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ABSTRACT

As electrical grids decarbonise, the need for flexible, real-time energy management systems becomes crucial to
handle the variability of renewable sources. This paper investigates the lifetime performance of a commercial
PV-battery system under three potential control approaches. Two rule-based controllers and one economic MPC
approach are simulated over the lifetime of the battery, considering both the upfront capital and ongoing
operational costs. Under the nominal rule-based control, installing the battery system saves 2.9% in operational
costs per year. An informed rule-based schedule was then created, based on observing the typical PV and
building loads and electricity price dynamics, increasing savings to 4.3%. These additional savings can be realised
without any additional capital or operational investment. A supervisory MPC approach is integrated with the
existing system control, requiring an upfront investment of $13.7k, combined with additional operational costs of
$5.89k/yr. Accounting for these additional costs, net operational savings increase to 6% compared to the baseline
operation without a battery system, while also reducing carbon emissions by 9.8%. MPC savings increase to 13.2%
when considering the volatile electricity prices seen during the 2022 energy crisis. Despite these encouraging
savings, current battery systems remain financially unattractive due to their high upfront cost, and all three
control scenarios result in a negative NPV. A sensitivity analysis demonstrates that optimal sizing of batteries
and reductions in their cost are the most significant factors when evaluating the lifetime performance of PV-
battery systems.

1. Introduction

Optimal control of building energy systems has been widely re-
searched in the last two decades, covering a range of approaches in-

Countries across the world are looking to decarbonise their electric-
ity networks in line with carbon neutrality goals, reducing their reliance
on fossil fuels by installing renewable generation capacity such as wind
and solar. However, as renewable energy penetration increases, the
temporal mismatch between generation and demand widens. This im-
balance can lead to greater energy price volatility and higher levels of
generation curtailment [1]. A number of solutions can mitigate these
effects, such as international interconnectors [2], grid scale storage so-
lutions [3], demand response services [4] and dynamic spot pricing [5].
The last two of these drive the development of flexible power consumers,
who can dynamically alter their load profiles in response to price sig-
nals. With buildings responsible for 59% of electricity consumption in
the UK [6], they represent a significant source of demand flexibility
which can be unlocked through advanced control schemes and enable
smart energy systems [7].
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cluding fuzzy logic [8], approximate Model Predictive Control (MPC)
[9,10] and in recent years notable interest is being shown in Rein-
forcement Learning (RL) [11,12]. However, the majority of studies use
classical MPC approaches due to their intuitive formulation and robust
performance [13]. Compared to conventional control approaches which
typically track static setpoints, MPC can consider a variety of additional
control objectives, including operational cost, energy demand and car-
bon emissions. Using a combination of predictive system models and
short-term data forecasts, MPC optimally schedules the system opera-
tion over a receding control horizon subject to user-specified constraints.
This forward-looking control approach allows building operators to pre-
empt upcoming disturbances, improving system performance. The in-
creasing number of MPC studies in the built environment has been aided
by the ongoing digitalisation of Building Management Systems (BMS)
[14]. BMS systems provide two-way communication with assets to col-
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Nomenclature

Financial Parameters

C;.)" e Total annual operating cost of scenario j
Cuws Total annual cost of Amazon Web Services microservices
Charery  Total capital cost of battery system
CCCZZ 3‘ Total capital cost to integrate cloud platform with battery
system controller
Co* Total annual operating cost of cloud platform
elec,api TOtal annual cost of day-ahead electricity price API
Ct‘jj.“ Annual electricity spend for scenario j in year ¢
et Electricity export price
e;c"’ Electricity import price at timestep k
i Discount rate
Opos Unit cost of Balance of System for the battery system
O,&c Unit cost for construction and commissioning of battery
system
O,y q0pi Cost per query of irradiance forecasting API
' Annual unit maintenance cost of battery system

O Unit cost of Power Conversion System component for the
battery system

Oyiorage  Unit cost of storage component of battery system

R, ; Net cash inflow of scenario j in year ¢

Technical Parameters

g Average carbon intensity of electricity consumed by the
building

ATy, Duration of one low-level control timestep

AT,,.  Duration of one MPC timestep

7, Charging efficiency of the battery
Ny Discharging efficiency of the battery
A Battery degradation per cycle
Cuy Cumulative battery cycles after M timesteps
Eje* Initial capacity of the battery
i Capacity of the battery after M timesteps
E, Energy stored in battery at the start of timestep k
G Annual operational carbon emissions of overall system
g Grid carbon intensity in timestep k
P:“ Power demand of the building in timestep k
PkCh Power charged to the battery in timestep k
pch Power discharged from the battery in timestep k
P Power exported to the grid in timestep k
Pkf ixed Charging power of battery during fixed charging period
P Power imported from the grid in timestep k
Plf v Power generated by PV in timestep k
P,;ZX Maximum charging power of battery
pdch Maximum discharging power of battery
pol Maximum grid export limit
p Maximum grid import limit
SoC,,,, Maximum allowable State of Charge of the battery
SoC,,;, Minimum allowable State of Charge of the battery
Vi Binary variable to enforce exclusive charging or discharg-
ing of battery within timestep k
zy Binary variable to enforce exclusive import or export from
the grid within timestep k

lect their operational data, design suitable system models, and deploy
control strategies.

