group of households limits this effect. The increasing maturity of PV
technologies correlates with increasing PV penetration, thus sparking the need to re-think
grid tariffs. Huber et al. (2018) acknowledged this issue by claiming that the current way
grid costs are charged promotes desocialization of grid costs. As predominantly wealthy
households can invest in PV installations and equip their house with storage, their elec-
tricity consumption from the grid decreases until they become net energy producers. In
this way, their participation in covering the grid costs is decreasing while lower-income
households will have to cover a bigger share of the grid costs. In Bonbright’s reference
book (Bonbright et al. 1961), some basic guidelines of utility rate structure are stated.
The most relevant of these requirements for energy distribution is that grid fees should
be understandable and publicly acceptable, guarantee the minimum revenue to recover
the investment cost in a "fair-return standard", discourage any wasteful use of the infras-
tructure and ensure "fairness (...) in the apportionment of total costs of service among the
different consumers".
Most of the adopted volumetric grid charge schemes (cost and revenue are proportional
to the exchanged energy, as defined in (Hinz et al. 2018)) do not completely satisfy this
last rule. Simshauser (2016) showed that in terms of peak demand, PV owners have a
grid usage similar to standard consumers. He proposed to integrate a demand tariff (pro-
portional to the maximum peak demand of a year), showing how such a tariff avoids an
indirect subsidy to PV owners. Schittekatte et al. (2018) have shown that high enough
capacity-based charges, whose cost is proportional to the peak exchanged power, as
defined in (Hinz et al. 2018), can over-incentivize investment in PV and batteries and
might lead to inequity between passive consumers and prosumers. The risk described in
the latter paper is that individual investment decisions might lead to over-investment in
distributed renewable energy sources, which might cause an increase in the total system
costs. In a world pushing toward decarbonization, incentivizing distributed renewable
energy sources is a key lever. Kubli (2018) argues that promoting the diffusion of dis-
tributed PV clearly comes with the promotion of self-consumption, hence a reduction
of the volumetric exchange with the grid. The capacity-based tariff allows for appropri-
ate re-allocation of the grid costs while promoting self-consumption but still causes a
re-distribution of the grid costs among consumers and prosumers.
One has, however, to distinguish between grid fees and energy supply costs. The first

aims at covering the cost of the distribution infrastructure while the second should be
representative of the availability of a particular amount of energy at a specific time given
the overall demand. In most of the following reviewed papers, network charges are often
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considered together with energy supply charges. While the most-adopted energy pric-
ing mechanism is a simple flat rate (which includes grid fees in a volumetric way), the
review of (Dutta and Mitra 2017) proposes an overview of dynamic pricing mechanisms.
According to the authors, the primary motivation for introducing dynamic pricing of
electricity is to avoid an unnecessary peak load that has to be covered by expensive pro-
duction reserve capacity. In this way, time-of-use (TOU) and real-time pricing are useful
pricing mechanisms to encourage consumer demand to respond to a given price signal.
The design of such a dynamic tariff is however not straightforward. This challenge is
addressed by Soares et al. (2019) who proposed a bi-level optimization approach to design
TOU pricing while maximizing the retailer profit and modeling the reaction of a set of
consumers to those prices.
Many authors also studied the impact of various network tariff schemes on the differ-
ent stakeholders’ revenues (or expenses). Starting with the grid operator, Young et al.
(2016) explored the impact of various PV penetration levels and energy efficiency
measures (modeled as energy savings) on the contribution of individual households
to the network cost. The extension of this work conducted by the same authors
(Young et al. 2019) aims at modeling the impact of the use of residential batteries on
the network revenue under various considered storage and PV capacity and under vari-
ous tariff structures. The authors show that aiming to maximize self-consumption with a
PV and battery system is beneficial for the network in the sense that it reduces the peak
demand, thus the network cost.
Regarding the impact of grid tariffs on household energy bills, Azarova et al. (2018)
analyzed the effect of 11 hypothetical network tariffs on the energy bills of 765 house-
holds. Thanks to an appropriate investigation of the households’ socio-economic data, the
authors observed which socio-economic groupsmight benefit or suffer from different tar-
iff structures. The authors highlighted the rising risk of inequity between consumers and
prosumers with a relatively higher income. Focusing more specifically on the potential
benefits to residential PV owners, Dargouth et al. (2016) investigated how the evolution
of the wholesale market design impacts the market price of electricity and, in turn, the
bill savings of PV owners. Their work shows the trade-off between having an efficient
market design and supporting the deployment of distributed PV. Ren et al.(2016) ana-
lyzed the financial benefit of a PV and battery system under nine different tariff scenarios
combining three network components (fixed charges, capacity-based, and peak demand)
and three retail energy components (flat, time-of-use, and critical peak price). The high-
est bill savings are achieved with capacity-based and critical peak price energy rates.
Borenstein (2017) analyzed the effect of rebates and tax incentives on the net present
value of US residential PV installations, showing that wealthier households get higher
profitability from their PV installations than lower-income households, due to their
larger system sizes, higher consumption and lower interest rates. As emerging business
models arise, such as flexibility providers and aggregators of distributed energy storage
system to provide grid services, Govaerts et al. (2018) studied the strategic operation
of an aggregator of residential PV and energy storage systems under various distribu-
tion tariffs. The best profitability of a flexibility aggregator against an energy retailer
is achieved under a capacity-based tariff. In the papers mentioned earlier, the authors
used pre-defined scenarios of the system design. In other words, the authors performed
a parametric analysis such as in (Schibuola et al. 2016), but no optimization to find the
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most appropriate design of the considered energy systems according to any financial
metrics.
The optimization of energy systems is performed along two axes. The first axis is the

