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Abstract

Power management of photovoltaic generation, flexible loads, e.g., electric vehicles and
heat pumps, and battery energy storage systems (BESSs) have become important for energy
arbitrage. This work develops a two-level power management model for day-ahead and
real-time scheduling, where the contribution of flexible loads (e.g., vehicle-to-grid (V2G)
use) and BESSs is compared, considering different load types, load sizes, seasons, and
battery degradation. An empirical degradation model has been linearized and incorporated,
including cyclic and calendar aging. The results showed that the seasonal effect significantly
influences the grid power exchange and the V2G use. Moreover, the load type has a notable
impact on the flexibility of the node since commercial grids import less grid power and
use less V2G due to lower flexibility. Furthermore, a larger load size decreases the need for
BESS use and increases the likelihood of V2G use. While degradation has a small effect
on the total cost of small aggregated loads, the effect increases notably as the size of the
load increases, while it also greatly reduces V2G and BESS use. Finally, the model has been
validated against benchmark and control models, showing cost reductions of up to 5.81%
and 30.6%, without and with BESS use, respectively.

Keywords: battery energy storage; degradation; electric vehicles; heat pumps; MIQP;
power management; PVs

1. Introduction

Electric mobility and heating with electric vehicles (EVs) and heat pumps (HPs),
respectively, will play a huge role in the energy transition since transportation and heating
constitute major contributors to carbon emissions [1,2]. For example, a recent analysis
published by Eurostat [3] showed that 40% of the total carbon emissions in Europe in
2022 are caused by the transportation (26.2%) and building sectors (13.8% for residential
and commercial buildings). However, uncontrolled adoption of EVs and HPs can cause
several grid impact issues, such as overloading, voltage violations, peak demands, etc. [4].
Moreover, a high penetration of renewable energy sources (RESs) is expected, such as
distributed energy resources (DERs) and photovoltaics (PVs). However, rapid PV output
fluctuations can further jeopardize power quality in future distribution grids (DGs), e.g.,
provoking voltage unbalance, flickering, etc. [5].

Therefore, on the one hand, power management of PVs, flexible loads such as EVs and
HPs, and (battery) energy storage systems ((B)ESSs) in energy management systems (EMSs)
will become necessary in future low-voltage (LV) DGs with the aim of energy arbitrage with
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minimum cost, PV self-consumption increase, and avoiding grid violations [6,7]. Demand-
side management (DSM) concepts have emerged to assist in the power scheduling of EMSs
performing load shifting, load shedding, etc. [8]. On the other hand, ancillary services
such as frequency regulation or congestion management can be provided to the power
grid [9,10]. In this regard, the vehicle-to-grid (V2G) capability of the EVs can also provide
significant support, transforming the EVs into mobile ESSs [11]. Such EMSs have been
developed on a household level, e.g., home energy management systems (HEMSs) [12],
or grid load level, usually using aggregators [7]. Additionally, several uncertainties are
present in power management, which can affect the objectives of the EMSs, such as the
intermittent supply of PV power, weather conditions, energy prices, EV driving patterns,
etc. [1,13]. Therefore, EMSs specialized in dealing with uncertainties have been developed
following stochastic, robust, and model-predictive-control (MPC) approaches, such as
in [14-16].

Several power management systems (PMSs) exist in the literature that exploit the
flexibility of low-carbon technologies (LCTs), such as PVs, EVs, HPs, and ESSs, with various
objectives and demand response (DR) strategies, such as energy arbitrage, peak shaving,
voltage control, frequency regulation, congestion management, and other ancillary services
provision. Due to the scope of this work, the next section is devoted to the review of such
existing ESS-integrated PMSs in the literature. It must be noted that with the term power
management, this work refers to the management of the power flows (optimal dispatch)
within a system with distributed LCTs. We acknowledge that in the literature, such systems
are commonly known as energy management systems (EMS). However, the term PMS was
selected because these systems actually manage power rather than energy.

2. Literature Review and Contributions
2.1. Reviewed Power Management Studies

Different EV charging strategies were compared in [17] for appropriately correlating
strategies with different objectives, such as cost savings, congestion management, etc.
Moreover, single-level [6], bi-level [18], and tri-level control [19] models for EV charging,
building heating, and PV generation use have been developed for home- and grid-level
PMSs to cope with forecast errors from day-ahead scheduling and facilitate interaction
of aggregators with distributed system operators (DSOs). HPs were incorporated in the
PMS of [20], where EV and HP hosting capacities were increased up to 72% and 57%,
respectively, when optimized. Finally, the application of direct load control programs by
the DSO in a Swiss region comprising EVs and HPs was investigated in [21]. However,
ESSs’ flexibility was not considered in the studies.

ESSs represent another important candidate for flexibility provision in PMSs. ESS,
PVs, and EVs with V2G capability were integrated into the rule-based HEMS of [22] and
tested under different price mechanisms. Furthermore, uncertainties present in power
control, such as EV driving patterns, weather conditions, and energy prices, were effectively
managed in the two-stage stochastic dynamic approach in [14]. Stochastic approaches for
power control of PVs, EVs, and ESSs can also be found in the HEMSs of [23,24] and the
smart EV charging stations of [25,26]. While Markov decision processes were developed
for the uncertainty handling in [24,25], the Conditional value at Risk (CvaR) was utilized
in [23,26].

A goal programming approach was followed in [27] for the energy management of
a smart building equipped with PVs, EVs, and BESS, while different DR programs were
implemented in the developed residential HEMS of [28], which achieved a reduction in
electricity cost and peak-to-average ratio by 25.55% and 36.98%, respectively. Regarding
larger load-level studies, a district energy management system (DEMS) that managed RES,
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ESS, and EVs was formulated in [29] and solved deterministically and stochastically to
reveal the effect of uncertainties in power management. Voltage management was provided
by the same LCTs in the multi-agent distribution grid in [30], while the flexibility provided
by regenerative braking energy combined with PVs and ESSs was studied for the integrated
rail system and EV parking lot in [31]. In [16,32], the authors also considered the effect
of battery degradation, where centralized and decentralized strategies were compared
concerning the PMS performance. Moreover, battery degradation was also accounted for in
the studies of [33,34], which investigated the potential of the PV-EV-ESS cooperation for
ancillary services provision. Additionally, an optimal sizing and control study considering
lifetime cost and performance analysis can be found in [11]. The analysis also focused on
FCR provision, considering component degradation, but the effect of uncertainties on the
power control was left out of this study. However, none of the above ESS-integrated studies
exploited the flexibility of HPs in their investigations.

Regarding HP integration in ESS-integrated studies, PVs, HPs, and ESS were combined
in the building-level MPC studies of [35,36], and the deep-learning study of [37] for energy
arbitrage, showing significant cost savings. Furthermore, ref. [38] compared PV-BESS-gas
boiler and PV-BESS-HP-TES configurations in smart buildings concerning total cost and
uncertainty management. Different ESS control strategies for self-consumption increase
were studied in [39], and a carbon and cost analysis was conducted in [40] for PV-HP-TES-
integrated PMSs. HPs and TES/BESS were also coupled using demand-side management
(DSM) strategies for peak reduction and uncertainty management in the district-level
studies of [41,42] and the grid-level study of [43], where different energy demands were
considered for residential, commercial, and industrial areas. PVs were also integrated into
the PMSs of [44] and of a virtual power plant (VPP) comprising 67 dwellings in [8], while
their contribution to ancillary services provision in multi-energy communities respecting
the thermal comfort of the residents was shown in [45]. The synergy of thermal and
electrical storage was also considered in [15,46], showing the benefits of their coupling in
multi-carrier microgrids when scheduling under uncertainties. However, EVs were not
accounted for in all of the above HP /ESS-integrated investigations.

A PV-EV-HP-TES PMS study with uncertainty management was conducted in [47],
where the authors compared rule-based and MPC techniques considering cost-, carbon-,
and flexibility-oriented objectives. Multi-objective HEMS and BEMS were developed
in [48,49], respectively, which manage PVs, EVs, HPs, BESS, and non-flexible loads. Con-
sidered objectives were the total cost, thermal and habit discomfort, EV range anxiety
discomfort, max PV self-consumption, etc. However, the battery degradation effect was
ignored in these studies. On the contrary, an optimal trade-off between energy and battery
degradation costs was searched in the MPC study in [50], but the seasonal effect was not
considered. Finally, both seasonal and degradation effects, as well as uncertainty man-
agement, were incorporated in the two-stage model in [51], showing that BESS and EV
degradation costs are not negligible compared to the total energy cost. Finally, two building-
level PV-EV-HP-BESS control works can be found in [52,53], respectively. The effect of
the energy price and peak demand tariffs on the power management decision-making was
studied in [52], while the authors in [53] showed the importance of adaptation of the MPC
models according to deviations of uncertain variables from their forecasted values.

Nevertheless, while the studies in [47,50,51] considered PV, EV, HP, and ESS solutions,
they all remained on a home or building level. A grid load-level study was conducted in the
multi-objective robust work in [54], where the cooperative optimization of three integrated
energy systems was found via a Nash bargaining problem. However, consideration of V2G
was left out of the study. A smart-grid analysis that comprised PV generation, HPs, EVs, and
thermal energy storage can be found in [55], which showed that a coupled control system
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could effectively improve PV self-consumption by 77%. However, the degradation effect
was ignored while the study remained on a microgrid level comprising three buildings.
Additionally, a grid load-level analysis was conducted in [56], which studied a robust EMS
against uncertainties and various uncertainty budgets. However, various effects such as
the seasonal, degradation, and grid size effects were not incorporated in the study.

Recently, machine-learning (ML)-based PMSs have attracted significant attention due
to their ability to learn complex operating environments directly from historical data and
adapt to uncertain user behavior and renewable generation. In particular, deep reinforce-
ment learning (DRL) has been successfully applied to residential HEMS integrating PV
generation, BESSs, EVs, and HPs, enabling adaptive scheduling under uncertain electricity
prices, renewable production, and occupant behavior [57,58]. Furthermore, machine-
learning techniques, such as artificial neural networks (ANNSs), have been combined with
DRL to improve load and PV forecasting while simultaneously optimizing battery schedul-
ing, resulting in enhanced online decision-making capabilities and reduced operating
costs [59]. Other studies have investigated hybrid frameworks that combine mathematical
optimization with RL, where deterministic scheduling is performed using mixed-integer
programming (MIP) while RL is employed to manage stochastic resources such as bat-
tery storage or EV charging, thereby exploiting the strengths of both methodologies [60].
More recently, RL-based HEMSs have been extended to simultaneously consider occupant
comfort, multiple flexible household loads, and energy storage devices, demonstrating the
capability of DRL to coordinate heterogeneous residential assets under dynamic operating
conditions [58]. In parallel, comprehensive reviews have highlighted the rapid adoption
of reinforcement learning for demand response, distributed energy resources, residential
energy management, and hybrid power systems, emphasizing its ability to continuously im-
prove scheduling policies through interaction with uncertain environments [61-63]. Finally,
data-driven PMSs have also been proposed in [13,64] to better cope with the uncertainties
of online decision-making compared with the traditional approaches.

Nevertheless, these approaches generally require extensive historical datasets, sig-
nificant training effort, and careful hyperparameter tuning, while their decision-making
process is often less transparent than physics-based optimization models. In contrast,
physics-based models, such as mixed-integer programming (MIP) formulation, explicitly
model network constraints, device operational limits, thermal comfort requirements, and
EV mobility constraints while guaranteeing feasible and deterministic schedules. There-
fore, rather than considering ML /RL-based PMSs as direct competitors, they should be
regarded as complementary approaches that are particularly attractive for highly uncertain
environments, whereas optimization-based formulations remain well suited for applica-
tions requiring physical interpretability, explicit constraint handling, and deterministic
optimal solutions.