Heating Ventilation and Air Conditioning (HVAC) systems are the
most commonly considered system in building control studies due to
their high energy intensity and worldwide prevalence [15]. The pas-
sive thermal mass of the building is used to shift heating loads to the
desired periods, while keeping the internal temperature within deter-
mined comfort limits. The degree to which a consumer can shift their
load can be further increased by incorporating dedicated energy stor-
age technologies, such as Battery Energy Storage Systems (BESS) [16]
and thermal storage systems [17]. BESS systems are particularly useful
when combined with renewable generation such as rooftop photovoltaic
(PV) systems, allowing the building to self-balance its generation and
consumption of electricity, but due mostly to their high upfront cost,
their real-world deployment is still uncommon. Commercial PV-battery
systems typically use rule-based control (RBC), for example maximis-
ing self-consumption of on-site generation [18] or a static Time-of-Use
(ToU) approach which bases the battery schedule on predetermined
electricity price profiles [19].

Simultaneous optimisation of both sizing and operation has also been
considered for PV-battery systems. In [20] the optimal battery capacity
for a multi-apartment building was considered with a range of possible
rule-based control strategies. Findings show that including a battery sys-
tem does increase the system’s self-sufficiency, but even when battery
costs are reduced by 50% they are not economically viable. They also
note that without significant variability in electricity prices across a day,
dynamic price load shifting strategies will perform similarly to existing
rule-based controllers. Similar work is presented for optimising a PV-
battery system in a 3-story office building in China [21]. Results show
that optimising the rule-based control based on peak-valley electricity
pricing can reduce battery cycle ageing by 63.5%, while reducing LCOE
by 14%. The larger savings are due to the lower capital cost of the bat-
tery, and a high peak-to-base ratio of 3 for the electricity prices. Overall,
in recent academic literature MPC solutions are becoming popular for

these systems, as their predictive nature can unlock additional savings
through improved short-term scheduling.

In [22] an interesting combination of predictive and rule-based con-
trol is considered for a commercial PV-BES system in an educational
institute. Firstly, predictive models forecast the day-ahead building load
and PV generation, which is used to inform the rule-based battery con-
troller which aims to minimise the peak power consumed from the
electrical grid. The formulated objective function is nonlinear and as
such is solved using a Genetic Algorithm (GA) approach. Installing the
PV-BES system with this controller is shown to reduce the building’s
energy cost by up to 37% compared to a baseline without the PV-BES
system installed. Additionally, savings are shown to be strongly season-
ally dependent, providing the biggest improvement in Spring and the
smallest improvement in Autumn. As highlighted by the authors, future
work in this area needs to evaluate the end-to-end financial benefit of
implementing the PV-BES and its control system, including the initial
investment and operational costs.

In [23] authors present a real-world deployment of an MPC scheme
for a commercial building in the USA with PV and battery systems.
They quantify the ability of the building to provide demand flexibil-
ity (DF) services or Time of Use (ToU) optimisation considering HVAC,
refrigeration and battery systems. They also describe the open-source
hardware/software infrastructure required to deploy the MPC scheme
in the building, however the setup and operational costs are not in-
cluded in the financial analysis. Results show that the MPC scheme was
able to provide a range of DF services including load shifting and load
shedding; the long term operation of the controller over 1 year led to a
12% cost saving while respecting thermal comfort and food safety.

A real-world cloud-based deployment of model predictive control for
a commercial battery system is presented in [24]. The controller is de-
ployed for a 150 kWh lithium-ion battery at an office of 100+ staff,
polling the battery controllers and electricity submeters and extracting
data into the cloud at 1 to 10 minute frequency using a bi-directional
MQTT connection. A range of interesting implementation issues are dis-
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cussed, mostly related to data outages due to equipment failure and
IT errors. Despite the rich discussion around implementing the solution,
there is no discussion of the additional costs required to deploy the MPC
scheme. This could be due to the authors finding that the 5.5% electric-
ity bill reduction was no sufficient to payback even the battery system
alone over its lifetime.

The optimal management of a residential PV-battery system, consid-
ering grid scheduled blackouts and battery lifetime, is presented in [25].
Their economic MPC formulation considers both the operational and
lifetime cost of the battery system, while ensuring the building load is
always satisfied. The simulated case study evaluates the seasonal perfor-
mance of the MPC scheme across a range of scenarios, assuming perfect
prediction models for the building/PV loads and the grid blackout sched-
ule in all cases. When explicitly considering loss in battery capacity due
to battery schedule in the objective function, the overall cost to supply
the home increases by around 5-10%, however this does not include any
capital or operational costs to deploy the MPC scheme.

In this paper, the lifetime performance of a commercial PV-battery
system is simulated under three control scenarios, two rule-based con-
trollers and a perfect prediction MPC model, to identify the perfor-
mance gap between existing and state-of-the-art control approaches.
Simulations are based on real-world data gathered from a commercial
PV-battery installation in the UK. This work builds upon our existing
experience deploying MPC control retrofits for HVAC systems [26], ex-
panding our modelling and control frameworks to other systems in the
built environment. As discussed above, the existing literature on MPC
deployments often neglects the additional costs required to deploy and
maintain these advanced control solutions. This both reduces the uptake
of such retrofits, as their financial requirements are unclear, and inflate
their expected savings. As a result, the major contributions of this study
include:

* Quantifying the lifetime financial performance of each control ap-
proach, taking into account the additional capital and operational
costs associated with a real-world MPC deployment. This point is
particularly lacking in the current literature.

+ A detailed sensitivity analysis of key parameters to understand the
performance of each control approach under a range of market
conditions, highlighting the economic gap to make such solutions
competitive.

Overall, this analysis will inform both academics and building in-
dustry experts, hence bridging the gap between theoretical studies and
implementable MPC solutions. The paper is organised as follows: Sec-
tion 2 formulates the system modelling and control methodology, Sec-
tion 3 outlines the case study and control scenarios considered, Section 4
presents the performance of each scenario including a sensitivity analy-
sis, Section 5 discusses the results before concluding the main findings
in Section 6.