operation of the system and the second axis is its design, namely the components’ sizes.
In (Babacan et al. 2017), a convex optimization problem is formulated to provide the opti-
mal scheduling of a battery co-located with an existing residential PV system. The authors
proposed a formulation to integrate the monthly capacity charges in the objective func-
tion. Pena-Bello et al. (2017) used a genetic algorithm to optimize the daily operation
of a battery to minimize the daily electricity bill. This approach takes advantage of the
non-linear solver to analyze different battery usage strategies. The authors showed that
in Switzerland, at the current battery price level, such a system is never profitable for any
of these applications. Zhang et al. (2019) recently also used a genetic algorithm to solve
the optimal scheduling of a battery and PV system under both a TOU tariff and a block
rate tariff. Although the authors did not discuss the potential benefit of the reaction of
the energy manager to a block rate tariff, they showed that economic gain is possible in
China.
In (Mulder et al. 2013), implemented a simple rule-based algorithm to solve the opera-
tion of a battery combined with PV and optimized the size of the PV and battery capacity
using a combinatorial approach (namely evaluating the net present value for a given set
of combination). The focus of this study is related to the influence of the (flat) import
and export tariff on the optimal size of a PV and battery system. A convex programming
approach is used in (Wu et al. 2017) to find the optimal size and daily operation of a bat-
tery for a given installed PV capacity under a given feed-in power limit.
The integrated optimization of the PV and battery sizing and energy management can be
solved following two kinds of formulations: either non-linear programming techniques
or convex (linear or quadratic) programming. A non-linear approach is used in (Ansari
et al. 2016) in order to include the formulation of the voltage support to the grid. Using a
similar method, (O’Shaughnessy et al. 2018) includes (among others) a non-linear model
of the air conditioning. A linear model is used in (Lauinger et al. 2016) to provide a gen-
eral decision-making tool for large energy systems. In (Deetjen et al. 2018), the authors
included a linear model of a chiller, thermal energy storage, and micro-turbine generator
to study the optimal component sizing with different time-of-use electricity rate struc-
tures. Similarly, a two-stage formulation is proposed by Talent et al. (2018) to solve first
the optimal design according to the estimated net present value of the system, and sec-
ond the energy management to minimize the electricity bills under a time-of-use rate and
capacity-based tariff.
The papers mentioned above provide a broad overview of the current state-of-the-
art on operational research. As was discussed, providing an appropriate price signal
to encourage flexibility also comes with equity issues concerning standard consumers
because the business model of a prosumer is to avoid buying energy from the grid
while its grid usage remains unchanged or even increases. Alternative tariff structures
come with significant financial impacts for both households and distribution system
operators. The impact of electricity rate structures on the financial incentives to install
PV and electricity storage systems is not deeply discussed by the community, espe-
cially the specific angle of the relationship between grid usage and electricity rate
structures.
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Our approach differs from (Babacan et al. 2017; Zhang and Tang 2019; Mulder et al.
2013;Wu et al. 2017) by considering the optimization of both the sizing of the PV and bat-
tery system and its operation using a fully integrated formulation contrary to a two-step
optimization as in (Talent and Du 2018). Compared to the latter, our approach ensures
that we have a global optimum of the net present value but take into account neither PV
degradation nor the consumption evolution. Additionally, we consider a convex formula-
tion which ensures optimality of the solution instead of meta-heuristic solver as in (Ansari
et al. 2016; O’Shaughnessy et al. 2018). In comparison to (Deetjen et al. 2018), we choose
a finer temporal resolution (15min), which is closer to the recommendation of (Bucher et
al. 2013; Beck et al. 2016) for modeling variable renewable energy sources. Additionally,
we integrate more-advanced tariff structures such as the block rate tariff and capacity tar-
iff inspired by Schreiber et al. (2015) into the design optimization problem while adding a
real-time pricing energy tariff.
In addition to the standard performance metric to assess the usage of the grid such as
maximum peak power, self-consumption and self-sufficiency (Simshauser 2016; Schit-
tekatte et al. 2018; Kubli 2018), we consider another grid usage metric which compares
the maximum power exported or imported with the maximum load power. Finally, we
discuss the relevance of the tariff structure concerning the contradictory goal of promot-
ing distributed PV systems and providing a fair electricity rate that respects the principle
of proportionality of grid usage.