2.2. Contributions

Table 1 summarizes the reviewed ESS-integrated power management studies. Because
this work develops an aggregated grid load-level PMS, and the load size is very important to
its findings, only grid load-level studies are integrated in Table 1. Firstly, a large aggregated-
load PMS work that comprises PVs, EVs, HPs, and ESSs and considers multiple influencing
factors (e.g., different load types, load sizes, and seasons) for energy arbitrage without
grid violations is missing. Secondly, comparing the flexibility of ESSs and flexible loads
(e.g., V2G-capable EVs) in an EMS has not been investigated in studies that consider all
the above LCTs. Thirdly, the effect of battery degradation on power scheduling has not
yet been investigated in such aggregated load-level power management studies. However,
the consideration of battery degradation is especially important in large aggregated load
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studies that perform energy arbitrage, since the accumulated degradation costs from the
BESS and the multiple EV batteries can result in comparable numbers to the total power
management cost. Therefore, a two-level mixed-integer quadratic programming (MIQP)
model for both day-ahead (DA) and real-time (RT) scheduling of PVs, EVs, HPs, and
BESSs has been developed and tested under different seasons and load scale scenarios. The
contributions of this work can be summarized as follows:

(1) Develops a two-level MIQP PMS of PV generation, EVs, HPs, and BESSs and
investigates the contribution of BESSs and flexible loads, such as V2G, to energy arbitrage
without grid violations, which has not yet been investigated in earlier works.

(2) Applies the PMS for day-ahead scheduling and real-time scheduling, investigating
the influence of different seasons, load types (residential, commercial), small and large load
sizes, and battery degradation, which is still missing from the existing literature.

(3) Develops and integrates a linearized battery degradation model into the PMS,
which is based on a physics-guided semi-empirical battery degradation model that accounts
for calendar and cyclic aging and considers various degradation influencing factors, such as
time, temperature, C-rate, throughput, etc. The developed linearized battery degradation
model is effectively incorporated into the PMS, achieving high accuracy with significantly
lower computational burden than the original highly non-linear semi-empirical model.
According to the authors’ knowledge, this has not yet been conducted in the existing
MILP/MIQP large-load PMS works in the literature.

Table 1. Characteristics and contributions of grid load-level ESS-integrated power management studies.

Ref. PVs EVs V2G HPs T;;g Efasjé Seasons Ié(;;g I{;;c:
[41] v v
[43] v v v v
[46] v v
[42] v v v
[44] v v v
[15] v v v
[45] v v v v
(8] v v v v
[30] v v
[16] v v v
[31] v v v
[33] v v v
[29] v v v
(32] v v v v
[34] v v v v
[11] v v v v v
[54] v v v v v
[56] v v v v
[55] v v v v v
Work v v v v v v v v v

To highlight more the main contributions of this work, regarding the methodology,
the main modeling novelty is the linearization of a highly non-linear physics-guided semi-
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empirical battery degradation model and its integration into the MIQP PMS. While most
existing PMS works use a simple degradation formula, this work develops and validates a
linearization method whose application can be extended to other empirical degradation
models dealing with non-linearities, such as the Arrhenius dependence on temperature,
exponential dependence on C-rate, etc. Regarding the co-integration of LCTs, this work
contributes to the existing knowledge by encompassing and co-optimizing PVs, V2G-
capable EVs, HPs, and BESSs in networks with small- and large-scale load levels with
reasonable accuracy and computational time. The PMS manages to consider multiple
modeling details that are often ignored in the literature, such as the constant-current or
voltage charging regions for every LCT, and still makes the MIQP solvable, proving its
scalability and effectivity regardless of the load scale, even when managing hundreds
of buildings and EV chargers. In this regard, the co-optimization of detailed battery
degradation, cost savings, PV curtailment, EV charging, and thermal comfort in large load
scales burdens even more the computational expense of such models. This work is the first
study that has contributed to facing this computational challenge, modeling, and solving
such a power control problem. Finally, regarding the analysis, stationary BESSs and flexible
loads constitute competitive LCTS regarding their contribution to energy arbitrage. In
such competition, the scale of the loads plays a major role in the findings as to whether
uncertain flexible loads can be comparable with stationary storage. The load scale also
increases the importance of the degradation on power control, since the degradation of
hundreds of loads is accumulated. Finally, the behavior of the loads is also heavily affected
by the load type (residential or commercial) and the season (higher PV generation or load
consumption). These interdependencies have not been jointly analyzed before, and this
study provides the first systematic insights into their interactions.

The rest of this work is categorized as follows: Sections 3 and 4 comprise the concept
and modeling of the PMS, respectively, while Section 5 integrates the utilized case studies
and scenarios. Results are summarized in Section 6, while Section 7 integrates the discussion
and validation. Finally, Section 8 concludes this work, while a list of abbreviations is placed
at the end of the manuscript after Section 8.

3. Power Management Concept

The PMS aims to exploit in both levels the flexibility of the flexible loads (HPs and
V2G-capable EVs) and BESS to perform energy arbitrage, minimizing PV curtailment,
satisfying the charging and thermal comfort of the customers, and avoiding grid violations.
It is formulated as a decentralized node optimization; thus, all nodes are optimized simul-
taneously and independently. In this work, a “node” means an aggregation of buildings
equipped with PV rooftops and HPs, EV chargers, and a BESS (one BESS per node). EVs
that are connected to the EV chargers participate in the PMS after their state-of-charge
(SOC) surpasses a predefined threshold; in this work, this is assumed to be 20%. The
authors believe that it would be a very important limitation if the PMS were centralized.
Hence, every further re-optimization trigger due to a larger set of EVs or buildings would
substantially increase the computational expense. On the contrary, the developed PMS is
decentralized and optimizes every node distributionally by initially setting their power
limit setpoints (division of the grid capacity). In that way, the PMS is less affected by large
grid sizes with thousands of loads.

The PMS uses two optimization levels, which are described in Figure 1a. The first level
is used for DA scheduling, and it is a one-shot (single) optimization of the next day. It uses
forecast data about the EV driving patterns (e.g., requested energy, arrival SOC, arrival
and departure time, etc.) and the buildings” occupancy for the power management of the
EVs and HPs, respectively. It is triggered at the start of the day (00:00), and in addition to
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Forecast data
(buildings, weather,
PVs, EVs, HPs)

estimated
power setpoints

oy i iDay-ahead
energy prices

P—

providing an estimated power scheduling for the next day, it can be used in future work
for other purposes, such as bidding in the wholesale reserve market for ancillary services
provision. The second level is used for RT power scheduling, and it is formulated as an
MPC problem that uses rolling-horizon optimization (RHO) and triggers re-optimizations
upon certain events. This level initially uses predicted data about the EV driving patterns
and buildings’ occupancy to manage the horizon and replaces them with actual data when
the EVs finally arrive, and the buildings are (dis-)occupied, respectively.

Optimization Trigger
For every timestep

2 L
Checks EV chargers: Checks buildings:
1. Saves EV arrivals 1. Updates building
2. Updates parked EVs (dis)occupations
3. Separates SC/future-SC EVs 2. Corrects occupation
— 4. Saves time instant that future- forecast errors
< Ol?e'ShOt optimization SC EVs will enter SC & 3. Predicts future building
» Triggered at the start of the day Saves future EV arrivals occupation
» Participates in the energy market | |
» Provides DA schedule with forecasted data use ¥

Sets node’s optimization horizon until end of day or
latest EV departure of the node

DA power schedules of the nodes & Initialization of ‘
next day ; Saves weather data, predicted PV generation, load

system operator

Forecast & real data
(buildings, weather,

PVs, EVs, HPs)

' demand & energy price

> Rolling-horizon optimizations Sets node’s dynaxmscefrt)di ri)tcs)wer exchange limit
» Triggered at actual/expected EV arrivals and 8

building occupancy changes, EVs enter SC, etc. -
Calls Decentralized
. . T Optimization
» Corrects forecast errors with re-optimizations

» Provides RT schedule with real data use
(a) (b)

Figure 1. Description of the PMS concept: (a) Characteristics of the optimization levels of the PMS
(Adapted from [65] (CC BY)). (b) Flowchart of the PMS optimization levels.

Re-optimizations are triggered upon the events: start of the day (00:00), new /expected
EV arrivals, EV participation in power management (SOC > 20%), and new /expected
building occupancy changes. Finally, Level 2 can also be used for ancillary services provi-
sion, such as deploying offered frequency regulation reserves or congestion management.
For a realistic PMS simulation, if historical data is not available for the estimated DA
schedule, we assume a direct information feed between the customers and the PMS the
day before. Triggering re-optimizations, the RHO of Level 2 provides uncertainty manage-
ment and corrects forecast errors from the estimated DA schedule. The effectiveness of
this concept has been demonstrated by inserting a level of uncertainty in all optimization
triggers between the expected and the actual profiles using a normal distribution with 0’
mean and 15" max deviation. The PMS has been successful in achieving its objectives (EV
charging, building cooling/heating, PV curtailment minimization) at both levels. Hence,
using a bi-level formulation can provide uncertainty management.

The flowchart of the PMS model is depicted in Figure 1b. All depicted PMS steps
apply for both levels except for the red-colored ones that apply only for the RT scheduling
(Level 2). Every node is checked at every timestep for optimization triggers. When an
optimization is triggered, all EV chargers are checked for new EV arrivals, and the dynamic
charging characteristics of every parked EV are updated. Additionally, the EVs that have
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SOC > 20% and participate immediately in the power management (SC EVs) are separated
from the EVs that will participate in the future (future-SC EVs). Thereafter, the estimated
participation time of the future-SC EVs and the predicted future EV arrivals in the chargers
are saved. Simultaneously, the current occupation of every building is checked, while the
future dynamic building occupation is also stored. Afterward, the optimization horizon in
both layers is set until the end of the day or the latest EV departure between the EVs still
connected at the end of the day. The forecast data needed for the PMS, such as weather
data, PV generation, load demand, energy price, etc.) during the optimization horizon is
saved, and the dynamic grid power exchange limit setpoints are set for every node. All
nodes share a total power capacity for grid power exchange, which is divided among the
nodes according to the consumption level of their assets and is consequently used as a
setpoint for imported and exported grid power. Finally, the decentralized optimization is
called for the nodes with optimization triggers.

To further enlighten the function of the RHO on Level 2, an example is depicted in
Figure 2. As can be seen, this node comprises 2 chargers and 2 buildings. An example of
an optimization trigger is given at the actual arrival of Ch1-EV2. The PCS separates the
EVs into past EVs, arrived EVs, already parked EVs, future SC EVs, and future EVs that,
due to a low arrival SOC, do not enter directly into SC but after a specific time moment in
the horizon. In the same manner, the buildings are separated as occupied, non-occupied,
and future occupied. Because there is still a future connected EV at the end of the day, the
optimization horizon is extended until its departure on the next day. For every optimization
trigger, the end of the horizon still remains the same.

+ it | horizon T i i
1 1 1
Charger 1 gt L RAEE !_t EV enters SC i
g (predicted) ! (predicted) (predicted) l
é Ch1-EV1 : Ch1-EV2 Ch14EV3 i
past EV  arrived EV future EV ' ]
Time
Charger 2 :g w H i t—tf E E
8 (predicted) | (predicted) (predicted) i :
& | Ch2-EV1 | Ch2-EV2 Ch2-EV3 i E
past EV : parked SC EV future SC EV : :
- +H++ I + ' i Time
Building1 3 s ! = ! !
% (predicted) E (predicted) i
8 | Buil1-Occ 1 ! Buil 1-Occ 2 !
1 1 1
++ ' +++ ! ' Time
Building2 & Ao - E i
© .
g E (pr.edlcted) i E
S i Buil 2-Occ 1 . .
] 1 1
+ Predicted arrival earlier than actual : optim. trigger E l: Time
++ Predicted arrival later than actual | example end of | 1
44+  Predicted departure earlier than actual day 1 end of
H+++ Predicted departure later than actual horizonT

Figure 2. Example of RHO of Level 2 for daily simulation with buildings and EV chargers: Adapted
from [65] (CC BY).