2. Methodology

This paper presents a lifetime financial analysis for three control
schemes for a grid connected PV-battery system, outlined in more de-
tail in Section 3. In this section the mathematical representation of the
system is introduced, followed by a summary of the different control
approaches. In each case, the controller is responsible for managing the
power flows of the battery system (charge/discharge) and the grid con-
nection (import/export) in order to supply the required building load at
each timestep, while accounting for on-site generation from the installed
PV system.

2.1. System models

In order to assess the lifetime performance of each control scheme,
a basic model of the system is developed based on the system configu-
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ration described in Section 3. An overall energy balance of the system
is outlined in Equation (1),

P"+ P + P{" = P& + P + P! m

where P/i”' is the power imported from the grid, PkP V' is the power gen-
erated from onsite PV, Pf‘h is the power discharged from the battery,
P the power exported to the grid, P]f” is the building load, Pg’h is
charging rate of the battery system and k is the discrete timestep. Here
grid and battery power flows are separated into their import/export and
charge/discharge components to account time-varying electricity prices
as explained in later sections. The battery storage model is outlined in
Equation (2),

1

E=E + [ﬂcpkch T
d

P,jch] AT 2
where E|, is the energy stored in the battery at timestep k, and AT is the
duration of one timestep. As discussed in [27] battery degradation mech-
anisms are varied and complex, affected by a range of factors including
the number of cycles, the State of Charge (SoC), the Depth of Discharge
(DoD), the cell temperature and the elapsed time. For example, authors
in [28] apply a physics-based reduced-order battery degradation model
from [29] to an ageing aware battery control approach. The resulting
cumulative capacity fade was shown to be roughly a linear function of
the battery cycling, and hence in this paper a simple linear degradation
in battery capacity is assumed as expressed in Equations (3) - (4),

EN = EP™ [1-Cp 4 3

M
E -FE
| k+1 kl 4)

CM = 2E(r)nax

k=0
where EJ* is the initial capacity of the battery, E}™ is the capacity
of the battery after M timesteps, C,, is the cumulative number of full
battery cycles after M timesteps and A is the degradation of the bat-
tery storage per full cycle of the battery, expressed in [%/cycle]. In all
scenario simulations the battery capacity Ej/™ is updated every week
using Equation (3).

2.2. Rule-based control

The installation has an existing rule-based controller for the BESS as
depicted in the bottom of Fig. 2. At each control timestep, the rule-based
control can operate in 2 distinct sub-modes: (1) fixed charge and (2) self-
consumption mode. The time windows for each sub-mode are defined
in a daily schedule, summarised later in Fig. 4. In the fixed charge mode
the battery is charged at a constant power, Pkf ixed  chosen by the user.
The self-consumption mode aims to eliminate any grid import or export
depending on the measured building and PV load. If the current PV load
is greater than the building load, the controller will charge the battery
with the excess PV generation. On the other hand if the building load is
greater than the PV load, the battery will discharge to supply the deficit.
The rule-based controller is also subject to the battery power and stor-
age level constraints in Equations (6), (7) and (10). If these constraints
become active the grid will be used for the remainder, for example if
the battery is at its upper SoC limit any additional excess PV will be ex-
ported, and if the battery is at its lower SoC limit, any power deficit will
be imported. A flowsheet of the overall logic for the rule-based control
is shown in Fig. 1.

2.3. MPC formulation

In the proposed strategy, the MPC formulation minimises the over-
all electricity spend over the forecast horizon N, taking into account
separate import costs and export earnings, as shown in Equation (5),
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P, k = P, k -P max

excess ch
P, k > Pmax

ch _ pexcess
Pk - Pk

P =0

ex _—_ excess
PE* = P

dch _ pdch
Pk = Pthlx

im _ | pexcess dch
P = |P*%| — Prax
excess dch
|P, k |>P max

Pkdch — |Pls..\'cessl

P;gdl =0

Plim = | Pkexcessl

No

Fig. 1. Flowsheet demonstrating logic for rule-based control which is run at every low-level control timestep.

N
J= min Y [e}"P/" - ¢ P{| AT, (5)
PP k=0

where ei’" is the time-varying electricity purchase price, ¢® is a fixed
export price, and AT,,,. is the timestep of the MPC scheme. Equations
(1) and (2) are re-used to enforce the overall energy balance of the sys-
tem, and are formulated as constraints in the optimisation, along with
the physical system constraints listed below:

0< P <y Pt ©
0<PI < [1 -y, ] pieh %)
0<P" <z P ®)
0< P <[1-z] P, ©

These constraints limit the charging and discharging rates of the bat-
tery, and the import and export limits for the grid. Binary variables y,
and z; are used to enforce exclusive charging or discharging of the bat-
tery and exclusive import or export from the grid within one timestep.
As the battery functions primarily to provide backup power in the case
of a power cut, a lower SoC limit is set to ensure there is always a min-
imum quantity of energy in storage. To prevent losses and increased
self-discharge the upper SoC limit of the battery is also set. These con-
straints are shown in Equation (10). The minimum SoC is related to
the starting capacity of the battery as the reserve energy should not de-
crease as the battery capacity degrades. The upper SoC limit however
will change as the battery capacity degrades and so the point-in-time
capacity is used.

S0C,i, Ef™ < Ey £ S0C,00 E3™ (10)

max ™= M

Fig. 2 gives an overview of how the existing low-level control works,
and how it interacts with the supervisory MPC scheme. The MPC con-
troller operates at a longer timestep than the existing system control,
providing a setpoint to the battery controller, P;" ‘,’fery, which is held con-
stant over the MPC timestep, AT, .. In reality the building and PV loads
will be changing throughout the MPC timestep, and so the existing bat-

tery controller ensures that the overall energy balance, Equation (1), is

pv bu
B P Model Predictive

1
! 1
| 1
1 1
1 1
! eim, e Control !
1 1
1 PCh, Plg(:h |
I Supervisory MPC |
0y RO U g 1
Pt
E
Pkpv k+1
P]im' P]sx Pkfh, P,?Ch (—j

Existing System Control

Fig. 2. Supervisory MPC integration with existing system control.

adhered to at every low-level timestep, AT}, by changing the grid im-
port/export.

