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Abstract: The decreasing costs of solar photovoltaic (PV) technology have led to an exponential
growth in the use of PV self-consumption systems. This development has encouraged the con-
sideration of battery energy storage systems (BESS) as a potential means of achieving even more
independence from the fluctuating grid electricity prices. As PV technology and energy storage
costs continue to decline, both technologies will likely play an increasingly important role in the
renewable energy sector. The profitability of batteries in PV self-consumption systems is largely
influenced by the price of consumed electricity and the price at which surplus energy is remunerated.
However, strategies in PV-BESS self-consumption systems typically do not take electricity prices into
consideration as a variable for decision making. This study simulates and analyzes battery operation
strategies that take into account electricity prices. The simulations are performed using real industrial
consumption data and real electricity prices and tariffs, they cover the entire lifespan of the batteries,
and include aging and degradation due to use and cycling. A techno-economic model is used to
evaluate the advantages of incorporating these battery operational strategies into an actual PV-BESS
system. The results demonstrate that the proposed strategies enhance the savings that batteries
can provide.

Keywords: battery energy storage system; battery energy management system; industrial buildings;
photovoltaic system; self-consumption; Spanish self-consumption regulation; techno-economic analysis

1. Introduction

The large-scale deployment of renewable energies plays a significant role in the deep
transformation of the European Union towards decarbonization [1]. This deployment
is led by photovoltaics (PV), accounting for 41.4 GW of new installed capacity in 2022,
reflecting a 47% increase from the previous year [2]. Within the installed capacity, 25 GW
belongs to distributed systems, reflecting the increase in rooftop installations in residential
dwellings and small commercial and industrial buildings. This means a change in user
behavior from consumers to prosumers who can manage their own consumption and
generation. However, there are also disadvantages associated with the proliferation of
PV systems [3], particularly when they are connected to the grid. The dependence of PV
generation on weather and environmental conditions leads to unstable and unpredictable
power output [4]. In addition, surplus energy that is not consumed locally is often injected
into the grid. All of these have a negative impact on grid stability and power quality,
causing problems in grid balancing and regulation.

The challenges related to increasing PV generation can be mitigated by introducing
battery energy storage systems (BESSs). Integrating batteries into PV generation systems
results in a lower impact on the power system than injecting surplus energy into the grid [5].
BESSs are very effective for this purpose because they provide load shifting. Thus, PV
power output can be smoothed, and peak shaving as well as valley filling can also be
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achieved. On the consumer side, batteries also provide significant benefits. Optimizing
consumption by scheduling loads has been the subject of numerous studies aimed at
reducing electricity bills [6,7]. Some consumers even choose to adapt consumption, often
with effects on comfort and welfare. Batteries are an asset in this context, as they offer
flexibility, so that users can use stored energy during periods of high prices and reduce
their bills without changing their consumption.

In the literature focused on the PV sector, conventional storage technologies such
as lithium-ion or lead-acid batteries can be found, as can alternative technologies such
as hydrogen batteries [8–10] or reused batteries from electric vehicles [11–13]. However,
conventional batteries are the most widely used [14]. Specifically, from a technical and
economic point of view, lithium-ion batteries excel in terms of higher efficiency, greater
power and energy density, longer life cycle, and lower cost [15,16].

PV costs have been drastically reduced in recent years and at the same time subsidies
have increased, making this type of installation profitable in most scenarios. However,
although the price of batteries has also been reduced due to the rapid development of
electric vehicles [17], multiple studies show that further price reductions are still needed
to be economically profitable to include them in PV systems [18,19]. This is the case even
considering the sharp increase in electricity prices in recent years [20]. The profitability of
batteries depends not only on equipment and electricity prices, but also on the strategy
adopted in the charging and discharging process. The strategy usually adopted consists
of prioritizing the self-consumption of PV production and using surplus energy to charge
the battery. Under this strategy, surplus energy is only injected into the grid when the
battery is full. Regarding the discharge process, when PV generation is not enough to
satisfy demand, priority is given to the use of stored energy and only grid energy is used
when the battery is discharged. In some situations, this strategy may not be the most
profitable. Especially when the price of electricity is not fixed and varies depending on
the time of use. For the design of the optimal strategy, some authors apply complex
optimization techniques [21–25], but others have achieved good results using rule-based
strategies [26–30]. Some of these authors also discuss the use of BESS to store energy from
the grid. This opens the possibility of charging the battery when the electricity price is lower
and consuming stored energy when it is higher. This is also an interesting demand response
strategy since it is generally possible to modulate consumption, increasing it during periods
of lower demand and reducing it during periods of higher demand. Nengroo et al. [30]
discriminate between peak and off-peak hours and implemented a strategy that seeks to
minimize the amount of energy consumed from the grid during peak hours. The research
conducted by Ouédraogo [26] compares five energy management strategies that differ in
battery operation. One strategy is seasonal, with two modes of operation for the summer or
winter months, using the battery in winter mainly as a security reserve. However, Yu [25]
proposes a second use for the batteries in the winter months, in order to smooth power
demand when consumption peaks occur. In turn, the strategy presented by Li et al. [24]
achieves positive results by injecting all the surplus energy into the grid and charging the
battery using only energy from the grid. The battery is charged only when the price of
electricity is lower and stored for use in periods with higher prices.

The profitability of more complex operational strategies is highly dependent on elec-
tricity prices and the tariff structure. For this reason, it is essential to carry out the studies
considering updated pricing models. In Spain, electricity prices have risen sharply in recent
years. In addition, the entry into force of the new electricity tariffs has brought major
changes that have had a significant impact on the profitability of PV systems and storage
systems [20]. This study considers different pricing scenarios based on the current state of
the Spanish electricity market and Spanish regulation.

Additionally, most economic analyses assume that the battery has a fixed lifetime
after a specific time of use [21–23,25,29]. However, battery degradation is not constant
over time, but varies according to the operating strategy applied. Increased battery cycling
accelerates the rate of degradation, thus anticipating the need for battery replacement.
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Degradation is therefore a parameter that influences operating and maintenance costs and
must be considered.

This study presents and analyzes three battery operation strategies: the most fre-
quently adopted strategy and two alternative strategies. All the strategies are simulated in
a PV-BESS system to conduct the analysis, and the economic benefits of each strategy are
compared with the PV-Only system. Two objectives are sought: to optimize the operation
of batteries in order to increase the economic benefits they provide; and to quantify the
impact of electricity prices on the profitability of this technology, identifying the most
appropriate strategies for each price scenario. Thus, the main novelty of this research lies in
the operational strategies developed, which consider electricity prices, and the aging and
degradation of the batteries due to cycling and use. But this study is also novel because it
is carried out in the industrial sector and under the Spanish electricity market framework,
considering current electricity prices and tariffs.