Regarding the correction of forecast errors in EV and arrivals/departures and buildings
occupations/disoccupations, there are 4 different categories, which are marked with stars.
When an EV arrives later than predicted (one star), the PMS re-optimizes at the predicted
arrival moment, checks that the Ch1-EV1 has not arrived yet, and, in continuation, keeps
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re-optimizing for every timestep until it actually arrives. On the contrary, when an EV
arrives earlier than predicted (two stars), the PMS triggers re-optimization at the arrival
moment, notes that the EV arrived earlier, and does not re-optimize afterwards (until the
expected/actual arrival of another EV). A similar approach applies to the departures. When
the EV did not depart when predicted (three stars), the PMS keeps re-optimizing until it
does, while when it departed earlier (four stars), it is erased earlier from the optimization.
The corrections in the building occupancies are realized in the same manner.

4. Power Management Modeling

The developed MIQP PMS model is categorized into BESS/EV, building, node, and
degradation constraints. The model constitutes an extension of the MILP problem in [66]
and uses a timestep At = 5’ to maintain an efficient trade-off between accuracy and
computational expense. The utilized indices #, j, b, bes, t, T, ch, dis, init, end represent the
node, charger, building, BESS, time instant, optimization horizon, charging, discharging,
initial, and final, respectively. All equations apply for Vt € T unless stated otherwise.

4.1. Battery Energy Storage and EV Constraints

The EV and BESS constraints of the PMS model are listed below, where the indices a, d
represent the arrival and departure, respectively. The BESS modeled represents a lithium
ferrophosphate battery (LFP).

nj/best _ < inj/besty nt
Pch/dis = ]Ich/dls 14 (1)
n,j/bes,t n,j/ bes n,j/bes,t n,j/bes
0< Pch/dls < Pch/dzsmx &0 < Ich/dzs < Ich/dzsmx (2)

Equation (1) dictates the dynamic EV and BESS charging P/ i/ best

n,j/ bes,t n,j/bes,t n,j/ bes,t
P ] n,j and I ]

s powers, where [
discharging currents, CID”J = 31is the number of used phases, and V™ +t = V,om is the node

and discharging

are the 1nstantaneous phase charging and

voltage assumed steady at the nominal 230 V. The limits of charging and discharging
power and current are dictated in (2), which depend on the rated LCT specifications, e.g.,
according to most publicly available slow AC chargers in the literature [67] or commercial
V2G chargers, such as the Chademo Fermata Energy [68] (see Table 2).

pii/best n]/bes —|—Atz n]/best n]/bes,t) 3)

nlt dzs
mlf

GMij/bes,t Bn]/hest/B”]/hes

Slnozjes < g ,bes,t < SZzZZS (4)
DT B =0 v ¢ (177, )] (5)

The EV/BESS battery capacity dynamics B"/7¢t at every tlmestep At are modeled
in (3), where B, n’] /b is the initial battery capacity, equal to the arrival B;” for EVs and 50%
for the BESS. The EV/BESS SOC dynamics smi/best are modeled in (4), which depend on

the dynamic and rated battery capacity Bn’j /% of the BESS and EVs. The BESS SOC is

n,bes qn,bes
Slow ’ S high
and very high SOCs. On the contrary, all variables turn to zero in (5) for the EVs outside of

the EV parking time [T,”, i T, 1.

always limited in a selected interval [ ] to prevent accelerated aging at very low

Pn,j/hes,t < (S”rj/hes,t . ak— B

< (P —E)P a=10,p =9,k = 16 (6)

Chimax
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n,j/bes,t ,]/best n,j/bes,t n,j/bes,t
CUmax,ch ’)/ S ! + ()/I (7)
n,j/bes,t n,j/bes,t .
Ich S Icvmax/ch Y= 10
n,j/bes,t n,j/bes,t 1,j/bes,t
COmax,dis ’)’Ir 5 (8)
n,j/ bes,t n,j/bes,t _
Idis S IC'U,,,“ dis * = 10

Equations (6)—(8) model a linear approximation of the Constant-Current-Constant-
Voltage (CC-CV) BESS/EV charging/discharging region, derived by [9]. According
to (6) and (7), the EVs and BESS are charged with linearly increasing power up to
SOC = 90%, where the charging power reaches its peak value, and, consequently, the
power decreases linearly to zero when SOC reaches 100%. The CV discharging region
has also been considered in (8), according to which the power increases linearly to 100%
when SOC = [0%, 10%)], and consequently the EVs and BESS }aromde maximum discharg-
ing power at SOC = [10%, 100%)]. The variables Iy, ,/a If;zst Cvmigsht
EV and BESS discharging and charging power, respectively, during their respective SOC
intervals, and they depend on the rated EV and BESS currents I’ A/best
SOCs S™i/best, Parameters a, B, 7, k have been chosen as shown to create the slopes of the

are utilized to limit the
and the dynamic

explained linear approximations but can be moderated to create steeper or flatter slopes.

b?l;j/be“-f—b ,]/best < 1VteT (9)
n,j/ bes,t ,]/best ,]/bes

pifbest < prifbestphiltes gy e (10)
n,j/bes,t ,]/best n,j/ bes

Pdis < b dis dls max vteT (11)

Equations (9)—(11) dictate that charging power P,j, and discharging power Pj;s cannot
be realized simultaneously. Binary variables b ] & b”zj are introduced and correlated to
charging and discharging power, respectlvely, to activate only one mode at a time.

Ey) = By +am — B} (12)
Bini™ = M B & Bin® < e Bl (13)

Moreover, (12) dictates the EV unfinished charging gap EY, which is calculated
by subtraction of the departure capacity Bs’j from the sum of the arrival capacity By d
and the requested energy d"/. This gap induces penalty costs for the PMS to be paid
to the EV owners and is incorporated in the cost minimization of the objective function.

Bn,hes

Finally, (13) forces the final stored BESS energy B, ;" to remain at similar levels with the

n,bes : b b
it » with an accuracy error that depends on the u,7> , uyia, = 5%

capacity thresholds, to omit the influence of the initial BESS SOC because of the daily
simulation period.

initial stored energy B’
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Table 2. BESS and EV parameters of coordinated PMS model.

Par. Explanation Value
il EV Charg. Penalty 10 €/(1% SOC)
hZ}’lj EV Charg. Efficiency 0.95
s BESS Efficiency 0.98
cnhin N Max EV Charg. Power min(P/,22 kW)
;i,sjmax Max EV Disch. Power min(sz;Z ,20 kW)
nbes Max BESS 05C
ch/dismax (dis)charging Power
Blibes BESS Initial Capacity 0.5Bes
vt Node Voltage 230V
i/ bes Number of Phases 3
?h]m N Max EV Charg. Current min(IéZ{ ,32A)
ng . Max EV Disch. Current min(IZ’z;{ ,29 A)
gibes Min BESS SOC 10%
Spiets Max BESS SOC 90%
Viom Nominal Node Voltage 230V
W Capacity Thresholds 035, 105

4.2. Building Constraints

The constraints of the PMS model concerning the PV generation and HP heat-
ing/cooling of the buildings are listed below, derived by [4,69], where sur f, irr, sp, dhw, tank
denote the surface, irradiation, space, domestic hot water (DHW), and tank, respectively.

All constraints apply for Vt € T.

Viank = prprdhw (14)
Atank = 27T Rpank Hyank + 27TR (15)

L (Qupgy — Qiosg, )™
Tn,b,t — Tn,b + At Pdhw 0Sdhw 16
hiwinit ; Vtankcwatpwat (16)

b, b, b,

?osd;w - u"la”kAf‘mk(T;;hwiE - T (17)
T"rbrtdhw des (18)

dhw = Ydhw

Regarding the DHW), the total volume V},,x and surface area A;,,; of the DHW tank
are modeled in (14) and (15), where Ny, Vi, Ryauk, Hiank are the number of people in the
building, the estimated water volume per person, the tank radius, and the tank height,
respectively. The DHW factor f;;,, has been set at 1.25 to provide a 25% extra tolerance for
higher DHW use. The DHW temperature dynamics T;;;}Zét are dictated in (16), which depend
on the heating gains from the HP operation Qp,,,, and heating losses Qjqs,,  divided by the
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total thermal capacity of the tank water, where T;,;IZUW is the initial DHW tank temperature,
Cuwat is the water specific heating capacity, and pyq: is the water density. The tank heating
losses are modeled in (17) and depend on the difference between the tank temperature
T;;lz;t and the building temperature Tfr;b’t, where Uy, is the tank conductivity. Finally,
(18) dictates that for every building b, the DHW tank temperature must reach the desired
temperature Tgﬁf‘; at the desired time t4,,, which has been set at 09:00 for commercial
buildings and 07:00 or 19:00 for residential buildings (see Table 3).

; Qn,b,t
(VU (RN S P —— — )
sp SPinit % Cb + Vbcairpui”
Qi = Qi + Qi - Qs 0
Qn'b’t = (Z Uszsf + Cair Pair rb) (Tsnéh,t o Tut) (21)

sf

Table 3. Building parameters of the coordinated PMS model.

Par. Explanation Value
Z’;}b Discomfort Penalty 10 €/(°C At)
pen
Cho., PV Curtail. Penalty 10 €/ (kW At)
Cyp Build. Thermal Capacity 4.755 kWh/K
Vi Build. Volume 585 m3
Cair Air Thermal Capacity 0.279 Wh/kgK
Oair Air Density 1.225 kg/m®
Cuwat Water Thermal Capacity 1.16 kWh/kgK
Owat Water Density 993 kg/ m?
Ty Air Change Rate 03h71
T;‘nl”q Build. Min Temp. 17°
b Build. Max Temp. 27°
T;Zé’h High Comfort Temp. 23°
Tlréf} Low Comfort Temp. 21°
M1, M2 Big-M Parameters 10
HP Supply Temp.: space o 100 5
Tsup heating, cooling & dhw 35%,18° & 50
T:r;}; Ay Initial Space/DHW Temp. 22°
Tgﬁ;} Desired DHW Temp. 50°
Np People per Build. 4
Rianier Heank Tank Radius & Height 023m&1.3m
Viank Tank Volume 215L
Usank Tank Conductivity 5.98 W/Km?
Tilwat HP Water Flow Rate 0.8kg/s
Ve, Water Volume /Person 65L

The building temperature dynamics T;‘;;b’t are modeled in (19), which depend on
the initial building temperature TS’ZZ’ . and the total space heating gains and losses Qtotsp
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divided by the thermal capacity of the building mass Cj, and the capacity of the building
air, where V3, C;;,, and p,;, are the building volume, the air specific capacity and air density,
respectively. Equation (20) denotes that Qyot,, comprise the HP heating output Qy,,, , the
heating gains from irradiation Qj,,, and the total heating losses Qlassp, where m denotes
the HP mode (+1/—1 for heating/cooling). The total heating losses Qlossp depend on the
conduction losses (first term) and ventilation losses (second term), which depend highly on
the ambient temperature T, as shown in (21). The former also depends on the sum of the
conductivity U over the area A of every building surface, while the latter also depends on
the building air change rate r;.