3. Case study
3.1. System description

This study is based on a commercial, grid-connected PV-battery sys-
tem in a UK supermarket, as depicted in Fig. 3. A 300 kWp photovoltaic
(PV) array is fitted to the roof, using a set of DC/AC inverters to sup-
ply a 3-phase, 400V AC bus which is connected to the grid supply point,
building incomer and battery system. Due to network constraints from
the Distribution Network Operator (DNO), the grid import capacity of
the site is limited to 250 kVA. In addition the export capacity is limited
to 250 kVA under a G99 connection and, assuming the transformer has
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300 kWp capacity
r N
200 kW limit

l 750 kWh storage

e

3-phase,
400V AC bus

250 kVA connection

Fig. 3. System configuration.

Table 1
Summary of technical parameters, battery degradation calculated from [30]
and battery efficiencies taken from [31].

Parameter Symbol Unit Value
Minimum SoC Limit SoC,,;, % 40
Maximum SoC Limit S0C,,.« % 95
Installed Battery Capacity Ejex kWh 750
Battery Power Limits plch peh kw 200
Battery Efficiencies Hes Ny % 94
Grid Power Limits P, P kw 237
Battery Degradation A %/cycle 0.0096
MPC Timestep AT, min 30
Low-Level Timestep ATy, min 5

a power factor of 0.95, this gives an effective import/export limit of 237
kWw.

To ensure the building’s critical systems can be powered in the event
of a power cut, a Battery Energy Storage System (BESS) was installed.
It uses 750 kWh Lithium Nickel Manganese Cobalt (NMC) cells, with
a rated AC charge/discharge up to 200 kW. Typically in supermarkets
this emergency power functionality is provided by a backup diesel gen-
erator, but here a battery system was chosen for two main reasons: (1)
to provide peak shaving if grid import limits are breached (2) better
utilise the on-site PV generation to reduce the overall carbon emissions
of the site. To ensure this backup supply is always available, the lower
SoC limit is 40% and to maintain good battery health the upper SoC
limit is 95%. The degradation of battery storage is based on the manu-
facturer warranty, which guarantees a 3.5% degradation rate per year,
based on one full charge/discharge cycle per day [30]. The technical
specifications of the system are summarised in Table 1.

One year of historical energy datasets were collected from the site,
covering the period from July 2023 - July 2024. Pulse meters log the
cumulative energy flow for each system every 5 minutes, allowing us to
calculate the average power flows over each interval. The storage level
of the battery is also logged at the same interval. Hourly, wholesale,
day-ahead electricity prices for the UK were collected from NordPool
[32], and combined with other relevant network and environmental
obligation charges as outlined in [33], to generate the site’s electric-
ity price profile. National Grid ESO provides an API service to quantify
the historical carbon intensity of the grid, based on the generation mix
at half-hourly resolution [34].

3.2. Scenarios

The scenarios considered in this study are outlined in Table 2. In ad-
dition to the three control scenarios, a baseline scenario is introduced
where the building has a grid connection and onsite PV, but no BESS
installed. This acts only as a reference scenario to calculate the sav-
ings of the three proposed control scenarios. S1 represents the nominal
rule-based control approach used in the system. From 00:00 - 06:00,
a fixed charge occurs to fully charge the battery, utilising cheap elec-
tricity prices during the early hours of the day. From 06:00 - 00:00 the
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Table 2
Overview of scenarios considered.

Systems Considered

Scenario Battery Control
Grid PV BESS Cloud
Baseline None X X
S1 Rule-based X X X
S2 Rule-based X X X
MPC Model Predictive Control X X X X

system operates under a self-consumption mode as described in Sec-
tion 2.2. This maximises on-site consumption of PV generation to reduce
the site’s electricity spend and carbon emissions. However, during ini-
tial studies of this control approach some areas for improvement were
identified. First, the length of the morning charge period meant that
during the self-consumption period the battery would reach the upper
SoC limit relatively early in the day, leading to significant export of ex-
cess PV generation. Secondly, the second half of the self-consumption
period, when the building load is supplied by the battery system, did
not always coincide with the high electricity price period taking place
from 17:00 - 19:00.

S2 was introduced to use the same rule based control logic, but better
schedule the charge and self-consumption periods by analysing the typ-
ical building load and daily electricity price patterns. In this scenario,
the initial fixed charge period is reduced to 00:00 - 04:00, followed by
a four hour self-consumption period from 05:00 - 09:00. During this
self-consumption period the battery charge limits are set to [-200,0],
meaning the battery can only discharge. As a reminder, during this self-
consumption mode, the battery will only discharge power equal to the
current building demand. This provides a small arbitrage opportunity,
while also ensuring the battery is at its lower storage limit as the sun
starts to rise to allow as much excess PV generation as possible to be
stored in the battery system for the next self-consumption period from
09:00 - 17:00. During this next period the battery is not allowed to dis-
charge. The final self-consumption period is from 17:00 - 00:00 and
here the battery is allowed to discharge to align with the aforemen-
tioned evening spike in electricity price. Both schedules for S1 and S2
are outlined in Fig. 4.