2. Materials and Methods

This article aims to identify the most beneficial battery strategy for optimizing profits
in industries that already have an existing battery in place. Three different strategies for
battery operation in PV self-consumption systems are analyzed. The analysis involves
simulating all the strategies in a PV-BESS system, comparing the economic benefits of each
strategy with the PV-Only system. In addition, the strategies are evaluated under different
electricity price configurations and the impact of each strategy on the health of the battery
is assessed. This aspect is of great relevance. A change in storage conditions can affect the
rate of battery degradation and result in a premature need for replacement. A complex
simulation model is used for this technical and economic analysis.

The analysis of energy flows is based on a tool presented in previous studies [20] that
has already been validated for the evaluation of the operation of PV systems with batteries.
An adaptation of this tool has been implemented to include the possibility to simulate
the PV system under different battery operating strategies. In addition, the model was
improved by adding battery cycling aging simulation.

Regarding battery modeling, battery degradation was refined including an aging
model based on [31]. More details are provided in subsequent sections.

To determine the hourly energy exchanges between the user, the PV system, the
storage system and the grid and, at the same time, to economically value these exchanges,
load data are essential. It is therefore crucial to feed the energy and economic analysis tool
with the actual load profile of the user to ensure the accuracy of the results. The model is
also fed with economic data related to electricity tariffs and prices and financing parameters.
Once the model is built, the simulation runs until the end of the battery life. This process
is used to determine the savings in comparison to the situation where only photovoltaics
are used.

The reader can refer to the symbol table at the end of the document to identify different
variables and parameters used.

2.1. Electricity Tariffs

Due to the strong influence of energy prices on the battery operation strategies an-
alyzed in this study, different pricing scenarios have been considered attending to the
current state of the energy market in Spain and Spanish regulation.

In addition, in June 2021, important regulatory changes on electricity tariffs and
consumption schedules and periods were implemented. Specifically, the most significant
changes that may affect the industrial sector, the main subject of this study, include the
disappearance of the 3.0A tariff. This tariff is now the 3.0TD tariff and the number of energy
and power periods has been increased from three to six. The 3.1A tariff also disappeared
and was integrated into the 6.1TD and 6.2TD tariffs. These tariffs, corresponding to
medium and high voltages, are characterized by six periods of energy and power. For
large consumers, the 6.3TD and 6.4TD tariffs remain unchanged. All these tariffs include
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differentiated prices during periods for both energy and power and vary depending on the
time of day, day of the week, and even the month. These changes are aimed to encourage
a reduction in consumption during periods with greater network saturation (peak hours)
and shifting the load to periods of lower demand (off-peak hours).

In Spain, industrial consumers have different options for their electricity pricing
models. They can choose between multi-period pricing and market index pricing.

• Multi-period pricing. Users with these tariffs pay a price agreed with the provider
company for electricity. Therefore, for these users, the price is always the same for
each tariff period. This type of tariff entails less risk for users because it is not affected
by market fluctuations, but it can increase the price of the electricity bill.

• Market index pricing: Electricity tariffs with indexed prices offer electricity at market
cost, which means that the price of electricity changes every hour and every day. The
price can be split into two parts: one of them is regulated by the government while the
other varies according to the final price of electricity in the pool market. In addition,
the electricity provider company charges the user a management fee since it offers the
electricity supply at the purchase price. The indexed tariff, therefore, is exposed to
market variations but is interesting for users with more concentrated consumption
during periods with lower prices.

The real prices of each of these two pricing models will be used for the analysis of the
different strategies.

2.2. Battery Aging Model

Battery aging or degradation can be decomposed into two types: calendar aging
and cycle aging. Calendar aging is the result of battery self-discharge and depends on
parameters such as temperature, humidity, state of charge (SOC), and mechanical stresses.
Ultimately, this aging is due to non-operational factors. In contrast, cycle aging is related
to the charge and discharge cycles of the battery. This means that cycle aging depends
on parameters such as cycle depth, average state of charge (SOC), over charge, and over
discharge, etc. Battery degradation is quantified with state of health (SOH), expressed as
the ratio between current battery capacity and battery capacity at the beginning of life.

To simulate battery degradation, the model developed by Xu et al. [31], which is based
on the use of the rainflow-counting algorithm [32], has been implemented. This algorithm,
very effective in predicting material fatigue, has also been adapted by several authors to
predict battery aging [33,34].

Following the procedure described in [31], the algorithm has been embedded into the
model to account for full cycles and half cycles of discharge. For the sake of simplicity
and taking into account that the amount of energy charged and discharged from a battery
in a regular evaluation is practically identical, only the full cycles and half cycles of the
discharge stages are counted and included in the model. Thus, a half discharge cycle is
considered to cause the same aging as a full cycle of the same depth.

Cycle counting is performed by analyzing the battery SOC profile. First, the local
maxima and minima of the profile are identified. These are the points where there is
a change in trend due to a transition from charging to discharging or vice versa. The
points (s0, s1, . . . , sI) are then analyzed in sets of four from the beginning of the profile in
accordance with the following procedure:

(i) The variation of SOC between consecutive points is determined, so that three charge/
discharge segments or intervals are evaluated.

(ii) A full cycle is identified when the condition of Equation (1) is met and the SOC
variation of the central interval is less than the SOC variation of the two adjacent
intervals. The SOC variation of this interval corresponds to the depth (δn) of the
identified cycle.

|si−1 − si| ≥ |si − si+1| ≤ |si+1 − si+2| (1)
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δn = |si − si+1| (2)

(iii) If the above condition is met and a cycle is identified, the process is repeated from
the beginning by eliminating the points involved in the central interval and adding
two new points to the set. Otherwise, the process is also repeated from the beginning,
but the first point of the set is eliminated and the next in the series is included.

The above steps are repeated in a loop until no more complete cycles are detected. In
addition, the half cycles are identified from the residual points of the load profile. They can
be either charge or discharge half cycles. However, as mentioned above, only half cycles of
discharge are counted.

Once the discharge cycles and half cycles are accounted for, the life loss for each cycle
is determined by the following stress function [31]:

Φ(δn) = (5.24E− 4)δ2.03
n (3)

Thus, the cycle aging (Lcicle) of the set of identified cycles is calculated as the sum of
the life loss for each cycle.