Methodology
System description

The considered energy system (depicted in Fig. 1) is a single building with multiple roof
planes, each section of roof being potentially covered by PV modules whose generation
can be curtailed if needed. The building is equipped with one or more battery storage
systems and is connected to the main AC grid.

Systemmodeling

This section presents the optimization model for the design and operation of a grid-
connected PV and battery system formulated as a MILP problem. In order to take into
account seasonal effects and ensure plausible operation, the optimization is carried out
over a full year similarly to (Talent and Du 2018). To optimize the design of the PV
installation, a set of configurations is defined for each roof. For instance, a flat roof
could have two configurations, a south-oriented and an east-west configuration. Each
configuration has its pre-calculated generation profile PMOD [W] for a full year, i.e. the
production of the smaller possible unit (one module in general or two modules for the
east-west configuration). Moreover, we assume that the investment cost for each con-
figuration is linear, with a fixed part CFPV [CHF] and a variable part CMOD [CHF/W].
In order to avoid shadowing, each configuration has a footprint AMOD that depends on
its orientation. Note that the fixed cost CFPV is paid only once even with many roofs
and configurations. The optimization then returns the optimal number of units per con-
figuration in order to minimize the objective function, considering the space constraint
(detailed below).
This sizing of B number of batteries is also optimized. Each battery has an initial state
of charge SOC0 and range (SOCmin,max), a self-discharge rate α, charging and discharging
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Fig. 1 System under study

efficiency (ηCHA,DIS), charging and discharging C-rate (γ CHA,DIS) and finally a specific cost
CBAT and fixed cost CBAT

F as well as an operational cost of storage CBAT
O .

All the parameters and their values of this model are reported in Table 5 from “Case study”
section with their respective units. Table 1 defines the decision variables used in this
paper.
The model is composed of a set of constraint equations that ensure energy conservation

and model each part of the system, namely the PV system and the battery system.

Energy conservation

The first constraint of the system is energy conservation at any time. The power imported
from the grid, battery(ies) discharge, and PV generation must be balanced by the power

Table 1 Decision variables

Variable Set Unit Description

GRID PIMP
R
T+ W imported power (from the grid)

PEXP
R
T+ W exported power (to the grid)

PCUR
R
T+ W curtailed power

PMAX
R
M+ W monthly exchange peak

PV nMOD
N
N - PV configurations, number of units

bMOD {0, 1}N - PV configurations active (Y/N)

bPV {0, 1} - PV installation, presence

BATTERY PCHA
R
T×B+ W battery charging power

PDIS
R
T×B+ W battery discharging power

EBAT R
(T+1)×B
+ J battery capacity

ECAP R
B+ J nominal battery capacity

bBAT {0, 1} - battery, presence
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exported to the grid, battery(ies) charging, PV curtailment and the load. This relation is
formulated in Eq. 1 where the left part contains decision variables and the right part the
load which is a problem parameter.

PIMP
t − PEXP

t −
∑

B
PCHA
t,b +

∑

B
PDIS
t,b − PCUR

t + PPV
t = PLOAD

t ∀t ∈ T (1)

where PIMP,EXP
t is the imported/exported power from the grid respectively, PDIS,CHA

t,b is the
discharge/charge power of each battery, PPV

t is the total PV generation (W)which depends
on the PV configuration variables, PCUR

t is the power curtailed from the PV generation
and PLOAD

t is the load.