The third scenario uses the supervisory MPC approach outlined in
Section 2.3. The MPC timestep was chosen as 30 minutes, and a forecast
horizon of 12 hours was chosen to align with availability of day-ahead
electricity prices. Perfect prediction models for both the PV generation
and building load are used, wherein the MPC is provided the measured
average power flows across each MPC timestep for the entire forecast
horizon. This assumption allows us to quantify the best possible perfor-
mance of a supervisory MPC scheme in this type of application, and can
easily be modified in future work using predictive building load [35]
and PV generation models [36] available in literature. The MPC scheme
is considered to be deployed in a cloud-based platform as demonstrated
in our previous work [26].

3.3. Lifetime financial analysis

To quantify the relative financial performance of each control ap-
proach, the three scenarios are simulated over the lifetime of the system,
defined as the time until the BESS degrades to 70% of its starting ca-
pacity. By defining the lifetime in this way, it captures any trade-offs in
aggressive strategies which may have greater initial cost savings, but re-
sult in premature degradation of the battery. To facilitate this, the one
year of historical data is extrapolated into the future using a number
of assumptions. PV generation capacity is assumed to degrade linearly
at a rate of 0.98%/yr, as presented in [37] which studied the degrada-
tion of similar sites in the UK and grid carbon intensity is assumed to
reduce by 7.5% year-on-year, inline with the historical decarbonisation
rate observed from 2019 - 2024 [34].
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Time 00—02|02—O4|04—06 06-08 | 08-10

S1

Charge limits kW:
[-200,0]
SoC % limits:
[40,100]

S2

Self
Consumption

0 kw

Charge limits kW: [0,200]
SoC % limits: [40,100]

Charge limits kW: [-200,200]
SoC % limits: [40,100]

Charge limits kW: [-200,200]
SoC % limits: [40,100]

Fig. 4. Overview of the daily BESS charging schedule for scenarios S1 and S2.

The Net Present Value (NPV) of a project is typically used to quantify
the financial attractiveness of an investment. It calculates the current
value of a future stream of annual payments from a project, taking into
account the upfront capital expenditure (CAPEX) and ongoing operating
expenditure (OPEX), shown in Equation (11).

N

RI
NPV =

= (1 +i)

1D

where R, represents the net cash inflow during year ¢ and i represents
the discount rate, which is the expected rate of return from a similar
project. The overall capital cost of the battery system, Cp,, is shown
in Equation (13) using the approach presented in [38], which breaks the
BESS cost into four components: (1) energy storage, O 44, (2) Power
Conversion System (PCS), Opm, (3) Balance of System (BOS), O,,,, and
(4) Construction and Commissioning (C&C), O,g,.. The MPC scenario
includes an additional capital cost to integrate the existing battery con-
trol system with the cloud-based platform, C;”*". This cost was quoted
from a 3rd party provider, and includes connecting and configuring a
Modbus connection from the battery controller to an existing gateway
device in the store, which connects to the cloud platform via an Ether-
net connection. The total CAPEX for the MPC scenario is assigned as a
negative cashflow in year 0, as shown in Equation (12). S1 and S2 re-
quire no integration with the cloud and so this term is not included for
these scenarios.

RO = _Chmtery - CCC;:,I::ZC (12)
h
Cbattery = (Oxtomge + Oc&c) E(r)nax - ( pes + Obox) Prfzax 13

The subsequent annual cashflows, R, o for each scenario, j are cal-
culated using Equation (14). This is the difference in electricity spend

between the scenario ij.“, and the baseline case, Cf’b‘;‘m“ne, accounting
opex ’

for any ongoing operating costs, C." . The annual electricity cost for
each scenario is shown in Equation (15), using the site specific variable
import price, ¢!, and fixed export price, e®*.

— (elec _ (elec _ opex
RTJ - Ct,baseline t,j Cj 14
T
elec _ im pim __ _ex pex
G, = Z [ek P —e" P (15)
k=0

All three control scenarios have an ongoing operating cost relating
to the maintenance of the battery system. In addition, the MPC scenario
includes the operating cost for the cloud-based platform. The overall op-
erating cost for each scenario is shown in Equation (16). The MPC cloud
costs are composed of the cloud infrastructure costs to host the data
storage and control logic in Amazon Web Services (AWS), C,,,,, as well
as an annual membership for the day-ahead electricity price API from
NordPool, C,,. 4, and irradiance forecasting API from OpenWeather,
O,y qpi- Although this approach uses a perfect prediction MPC model,
and as such not using forecasts of irradiance, this cost would be re-
quired in a real MPC deployment, and so it is included in our analysis.
All input parameters are summarised and referenced in Table 3. Note

Table 3
Summary of financial parameters, ® was quoted from a third party provider
while P were provided by the building operator.

Parameter Symbol Unit Value Ref
Storage Capital Cost Oyorage $/kWh 161 [39]
PCS Capital Cost Opcs $/kW 184 [38]
BOS Capital Cost Opos $/kW 97 [38]
C&C Cost 0.4 $/kWh 98 [38]
Maintenance Cost 0, $/kW/yr 8 [38]
Cloud Capital Cost corer $k 13.72 -

Cloud AWS Infrastructure Cous $/yr 163 [26]
Electricity Price API Colec.api $k/yr 1.88 [32]
Irradiance Forecasting API Oy api $/request 0.13 [40]
Electricity Export Price e $/kWh 0.08° -

Discount Rate i % 10° -

Grid Decarbonisation - %/yr 7.5 [34]
PV Degradation - %/yr 0.96 [37]

that electricity prices and cloud CAPEX and OPEX costs were converted
from GBP to USD, using an exchange rate of 1.30 USD per GBP.

Cr =0, + I, ae)
60(24)(365)
CZ[‘:;); = Caws + Celec,ap[ + Oirr,api AT @a7)

JAV -

In addition to the financial metrics, the total carbon emissions and
average carbon intensity of each scenario are also presented. In the UK,
the half-hourly carbon emissions of the grid, gi”d, are calculated by
National Grid, and made available through their carbon intensity API
[34]. Using these data, along with the simulated grid import power in
each scenario, P]i"’, the annual carbon emissions G can be calculated
from Equation (18),

AT, &

G=— 2 P s)
k=0

where N is the total number of low-level timesteps in a year. This calcu-

lation assumes onsite PV generation has no associated carbon emissions.