Lcicle =
N

∑
n=1

Φ(δn) (4)

Since calendar aging (Lcalendar) is calculated as a fraction of the expected battery shelf
life, which is estimated to be 10 years, the total aging (L) is the sum of calendar aging and
cycling aging.

L = Lcicle + Lcalendar (5)

In the model developed to simulate the behavior of the battery, this loss of life or aging
is included as a reduction in the maximum capacity of the battery and in the efficiency of
the charge and discharge process. Additionally, the battery is considered to have reached
the end of life (EOL) when the calculated life loss is greater than one. Efficiencies and
battery capacity will be updated using a linear relationship with life loss and values at the
beginning and end of life.

2.3. Battery Operational Strategies

This study tests and compares three battery operating strategies: the most widely used
strategy and two alternative strategies, one of them is based on the use of rules and the
other one requires an optimization process. In addition, the strategies feature different
characteristics depending on whether they take into account the price of electricity, allow
the storage of energy from the grid, or allow the injection of stored energy into the grid.
Figure 1 summarizes the characteristics of each strategy.

2.3.1. Strategy 1: MSC (Maximum Self-Consumption Strategy)

This is the most conventional and widely used strategy in self-consumption PV sys-
tems with batteries nowadays. This strategy stands out for prioritizing the energy generated
to cover the load demand and charge the battery. The basis of this rule-based strategy is as
follows: when PV generation exceeds demand, surplus energy is stored in the battery as
far as possible, and the excess energy is fed into the grid. Conversely, when generation is
not enough to satisfy demand, the energy stored in the battery is used first and the share of
consumption not satisfied by PV and the battery is covered by grid electricity. This strategy
is therefore independent of external variables such as the price of electricity and focuses
exclusively on increasing self-consumption. For this reason, it is known as MSC (maximum
self-consumption).

The flow diagram of this strategy can be seen in Figure A1, Appendix A.
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2.3.2. Strategy 2: PT (Price Threshold Strategy)

One of the alternative strategies developed in this research consists of including the
price of grid electricity among the decision variables considered in energy management.
This rule-based strategy also introduces the possibility of storing energy from the grid in
the battery, so that the use of the battery is not exclusive to the energy generated by the PV
system. The basic principles of this strategy are: when the price of grid electricity is higher
than a given threshold (Xdch), the base strategy is followed and electricity consumption
from battery power is prioritized when generation is not enough to cover consumption.
However, when the price of electricity falls below the charge threshold (Xch), the procedure
to follow is to charge the battery with both surplus PV energy and energy from the grid.
Similarly, when generation is lower than demand, instead of using energy from the battery,
it is reserved for periods with a higher electricity price and the demand is fully covered
by energy from the grid. If the above conditions are not met and the price of electricity
remains between the two charge/discharge thresholds, the use of the battery is minimized
so that it is only used to store surplus PV energy and not to meet consumption.

This strategy involves two decision variables with a great impact on battery operation,
the charge price, and discharge price thresholds. Estimating the optimal value for these
variables requires an analysis process adapted to each scenario, since it depends to a large
extent on the user’s consumption profile and electricity prices. To address this challenge,
the model was programmed to test a set of options and find the optimal configuration to
reduce energy costs for the user. For users with multi-period prices, the price assigned to
one period was used for the price thresholds, while for market index pricing, a range of
prices between maximum and minimum values observed was used.

The flow diagram of this strategy can be seen in Figure A2, Appendix A.

2.3.3. Strategy 3: OPT (Optimization-Based Strategy)

A more complex strategy was also developed as part of this research. This strategy
requires an optimization process to reduce energy costs and program battery operation.
Compared to the previous strategies, this strategy is also characterized by the fact that it
allows the battery energy to be injected into the grid. This gives the battery a second use
in addition to storing PV energy for later consumption. The battery can also be used both
to store energy from the grid in periods when the price of electricity is lower and to inject
energy into the grid in exchange for financial compensation.

The goal of the optimization strategy, in contrast to rule-based strategies, is to schedule
battery operation for future time periods. Two approaches are considered:



Energies 2023, 16, 7375 7 of 25

• First, an optimization is performed considering future load and PV generation as
known in order to obtain an approximation for the best result achievable. The opti-
mization is run in windows of 36 h, from 12 a.m. of one day to 23 p.m. of the next
day, the reason for this being that energy prices are known for this time period. This
approach will be referred to as OPT.

• The second approach uses forecasts for both load and PV generation: these forecasts
are constructed using type curves considering the month and type of day (working
and non-working day) for load and month and type of day (overcast, sun and clouds,
and sunny) for PV generation. In this case, optimizations are performed each hour
and the span of the optimization window varies to consider price availability. This
approach will be referred to as OPT-MPC.

# These type curves are computed as averages of the observed values with the
considerations commented.

# The criteria used to determine the previously mentioned weather class is the
mean ratio of diffuse to global radiation during central solar hours and the
following thresholds:
‚ [0–0.25): sunny. Code 1.
‚ [0.25–0.75): sun and clouds. Code 2.
‚ [0.75–1]: overcast. Code 3.

The different forecast values can be consulted in Appendix B.
The optimization problem seeks to minimize the energy cost controlling battery flows

hourly and is formulated as follows:

min maximum
(

0, −EG f

)
· Xy

G −maximum
(

0, EG f

)
· Xy

S + αCIBL

s.t. : EB,min ≤ Et
B ≤ Ey

B, max
−Pdch ≤ Et

B f
≤ Pch

(6)

The variable used in the optimization is the energy charged(+)/discharged(−) from
the battery: this value is corrected in the calculations with the respective charge/discharge
efficiencies. The constraints refer to the energy limits due to the maximum capacity value,
which is updated with aging, minimum capacity value, and power limits.

The objective function reflects the energy costs: when grid (Et
G f

) energy flow is nega-

tive, it means that energy is imported and is paid at price
(

Xy
G

)
, and when it is positive,

energy is exported and is paid at price ( Xy
S

)
. The grid energy flow is calculated as:

Et
G f

= Et
PV − Et − Et

B f
(7)

The last term considers a degradation cost weighted by the parameter alpha. Different
values are considered for this parameter, ranging from 0 to 1.

Expressions used in these strategies use sign convention shown in Figure 2 for energy
flows.

2.4. Economic Evaluation and Strategy Comparison

In this article, three different operational strategies are compared in order to determine
which is the most advantageous in economic terms. The baseline used for this comparison
is the case of the load with the PV installation only, without the battery system.