PV systemmodel

The total PV generation is defined as the sum of the power generation of each configura-
tion and the chosen number of modules per configuration as indicated in Eq. 2. PMOD

t,i is
the power generated by one unit of the ith PV configuration oriented with an azimuth θi
and tilt βi. PMOD is then a matrix of size [T × N] representing the pre-calculation of the
PV output as a function of the selected configurations. Each configuration has a footprint
AMOD
i . Thus the decision variable nMOD

i is an integer value constrained by the area of the
corresponding roof AROOF

j . This constraint is modeled in Eq. 3.

PPV
t =

N∑

i=1
PMOD
t,i · nMOD

i (2)

Nj∑

i=1
nMOD
i · AMOD

i < AROOF
j ∀j ∈ J (3)

D
H

= sin(α + β)

sin(β)
(4)

PCUR
t − PPV

t < 0 (5)

The area AMOD
i is simply the module area if the module is set on a tilted roof. Nj is

the ensemble of configuration for the jth roof such that
∑J

j=1Nj = N . In the case of
a flat roof, where modules are mounted on racks, a simple geometric model is used to
compute the footprint as pictured in Fig. 2. In the case of an east-west configuration,AMOD

i
is the projected surface of two modules with a chosen tilt angle. For a single-orientation
configuration, AMOD

i is D
H times the area of the modules (this ratio is calculated in Eq. 4),

whereH is the module width andD the distance between twomodules given by Eq. 4. The
angle β is the minimum solar elevation to avoid shadowing, which is by default 20 deg,
corresponding to the elevation of the sun at noon during winter in Switzerland. Finally,
the curtailment of the PV surplus is a decision variable that cannot exceed the total PV
generation as formulated in Eq. 5.

Batterymodel

The batterymodel is derived from (Heussen et al. 2010) and (Stadler et al. 2016). Although
the model could be valid for any electricity storage system technology, we consider here a
lithium manganese oxide (LMO) battery. The model applies for each battery considered
in the system. In order to simplify the notation, the subscripts b have been removed. The
model ensures the continuity of the energy stored in the battery by Eq. 6, considering
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Fig. 2 Distance D between two modules for a given module height H, tilt angle α and solar elevation β

the self-discharge coefficient α, and the charge/discharge efficiency ηCHA,DIS. In order to
replicate the cyclicity of the operation, the initial amount and final amount of energy
stored in the battery are fixed by Eqs. 7 and 8 with SOC0 the initial state of charge. The
battery should operate within the given bounds of the state of charge SOCmin and SOCmax,
according to Eq. 9. The charge and discharge powers are also constrained according to the
C-rate parameters γ CHA and γ DIS (given in 1/s). This constraint is expressed in Eq. 10.

EBAT
t+1 − αEBAT

t − ηCHAPCHA
t+1 · TSt + 1

ηDIS
PDIS
t+1 · TSt = 0 (6)

EBAT
0 − SOC0 · EBAT

CAP = 0 (7)

EBAT
T − EBAT

0 = 0 (8)

−EBAT
t + SOCmin · EBAT

CAP < 0 (9a)

EBAT
t − SOCmax · EBAT

CAP < 0 (9b)

PCHA
t − EBAT

CAP · γ CHA < 0 (10a)

PDIS
t − EBAT

CAP · γ DIS < 0 (10b)

Objective function

The objective function summarizes the ultimate goal of the optimization problem, namely
minimizing the total expense over a given period. In this case, the total annualized cost
(Eq. 11) is the sum of the annual operating cost (OPEX) and the annualized investment cost
(CAPEX). The latter is defined in Eq. 13 with R being the capital recovery factor (defined
in Eq. 14) as a function of the annual discount rate, r, and the system lifetime, L. The ratio
L/LBAT is an approximation that represents the expected number of replacements of the
battery over the entire system lifetime in the investment costs.

TOTEX = OPEX + R · CAPEX (11)

OPEX = OXge + OXbo + OXpm (12)

CAPEX = CXpv + L
LBAT

· CXbat (13)

R = r · (1 + r)L

(1 + r)L − 1
(14)
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The operating cost is composed of three parts (Eq. 12): First, the costs associated with
the exchange of energy with the grid. Second, the battery operation expenses which con-
sists of a cost, CBAT

O , proportional to the battery’s discharged energy. This parameter
allows for reducing the intensity of usage of the battery. It can be considered as a tuning
parameter of the model. Finally, PV maintenance costs are proportional to the PV capital
investment by a factor γ PV. The definition of each part is reported in Table 2.
The grid exchange costs depend on the tariff structure. In the following, three kinds

of tariff structure are defined: a volumetric tariff, a capacity tariff (the cost is propor-
tional to the maximum power, evaluated monthly on both import and export) and a block
rate tariff where the volumetric tariff depends on the power level at which the energy is
exchanged. Volumetric tariffs are simply the product of the energy imported (or exported)
and the corresponding import and export tariff (tIMP,EXP

t as depicted in Eq. 15a. Note that
a tariff can be constant in time or periodic over a day (or even a week) or even fully time-
dependent. A capacity-based tariff is defined in Eq. 15b where the maximum power PMAX

m
is defined based on constraints given in Eq. 16, in which δm,t is a Boolean variable that
takes the value one if the time t falls in monthm, 0 otherwise.