P < BinoPlge @
Pt < bs,,P,%ax (23)
bsp + by < 1 (24)
Pt = Phoey Pl 25)

In (22)-(24), the binary variables bsy, by, are introduced to enforce that the HP
power consumption for DHW Ph”pl;; and for space heating/cooling P;,;f:;t cannot oc-

cur simultaneously, where P%f,m and P,:liﬁ,m are the respective maximum power limits.
dhw sp

Additionally, (25) dictates that the total HP power consumption Pl?pl:oi

sumption for the space heating/cooling and DHW.

is always the con-

n,b, n,b,
eyt = 7.90471e0024(T" =T0) — 790471654
v (26)
bt = —0.024(T)" — TY)

ret

nbt _ psp/dhw nb,t .
Tret - TSMP - thsp/dhw/(mwatcwat) (27)

Equation (26) dictates the original model of the HP’s coefficient of performance (COP)
as derived by [70], which depends on the ambient temperature and the dynamic HP’s
return water temperature Tr”etb *. Due to the non-linearity of (26), the exponential part
is defined as c?;f;,’t, and a piecewise linear approximation has been utilized for the COP
modeling. Moreover, the HP’s return water temperature is modeled in (27), where 7i1y,; is
the flow water rate and Ty, is the supply water temperature. Ty, is set at 35°, 50°, and
18° for floor heating, DHW, and floor cooling, respectively, as suggested for air-to-water
HPs for heating/cooling with low-temperature floor heating systems by the Sustainable
Energy Authority of Ireland (SEAI) HP guide [71], and commercially available HPs, e.g.,

the Daikin Altherma [72].

Qn,h,t _ n,b,t nb,t .
hpsp dnw hpsp/dnw Php * 28)
bt n,b
0< no, < /
- thsp/dhw - thg;l/fu/xdhw

nbt _ pnbt _ pnbt . n,b,t n,b,t
vadev - vamax vause :0 S vause S vamax (29)

nbt nbt _ nb nb _ nb,t . nb n,b,t n,b
Tieht = max(Ti — Ty Tih — TUM,0) < Toid < T2 < T, (30)
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Consequently, (28) dictates the relation between the HP power consumption for space
heating/cooling and DHW with the COP and their respective heating output amounts
limited to the HP heating capacity QZ;,,,%}I . These equations are the only non-linear equa-

sp/dhw

tions of the power management model that make the problem MIQP. The instantaneous PV
curtailment amount Py, is dictated in (29), where Ppy,,,, and Ppy,,, are the PV generation
and used PV power, respectively. The temperature deviation Ty, is defined in (30) as the

temperature difference from the nearest desired temperature interval limit T;Z;g) or Tlfz‘ﬁh'

The desired temperature interval [TIZ’ZZZ, T,Z:é’h] has been set at [21°, 23°], while, for the needs
of the model, the maximum temperature interval [Tr’:[z‘l;/ T,Z’,fx] has been set at [17°, 27°]. The
variables Py, and Ty, are used in the objective function with cost penalties (such as with
EV charging) to ensure PV max self-consumption and thermal comfort, respectively. The
big-M method has been used for the linearization and integration of (30) in the PMS model,
for which the reader is referred to [66]. Figure 3 depicts an intuitive explanation of (30),

while Table 3 summarizes the parameters of this section.

Tsp = 19° Tsp =22° Tsp = 25°
Taev =2 Taer =0 Taev =2
Tonin = 17° Tiow = 21° Thigh =23° Tnax =27°

max {Tsp = Thighs Tiow — Tsps 0}

Figure 3. Intuitive explanation of Ty, by (30).

4.3. Node Constraints

The node constraints below constitute the node power balance and the grid input and
output power limits. All the node constraints apply for Vt € T.

] n,jt ) ) n,bes,t B
nt _ pnt _ ch  _ phjtynj ch _ pnbestyn n,b,t nbt _ pnb,t
Pim Pex - Z( n,j Pdis hch) + W sz's hbes + Z (Phptot + Pl PPU ) (31)
j=1 hch bes b=1

The power balance is dictated in (31), which defines that the difference between the
dynamic node imported Pl-':,f and exported Pl power is the total EV/BESS charging power,
HP power consumption, and base load demand cover minus the total PV rooftop generation
and EV/BESS discharging power. The parameters hZ}’l] , hy,, constitute the EV charger and
BESS efficiencies, set at 0.95 and 0.98, respectively. The EV charger efficiency also comprises
the EV battery losses, the BESS efficiency, and the power converter losses. The losses due to
power conversion for BESS operation are lower than the respective of EV (dis)charging due
to the lower needed conversion stages; power conversion for EV (dis)charging needs an
additional isolation stage. Finally, (32) and (33) dictate that all the node composite power is
always lower than the input and output node capacity limits, G} and GJ,, respectively,

and force the node not to import and export power simultaneously.

Pﬂ,j,t P Pn,bes,t ) B ) )
ch n,j,ty n,J ch n,bes,tyn n,b,t n,b,t n,b,t n
7 Pai By ) + wo Byis " Tpes + bZ (Pripyye + B = Ppo™) < Giy (32)
ch es =1
n,bes,t n,j,t
Pn,b,t Pﬂ,b,t pﬂ,h,t Pn,bBS,thn ch / Pch P”/ffth”/f < G" 33
P Thpr 1 ) + Fais bes — Tpn o Z( T dis ch) —= Yout (33)

. n,j
bes j=1 hch

https://doi.org/10.3390/en19153582


https://doi.org/10.3390/en19153582

Energies 2026, 19, 3582

15 of 41

4.4. Battery Degradation

Since the PMS performs energy arbitrage by using V2G and a higher number of equiv-
alent cycles of the BESS to take advantage of the daily price deviations, it is important that
the additional battery degradation cost is considered during the PMS power scheduling.

4.4.1. Non-Linear Model

ES oF Uj—Ug

Qcal :kcal(e_ﬁ(%_%)e% T +k0)\ﬁ (34)
_E”'Jl(l_i)

Qcy,l :kcy,le RAT T \ qtot (35)

VAch (36)

The original battery degradation model dictated by (34)—(36) has been developed
in [73] for an LFP cell, designed for stationary applications. More specifically, (34) models
the calendar battery aging that depends mainly on the operating temperature T, SOC
via the anode potential U,, and time f, where T" is the rated temperature (25°) and Uj, is
the anode potential at the rated SOC (SOC" = 50%). The cyclic aging is dictated by (35)
and (36), where Icrif/egi , is the rated cell charging and discharging current; two equations are
used for cyclic aging because different aging mechanisms are energized during charging
and discharging. More in particular, (35) depends on temperature and total throughput gt
thus, it is activated during both charging and discharging. On the contrary, (36) depends
on temperature, charging throughput g5, and current I; thus, it is activated only during
charging. All variables in (34)—(36) refer to the battery cell, while Table 4 summarizes the
degradation parameters.

Table 4. Battery degradation parameters of coordinated PMS model.

Par. Explanation Value
kear Calendar coefficient in (37) 3.694 x 1074
ko Constant in (37) 0.142
key1 Cyclic coefficient in (38) 1.456 x 1074Ah~ 5
key2 Cyclic coefficient in (39) 4.009 x 1074AR 92
B Constant in (39) 2.64 h
C Cell capacity 3 Ah
Icrifez ! Rated cell current 3A
Co Degradation cost 150 €/kWh
A Constant in (42) 1077

4.4.2. Model Linearization

The original model cannot be integrated into the MIQP problem as is because it is
highly non-linear and comprises multiplication of many exponential and square-root terms.
Therefore, it has been linearized by transforming it to its equivalent in the logarithmic scale.

Qear (25°, SOC = 50%) = ket (1 + ko) /t = 1day (37)

1n(Qey1) = In(key1) +0.5In(gect") (38)
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r,cell
'B g cell

I(Quy2) = (In(key2) — 2y 1+ B1git 4 050m(g55") (39)

Equations (37)-(39) represent the linearization of the degradation model (34)—(36).
Concerning the calendar aging and (34), the duration of the simulation is fixed at one day,
the BESS SOC is maintained at 50% at the beginning and end of the day, and a thermal
management system is assumed to keep the operation temperature at 25°. Hence, a mean
calendar capacity loss is used for the day, and (34) is transformed to (37). Moreover, assum-
ing again a maintained temperature at 25°and using the logarithmic properties, (35) and (36)
are transformed to their equivalents in the logarithmic scale (38) and (39), respectively.

4.4.3. Integration into the MIQP Model

Equation (40) correlates the EV and BESS charging and discharging currents with the

cell charging and discharging currents of the respective assets I ; neell=j/best ang 1 n’cell_] /bes’t

which are rated at Icrhc/e‘lill . = 3A [73]. Furthermore, the total Cell current [,

dictated in (41).

ll bes,t .
n,cell—j/bes, is

n,cell—j/best _  n,j/best , n,j/besy r,cell
Ich/dis ( ch/dis /Im”x )Ich/dzs vieT (40)
Itr:)tcell j/best _ Incell ]/bESt+I§15CEZl j/bes,t Vte T (41)

Moreover, (42) models the EV and BESS total and charging cell throughput dynamics
?oiecl}ll_] / bes’t, which are needed for the calculation of ln(qtotlch)cell —J/bes in (38) and (39) with
the use of the parameter A = 1077 to avoid infinity at zero current. Additionally, (43)

dictates the limits of the cell total and charging current and throughput.

cell—j/bes;t _ incell—j/bes,t
Dot = Lyrier | AE+AVEET (42)

0< Incell —j/bes,t IZ)tce” j/ bes,t <3Vn teT
(43)

0< qn scell—j/bes, + q:zéftfell jlbest _ qny vn,teT

The variables q., and g, are transformed to their equivalent In(q.;) and In(giot), re-
spectively, using linear piecewise approximations of the function y = In(x), while In(Qy,1)
and In(Q.y,2) are similarly transformed to their equivalent Q.1 and Qy 2, using the func-
tion x = ¢¥. The resulting degradation variables Q., Qcy,1, and Q. > constitute capacity
loss percentages. In this regard, (44) represents the degradation objective, which minimizes
the total BESS/EV cyclic aging with the addition of the mean BESS/EVs’ calendar aging
Qcq- Finally, the total BESS/EV battery aging is calculated post-optimization with the
original model (34)—(36) for verification purposes.

T
s opn nbest nbest nbes
min Bf,,, = min At( Z eyl Qe )BY

, (44)
gt £\ T, b .
L (QUA + Qujz)BY) + QuiBr + Z QB
= =
The utilized empirical degradation model considers various degradation factors such
as temperature, time, C-rate, and throughput. However, it fails to consider the effects of
SOC and depth of discharge (DOD), especially for the cyclic aging. Therefore, there is
an accuracy loss for cycling during very high SOCs and DODs. Therefore, the following
measures have been considered:
(1) Stationary BESS: The SOC is directly limited to deviate within the interval
[10%, 90%] so that the battery is never completely depleted or charged.
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(2) EVs: Firstly, the EVs are allowed to participate in the power management only
after their SOC reaches 20%. Secondly, due to the CC-CV region, the EVs actively perform
energy arbitrage when they are being charged in the CC region. When SOC > 90%, the
EVs stop being consecutively charged and discharged due to the low power levels and
afterwards are charged uncontrollably until departure.

4.5. Objective Function

Finally, the PMS objective function for every node 7 is dictated in (45). The PMS is a
multi-objective MIQP model that has translated all objectives into a total cost aimed to be
minimized. In this regard, all penalty costs are chosen to be much higher than the energy
price to attach great importance to the customers’ comfort (see Tables 2 and 3). The total
cost comprises:

(a) For energy arbitrage: The minimum exchange grid power cost, where Py, Cpyy
and P,y, C; are the imported and exported power and related costs.

(b) For PV max self-consumption: The total PV curtailment cost, where Cyy,,, is the
related penalty.

(c) For thermal comfort maintenance: The total thermal discomfort cost, where Cp,,,,
is the related penalty and O"™"" € [0, 1] is the dynamic building occupancy.

(d) For charging comfort maintenance: The total EV unfinished charging cost, where
Cpoye, 18 the related penalty.

(e) For battery degradation mitigation: The total battery degradation cost, where
C§ is the degradation cost. The placement of (44) inside (45) directly mitigates battery
degradation. In this work, the weights of the different objectives have been adjusted in
association with the respective costs. However, placing a higher weight would give a
higher importance to battery degradation minimization and, hence, directly decrease it
through the objective function.