The average carbon intensity of electricity consumed by the building, g,

can then be calculated using Equation (19).

&= 7605 ™ 19
ATy Yo P
4. Results

First a comparison of the annual performance of each scenario is pre-
sented, followed by a summary of the lifetime financial performance.
Finally a sensitivity analysis is conducted on key parameters to under-
stand the performance of the MPC solution under different conditions.

4.1. Annual performance

Fig. 5 shows the daily performance of each control scenario for a
summer day. From the plot it is clear that S2 is performing as expected,
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Fig. 5. Daily plot of S1 (left), S2 (middle) and MPC (right) for an August day.

improving the utilisation of on site PV generation compared to S1. S2
both reduces the morning fixed charge period to 4 hours, and starts dis-
charging the battery one hour earlier, allowing the battery to store more
of the excess PV generation from 09:00 - 13:00. This in turn leads to a
reduction in exports from the site which is favourable as the fixed export
price of 0.08 $/kWh is lower than the lowest import price of around 0.29
$/kWh. The MPC further improves the performance compared to S2 via
the same mechanism. Due to its 12 hour forecast horizon the MPC con-
troller can pre-empt the large volume of PV generation that will occur
during the day, and hence decides to only charge a very small amount in
the morning from 03:00 - 04:00. This leaves the entire usable capacity
of the battery free to store excess PV generation from 09:00 - 16:00.

Fig. 6 shows the daily performance of each scenario for a day with
lower PV generation in January. In this situation the building load will
almost entirely consume the onsite PV as it is generated, and so the
control system should ideally focus on price arbitrage. Here S2 actually
performs worse than S1 as its scheduling is optimised for days with ex-
cess PV generation, which is more impactful for the annual performance.
During winter days the earlier self-consumption discharge period in S2
from 05:00 - 09:00 isn’t needed as all PV is immediately consumed by
the building. Ideally the battery controller could use different rule-based
strategies depending on the season, however this would require recom-
missioning the controller throughout the year. These engineering service
costs would be high and exceed the potential savings. In the MPC sce-
nario there are two clear load shifting events, first a small charging event
at 02:00 and discharging from 06:00 - 10:00, then a larger charging
event from 14:00 - 16:00 allowing it to fully discharge the usable bat-
tery capacity from 17:00 - 22:00 during the high price period, reducing
grid imports as much as possible.

Table 4 summarises some key performance indicators (KPIs) for the
first year of operation to contextualise the relative performance of each
control scenario compared to the baseline. As discussed, all scenarios
lead to an increase in direct PV utilisation, shown by the decreasing ex-
port volumes, from 68 MWh in the baseline to 25 MWh for the MPC sce-
nario. Due to load shifting behaviour, all control scenarios actually result
in a greater net volume of electricity imports compared to the baseline
case. For example, S1 imported 509 MWh net compared to only 488
MWh in the baseline, however as expected the net import cost is lower,
as overall the electricity is imported at a lower price. The MPC scenario
for example reduces net import costs by $16.6k compared to the base-
line and $9.9k compared to S1, a 9.6% and 6.0% saving respectively.
Compared to the baseline, all control scenarios reduce operational car-
bon emissions, even though these are not explicitly considered in any of
the control scenarios. Day-ahead electricity prices are high during pe-

Table 4
Annual electricity volumes/costs for imports and exports, and annual carbon
emissions and average carbon intensity in Year 1.

KPI Baseline S1 S2 MPC
Electricity Import [MWh] 555 552 534 530
Electricity Export [MWh] 68 43 27 25

Net Import [MWh] 488 509 507 505
Electricity Import [$k] 178 169 165 158
Electricity Export [$k] 5.3 3.4 2.1 2.0

Net Import [$k] 173 166 163 156
CO, Emissions [tCO,] 79.3 74.9 73.7 71.5
CO, Intensity [gCO,/kWh] 95.9 90.6 89.2 86.5

riods of high demand, which is generally when more carbon intensive
generation sources are powering the grid. As our control scenarios aim
to reduce consumption during high-price periods, this also indirectly re-
duces the average carbon intensity of electricity consumed on site. The
MPC scenario reduced annual carbon emissions to 71.5 tCO,, a reduc-
tion of 9.8% compared to the baseline, and 4.6% compared to S1.

4.2. Lifetime financial analysis

The breakdown of CAPEX and OPEX for each scenario is shown in
Fig. 7. S1 and S2 both use the existing rule-based control framework, and
so have the same CAPEX and OPEX costs totalling $250k and $1.6k/yr
respectively. For the MPC deployment an additional $13.7k is required
to integrate the battery controller with the cloud-based platform, bring-
ing the total CAPEX for this scenario to $263.7k. The $250k battery
cost is split into $120k (48%) for the storage packs, $73.5k (28%) for
the construction and commissioning, $36.8k (15%) for the power con-
trol system and $19.4k (9%) for the balance of system. This brings the
total unit storage cost to $333/kWh. In addition to the ongoing battery
maintenance, the operating costs for the MPC scenario include an an-
nual subscription to the NordPool API for day-ahead electricity prices
$1.85k/yr, use of the irradiance forecast API $2.28k/yr, and ongoing
platform costs for AWS $0.16k/yr. This brings the overall operating cost
for the MPC scenario to $5.89k/yr.