Volumetric tariff OXvol
ge =

T∑

t=1

[
PIMP
t · tIMP

t − PEXP
t · tEXP

t
] · TSt (15a)

Capacity tariff OXpow
ge =

M∑

m=1
PMAX
m · tMAX (15b)

Block rate tariff OXblock
ge =

T∑

t=1
max

k=1...m

(
PIMP
t · aIMP

k · TSt + bIMP
k

)

−
T∑

t=1
min

k=1...m

(
PEXP
t · aEXP

k · TSt + bEXP
k

)
(15c)

PIMP
t − δm,tPMAX

m < 0 (16a)

PEXP
t − δm,tPMAX

m < 0 (16b)

The block rate tariff is built by setting a tariff ak between a power range [ pk−1, pk]. It
is created from a set of linear functions of slopes ak and intercepts bk . The parameters bk
can be found by the continuity of OXblock

ge in pk :

b1 = 0 (17a)

bk = (ak−1 − ak) · TS · pk−1 + bk−1 ∀k > 1 (17b)

An illustration of a three-block tariff is provided in Fig. 3.

Table 2 OPEX parts

Name Notation Definition

grid exchanges OXge the costs associated with the grid exchange (eqs. 15a,15b,15c)

battery operation OXbo = ∑T
t=1 P

DIS
t · CBAT

O · TSt
pv maintenance OXpm = γ PV · CXpv
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Fig. 3 Block rate tariff obtained by fixing the following tariff : a = (0.16,0.34,0.66) CHF/kWh for the power
ranges ([0-2],[2-4],[4-∞])kW with a time step of 15 min

Finally, the CAPEX is composed of the PV and battery investment costs. The definitions
of these costs are given in Table 3, where the unit cost of a configuration is proportional
to the nominal power of a module, PMOD

nom,i, and the price per watt, CMOD
i . A fixed cost of

installing PV, CFPV, is also considered if the Boolean variable bPV is equal to 1. Similarly,
the cost of a battery is proportional to its capacity, EBAT

CAP,b and the specific cost (per J),
CBAT,b, while the fixed cost, CBAT

F , is considered only if at least one battery is purchased
(bBAT equal to 1). The Boolean variables bPV and bBAT need to switch from 0 to 1 when
the number of purchased modules

∑N
i=1 nMOD

i or the total battery capacity
∑B

b=1 EBAT
CAP,B is

greater than zero. This is ensured in linear integer programming by adding the constraints
formulated in Eq. 18, in which G is a sufficiently large number.

EBAT
CAP,B − G · bBAT ≤ 0,b = 1...B (18a)

nMOD
i − G · bPV ≤ 0,i = 1...N (18b)

Performance indicators

To assess the performance of the design and operation resulting from the optimization, a
set of performance indicators is defined in Table 4. First, the design is evaluated through
the PV hosted capacity, which represents the relative installed PV capacity, the energy
curtailed ratio, and the battery autonomy. The levelized cost of energy takes into account
the entire lifetime costs, which include the potential component replacements. Typically,
the battery’s lifetime is much shorter than the system’s, which is estimated according to
the degradation model proposed by Xu et al. (2018). This model requires as an input the
state of charge time series (ratio EBAT

t /EBAT
CAP), replicated L times to emulate the entire life-

time operation. The battery is considered at its end of life when the capacity loss reaches
20% of the initial capacity. The system operation is assumed to be identical from year to
year. This assumption allows for replication of the operation variables to mimic the entire

Table 3 CAPEX parts

pv CXpv = ∑N
i=1 n

MOD
i · PMOD

nom,i · CMOD
i + bPV · CFPV

battery CXbat = ∑B
b=1 E

BAT
CAP,B · CBAT,B + bBAT · CBAT

F

(2019), 2(Suppl 1): 16



Bloch et al. Energy Informatics Page 12 of 19

Table 4 Performance indicators

Indicator Description Formula

PV hosted capacity Ratio between the installed PV
capacity and the potential PV
capacity of the roof