In order to evaluate this economic advantage, present time savings with regard to the
baseline are considered. Implementation costs are not considered in savings calculations
as they are affected by multiple factors: installation environment, the particularities of
commercial PV and BESS systems implemented and communication networks available.
Thus, savings obtained serve as an indicator of how much it is possible to expend in these
extra systems in order to improve the results.
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The residual value of the battery system was not taken into account for savings
calculations as there exists great variability from case to case and it is difficult to estimate
in general; also, Apricum’s cost model [35] assumes the residual value of behind the meter
applications to be zero. In addition, in this article, it is considered that, when the batteries
reach their end of life, they all have the same residual capacity.

2.5. Hardware Requirements for Strategies 2 and 3

Control algorithms considered in this article would require a micro-controller with
a Modbus or similar protocols and ethernet communications. The former in order to
communicate with the inverter and BMS to acquire PV generation and load consumption
at a given time and the latter to obtain external information such as energy prices.

There is a plethora of options in the market, some examples are:

- Texas Instruments (TI) Tiva TM4C129x Series:
‚ Offer Ethernet MAC with MII (Media Independent Interface) and RMII (Re-

duced Media Independent Interface) interfaces, as well as CAN and UART
modules.

- STMicroelectronics STM32F4 and STM32F7 Series:
‚ Come with Ethernet MAC, multiple CAN interfaces, and UART modules.

- NXP Kinetis K6x and K7x Series:
‚ Feature Ethernet MAC, FlexCAN (CAN FD) interfaces, and UART modules.

- Microchip PIC32MZ Series:
‚ Offer Ethernet MAC with RGMII (Reduced Gigabit Media Independent Inter-

face) and MII interfaces, as well as CAN and UART modules.

- Infineon XMC4xxx Series:
‚ Come with EtherCAT (Ethernet for Control Automation Technology) and CAN

interfaces.

- Renesas RX600 Series:
‚ Offer Ethernet MAC, multiple CAN interfaces, and UART modules, providing

flexible communication options for industrial applications.

- Silicon Labs EFM32GG11 Series:
‚ Feature Ethernet MAC, multiple CAN interfaces, and UART modules.

The cost of the microcontrollers may range from EUR 100 to 300. When factoring
in expenses for a protective case, wiring, and additional materials (estimated at around
EUR 100), as well as installation and programming costs (estimated at around EUR 500,
considering 5 days of work—3 for implementation and 2 for testing—and a rate of EUR 13
per hour), the total implementation cost is estimated to fall within the range of EUR 700–900.

https://www.freepik.com/
https://www.freepik.com/
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3. Data Description
3.1. Load Data

To validate the strategies developed, this research uses the data of an industrial
consumer located in the north of Spain. The analyzed user has a very common consumption
profile in the industrial sector. Its daily consumption is similar on weekdays but decreases
at night and on weekends. This can be seen in Figure 3, which shows the typical user
consumption of the installation in a week.
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3.2. Energy Prices Data

The electricity prices used for the market index pricing tariff are the 2022 pool prices
obtained from OMIE, the nominated electricity market operator. For the multi-period
price simulation, the 3.0 TD tariff is considered, consisting of six periods for energy and
power. The prices for each period are listed in Table 1. In both pricing scenarios, the user is
compensated for the surplus energy injected into the grid. This implies a discount on the
user’s bill in exchange for the surplus energy. At the end of the billing period, a balance is
made between the cost of the energy consumed from the grid and the remuneration for
surplus energy. However, there is a restriction that prevents negative billing. Therefore, it
is not possible to compensate more than an amount of surplus energy. In this study, a price
of 0.11 EUR/kWh is considered for the surplus energy.

Table 1. Energy price per period in the 3.0 TD tariff.

Period Price (EUR/kWh)

P1 0.235971
P2 0.222654
P3 0.218946
P4 0.212076
P5 0.206428
P6 0.181483

A sample of price profiles used in the simulations can be seen in Figure 4.
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3.3. PV Generation Data

Data from PVGIS application, a web-based tool developed at the European Com-
mission Joint Research Centre [36], were used to calculate PV generation. The selected
location is the Pocomaco industrial estate in A Coruña, Galicia, Spain. In order to select
representative data, mean of the equivalent hours of all years of data available in PVGIS
was calculated and the year with the closest value to the mean was chosen, 2018, which is
the same procedure as in [20].

Technical parameters related to PV installation used to query generation data are
shown in Table 2.

Table 2. Technical and economic parameters used.

PV System

Coordinates (latitude/longitude) 43.33/−8.43
PV technology Crystalline silicon

Tilt 35◦

Orientation 4◦

System loss (%) 14
Lifetime (years) 25

Power (kWp) 100
Loss of average annual performance (%) 0.833

A sample of PV generation profile used in simulations is shown in Figure 5.
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3.4. Battery System Parameters

The battery type used in this study is Li-ion battery, as this type of battery is accounted
for in the most recent electrochemical storage projects [37]

The energy capacity of the storage system was derived from our previous paper [20], as
a result of an optimization. For stationary applications, a value of 70% of residual capacity
was considered [38,39]. In addition, the shelf life is taken from [31] and a minimum battery
charge and depth of discharge values were extracted from [40]. For max/discharge power,
an energy-to-power ratio of 1:4 was adopted in concordance with [41]. A round-trip
efficiency of 86% was considered at the beginning of life and 80% at the end of life.

The set of parameters used to model the battery system can be consulted in Table 3.

3.5. Financial and Economic Parameters

Financial and economic parameters are listed in Table 4. The CPI (consumer price
index) and Energy CPI are average data from 2000 to 2020 for these indicators in Spain
according to World Bank data [42]. The discount rate is a common discount rate used in
financial analysis for PV projects, and the electricity tax and VAT (Value Added Tax) are the
taxes applied in Spain. Regarding O&M expenses, several studies [43–45] have been taken
as reference.
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Table 3. BESS parameters used for simulations.

BESS

Technology Lithium-ion
Capacity (kWh) 50

EOL capacity (kWh) 35
Shelf-life (years) 10

Discharge depth (%) 90
Initial battery charge (%) 10

Round-trip charge/discharge efficiency (%) 86
EOL round-trip charge/discharge efficiency (%) 80

Max. charge/discharge power (kW) 12.5

Table 4. Financial and economic parameters.

Financial Parameters

CPI (%) 2.0
Energy CPI (%) 2.5

Discount rate (%) 7.0
VAT (%) 21

Electricity tax (%) 5.11
Annual BESS O&M expenses (%) 0.625
Annual PV O&M expenses (%) 1.25

4. Results

The objective of this section is to compare the savings generated by each strategy
implemented in the PV-BESS system in comparison to the PV-only system. The aim is to
determine the most beneficial strategy for increasing profits when a battery is already in
place. Therefore, the analysis will not take into account the investment in the BESS and will
conclude when the battery’s lifespan ends.