To further analyze the cost objective function, this PMS represents a multi-objective
problem which aims to co-optimize simultaneously various different objectives: PV curtail-
ment, charging and thermal comfort, cost savings, and battery degradation. Translating
every objective into cost, the multi-objective problem becomes single-objective with the
goal of minimizing the overall cost. In that way, the cost of every objective becomes the
respective weight in the overall cost function. The energy and battery degradation prices
were selected to accurately represent the conditions of the PMS. The energy price Cpyy
deviates between 0.20 and 0.24 €/kWh, as derived for the year 2021 by [74]. Moreover, the
degradation cost Cf, was set constant at 150€/kWh for every lost kWh, as derived by [75].

Finally, all the used penalties for EV charging, thermal discomfort, and PV curtailment
were chosen intuitively to be well above the typical energy cost per kWh in the Netherlands,
%10 times over. The reasoning behind this choice is that the PMS does not prioritize the
cost savings over the cover of the customers’ needs. For example, if the cost penalty for
EV charging comfort were comparable to the energy prices, the PMS would try to make a
decision about charging an EV at favorable prices or not charge the EV at all. However, for
the PMS we aimed to develop, it has no value to perform energy arbitrage if the EVs are
not charged or the buildings are not heated at the required level expected by the customers.

T T B T B
: , b, b
min C" = At( Z(Pizntcéuy PEnYtCsell + Z Z P}??/l;af ;Ul;m Z Z T;evt Zp pen Ot " b + Z En ]Cevpm QtotCQ (45)
t=1b=1 t=1b=1

~

=1

All PMS parameters used in Section 4 for the modeling of EV/BESS, buildings, and
battery degradation are summarized in Table 2, Table 3, and Table 4, respectively. For the
detailed explanation of the parameters used in Tables 2 and 3, as well as for the described
EV charging and building heating models, the reader is referred to our previous works

https://doi.org/10.3390/en19153582


https://doi.org/10.3390/en19153582

Energies 2026, 19, 3582

18 of 41

in [4,69], on which this work is based. To give a small summary, as already mentioned, the
95% EV charging efficiency and maximum charging power/current levels are based on
publicly available slow AC chargers in the literature [67] and commercial V2G chargers [68].
The higher 98% BESS one-way charging efficiency was selected because BESS charging
requires fewer conversion stages than EV charging (no need for galvanic isolation) and is
consistent with BESS efficiency studies in the literature, such as [76]. The BESS SOC and
C-rate limits were used to further limit the battery degradation.

Moreover, regarding Table 3, the building’s thermal capacity and volume were chosen
to represent the building as a first-order lumped RC thermal model based on EN ISO 13790.
The effective thermal capacitance was selected to represent the active thermal mass of the
residential building and is consistent with values commonly adopted in reduced-order
building thermal models, which use the ISO 13790 5R1C methodology [77]. The values
of air/water specific capacity and density are well established in the literature, while the
building’s 0.3 h~! air change rate is extensively used in buildings, such as in [78]. The HP
specifications (e.g., supply temperature, water flow rate, etc.) are derived from the SEAI HP
guide [71] and commercially available HPs [72], while the tank specifications (dimensions,
conductivity, etc.) are based on both commercial HP tanks [79] and standard tank energy
losses assessment approaches [80]. Additionally, all BESS degradation parameters in Table 4
are derived from the work of the original non-linear battery cell degradation model [73].

5. Case Studies and Scenarios
5.1. Small and Large Load-Scale Scenarios

Two load-scale scenarios have been used for the testing of the PMS. The small load
scenario consists of three nodes from different areas (residential, commercial, and mixed).
It has been assumed that the three nodes are connected with different radial feeders to
the main grid. Each node comprises a 50 kWh-rated BESS unit of 0.5 C max C-rate, while
Figure 4a depicts the number of buildings and chargers per node. Buildings in residential
areas, e.g., households (HHs), are occupied longer during the day (00:00-08:00, 14:00-00:00)
compared to commercial buildings such as offices and stores that are mostly occupied
during the day (09:00-21:00). Moreover, home chargers at residential areas are characterized
by a lower frequency of incoming EV fleets which remain parked for longer times and arrive
with lower SOCs compared to public and semi-public chargers. Furthermore, EVs consume
approximately a 30% higher amount of energy due to cabin heating [4] during winter,
while building heating consumes 50% higher amount of energy than building cooling

during summer because of a higher temperature difference with ambient temperature

n
out’

(hence, lower COPs) [69]. Finally, the input and output node capacity limits, G}, and G
respectively, are set at 400kW.

The large load scenario is depicted in Figure 4b and is a real urban grid in the Nether-
lands. Each one of the 13 load locations, hereby called nodes, comprises several loads
(buildings) equipped with PVs, HPs, and EV chargers. Table 5 summarizes the number of
LCTs at every node. Moreover, a BESS is installed at every node, whose capacity is set at
10 kWh per building/charger. Finally, the input and output node capacity limits, Gj; and
Gl ;, respectively, are set at 3.785 MW for the large load example.
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Figure 4. Description of the two DG scenarios: (a) Node concept and characteristics in small load
scenario. (b) Distributional EMS of the large load scenario with the use of aggregators: Adapted
from [81] (CC BY).

Table 5. Node characteristics of large load scenario (adapted from [81] (CC BY)).

Nodes Buildings BESS
(PVs, HPs) Capacity [kWh]
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5.2. Data Input

The following data is used as input in the PMS:

(1) Dutch residential and commercial electricity distribution consumption profiles
(year 2022) have been acquired from [82].

(2) Probability distribution functions (PDFs) of EV driving patterns, such as arrival
and departure times, arrival SOCs, and requested energy by the Elaad EV charging open
database [83].

(3) Weather data, such as ambient temperature, incident irradiation, wind speed, etc.,
which has been used for the creation of the PV generation profiles and the heating losses
calculation by the Meteonorm database [84].

(4) Day-ahead market (DAM) energy price profiles (year 2022) have been acquired by
the Dutch ENTSO-E platform [74].

https:/ /doi.org/10.3390/en19153582


https://doi.org/10.3390/en19153582

Energies 2026, 19, 3582

20 of 41

(5) The LV distribution grid used in the large load scenario was acquired by the Dutch
distribution system operator (DSO) Enexis Groep, and it represents a real Dutch distribution
grid [85].

(6) A 3 kW-rated reversible HP module [72] and a 3 kW-rated HIT N245 PV module [86]
for the building heating and PV generation, respectively. Moreover, the EV pool comprises
the 11 kW-rated “Hyundai Kona, BMW I3, Jaguar I-Pace, and Tesla Model 3”, the 16 kW-
rated “Tesla Model X and Tesla Model S”, and the 22 kW-rated “Renault Zoe” EVs.

(7) The Sony US26650FTC1 LIB iron phosphate/graphite cell of 3.2 V and 3 Ah nominal
voltage and capacity, designed for stationary applications, derived by [73].

(8) Finally, the detailed version of the PV model that uses the weather data and the PV
module specifications to extract the PV generation data can be found in [4]. Moreover, the
respective detailed version of the HP model, which also describes the building modeling
and the occupancy profiles, can be found in [69].

The input data (1)—(8) together with their sources and their explanation uses are
summarized in Table 6.

Table 6. Summary of data input sources, explanation, and utilization.

Source Explanation Utilization
[82]  Electricity distribution consumption profiles Base load modeling
[83] PDFs of EV driving patterns EV fleets modeling (pazl;i:;gg ;r:tecs,) arrival SOC, requested
[84] Weather data PV generation and heating losses
[74] DAM energy price profiles Objective function
[85] LV distribution grid Large-scale load scenario
[72] HP module HP consumption modeling
[86] PV module PV generation modeling
[73] BESS module BESS and degradation modeling
[69] HP and building models HP consumption modeling
[4] PV models PV generation modeling

To incorporate a level of uncertainty, Monte-Carlo Simulation has been used to gener-
ate (a) 600 random EV fleet profiles for Home, Semi-public, and Public chargers from the
PDFs of (2), (b) 200 residential and commercial building occupancy profiles with random
occupancy changes, as discussed in Section 3, and (c) 180 Summer and Winter PV genera-
tion profiles with random PV module orientations using the data of (3) and PV modeling
in [69]. Afterward, LCT profiles have been randomly selected and distributed in the utilized
load scenarios. It must be noted that this work has not developed specific forecast models
for the acquired input data, hence the base load and energy prices profiles and weather
data. Only specific PV and HP modules and a small pool of EVs were considered. As
explained, using the stochastic EV arrival/departure data from Elaad and PV orientations
(tilt angle in [0°, 90°] and azimuth in [0°, 180°]), a number of random EV consumption
and PV profiles were created. Moreover, using an accuracy error of [0’, 15'], a number of
deviated EV profiles and building occupancy profiles were created, the latter of which have
a direct impact on the HPs. These profiles were fed to both optimization levels, except for
the deviated profiles, which were fed only to Level 2. These deviated profiles were used
to test the functionality of the RHO on correcting forecast errors, and this is a first step
of uncertainty management. However, the RHO can be enhanced in a similar manner to
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correct forecast errors in all other types of data input or can be combined with stochastic or
robust optimization, as also written later in our limitations and future work.

5.3. Overall Case Studies

Table 7 summarizes the case studies of this work with their respective simulation
times. Cases 1-6 are devoted to the small load scenario, and cases 7-12 to the large load
scenario. Cases 1, 3, and 5 investigate the power management of flexible loads, flexible
loads + BESS, and flexible loads + BESS + degradation for winter, while cases 2, 4, and
6 investigate the related comparisons during summer. Accordingly, the same applies to
the large load scenario in cases 7-12. Overall, the case studies described above aim to
quantify and reflect on the effect of the following influencing factors on power management
characteristics (cost, grid power exchange amount, V2G energy use, BESS energy use,
power flows scheduling, etc):

Table 7. Case studies and scenarios of the PMS.

Cases Flexibility Season Scenario Degr. Time
1 Loads Winter Small Load No 38
2 Loads Summer Small Load No 37/
3 Loads & BESS Winter Small Load No 41/
4 Loads & BESS Summer Small Load No 41
5 Loads & BESS Winter Small Load Yes 1hé&?2'
6 Loads & BESS Summer Small Load Yes 59/
7 Loads Winter Large Load No 7 h & 50/
8 Loads Summer Large Load No 7 h & 45'
9 Loads & BESS Winter Large Load No 8hé&b5
10 Loads & BESS Summer Large Load No 7 h & 55'
11 Loads & BESS Winter Large Load Yes 10h & 3’
12 Loads & BESS Summer Large Load Yes 9h &57

(1) Flexibility of loads and BESS: Stationary BESS and flexible loads, such as EVs and
HPs, can both offer flexibility for energy arbitrage. While the BESS is expected to be capable
of the highest flexibility because it is not prone to uncertainties, the contribution of flexible
loads can be proven comparable in large aggregated loads.

(2) Load-size and load-type effect: Different load types, such as residential and com-
mercial, can highly influence the PMS decision-making due to different characteristics of
buildings and EV fleets. Additionally, a larger load scale that comprises a higher number
of present flexible loads can be proven to be more flexible, also without the use of a BESS.

(3) Seasonal effect: Different seasons can have a significant impact on the consumption
and power levels of the flexible loads as well as on the PV generation. Thus, it is important
to encapsulate the yearly seasonal variations in the investigation of the PMS performance.

(4) Battery degradation effect: Constant battery charging and discharging can highly
increase the steepness of the capacity fading and induce further costs. Therefore, especially
in large load scales, accumulated degradation costs can become significant and alter the
energy arbitrage decision-making.