Table 5 summarises the lifetime performance of each scenario with
reference to the baseline case. As discussed, S2 benefits from the in-
formed rule-based scheduling, increasing the net savings in year 1 from
$5.1k in S1 to $7.6k. Interestingly, S2 also utilises the battery stor-
age slightly less than S1, only cycling 750 kWh/day compared to 823
kWh/day in S1. This leads to a notable increase in the battery lifetime,
from 15.6 years to 17.1 years. The MPC scenario also provides an im-
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Fig. 7. CAPEX OPEX breakdown.

provement compared to S2 and, taking into account the $5.89k/yr OPEX
costs, the net savings in year 1 increase from $5.1k in S1 to $10.7k in
the MPC case. Interestingly the battery lifetime is again increased to
20.3 years by utilising the battery less, only cycling 635 kWh/day on
average. For each scenario, the battery lifetime is defined as the time to
reach 70% of original storage capacity, which in these simulations took
3,100 cycles. These estimated battery lifetimes are higher than those
quoted in other studies which typically quote lifetimes of 10 years with
2,000+ cycles [41]. This is primarily due to selecting a 70% capac-
ity degradation as end of life, rather than the industry standard 80%
threshold. By choosing a lower capacity threshold the lifetime utilisa-
tion of the expensive BESS is increased therefore increasing its capital
recovery.

Notably in all scenarios the NPV is negative, meaning that installing
the battery system under any control approach is not financially attrac-
tive. This result is due to two main causes; the high unit storage cost of
current NMC battery cells, and the fact that the lower SoC is limited to
40% in order to provide backup supply and peak shaving to the store. In
this sense the NPV for each scenario could be interpreted as the lifetime
cost to provide this backup power functionality using a battery system.
It is worth noting that no residual value is assigned to the battery but in
future, as the second-hand battery market develops, it could be sold on.
In any case, there is a clear improvement in NPV across each scenario,
from -$213k in S1, to -$195k in S2, to -$187k for MPC.

Table 5

Summary of lifetime KPIs for nominal price scenarios.
Lifetime KPIs S1 S2 MPC
CAPEX [$k] 250 250 264
OPEX [$k/yr] 1.60 1.60 5.89
Year 1 Net Savings [$k] 5.1 7.6 10.7
NPV [£K] -213 -195 -187
IRR [%] -14.2 -9.8 -6.5
Battery Lifetime [yr] 15.6 17.1 20.3
Battery Usage [kWh/day] 823 750 635

4.3. Sensitivity analysis

This section presents a sensitivity analysis of a number of variables
to better understand how the NPV of the MPC solution varies under
a range of conditions. Firstly the total CAPEX of the battery system is
varied, to inform future deployments when battery costs are expected
to reduce [42], and on the other hand for operators who may only have
access to more expensive systems. The cloud operating costs are also
included for the same reasons. Electricity price and discount rate are
also both studied, to inform a wider range of users who may have access
to different prices and discount rates in different regions. Finally the
installed battery capacity is varied, to inform users who are yet to install
a battery system.

Fig. 8 shows the effect on lifetime NPV for the nominal MPC case
with corresponding percentage changes in key financial parameters. The
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Fig. 8. Sensitivity analysis for nominal MPC formulation.

battery cost is the most sensitive parameter, with a 50% reduction in to-
tal battery cost resulting in an increase in NPV from -$187k to -$62k.
Extrapolating this trend further, the total battery capital cost would need
to decrease by 75% in order to reach an NPV of 0, equating to a total unit
storage cost of $83/kWh. At this point the savings from MPC operation
of the battery system would completely offset its cost, essentially provid-
ing the backup power functionality for free. As expected the electricity
price is also an impactful variable, increasing the NPV from -$187k to -
$108k when prices are increased by 50%. The cloud operating costs and
discount rate are less impactful. The battery capacity sensitivity shows
that the storage size could have been decreased by 50% to increase NPV
from -$187k to -$149k, however this would also reduce PV utilisation
and increase overall carbon emissions.

The sensitivity analysis presented in Fig. 8 demonstrates the effect of
linearly scaling each variable in question. When considering the effect of
electricity price on the MPC performance, it is not only the magnitude
of the electricity price which matters, but also the variation in price
across a day. For example, in days with greater variation in electricity
price (higher volatility) the effect of load shifting should be much more
significant as the difference between the high and low prices increases.
To investigate this, a high price volatility scenario was considered using
day-ahead electricity prices from July 2022 - July 2023 instead of the
nominal July 2023 - July 2024 prices. These higher volatility prices
were a result of the Russian invasion of Ukraine in 2022. This more
volatile day-ahead price profile could also represent electricity prices
in the future, where renewable penetration onto the grid is high. Fig. 9
compares the distribution of electricity prices in these two cases. In the
nominal case, the electricity price has a low volatility with a standard
deviation of just 0.05 $/kWh; in the high volatility case this increases
by more than a factor of 3 to 0.16 $/kWh. The mean price also increases
from 0.32 $/kWh to 0.44 $/kWh.

Under this scenario of increased price volatility, the MPC scheme
performs much better, as shown in Table 6. The net savings in year 1
increase by over a factor of 2, from $10.7k to $22.8k. NPV is similarly
improved, going from -$187k to -$99k. The battery utilisation is also
higher, due to the more favourable load shifting conditions, increasing
from 635 kWh/day in the nominal price case to 731 kWh/day in the
volatile price case. This has a knock on effect on the battery life, which
is decreased from 20.3 to 17.6 years.

5. Discussion

The existing rule-based controller presented in S1 is notably im-
proved in both S2 and MPC scenarios via two main mechanisms: (1)
improving onsite PV utilisation, (2) improved load shifting considering
time-varying import prices. S2 uses the same rule-based control logic as
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Table 6
Summary of lifetime KPIs for nominal and volatile price cases.