4.1. Visualizing Strategies’ Behaviors

Prior to the analysis of the results, in order to visualize how strategies operate differ-
ently, Figure 6 shows the distinctive behaviors of the battery under each strategy during
the same 3-day period.

From the previous figure, several observations can be made:

• Under the MSC strategy, it can be observed that, during daylight hours, excess energy
is stored in the battery, and only the energy that cannot be stored is injected into the
grid. During the first hours of the night, the battery is discharged to meet consumption.

• Under the PT strategy, a distinct pattern emerges, particularly evident during the
first evening from hour 2610 onwards. During this period, the battery’s discharge
time is reduced from four hours to just two. This adjustment stems from the strat-
egy’s decision to utilize grid electricity during the more cost-effective hours in order
to meet consumption demands. A few hours later during the night, the battery is
recharged over a two-hour span, capitalizing on the lower energy prices. As a conse-
quence, the battery becomes incapable of storing surplus PV energy throughout the
subsequent day. Moving to the second night, starting at hour 2635, the PT strategy
discharges the gradually battery throughout the entire night, selectively during the
higher-priced hours. During the last day, both the MSC strategy and the PT strategy
exhibit similar behaviors.

• The OPT strategy adopts a distinct approach. On the first day, it charges the battery
with solar surplus energy but only up to 60%. The remaining surplus energy is injected
into the grid, and the battery is fully discharged in the evening when electricity
prices are at their peak. Over the subsequent two days, the battery follows a similar
pattern, charging during off-peak hours and discharging when electricity costs are high.
Notably, this strategy is the only one that deliberately abstains from fully utilizing
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surplus energy to charge the battery, as there is an opportunity cost associated with
not selling it back to the grid.
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4.2. Results for Each Strategy: Total Energy Savings and Years of Operation

The final goal of the simulation is to determine which strategy produces the largest
economic savings when implemented in the same PV-BESS self-consumption facility. Each
strategy produces a different battery degradation, which is why the comparison between
the strategies will not be made over a specific time period, but rather until the end of the
battery life. Each strategy’s results are presented in the ensuing subsections.

4.2.1. Results for MSC Strategy

Table 5 shows the results for the MSC strategy, which is the most commonly used
option in self-consumption PV systems with batteries.
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Table 5. Results achieved by using MSC strategy.

Electricity Tariff Savings (EUR) Battery Lifespan (Years)

Market index pricing 1464.9 5.3
Multi-period pricing −54.3 5.3

From the previous table, it is worth noting that, when utilizing the MSC strategy under
the multi-period tariff, savings are not achieved, and the results are negative. In other
words, the maintenance cost of the battery exceeds the savings it can provide.

As expected, the battery lifespan is the same in both cases. This is because this strategy
does not alter its behavior based on electricity prices, resulting in identical battery actions
in both scenarios during the whole battery lifespan.

4.2.2. Results for PT Strategy

For the PT strategy, different sub-strategies were simulated. Each of these sub-
strategies allows the battery to charge and discharge at different electricity prices. To
better illustrate the results of each sub-strategies, the two following heat maps were created,
where each cell displays the total savings and the battery lifespan. The first heat map shows
the results under market index pricing and the second under multi-period pricing.

As observed in Figure 7, for market index pricing the best outcome for this strategy
occurs if the battery is allowed to charge when the energy price is below 0.111 EUR/kWh
and discharge when it is above 0.165 EUR/kWh.
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As seen in Figure 8, for multi-period pricing, the best outcome for this strategy occurs
when the battery is allowed to charge when energy price is below 0.172 EUR/kWh and
discharge when it is above 0.194 EUR/kWh.

Table 6 shows the best results obtained for the PT strategy, both for market index and
multi-period pricing.
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Figure 8. Results of sub-strategies for PT strategy under multi-period pricing. Color represents the
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Table 6. Best results achieved by using PT strategy.

Electricity Tariff Savings (EUR) Battery Lifespan (Years)

Market index pricing(0.111–0.165) 1747.0 5.6
Multi-period pricing(0.172–0.194) 417.8 8.2

4.2.3. Results for OPT Strategy

As previously explained, this strategy employs an optimization process to minimize
energy costs and schedule battery operation. In addition, this strategy also uses new
decision variables such as battery aging cost, formulated as battery investment multiplied
by battery life lost, and the prediction of load and PV production.

Regarding the battery aging cost, a weight is applied to this term to explore the trade-
off between battery duration and savings obtained. Values between 0 and 1 are explored.
The results are shown in Figures 9 and 10. After this analysis, the weight that yields the
best result is selected.
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Figure 9. Results optimization for different values of battery aging cost weight (α) in indexed
prices scenario.
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Figure 10. Results optimization for different values of battery aging cost weight (α) in multi-period
prices scenario.

Table 7 shows the best results obtained for the OPT strategy, both for market index
and multi-period pricing.

Table 7. Best results achieved by using OPT strategy.

Electricity Tariff Savings (EUR) Battery Life (Years)

Market index pricing 2388.3 5.3
Multi-period pricing 520.7 6.2

4.3. Comparison of the Results and Insights

Table 8 compares the outcomes of each strategy across different electricity tariffs. For
strategies 2 and 3, the outcomes shown are the ones generated for the best sub-strategies
analyzed.

Table 8. Total savings achieved and years of operation for each strategy.

Electricity Tariff Strategy Savings (EUR) Years of Operation

Market index pricing
Strategy 1: MSC 1464.9 5.3

Strategy 2: PT(0.111–0.165) 1747.0 5.6
Strategy 4: Opt 2388.3 5.3

Multi-period pricing
Strategy 1: MSC −54.3 5.3

Strategy 2: PT(0.172–0.194) 417.8 8.2
Strategy 4: Opt 520.7 6.2

The MSC strategy achieves savings of EUR 1464.9 when compared to the PV-only
system under market index pricing. However, in the case of multi-period pricing, savings
turn out to be negative (at EUR −54.3). This indicates that the maintenance costs of the
batteries alone exceed the economic benefit they can offer. Since the MSC strategy does not
alter its behavior based on electricity prices, the battery actions have to be the same across
the market index and multi-period pricing, resulting in identical operational durations
(5.3 years). The disparity in savings arises due to lower battery discharge prices in the
context of multi-period pricing.