5.4. Accuracy and Computational Burden of MIQP Formulation and Battery Degradation Model

As expected, MIQP problems are most often computationally heavier than the MILP
problems, even if they do not have non-convex constraints or objective functions. In this
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work, the consideration of a variable HP COP in (28) made the model MIQP. Other existing
PMS studies with HPs assumed a steady COP, e.g., [36,52], to keep their formulation as
MILP, accepting a loss of accuracy. Moreover, the integration of the degradation model
in cases 5, 6, 11, and 12 does not jeopardize the solvability of the PMS, because the con-
straints it adds to the PMS are linear and do not affect the convergence. However, it
increases the computational time considerably. As Table 7 summarizes, regarding cases
1-6 of the small-scale load scenario, BESS integration in cases 3—4 increased the time by
3’ compared to the 38’ of cases 1-2 (7.9%). However, BESS degradation increased the
time by approximately 20 min; hence, up to a 50% increase. Moreover, observing cases
7-12 of the large-scale scenario, BESS degradation in cases 11-12 added another 2 h to
the 8 h needed in cases 9-10; hence, a 25% increase. After the simulation of the cases, the
average COPs were calculated to be 3.4 and 6 for winter and summer, respectively. By
omitting (26) and (27), (28) becomes linear and the model becomes MILP. Cases 1-6 were
re-simulated with the MILP formulation, and the simulation time and optimal cost accuracy
error were calculated. The accuracy error reached up to 6% for summer in cases 2, 4, and 6,
while it reached up to 10% for the winter in cases 1, 3, and 5. On the contrary, the simulation
time decreased up to 10% and 20% for cases 1-4 and cases 5-6, respectively.

Due to the convex nature of the problem, the solvability of the problem is not affected,
and it does not lead to convergence errors in any case study. However, it can be seen that
the combination of MIQP approach and battery degradation integration is computationally
heavy for the PMS and considerably increases the computational time, especially for the
large-scale load scenario. For example, while in the small load scenario, it can reach up
to 1 h of simulation, while this time response reaches approximately 10 h for grid-level
aggregator loads. To further explain the size of the optimization problem during the
considered case studies, Table 8 summarizes the LCTs, number of nodes (which represent
the in-parallel optimizations), the continuous and binary variables, the constraints, and
the piecewise-linear segments in every case study. It can be seen that for cases 11 and 12 of
the large load scenario, which are the cases that comprise all the considered features, the
constraints and continuous variables reach up to 7874 and 4798, respectively. Moreover, the
binary variables and PWL segments, which are the aspects that considerably slow down
the optimization, reach up to 518 and 544 for cases 11 and 12, respectively, compared to the
respective 58 and 64 of cases 5 and 6 of the small-scale scenario. Moreover, Table 8 shows
the characteristics of the day-ahead optimization of Level 1, while Level 2 can comprise up
to approximately 50 more re-optimizations during the daily optimization horizon. Thus, it
can be seen why cases 11 and 12 of the large load scenario can reach up to a 10 h runtime.

Hence, according to the authors” knowledge, it can be concluded that the developed
PMS serves well for day-ahead and real-time scheduling for systems of small or moderate
size, such as an aggregation of buildings and EV chargers within a district, while it is more
suitable for planning purposes for aggregations of grid-level loads. In future work, it can
be investigated if reducing the computational expense by transforming the problem into
MILP and simultaneously reducing the number of binary variables and PWL segments of
the optimization could make the PMS suitable also for real-time operation of grid-level
load aggregation.

5.5. Simulation Setup and Utilized Software

The simulation timestep has been set to 5 min to show in detail the power flow decision-
making of the PMS with a reasonable computational time. Moreover, the simulation
duration was set to 1 day for both winter and summer seasons. Concerning the utilized
software, the model was developed in a Python 3.9 environment and was solved with the
Gurobi 11 solver due to its powerful capabilities in solving MIP problems. Finally, the
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simulations were performed with an Intel (R) 11th Gen Core(TM) i7-3.00 GHz processor
with 16 GB installed RAM.

Table 8. Size of optimization problem per case study.

Cases LCTs (Paralﬁ?((i)e;tim /s) C\(),::ii:;l(;zs Binary Variables = Constraints PWL Segments
1 39 3 383 52 620 26
2 39 3 383 52 620 26
3 42 3 410 58 686 32
4 42 3 410 58 686 32
5 42 3 538 58 894 64
6 42 3 538 58 894 64
7 369 13 3593 492 5820 246
8 369 13 3593 492 5820 246
9 382 13 3710 518 6106 272
10 382 13 3710 518 6106 272
11 382 13 4798 518 7874 544
12 382 13 4798 518 7874 544

5.6. Limitations

The main limitations of this work are as follows: Firstly, the uncertainties considered
are the building occupation and the EV driving patterns. However, there are multiple other
uncertainties in the PMS, such as PV generation, load demand, etc., which should also be
managed on Level 2 using the re-optimization of RHO. Moreover, instead of assuming a
perfect forecast of weather data, energy prices, load demand, etc., effective forecast models
should be applied and evaluated to increase the uncertainty consideration of the work. The
RHO of Level 2 should also be enhanced with stochastic or robust optimization to increase
the related uncertainty management.

Secondly, daily simulations were performed due to computational time. The selec-
tion of a weekly simulation, which would be the closest to the average of the season,
would provide more insights, such as intra-week effects. Thirdly, modeling non-linearities
(e.g., CC-CV, COPs) has been integrated with piecewise linear functions in the MIQP prob-
lem, while charging efficiencies, which are power-dependent, have been considered steady.
Their consideration of the use of a non-linear solver is proposed for future work to address
the level of accuracy decrease. Moreover, while the empirical battery degradation model
accounts for most degradation mechanisms (time, C-rate, temperature, throughput, etc.), it
does not consider the effects of high SOC and DOD on cyclic aging.

Finally, the scalability and performance of the model have only been evaluated re-
garding the increasing scale of the loads and not of the grids themselves. Hence, the grid
topologies have been ignored together with important aspects such as the nodal optimal
power flows and the consideration of the power losses, voltage deviations, and interactions
between the nodes, which are also proposed for future work. However, the insights of
our work, such as comparison of V2G and BESS use, total cost, and incurred degradation,
etc., depend highly on the load scale, and the proposed large load-scale scenario comprises
hundreds of buildings and EV chargers; thus, according to the authors’ point of view, it can
support the claiming of this work.
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6. Results

The results of the two load scenarios for Level 1 are presented below. Apart from some
numerical differences due to the forecast error corrections, the insights of the work remain
similar for Level 2.

6.1. Small Load Scenario
6.1.1. Power Management Without BESS

The power flows of Node 3 for winter cases 1,3, 5 and summer cases 2, 4 are depicted
with the daily energy prices in Figure 5a and Figure 5b, respectively. In Case 1 (Figure 5a),
grid power is imported during low energy prices [00:00-07:00] for building and DHW
heating, while during [07:00-09:00], power is imported only for base load cover. Moreover,
the highest energy price peak during [17:00-19:00] is avoided, and EVs are charged during
the periods [16:00-17:00] and [19:00-00:00]. Additionally, V2G energy is utilized during
the highest price peak to cover the base load demand. Finally, PV generation covers the
load and is mostly exported because it coincides with the high energy prices [09:00-16:00].
On the contrary, in Case 2 (Figure 5b), the higher and prolonged summer PV generation is
initially exported during the increasing energy prices of [05:00-10:00] and is consequently
used until 19:00 for EV charging, load cover, building cooling, etc. Similarly, the high
energy price peak of [19:00-20:00] is mostly avoided, while V2G energy is not preferred
due to the availability of PV generation, which causes lower power losses.

6.1.2. Power Management with BESS

In Figure 5a, PV generation use, EV charging, and HP operation remain similar for
cases 1 and 3. BESS is mostly charged with grid power during the lowest energy prices
of [02:00-04:00], is discharged back to the grid during the highest prices of [18:00-19:00],
while it is also used for EV charging and base load cover during [19:00-20:00]. Additionally,
the V2G energy use during the high energy prices is considerably decreased compared
to Case 1, and BESS use is preferred due to the lower power losses. Similarly, in cases
2 and 4 of Figure 5b, the management of PV generation and flexible loads behaves the
same as in cases 1 and 3. However, while BESS is mainly charged again during the low
prices of [02:00, 04:00], it is discharged for EV charging during the high energy prices of
[19:00, 21:00]. Hence, BESS is used more for the flexibility of the node in Case 4, because
most revenues are ensured by the PV generation. On the contrary, BESS is used in Case
3 mostly for revenues and cost compensation to compensate for the high imported grid
energy due to the low PV availability.

6.1.3. Power Management with Battery Degradation

Regarding Case 5 in Figure 5a, the BESS charging and discharging periods remain
similar with and without consideration of battery degradation cost; however, the power
levels are notably decreased. Moreover, the discharged BESS energy is more utilized for
building heating and EV charging than for power exportation to the grid for revenues.
Hence, the BESS use is highly decreased and is preferred only for the basic needs of the
node (EV charging and building heating without penalty costs) during the high energy
price peaks of [17:00, 20:00]. Additionally, V2G energy is not used due to the combined
high round-trip power losses and additional degradation costs. Finally, Table 9 summarizes
the daily capacity fading in (Wh) and the yearly extrapolation in (%) for the BESS for all
nodes and cases 3-6, showing the effectiveness of the degradation optimization model. For
example, while BESS capacity fading is approximately 2.5% in Case 3, it drops to 1.8% in
Case 5.
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Figure 5. Small load scenario: (a) Power flow of node 3 for winter cases 1, 3, and 5. (b) Power flow of

node 3 with and without BESS for summer (cases 2 and 4).

Table 9. BESS Capacity Fading for Nodes 1-3: Cases 3-5 and Cases 4-6.

Case 3 Case 5 Case 4 Case 6
Nodes Daily Yearly Daily Yearly Daily Yearly Daily Yearly
(Wh) (%) (Wh) (%) (Wh) (%) (Wh) (%)
Node 1 3.49 2.54 2.35 1.72 2.88 2.1 1.71 1.24
Node 2 3.66 2.68 2.47 1.8 2.72 1.98 1.34 0.98
Node 3 3.41 2.48 2.4 1.76 2.29 1.76 1.16 0.84

6.1.4. Power Management Cost and Grid Power Exchange Summary

Figure 6a depicts in the upper plot the total imported and exported energy and in the

lower plot the total cost (energy cost and degradation cost) of the 3 nodes. Winter cases

1, 3, and 5 have always had higher costs than their respective summer cases 2, 4, and 6

(up to 60%) because of the higher amount of imported power, as discussed in Section 5.
For example, Node 1 imported 240 kWh and 110 kWh in cases 1 and 2, respectively, (118%
increase). Moreover, using a higher PV generation in summer reduces the total cost, either

with direct use or with grid exportation for revenues. Overall, cases 1-2 export the least
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amount of energy for all nodes since they are the least flexible (no BESS). Furthermore,
BESS use addition decreases the cost for most nodes by a factor up to 16% (Node 3 in Case
3 compared to Case 1), while the amounts of imported and exported grid power are also
increased for all nodes when cases 3 and 4 are compared to cases 1 and 2, respectively.
Additionally, in battery degradation cases 5 and 6, the total cost always increases for all
nodes when comparing them with their respective cases 3 and 4. While the energy cost can
be lower (e.g., Node 1 in Case 5 compared to Case 3) due to lower grid power exchange to
avoid higher degradation, when the degradation cost is summed up, the total cost results
are always equal to or higher.
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Figure 6. Small load scenario analysis: (a) Daily energy and degradation cost (lower plot) and grid
power Exchange (upper plot) for nodes 1-3 and cases 1-6. (b) BESS energy use (lower plot) and V2G
energy use (upper plot) for nodes 1-3 and cases 1-6.