PVhost =
∑N

i=1 n
MOD
i ·PMOD

nom,i
PVpotential

energy curtailed ratio Fraction of the total PV production
curtailed

PVcurt =
∑

t P
CUR
t∑

t PVt

battery autonomy ratio Ratio between the installed battery
capacity and the mean daily energy
consumption

BATaut =
∑B

b=1 E
BAT
CAP,b

mean daily energy

net present value The total net present value of the
system (including battery
replacement)

NPV =
∑L

t=1 CFt

(1+r)t

levelized cost of energy The NPV divided by the total
consumed energy

LCOE = NPV
L·∑t P

LOAD
t ·TSt

self-consumption Share of the PV production directly
consumed by the system

SC =
∑

t∈T min(PLOADt +PCHAt ,PPVt )∑
t∈T PPVt

grid usage ratio Ratio between the maximum
import, export power, and the
maximum load power

GUIMP,EXP = max PIMP,EXP
t

max PLOADt

lifetime but does not take into account the impact of the PV module degradation or the
battery capacity fading. Finally, a cash-flow table CFt is constructed to compute the net
present value (as defined in Table 4).

Case study
The data sources for the technology costs were extracted from various prospectivemarket
studies (IRENA 2016; 2017) and current Swiss market data (SFOE). “Investment costs”
section depicts the methodology we used to extract the relevant information. The refer-
ence year was chosen to be 2030, as it is the time horizon of the cited data sources. The
model was applied to a case study consisting of a single-family building with four available
roof planes, each with its orientation as described in “House” section. Five different tariff
structures are investigated: three of them are volumetric-based tariffs, one is capacity-
based, and the last one is a block rate tariff. The design of these tariffs is explained in
“Tariffs” section. Finally, all parameters are summarized in Table 5.

Investment costs

The specific cost evolution, as well as the efficiency forecast, of an LMO battery is given
in the IRENA report (IRENA 2017). The given values can be fitted using a rational fit as
in Eq. 19.

CBAT = p1
year + q1

(19)

CMOD = 0.83
p2

year + q2
(20)

where p1 = 4468.8 and q1 = -2005.5, which gives a specific battery cost for 2030 of CBAT =
182.4CHF/kWh. Since no information is available about the fixed costs, they are set to
0. As regards the PV, based on a large number of quotes in Switzerland, the Swiss federal
office for energy (SFOE) (SFOE) gives for the year 2018 the following installation costs:
CMOD = 1.19CHF/W and CPV

F = 2749CHF. Then by fitting the yearly cost decrease given
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Table 5 Parameters

Parameter Set Unit Value Description

TIME T N - 35040 number of time steps

M N - 12 number of months

TS R
T+ s 9001 time steps

PV N N - 4 number of PV configurations

J N - 4 number of roof planes

CFPV R+ CHF 2749 PV fixed cost

CMOD
R
N+ CHF/W 0.6101 PV configurations, specific costs

PMOD
nom R

N+ W 3151 PV unit nominal power

PMOD
R
T×N+ W 2 PV configuration unit generation

AMOD
R
N+ m2 1.6311 PV configuration areas

AROOF
R
J+ m2 231 roof planes areas

γ PV
R - 0.5% annual maintenance specific cost

βi [ 0 − 90]N deg 3

ωi [ 0 − 360]N deg 3 PV configuration azimuth

BATTERY B N - 1 number of batteries

SOC0 [0, 1]B - 0.7 initial state of charge

SOCmin [0, 1]B - 0 minimum state of charge

SOCmax [0, 1]B - 0.7 maximum state of charge

α R
B+ s−1 4.63 · 10−7 battery self-discharge rate

ηCHA [0, 1]B - 0.98 battery charging efficiency

ηDIS [0, 1]B - 0.98 battery discharging efficiency

γ CHA
R
B+ 1/s 1/3600 battery charge C rate

γ DIS
R
B+ 1/s 1/3600 battery discharge C rate

CBAT
R
B+ CHF/J 5.07 · 10−5 4 battery specific cost

CBAT
F R

B+ CHF 0 battery fixed cost

CBAT
O R

B+ CHF/J 0 operational cost of storage

SYSTEM L N years 25 system lifetime

LBAT R+ years 9 expected battery lifetime

r R - 1.5% discount rate
1unique value for all
2PV profiles are simulated using the PVLIB toolbox (Stein et al. 2016)
3PV configuration tilt and azimuth are given in Fig. 4
4equivalent to 182.4 CHF/kWh

in the IRENA report (IRENA 2016) using a rational fit again, the specific cost can be
expressed as in Eq. 20, where q2 = −2005.4, p2 = 18141.0 and 0.83 is the ratio between
the SFOE specific cost and the one from IRENA for 2018. In this prospective research, all
results presented in “1” section are obtained considering the investment costs for the year
2030.