The PT strategy performs better than the MSC strategy under both market index
pricing and multi-period pricing. For market index pricing, the most attractive option for
battery charging is when prices are below 0.111 EUR/kWh. This is because this is the lowest
price point that includes the PV surplus, which is priced at 0.11 EUR/kWh. Consequently,
the battery charges using the surplus energy as well as electricity from the grid when it is
below this price. As for discharge, the greatest savings occur when allowing discharge at
any price above 0.165 EUR/kWh. For multi-period pricing, since 0.172 EUR/kWh is even
lower than the P6 price (refer to Table 1), this implies that the battery is only being charged
using surplus energy. Regarding discharge, it only occurs when electricity price is above
0.194 EUR/kWh, which corresponds to periods from P1 to P5 (refer to Table 1).
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The OPT strategy presents the best result, as expected. As previously explained, this
strategy executes an automation algorithm and relies on the day-ahead hourly electricity
price given by the market operator; it also relies on predictions of electricity demand
and PV generation. If these two predictions are not accurate, the savings provided may
be diminished. In this case study, historical data were used instead of prediction data;
therefore, these results can be understood as a maximum limit to the improvement that
this strategy can offer.

4.4. Influence of Prediction Errors in the OPT Strategy

In order to analyze how prediction errors can impact the OPT strategy, the OPT-
MPC approach was developed. As explained in Section 2.3.3, this approach employs a
simple method to forecast both PV generation and energy consumption. Due to imperfect
predictions, the MSC approach logically leads to the less optimal operation of the strategy.
Figure 11 illustrates the battery operation of the MPC approach in comparison to the
OPT strategy.
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Figure 11 shows how the pattern followed by the SOC is very similar in both graphs.
However, there are some differences that can be attributed to prediction errors. These slight
differences will lead to a minor decrease in the provided savings.

The savings achieved by the OPT-MPC strategy under market index pricing amount
to EUR 2086.5 within 5.4 years of operation. This shows that, even when using the sim-
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plest prediction models, the OPT strategy can yield higher savings than the MSC and
PT strategies.

4.5. Aging Behavior

Figure 12 shows which part of the degradation of batteries during its life is due to
calendar aging and cycle aging for each of the strategies.
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In both market index pricing and multi-period pricing, the MSC strategy exhibits a
higher level of cycling aging. This outcome stems from the fact that this strategy discharges
the battery whenever there is consumption exceeding PV generation, without considering
the possibility that utilizing grid electricity might be more advantageous when its price
is low.

Under multi-period pricing, both the OPT strategy and the PT strategy display a more
pronounced deviation from the MSC strategy. The reason for this is that the lower price
volatility of multi-period pricing makes the PT and OPT strategies more selective in their
usage of the battery.

5. Conclusions

This article analyzes the use of external decision variables in battery operational strate-
gies, such as energy prices, PV forecasting, load prediction, and battery aging cost. After
conducting a thorough analysis of the behavior and outcomes of the different strategies
used, the following findings can be drawn:

• Incorporating electricity prices as a decision variable in energy storage operation
strategies to purchase energy from the grid when prices are below a certain value
and consuming it when grid electricity prices are above a certain value can improve
battery profitability. The PT strategy increases the savings provided by the battery by
19% under market index pricing and makes savings turn positive under multi-period
pricing when compared with the MSC strategy (which is the most commonly used
strategy nowadays in self-consumption systems).

• Using an optimization strategy (OPT strategy) which adds consumption and PV gener-
ation prediction as decision variables, the savings provided by the battery increases by
up to 37% under market index pricing and by up to 24% under multi-period pricing
when compared to the PT strategy.

• Aggressively employing high-depth discharge cycles in certain strategies may yield
maximum short-term earnings. However, this approach can potentially compromise
the long-term operational lifespan of the battery (battery years of operation) due
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to cycle aging. Therefore, a judicious balance between aggressive and conservative
operational approaches is essential to optimize overall benefits. The selection of an
accurate aging model is crucial to properly evaluate this balance (Reviewer 3).

• When analyzing how errors in predictions can impact the OPT strategy, a basic method
to forecast both PV generation and energy consumption was used. Still, the OPT
strategy turned out to be better than the PT strategy and the MSC strategy.

• It is worth noting that simulations have shown that the MSC strategy can even be
counterproductive. Under multi-period pricing, the MSC strategy did not generate
enough savings to cover the maintenance costs of the batteries.

This article’s primary contribution lies in its comprehensive analysis and comparison
of various battery strategies. This is accomplished through the utilization of a sophisticated
aging model that assesses cycle aging—a dimension often overlooked in techno-economic
analyses. Moreover, the study is uniquely contextualized within the Spanish electric
pricing framework and draws from authentic industrial consumer data, setting it apart
from existing research in the field.

However, it is important to acknowledge certain limitations. Firstly, this study ex-
clusively focuses on lithium-ion batteries. Additionally, the simulations do not account
for uncertainties related to state-of-charge and state-of-health estimations, and more in-
tricate models of power electronics systems and system integrations were not included
in the analysis. Finally, more complex prediction models could be used to enhance the
MPC strategy.

Expanding this framework to encompass a broader range of battery technologies could
yield valuable insights. Conducting real-world experiments to quantify the impact of these
estimations on economic indicators would further enhance the robustness of this research.
Furthermore, an advanced model of the systems, which incorporates detailed representa-
tions of power electronics, could be employed to account for performance variations under
diverse load conditions.

The findings of this article reveal that the implementation of the proposed strategies
can considerably increase the savings offered by energy storage batteries. This is a step
towards the moment when batteries become profitable in photovoltaic self-consumption
systems, as the significant investment required today for battery installation still makes
batteries unattractive most of the time. Furthermore, with the growing share of renewable
energy sources in the power grid, it is expected that electricity prices will become more
volatile. This will make this type of price-driven strategies even more attractive.
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Abbreviations/Nomenclature
Abbreviation or Symbol Meaning Units
CIB Battery investment cost Euro
Et Load consumption at time t kW
Et