The node type also strongly impacts the exchanged grid power and total cost. The
commercial node (Node 2) is generally characterized by a lower cost in all cases. This
is because, as explained, commercial buildings (e.g., stores and offices) are occupied less
during the day than residential buildings, and EVs are parked for a lower parking time
in public chargers and request a lower amount of energy. Hence, the needed imported
grid power is considerably lower (by approximately 50%) for the commercial node. For
that reason, there is also a larger power window in the feeder to export BESS energy and
PV generation for revenues, and, hence, Node 2 exports considerably more power when
BESS is introduced, almost comparable to Node 3, which is the most flexible node. Hence,
highly flexible nodes or nodes that occupy less of the power capacity can use their BESS
capacity more for revenues. Finally, the degradation cost is always higher for nodes 1 and
3 because they comprise home chargers where EVs arrive with a lower SOC and request
higher amounts of energy.
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6.1.5. BESS Energy and V2G Energy Use Summary

Regarding the use of BESS and V2G, Figure 6b depicts the total V2G energy used
(upper plot) and the total BESS energy used (lower plot) per node and case. V2G is used
only in winter cases 1 and 3, because PV generation is available for a shorter time. For
example, V2G energy is generally used during high energy price peaks. During the winter
price peaks of [17:00-20:00], there is no more available PV generation. Moreover, concerning
all other cases, BESS use is always preferred over V2G due to the higher BESS efficiency and
lower power losses. The influence of seasonal variations of PV generation on V2G energy
use has also been seen in [66]. In cases 5 and 6, where there is additional degradation cost
combined with the power losses, V2G energy use becomes inefficient even during winter.
Finally, V2G energy is more likely to be used in Node 3 (the mixed node), which has the
highest flexibility, comprising both residential and commercial buildings and home and
(semi-)public chargers. Regarding BESS energy use, as already discussed, winter (cases 3
and 5) favors using BESS for charging and discharging power to the grid for revenues for
most of the nodes. On the contrary, the available PV generation is preferred during summer
for power exportation, and the BESS is mostly used for the needs of the node instead.
Finally, the consideration of battery degradation decreases the use of BESS, especially
during summer, due to the additional degradation cost.

6.2. Large Load Scenario
6.2.1. Flexible Loads and BESS

Figure 7 shows in plots (a) and (b) the power flows of nodes 2 and 6, respectively, of the
large load scenario for Case 9 (BESS use during winter). Some of the previous observations
from the small load scenario can also be seen here. For example, most building heating and
EV charging are performed during the low energy price periods; hence, in the morning
before 08:00 and in the evening after 19:00. However, in contrast with the small load
scenario, less PV generation is exported to the main grid for revenues during winter, while
a considerable amount is used for building heating and EV charging. Hence, in large
load scales, which comprise many loads (buildings and chargers), PV self-consumption is
increased, and grid power exportation is decreased. This is because when a high number
of loads are constantly present at a grid, more power is consistently needed during the day,
and, hence, available PV power will be firstly utilized to cover their consumption.

Regarding BESS use, BESS is hardly used in Node 2. This can be explained intuitively
as follows. The BESS is constrained to have a similar SOC at the beginning and the end
of the day. Hence, the amount with which it is charged during the day (e.g., during the
low energy price periods) needs to be discharged during the high energy price periods.
However, if during the high energy price periods, there is needed power demand for the
loads and the BESS capacity is not enough to cover them, then the node needs to import
grid power and cannot discharge the BESS energy to the main grid for revenues. Therefore,
the high amount of loads in a large load aggregator also decreases the use of BESS, because
it is preferred to use the low energy price time periods to import power for the needs
of the node rather than use them to discharge the BESS to the grid for revenues. This is
also validated in Figure 7b, which shows the respective power flows for Node 6 (only
6 buildings and 6 EV chargers), where BESS is considerably more utilized. Hence, it is
concluded that the need for BESS is decreased when the load size is increased.
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Figure 7. Large load scenario: (a) Power flows of Node 2 for winter Case 9. (b) Power flows of Node
6 for winter Case 9.

6.2.2. Power Management Cost Comparison

The daily energy cost for all nodes 1-13 and cases 7-12 is shown in Figure 8. As in the
small load scenario, the influence of the seasonal effect is considered the most important
since, for most nodes, summer cases are characterized by a lower total cost. Moreover,
the total node cost always results in equal or lower values when the BESS is used, and, as
a consequence, cases 9 and 10 are always less costly than their respective cases 7 and 8.
Moreover, cases 8 and 10, the summer BESS cases without degradation, show the lowest
total cost for almost every node. Furthermore, using BESS also closes the gap with the
other cases, thus reducing the cost difference between cases with other characteristics and
influencing factors. Finally, battery degradation also affects the total cost, with cases 9 and
10 always resulting in a lower cost than their respective cases 11 and 12. However, in some
nodes, such as nodes 1 and 2, the contribution of the BESS for cost decrease is higher than
the impact of degradation; hence, Case 7 results as the most costly case for these nodes.
Nevertheless, in most of the nodes, the degradation cost is more significant, and Case 11 is
the most costly case.
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Figure 8. Daily energy cost for nodes 1-13 and cases 7-12.

6.2.3. V2G Energy Comparison

Figure 9 depicts on the left the total V2G energy used in the scenario for all cases,
while the node V2G energy used is shown for the big-level nodes (1, 2, 3) and medium-level
nodes (4, 5, 6) with two heatmaps on the right. As explained, V2G is more likely to be
used during winter (cases 7, 9, 11) due to lower PV availability, reaching up to 100 kWh
for Case 7. Moreover, introducing BESS in cases 9-12 decreases the use of V2G since BESS
is preferred due to lower power losses. Furthermore, considering battery degradation
decreases V2G use further (cases 11-12). Cases 7 and 9 are characterized by the highest
V2G use, also in the heatmaps. Comparing Figure 9 with Figure 6b, where V2G was only
used in Case 1 and slightly in Case 3, V2G is used in all cases for the large load scenario
and is never zero. This is because a load aggregator of a larger size is more favorable for
V2G energy use. The heatmaps also show that, excluding Node 6, larger nodes 1-3 with a
higher amount of loads have more flexibility to use V2G in all cases.
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Figure 9. Total V2G energy (left) and node V2G energy for nodes 1-3 (center) and nodes 4-6 (right)
for cases 7-12.

6.2.4. Grid Power Exchange Comparison

Finally, Table 10 summarizes the amounts of imported (Imp.) and exported (Exp.)
energy for all the nodes 1-6 and cases 7-12. The imported energy greatly increases for
the winter cases (150% higher for Node 1 in Case 7 than in Case 8), while the use of BESS
increases imported and exported amounts at most nodes (cases 9 and 10 compared to cases
7 and 8) to use its flexibility for revenues. Moreover, the exported energy amounts are
increased for all nodes in summer Case 8 compared to winter Case 7 due to the higher PV
generation (e.g., 270% for Node 3). Finally, comparing the degradation cases 11 and 12 with
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their respective cases 9 and 10, the consideration of degradation decreases the imported
and exported energy amounts for the smaller nodes; however, this is not always the case
for nodes 1-3. Therefore, in larger-size nodes with a larger available BESS capacity, the
PMS prefers to use its BESS capacity for revenues to compensate for the degradation cost
rather than decrease the BESS equivalent cycle.

Table 10. Imported energy (Imp.) and exported energy (Exp.) in kWh: for nodes 1-13, cases 7-12.

Case 7 Case 8 Case 9 Case 10 Case 11 Case 12

Imp.  Exp. Imp.  Exp. Imp.  Exp. Imp.  Exp. Imp.  Exp. Imp.  Exp.
1203.99 46.7 52448 4628 164739 4877 527.44 5511 92719 737 6447  180.48
189715 267  938.6 7128 186421 43.83 924.09 88.44 2073.25 277.12 1066.84 210.47

889.28 132 51747 27.09 11258 249.24 589.39 10156 1017.74 151.74 583.02  100.1
2449  17.04 11127 2025 24873 2025 15272 605 29473 6899 13149  44.06
30486 9.39 15409 1782 3717 7631 178.61 4251 331.28 44.11 166.68  32.58
19419 1068 683  20.17 28148 98.01 101.29 5442 25571 71.63 6634  22.53

a|a|m|w|[N|~]|2Z

7. Discussion and Validation

7.1. Comparison with PMS Works
7.1.1. MPC Works

MPC works use the concept of the moving horizon for their control strategies. MPC
models, such as this work, handle uncertainties, triggering re-optimizations of the rolling
control horizon upon realization of uncertain events. A similar adaptive MPC strategy was
developed in the PV-EV-BESS work in [53], where the new predicted model states are
adapted at every re-optimization according to the new user preferences using a Kalman
filter-based estimator. However, the modeling of various charging details, such as the
CC-CV regions of the capacity degradation, was not included. MPC models that also
incorporate HPs and building heating can be found in the building EMS of [36], while EVs
were also added in [52]. In [52], re-optimizations are triggered at every timestep, where the
new user preferences and forecasted data are fed to the mode; consequently, the control
horizon moves a period T forward. While re-optimizations at every timestep provide the
highest protection against uncertainties, it can become very computationally expensive
if the control horizon is too long or the selected timestep is too low. The MPC models
in [35,36,52] remained MILP because they considered a steady CODP, i.e., the rated HP COP,
the average COP over the horizon, and an approximation of the ideal COP, respectively. In
this work, all cases were re-simulated with average COPS and MILP formulation (3.4 and 6
for winter and summer), finding an accuracy error increase up to 10% and computational
time decrease up to 15%. On the contrary, while a variable temperature-dependent COP
was considered in the building-level MPC PV-HP-TES work in [47], the HP was ON-
OFF and could deliver only zero or rated heating output. In this work, the variable COP,
dictated in (26), makes (28) quadratic and the PMS model MIQP. Hence, the model accuracy
is increased at the expense of computational burden.

7.1.2. Multi-Objective PMS Works

There are multiple ways to solve optimization problems with multiple objectives.
Rule-based strategies can be developed that adjust with rules the priority of the objectives
according to the dynamic state of the problem (e.g., temperature, SOC, PV generation, load
in [49]). However, these rule-based logics can become extremely complex with multiple
rules and cannot find the global optima. Nash bargaining models, such as in [54], construct
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different subproblems for every objective and search for Pareto optimal solutions; however,
they can become computationally heavy with more than two objectives. Integrating all
objectives (e.g., cost, thermal comfort, emissions, etc.) with different weights in the objective,
such as in [48], eliminates the computational expense of the previous methods and adjusts
priorities deliberately; however, they depend on the proper weight selection. Finally,
translating all objectives into one in the objective function, such as in [11,87], and this work,
transforms the problem into a single simple optimization. However, it has the limitation
that the objective priority depends on the resulting cost and is hardly altered.

7.2. Applicability of the PMS

The optimization of this work’s PMS has been performed from the perspective of the
aggregator, which optimizes the LCTs of various LCT owners, aiming to cover their needs
with the lowest cost, and communicates with the wholesale market for energy trading and
the DSO for the grid constraints. Hence, regarding the perspective of the PV/EV /HP/BESS
owners, the proposed PMS is directly applicable to such prosumers equipped with flexible
assets such as EVs, PV systems, stationary batteries, and heat pumps. The optimization
is executed locally at each node using only local measurements and forecasts together
with the dynamic grid power limits communicated by the DSO. Consequently, users can
minimize their electricity costs while maintaining thermal comfort and mobility require-
ments without requiring detailed knowledge of the distribution network. The optimization
remains transparent to the user, who only needs to define comfort preferences and EV
departure requirements.

Moreover, regarding the perspective of the DSO, the PMS enables the utilization
of customer-side flexibility, preventing simultaneous distribution network congestion.
Instead of reinforcing the network infrastructure, the DSO only communicates dynamic
import/export power limits to each node based on the available grid capacity. The proposed
decentralized optimization ensures that these limits are respected while maximizing the
utilization of distributed energy resources. Thus, such PMS can lead to the facilitation of
higher penetrations of EVs and PV systems and defer costly grid reinforcement investments.