Lifetime KPIs MPC - Nominal Prices MPC - Volatile Prices

Year 1 Net Savings [$k] 10.7 22.8
NPV [£K] -187 -99
IRR [%] -6.5 1.3
Battery Lifetime [yr] 20.3 17.6
Battery Usage [kWh/day] 635 731

S1, but with an updated schedule that takes into account general pat-
terns in the building load, PV generation and electricity price dynamics.
In the first year of operation S2 saved $7.6k net relative to the baseline
scenario, compared to $5.1k in S1, an increase of 49%. These savings are
easy to obtain without any capital or operational investment, and should
be considered for all existing PV-battery installations. The perfect MPC
scenario further reduces electricity cost, saving $10.7k net compared
to the baseline and increasing savings by 110% compared to the nom-
inal rule-based control in S1. However it is important to note that this
formulation uses perfect predictions of building and PV loads, and as
such it represents the best-case performance of an MPC solution. This
should be addressed in future work by considering forecast uncertainty
and implementing predictive building load and PV generation models.

This work clearly highlights the importance of considering imple-
mentation costs for MPC approaches. If only the operational savings are
considered, the performance of the MPC solution can be overestimated.
For example, the MPC scenario saved $16.3k in electricity cost in year
1 compared to the baseline, however this requires ongoing operational
overhead of $5.89k/yr, reducing the potential savings by nearly 35%.
Over 96% of the MPC operating costs are related to using the electricity
price and irradiance forecasting APIs, and this could represent an easy
area to cut costs in other use-cases. For example, if the user knows their
electricity price profile in advance, or they can estimate their PV gen-
eration based on freely available weather forecasts. Alternatively, if a
system operator has multiple installations these costs can be split across
each location. In addition to the extra operating costs, an upfront cost
of $13.7k is required to integrate the cloud-based MPC solution onsite,
which is notable, but relatively small compared to the $250k cost of
the battery system itself. Overall, it is clear that the total installed cost,
and ongoing operational costs, of a solution must be considered when
evaluating its feasibility.

Despite the savings potential from improving system control, the
overall lifetime cost for installing a backup battery system remains rela-
tively high. The nominal MPC scenario still results in an NPV of -$187k,
which as discussed represents the lifetime cost of using a BESS system
to provide backup power to the building. Typically this functionality



M. Bird, R. Andraos, S. Acha et al.

would be provided by a diesel generator, which has an upfront cost of
$60 - 75k with relatively low maintenance costs [43]. The poor lifetime
performance for the BESS control scenarios is mostly due to the high up-
front cost of a BESS system itself, estimated at around $333/kWh in this
study. Sensitivity analysis shows that the BESS installation cost is a sig-
nificant parameter, for example, reducing the total unit cost by 50% to
$167/kWh would improve the NPV from -$187k to -$62k. This could be
achievable in the coming decades, with lithium pack costs estimated to
fall to around $100/kWh by 2035, and $71/kWh by 2050 [42]. Impor-
tantly these price forecasts only relate to the lithium packs themselves,
so assuming the same ratio of pack cost to total installed cost used in
this study (50%), this would give $200/kWh BESS cost by 2035 and
$142/kWh by 2050.

Volatility in electricity prices is also a significant parameter that af-
fects the performance of the MPC scenario. When considering the highly
volatile electricity prices experienced during the Russian invasion of
Ukraine, the net annual savings of the MPC scenario in year 1 increases
by over 100%, from $10.7k to $22.8k. The battery is utilised more to
provide load shifting, which slightly decreases its lifetime, but still im-
proves the overall NPV from -$187k to -$99k. The generalisable MPC
formulation is well able to adapt to the new electricity price profile
without any modification to the formulation, which is a benefit com-
pared to the rule-based control approaches in S1 and S2. Although it
is unlikely electricity prices will return to these extreme levels for a
sustained period, higher volatility in electricity prices could be experi-
enced in the future. Renewable generation capacity is expected to grow
across the world, along with increased electrification in areas like trans-
port and heating. These factors will exacerbate the existing mismatch
between electricity generation and demand, increasing price volatility
across the day. In these cases, MPC approaches offer an attractive so-
lution to reduce operating costs and robustly managing flexible energy
systems.

6. Conclusions

Smart management of integrated energy systems is essential to sup-
port the ongoing decarbonisation of the built environment. There are
many studies in this area, but few focus on the real-world implemen-
tation and lifetime cost of advanced control solutions. With this moti-
vation, this paper simulates and compares the lifetime performance of
two rule-based controllers and a supervisory MPC scheme to operate a
commercial PV-battery system. By presenting this comprehensive finan-
cial analysis based on data from an existing site, our work supports the
informed uptake of smart control schemes in the built environment.

The upfront cost of the battery is estimated at $250k, with an on-
going maintenance cost of $1.6k/yr. The existing rule-based controller
saves 2.9% in annual operating costs compared to the baseline approach
which doesn’t use a battery system. These savings are increased to 4.3%
by considering an informed rule-based controller which is configured us-
ing the existing hardware, but with informed knowledge of the PV and
building loads, and typical electricity price dynamics. Then, a supervi-
sory MPC approach is formulated to minimise the net cost of operating
the site, taking into account time varying import costs as well as export
earnings. Here, annual operating savings increase to 6%, taking into ac-
count the $13.7k cost to integrate the existing battery controller with the
MPC scheme, and additional $4.3k/yr to run the cloud-based platform.
In addition, annual carbon emissions are reduced by 9.8% despite not
being explicitly considered, due to the correlation between high carbon
intensity high energy prices. Further sensitivity analysis showed that
MPC savings increase to 13.3% when considering volatile energy prices
from 2022. Despite these control improvements, all control scenarios
have a negative NPV, primarily due to the high upfront cost of battery
systems.
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