B Battery energy at time t kWh

Ey
B,max

Maximum battery capacity at
year y

kWh

EEOL
B,max

Maximum battery capacity at
end of life

kWh

EB,min Minimum battery capacity kWh

Et
B−C

Energy flow from battery to
load at time t

kWh

Et
B−G

Energy flow from battery to
grid at time t

kWh

Et
G−B

Energy flow from grid to
battery at time t

kWh

Et
G−C

Energy flow from grid to load
at time t

kWh

Et
PV PV power output at time t kW

Et
PV−B

Energy flow from PV to
battery at time t

kWh

Et
PV−C

Energy flow from PV to load
at time t

kWh

Et
PV−G

Energy flow from PV to grid
at time t

kWh

EG f

Array of grid flows for
optimization window

kW

L Battery life lost due to aging %

Ly Battery life lost computed at
year y

%

Lcalendar
Battery life lost due to
calendar aging

%

Lcicle
Battery life lost due to cycle
aging

%

Pch
Maximum battery charge
power

kW

Pdch
Maximum battery discharge
power

kW

si
SOC of the battery at point i of
the SOC profile

%

Xch Battery charge threshold price Euro

Xdch
Battery discharge threshold
price

Euro

Xt
G Grid energy price at time t Euro

Xt
S Surplus energy price at time t Euro

Xy
G

Array of prices for
optimization window at year
y

Euro

Xy
S

Array of surplus prices for
optimization window at year
y

Euro

η
y
ch

Battery charge efficiency at
year y

%

η
y
dch

Battery discharge efficiency at
year y

%

δn Depth of cycle n %
Φ(δn) Life loss of cycle n %
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Appendix B. Look-Up Tables Used in Strategy OPT-MPC

Table A1. Lookup table of hourly consumption forecast for working days (kW). Color reflects
consumption intensity.

MONTH 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
1 6.6 5.6 5.2 5.8 9.4 8.3 7.4 19.7 20.4 21.0 21.1 18.2 23.8 23.5 21.0 10.1 12.1 12.3 11.2 9.9 10.3 9.7 8.9 6.3
2 3.4 2.7 1.9 1.9 5.1 4.6 4.5 23.6 24.9 24.8 24.4 21.5 25.3 25.7 22.8 6.3 7.0 6.8 6.0 6.3 6.1 6.3 6.2 3.4
3 2.9 2.5 1.8 1.7 4.4 4.2 4.4 21.4 23.4 22.7 20.7 17.4 21.0 22.7 20.4 9.9 10.8 10.2 10.3 9.6 10.7 10.3 9.6 3.5
4 3.5 3.4 2.8 2.0 2.0 4.6 6.7 22.2 24.2 22.6 21.9 20.0 21.2 21.9 21.7 12.1 11.5 12.6 10.9 10.6 10.9 11.9 10.1 4.3
5 4.0 4.4 4.3 4.0 4.3 5.7 7.0 20.2 22.4 21.8 20.4 17.2 19.5 19.6 18.6 9.4 8.6 8.5 7.1 6.5 6.8 7.2 7.3 3.3
6 1.8 2.1 1.7 1.6 1.6 2.5 4.4 21.5 23.0 21.6 21.1 18.2 19.9 20.7 18.6 8.7 10.3 9.9 7.5 7.0 7.4 7.6 6.9 2.5
7 1.6 1.7 1.6 1.6 1.6 2.1 5.8 22.2 23.0 21.7 21.3 19.5 20.4 19.9 16.6 11.0 12.2 12.1 10.0 9.1 10.0 10.2 8.4 2.1
8 1.6 1.6 1.6 1.6 1.6 1.6 3.7 17.2 18.6 20.8 20.2 17.9 20.1 20.0 18.3 4.8 7.7 9.3 4.9 1.4 1.3 1.5 1.7 1.6
9 3.5 2.7 3.0 2.5 2.4 2.4 4.5 20.4 22.3 22.4 21.9 17.9 19.8 20.4 18.8 4.3 7.9 11.4 8.2 5.8 6.2 5.5 5.5 4.2
10 4.6 6.6 5.0 4.2 4.6 3.7 5.1 14.9 20.4 23.6 24.4 20.2 20.0 21.6 19.7 12.6 11.7 13.1 10.8 8.7 10.0 9.6 8.8 4.9
11 6.6 4.9 3.7 3.5 3.1 3.1 5.5 23.1 27.4 27.7 26.0 22.8 25.6 24.6 23.7 6.2 6.5 7.3 6.0 5.5 5.0 3.7 3.5 5.2
12 7.4 6.8 6.3 4.7 4.7 5.2 7.1 20.4 24.4 24.1 22.2 21.0 21.6 21.4 19.6 9.5 9.9 10.5 9.3 8.8 8.3 7.2 6.6 7.1

Table A2. Lookup table of hourly consumption forecast for non-working days (kW). Color reflects
consumption intensity.

MONTH 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
1 3.6 2.4 2.0 2.7 5.8 4.6 3.6 4.8 3.6 3.5 3.5 3.3 6.7 5.7 4.6 2.8 3.8 3.2 3.6 3.4 3.7 3.5 4.0 4.6
2 3.2 2.4 1.9 1.8 4.5 4.1 2.6 2.9 1.5 1.5 1.5 1.6 3.7 5.0 4.0 2.6 3.1 2.5 3.1 2.9 3.2 3.2 3.2 2.9
3 2.8 2.2 1.4 1.4 4.4 4.1 2.1 3.3 2.0 2.2 2.4 2.0 3.8 4.5 3.5 1.7 2.8 2.1 2.4 2.1 2.9 2.7 2.9 2.5
4 3.3 3.6 2.9 2.1 2.1 4.7 5.2 3.7 4.6 2.8 3.0 2.7 2.5 3.8 5.5 4.9 2.6 3.7 2.6 3.4 2.6 3.4 3.3 3.5
5 3.3 3.2 3.4 3.0 3.0 3.7 3.2 2.3 2.0 2.1 2.2 2.1 2.1 2.5 2.3 2.2 1.7 1.8 1.6 2.2 1.8 2.3 2.5 4.1
6 1.8 2.1 1.8 1.7 1.7 2.6 2.1 1.9 1.7 1.7 1.7 1.7 1.7 2.4 2.1 1.8 1.5 1.5 1.3 1.6 1.3 1.8 1.6 2.0
7 1.7 1.8 1.7 1.7 1.7 1.9 2.3 4.6 4.6 5.0 4.7 4.2 3.4 1.7 1.3 1.2 1.2 1.3 1.3 1.3 1.2 1.4 1.5 1.7
8 1.5 1.5 1.5 1.5 1.5 1.5 1.8 3.6 3.8 4.4 3.7 3.4 3.0 2.1 1.7 1.2 1.2 1.1 1.1 1.1 1.1 1.3 1.4 1.5
9 4.1 2.2 2.1 1.9 1.9 1.7 2.3 6.9 6.9 7.3 7.3 6.9 6.8 1.8 1.5 1.7 1.5 1.6 1.5 1.5 1.8 1.7 1.7 1.6
10 1.9 4.0 2.7 1.9 2.1 1.5 1.6 2.8 3.1 5.1 5.0 3.4 3.1 2.5 1.9 2.2 1.9 2.4 2.3 1.9 2.4 2.1 2.0 2.4
11 4.8 3.4 2.3 2.5 1.8 1.8 1.7 2.3 5.3 4.8 2.8 3.2 3.6 2.8 2.9 3.0 3.3 3.0 3.0 3.2 2.6 2.0 1.8 3.0
12 4.5 3.5 3.3 2.6 2.3 2.3 2.1 5.4 6.4 5.2 4.5 4.6 4.2 3.3 2.6 4.0 3.1 3.2 3.0 3.1 2.2 1.7 1.9 5.4

Table A3. Lookup table of hourly PV generation forecast (kW). Color reflects generation intensity.