House

The considered building, located in the Neuchâtel area, has four roof planes of 23m2

each, oriented approximately toward the four cardinal directions, and tilted at 24 deg. A
photograph of the house and the exact tilt and orientation of the roof planes are shown in
Fig. 4. The garage roof next to the house is not considered since its potential energy yield
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Fig. 4 Reference house

is too low due to the shadow from the house. Thus, the maximum PV capacity for this
building is about 12 kW. The electricity consumption profile comes from a household of
two people with an annual consumption of 5008 kWh while the weather data comes from
the meteoSwiss weather station of Mühleberg 1. Weather data and the load measurement
are contemporary.

Tariffs

We investigate the optimal design and operation of the system under five different tariff
scenarios, inspired by the most up-to-date literature but never used in this context. The
first, and reference, scenario is a real tariff applied by the utility Romande Energie SA. It is
a common time-of-use tariff in Switzerland with a low rate during the nights of Monday
to Friday and during the weekend (Romande 2019). The second scenario is a fictive solar
tariff which incentives the households to consume more during midday in order to self-
consume solar energy. The third is a mirror of the intraday continuous price from the
EPEX2. The fourth is composed of a capacity-based tariff to cover the grid cost while
constant volumetric tariffs are applied for the energy exchange. The last scenario consists
of a block rate tariff. To reduce bias, the tariff of each scenario is adjusted so that the grid
cost and the energy retail cost (or revenue) are identical to the reference case when using
the optimal design and operation of the reference scenario. As no grid charge is defined
for the spot market scenario, the EPEX market price is scaled so that the total cost of
importing energy from the grid would stay the same when using the reference scenario
system design. The same applies to the export price, which is the EPEX price scaled so that
the export revenue would stay the same as for the reference scenario. Similarly, the block
rate tariff does not contain any grid charge, and the values of the power threshold and
of the tariff are scaled so that the total import cost and export revenue remain identical.
The import/export tariff and grid charges are summarized for all scenarios in Table 6. For
the block rate tariff, the value indicates the tariff (per kWh) between the power interval
specified in brackets. The negative value for the export price indicates that the system
earns less money per additional kW above 4 kW feed to the grid than for lower injection
power, corresponding to a negative slope of the third segment of the block rate tariff

1data are available at https://gate.meteoswiss.ch/idaweb/
2https://www.epexspot.com/en/market-data/intradaycontinuous/intraday-table/-/CH
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Table 6 Scenarios and tariff structures

Scenario import (cts/kWh) export (cts/kWh) grid charges

reference

Mon-Fri 22h-6h 7.58

8.16

7.58 cts/kWh

Sat-Sun 7.58 7.58 cts/kWh

Mon-Fri 6h-22h 11.96 11.96 cts/kWh

solar tariff
11h-15h 5.48 6.43 5.48 cts/kWh

15h-11h 8.64 10.14 8.64 cts/kWh

spot market EPEX scaled by 3.247 EPEX scaled by 1.568 -

capacity 8.54 8.16 1.87 CHF/kW/month

block rate tariff

16 [0-2]kW 15 [0-2]kW

-34 [2-4]kW 9 [2-4]kW

66.66 [4-∞]kW -4.67 [4-∞]kW

illustrated in Fig. 3. It does not mean that the system is paying for injecting power above
4 kW. However, this is possible if the system is injecting at a power above 14.3 kW.

Results and discussion
The design and control optimization is evaluated over a full year with a temporal reso-
lution of 15min for each tariff scenario described in the previous section using GUROBI

(Gurobi Optimization 2019) to solve the MILP problem. Optimization runtime ranges
from 2 to 5 min with the volumetric tariffs whereas it takes close to 30 min to solve the
capacity and block rate scenarios on an Intel(R) Xeon(R) CPU E5-2630 v3 @ 2.40GHz
processor with 8 Cores and 32GB of RAM. Figure 5 illustrates the operation under the
block rate tariff scenario. Both PV curtailment and the battery are widely used to mini-
mize the total annualized cost (Eq. 11 from “Methodology” section). The amplitude of the
grid exchange is strongly limited, and the import and export powers are likely to match
with the power threshold of the block rate tariff (i.e. 2000 or 4000 W).
All performance indicators defined in Table 4 have been evaluated for each tariff

scenario. Figure 6 shows the indicators related to the system design, Fig. 7 shows those
related to the economic performance and Fig. 8 shows those related to the grid usage.
Due to the low cost of PV and the limited roof area, the maximum PV hosted capacity is
reached in each case. The three first scenarios are based only on an energy tariff that does