MONTH DAY
TYPE 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

1 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 19.2 50.3 62.0 71.3 72.3 67.3 49.3 33.6 3.9 0.0 0.0 0.0 0.0 0.0 0.0
1 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.2 19.7 30.6 37.5 38.5 34.3 27.9 16.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0
1 3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.9 18.4 18.7 11.2 16.3 11.7 11.6 6.0 0.3 0.0 0.0 0.0 0.0 0.0 0.0
2 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 13.5 40.5 60.4 73.5 76.9 82.7 76.7 64.7 43.2 20.1 0.0 0.0 0.0 0.0 0.0 0.0
2 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.3 17.4 31.2 35.2 48.3 53.0 34.5 37.6 24.6 9.7 0.0 0.0 0.0 0.0 0.0 0.0
2 3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.1 7.6 7.6 12.5 10.8 14.8 16.0 9.2 16.6 6.4 0.0 0.0 0.0 0.0 0.0 0.0
3 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.7 23.5 49.2 67.7 78.3 85.5 86.1 79.8 68.4 30.0 11.8 1.4 0.0 0.0 0.0 0.0 0.0
3 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.5 10.2 22.2 39.7 43.5 42.4 46.4 50.3 41.6 29.4 17.2 2.6 0.3 0.0 0.0 0.0 0.0
3 3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 7.6 14.3 21.1 22.7 29.3 21.6 24.3 19.3 15.0 10.5 2.8 0.7 0.0 0.0 0.0 0.0
4 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.7 8.8 31.6 50.9 69.3 80.6 86.5 85.7 80.2 68.6 51.7 30.1 8.1 0.0 0.0 0.0 0.0
4 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.4 5.9 20.7 36.2 44.2 47.3 61.8 56.0 55.4 46.3 37.2 20.6 4.6 0.0 0.0 0.0 0.0
4 3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.4 4.1 12.7 18.4 31.4 26.9 20.4 39.2 21.5 19.6 15.8 9.8 4.7 0.0 0.0 0.0 0.0
5 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.4 11.1 31.7 52.2 69.3 78.6 84.3 83.6 78.0 67.0 50.6 30.3 9.3 1.0 0.0 0.0 0.0
5 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.6 10.3 24.1 35.6 49.2 59.1 71.0 71.4 68.6 54.8 38.0 20.6 7.0 0.8 0.0 0.0 0.0
5 3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.6 9.2 15.2 18.2 18.9 24.2 21.1 22.6 24.3 23.4 19.6 12.8 4.7 1.0 0.0 0.0 0.0
6 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.5 10.9 29.8 48.1 61.9 72.0 77.0 77.1 72.5 62.8 48.7 30.7 11.8 3.0 0.0 0.0 0.0
6 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.6 10.3 26.0 40.7 44.9 59.7 64.2 64.4 63.6 49.1 28.0 19.8 6.3 1.6 0.0 0.0 0.0
6 3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.1 8.0 14.4 15.3 17.9 21.6 24.3 20.0 20.5 18.0 18.0 10.8 5.7 1.6 0.0 0.0 0.0
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Table A3. Cont.

MONTH DAY
TYPE 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

7 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.2 9.8 28.5 46.9 61.5 71.7 77.3 78.1 73.7 64.5 50.4 32.3 12.5 2.9 0.0 0.0 0.0
7 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.7 9.5 23.9 31.0 37.1 52.2 55.5 63.0 64.4 52.7 40.7 25.7 10.3 2.2 0.0 0.0 0.0
7 3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.5 6.7 15.3 15.2 18.5 24.2 28.4 24.9 26.0 27.4 18.5 14.4 9.5 2.1 0.0 0.0 0.0
8 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.8 7.5 26.9 46.5 62.2 72.6 78.8 79.8 74.2 64.0 49.0 28.5 9.0 0.5 0.0 0.0 0.0
8 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0 7.4 19.7 31.2 46.0 57.4 70.5 69.7 65.1 54.7 40.3 22.9 8.2 0.9 0.0 0.0 0.0
8 3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.8 7.0 17.9 25.6 26.0 31.2 38.3 30.3 22.5 25.5 20.0 14.2 5.6 0.7 0.0 0.0 0.0
9 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 5.9 25.9 46.6 61.4 70.9 75.6 76.0 71.1 59.7 43.3 21.2 2.6 0.0 0.0 0.0 0.0
9 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 5.0 18.0 32.4 46.2 53.8 58.7 65.5 62.5 46.6 35.4 16.6 2.2 0.0 0.0 0.0 0.0
9 3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.3 9.3 12.7 12.8 13.4 12.8 22.2 23.4 21.0 14.0 4.9 0.6 0.0 0.0 0.0 0.0

10 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.0 23.6 44.7 60.4 69.3 74.4 73.9 66.7 53.0 32.6 9.0 0.0 0.0 0.0 0.0 0.0
10 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.9 17.2 28.0 41.8 51.2 52.0 50.4 41.6 27.6 15.8 3.9 0.0 0.0 0.0 0.0 0.0
10 3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 3.5 10.0 4.6 11.6 9.5 8.5 17.8 22.0 16.7 0.4 0.0 0.0 0.0 0.0 0.0 0.0
11 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.9 30.6 54.8 64.5 67.6 65.2 57.7 42.9 21.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0
11 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.2 17.3 42.9 50.1 50.3 45.1 35.5 30.2 14.7 0.0 0.0 0.0 0.0 0.0 0.0 0.0
11 3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.7 9.4 14.3 13.2 13.0 11.6 13.1 9.8 3.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0
12 1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.5 36.8 58.4 68.4 68.6 60.6 48.8 20.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0
12 2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 7.9 25.8 44.6 41.4 36.6 34.4 26.3 11.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0
12 3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.5 7.1 8.9 8.9 10.6 6.2 4.6 2.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
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