Jun 10, 12:00 Jun 11, 00:00 Jun 11, 12:00

-10

-5

0

5

po
w

er
 [k

W
]

load
battery charging
curtailment
pv
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grid exchange

Fig. 5 Operation with the block rate tariff
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Fig. 6 Design performance indicators

not give any incentive to curtail the PV generation. However, a few exceptions occur with
the spot market tariff when going negative and lead to curtailment of the PV generation.
However, both the capacity and block rate tariff scenarios give a financial incentive to
curtail the PV generation. With the capacity tariff, only 1% of the generation is curtailed
to cut the exported power peaks and minimize the maximum monthly peaks. With the
block rate tariff, due to the strong decrease of the revenue above 4 kW, the energy gen-
erated above this power is either stored or curtailed, leading to an energy curtailed ratio
of 17%. The capacity-based tariff does not encourage investment in the battery system,
and conversely, the spot market scenario with higher tariff variations makes the use of a
battery more profitable.
As regards the economic performance indicators, all the advanced tariff scenarios show

a higher revenue and a lower system LCOE compared to reference. Although the block
rate tariff has been defined such that the import and export cost remain identical, the high
export tariff at low power allows for reaching a very low LCOE. The a posteriori computed
battery lifetimes are close to the expected lifetime (9 years) used in the CAPEX formulation
of Eq. 13. Only the spot market scenario gives a higher incentive to use the battery and
shows a decrease in the battery lifetime of 26%. This would negatively impact the financial
performance of the system. For such a case where battery usage is very intensive, the
degradation costs should be directly integrated into the objective function. However, due
to the strong non-linearity of those costs, this will be investigated in a future work.
The variation of the spot market tariff along the day pushes to increase self-

consumption. However, its volatility can sometimes encourage to discharge the battery
when PV generation is already at its maximum, leading to very high export grid usage.
Only the block rate tariff allows decreasing both the import and export grid usage signif-
icantly using, as shown in Fig. 5, a combination of PV curtailment and storage to flatten
the grid exchanges.
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Fig. 7 Economic performance indicators
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Fig. 8 Grid usage performance indicators

Conclusions
In this work, we provided an integrated optimization method able to find the optimal
design and operation of a grid-connected PV-battery system. We also provided an inte-
gration in a mixed integer linear formulation of advanced dynamic tariff structures such
as capacity-based and block rate tariff, which has never been done in combination with
the sizing of both the PV and battery capacity. The impact of five different tariff structures
on the design and operation of the system was assessed. The results highlighted the prof-
itability of investing in PV in all scenarios while the investment in a battery is emphasized
by dynamic prices that create a revenue opportunity. Simple capacity-based tariffs do not
provide sufficient incentives to invest in a battery system if the capacity cost is dominated
by the PV injection power, which can be easily curtailed. The addition of 12 kW of PV
increases the grid usage ratio (defined in Table 4) by about 30% under a standard double
volumetric tariff. We showed that the addition of a capacity-based tariff helps to mod-
erate grid usage, while a real-time pricing scheme from the EPEX intraday spot market
significantly increases usage of the grid. The only tariff structure that showed a positive
impact on grid usage while showing good economic opportunities is the block rate tariff.
By nature, this tariff penalizes overuse of the grid. A combination of the spot market tar-
iff with a block rate tariff is worth investigation, although it brings additional complexity.
While volumetric tariffs are easy to understand and design for a distribution system oper-
ator, capacity tariffs already decrease accessibility for non-expert consumers. Regarding
the block rate tariff, although our results showed promising opportunities for demand-
side management and network management, there is a lack of theory on how to design
such tariff properly.
Future work will investigate the effectiveness of such tariffs at the grid level while eval-
uating potential mandatory equipment regulation (such as a minimum required battery
capacity per kW of installed PV) and their technical and economic effects. As this work
focused on a single house, the effect of the proposed tariff on the network cost recovery
issue was not properly assessed. Future research will investigate how the network oper-
ation costs can be recovered by adding advanced tariffs given the reaction of individual
systems to the price signal. Finally, the battery degradation will be integrated into the for-
mulation of themixed integer linear program allowing us to explore the trade-off between
revenue generation and battery degradation costs.
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