It must be noted, though, that while the PMS requires only limited information
exchange between the DSO and the prosumers, privacy issues should be carefully addressed
so that the PMS is compatible with future smart-grid operation goals.

7.3. Validation
7.3.1. PMS Model

The PMS model has been validated against a rule-based uncontrolled benchmark
model based on [4,69] to show the cost reduction due to control and the MPC EV smart-
charging (SC) model in [87] to show its performance against other control works. The bench-
mark model has been created with the uncontrolled building heating model in [69], which
operates the HPs only according to the desired building temperature interval [21°, 23°],
and with the uncontrolled EV charging model in [4], which charges the EV fleets with rated
power as soon as they arrive. It maximizes PV self-consumption according to the following
rule logic:

(1) When the PV generation is higher than the total load, all the load is covered by the
PV generation, and the rest of the PV power is exported to the main grid for revenues.

(2) When the total load is higher than the PV generation, all PV generation is used for
its cover, and the rest is covered by imported grid power.

The MPC model in [87] performs EV charging with minimum cost and maximum
self-consumption. Due to the extra features of this work, such as HP heating, the specific
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cost metric Csp in (46) has been used for the comparison (total cost C divided by the total
exchanged grid power).

_ C
In Figure 10, the power flows of the uncontrolled, EV smart charging, and PMS models

Csp (46)

are depicted. As seen, the low energy prices during [00:00, 06:00] are not taken advantage
of in the uncontrolled model as they are in the PMS model. Moreover, the EVs arrive
during the energy price peak during [18:00, 20:00] and start charging immediately without
avoiding the price peak, such as in the PMS. Finally, the power scheduling of the EV smart
charging and PMS models is similar except for the addition of building heating. Moreover,
Figure 11 depicts the comparison of nodes 1 and 2 for winter and summer between the
uncontrolled model and the PMS model with and without BESS use concerning total cost
and maximum needed power capacity (left plot). It can be seen that for all cases the cost is
lower for the PMS model, while, in most of them, a lower power capacity is also needed.
In two cases, for Node 2 during summer and winter, a higher power capacity was needed
for the PMS model using BESS: 32 kW and 33 kW compared to 16 kW and 20 kW for the
uncontrolled, respectively. Hence, a sensitivity analysis was realized for the power limits
of these cases (right plot), proving that the PMS cost remains always lower when the same
power limits are used. Finally, Table 11 summarizes the cost comparison of the PMS and
the EV SC models. The cost is highly reduced, especially when a BESS is used, reaching up
to 30.6% reduction. Without the use of BESS, the specific cost of the PMS model is slightly
lower (up to 5.81%), which is due to the capability of V2G use.
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Figure 10. Comparison of power flows for the benchmark, EV SC [87], and power management
algorithms: Node 1—winter.

https://doi.org/10.3390/en19153582


https://doi.org/10.3390/en19153582

Energies 2026, 19, 3582

33 of 41

Table 11. Comparison of specific cost (€/kW) for EV SC and PMS, Nodes: N1 and N2,
winter-summer.

Winter Summer
Models
N1 N2 N1 N2
Model in [87] 3.05 3.24 4.59 476
2.9: 3.07: 4.62: 4.49:
Ctrl: No BESS —4.83% —5.25% +0.74% —5.81%
2.95: 2.25: 4.24. 3.81:
Cirl: BESS —3.09% —30.6% —7.56% —20.11%
Comparison of Cases Sensitivity Analysis: Node 2
. I o] % S S R—
® NI - Win- Unctrl
A N1-Win - Ctrl/loads 10
® NI - Win - Ctrl/BESS /5 —— N2-Win-Ctrl/BESS
® N1 -Sum - Unctrl 9 1 —= N2-Win-Unctrl
A NI1-Sum-Ctrl/loads | — = —— N2-Sum-Ctrl/BESS
W B W
= NI-Sum-CrBESS | L 8 & @ e | N225m:Unetsl
® N2 - Win - Unctrl 8 8
A N2 - Win - Ctrl/loads 7 o L)
;
® N2 - Win - Ctrl/BESS [P e e [ s
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Figure 11. Total cost and maximum used power comparison between PMS and benchmark model
(Unctrl) for nodes N1-3 (left plot). Sensitivity analysis of power limits for the two specific cases
(right plot).

7.3.2. Battery Degradation Model

Validation of the original battery degradation model using experimental data has
already been realized in [73] under various tests, such as storage, CC cycle, CC-CV cycle,
and application-based dynamic current profile tests, founding a capacity loss error below
1% of the original capacity while the maximum relative error was below 21%.

For the validation of the linearized model, the real battery degradation has been
calculated post-optimization and compared with the linear battery degradation results.
Figure 12a depicts the real and linear cyclic degradation mechanisms (Qcyc 1 and Qcyc 2)
and the total degradation Qcyc total for the BESS of Node 1. Moreover, the simultaneous
BESS SOC and charging and discharging currents are depicted in Figure 12b. The resulting
root-mean-squared error (RMSE) values are (1.9856,1.8346,2.0652) x 10~° for nodes 1-3,
respectively, proving the accuracy of the developed linearized degradation model. Finally,
the model’s accuracy has been validated with the models in [73,88] under 9 conditions, and
the results are summarized in Table 12, showing an accuracy error < 3% in most cases and
no higher than 14%. The conditions are described below:

(1) Simulation Time (ST): 1 year (y), Battery’s year of life (YoL) 1st, Min aging.

(2) ST: 1y, YoL: ST, Min aging and avg SOC.

(3) ST: 1y, YoL: ST, Min aging and throughput (TP).

(4) ST: 1y, YoL: ST, Min aging, avg SOC, and TP.

(5) ST: 9y, YoL: 1st, Min aging.

(6) ST: 9y, YoL: 10th, Min aging.

(7) ST: 9y, YoL: ST, Min aging and avg SOC.
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(8) ST: 9y, YoL: ST, Min aging and TP.
(9) ST: 9y, YoL: ST, Min aging, avg SOC, and TP.
Table 12. Further validation of linearized battery degradation model.
Model [73] Model [88]

Conditions Calendar Cyclic Total Calendar Cyclic Total
Condition 1 1.78% 0.67% 2.44% 1.35% 0.45% 1.8%
Condition 2 1.52% 0.79%  2.32% 1.29% 0.51% 1.8%
Condition 3 3.11% 0.74%  3.85% 1.75% 0.49% 2.23%
Condition 4 1.95% 0.76% 2.71% 1.38% 0.48% 1.86%
Condition 5 5.32% 1.96% 7.28%  10.48% 1.5% 11.98%
Condition 6 7.27% 215% 9.42%  11.31% 1.7% 13%
Condition 7 4.55% 236% 691%  10.06%  1.69% 11.75%
Condition 8 9.26% 2.24% 11.5% 12.1% 1.64% 13.73%
Condition 9 5.82% 215% 7.97%  10.68%  1.61% 12.29%
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Figure 12. Battery degradation: (a) Real and linearized cyclic battery degradation mechanisms in and
post-optimization (b) Charging/discharging battery current and SOC.

7.4. Final Summary of Findings

Finally, Table 13 summarizes all the important findings regarding the energy and

degradation costs, PV self-consumption, BESS and V2G use, imported and exported energy

amounts, and computational time for all case studies and load size scenarios of this work.

It must be noted that x x 100% PV self-consumption refers to the percentage of the PV

generation which was used for the consumption of the loads, while x x 100% BESS use

refers to the percentage of the used BESS energy compared to the BESS equivalent cycle.
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Table 13. Summary of most important findings for small-scale and large-scale load scenarios.

Scenarios Cases Energy Cost De(gzl;:"sl"tion Cg?llsls"l?iljn BESS Use V2G Use I?E::gt;d Egﬁ::;;d Cq.?l;f:t'
Small-scale Loads: Winter 20.3 € 0€ 73.5% 0% 9.3 kWh 562 kWh 2 kWh 38
Small-scale Loads/BESS: Winter 19.2€ 0€ 79% 87.5% 2.8 kWh 631 kWh 61 kWh 41
Small-scale  Loads/BESS/ Degr/tion: Winter 17.1 4€ 80% 80% 0 kWh 675 kWh 97 kWh 62/
Small-scale Loads: Summer 145¢€ 0€ 70.5% 0% 0 kWh 276 kWh 5 kWh 37/
Small-scale Loads/BESS: Summer 13.2€ 0€ 74% 82.5% 0 kWh 331 kWh 63 kWh 41
Small-scale Loads/BESS/ Degr/tion: Summer 134 € 16€ 74% 41.3% 0 kWh 319 kWh 27 kWh 59/
Large-scale Loads: Winter 186 € 0€ 87% 0% 100 kWh 4.78 MWh 136.1 kWh 7h 50
Large-scale Loads/BESS: Winter 164 € 0€ 91% 64.5% 61 kWh 6.09 MWh 1.07 MWh 8hb
Large-scale  Loads/BESS/ Degr/tion: Winter 151 € 28 € 90.5% 71.5% 26 kWh 5.39 MWh 755.9 kWh 10h 3
Large-scale Loads: Summer 135€ 0€ 88% 0% 27 kWh 2.51 MWh 223.2 kWh 7h 45
Large-scale Loads/BESS: Summer 128 € 0€ 91.5% 61% 25 kWh 2.72 MWh 442.7 KkWh 7 h 55
Large-scale Loads/BESS/ Degr/tion: Summer 115 € 29€ 90% 62.5% 23 kWh 2.92 MWh 649.3 kWh 9h57
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8. Conclusions

In this work, a two-level MIQP PMS model is developed for the day-ahead and
real-time scheduling of PVs, EVs, HPs, and BESS for energy arbitrage respecting the grid
limits. The main contributions of the PMS are, firstly, the co-integration of the LCTs
and co-optimization of several related objectives, such as cost savings, PV curtailment,
charging, and thermal comfort, and battery degradation, incorporating several modeling
details and seeking an optimal trade-off between accuracy and computational time that is
effective in both small- and large-scale load sizes. Secondly, this work contributed with
a linearization and integration of a highly non-linear battery degradation model that can
be extended to several empirical models of the literature. By comparing BESS and flexible
loads under various conditions, it was found that while V2G is less used than the BESS
in small aggregated loads due to higher power losses, opposite trends are observed in
larger aggregators with a vast amount of loads; hence, the importance of BESS decreases
while the load size increases. Thus, available PV generation, e.g., during summer, or
stored BESS energy, and round-trip charging losses and degradation costs combined highly
impact V2G usability. Moreover, the load type also has a notable impact on the flexibility
of the node since commercial loads import much less grid power and use less V2G due to
lower flexibility in general. Another important finding is that while degradation costs are
much lower than the power management costs, they become comparable in larger load
aggregators and can significantly alter the energy arbitrage decisions. Finally, the model
has been compared and validated against other benchmark and control models, showing
cost reductions of up to 5.81% and 30.6%, without and with BESS use, respectively.

In future work, considering more uncertainties (PV generation, weather data, load
demand) is proposed to qualify the uncertainty management of the real-time scheduling
level. The use of stochastic or robust optimization on Level 2 is also suggested for the
enhancement of uncertainty management. Moreover, a weekly simulation is proposed
to capture the intra-week effects. Finally, the dependence of the charger efficiencies on
the power levels should be studied, which is expected to have a notable impact on the
optimization decision-making.
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Abbreviations

The following abbreviations are used in this manuscript:

B/HEMS  Building/Home Energy Management System
B/TESS Battery / Thermal Energy Storage System

CC-Cv Constant-Current-Constant-Voltage
cor Coefficient of Performance
CvaR Conditional Value at Risk
DAM) Day-Ahead (Market)
DC Direct Current
DER Distributed Energy Resources
DG Distribution Grid
DHW Domestic Hot Water
DR Demand Response
DSM Demand-Side Management
DSO Distribution System Operator
DOD Depth of Discharge
EV Electric Vehicle
HH Household
HP Heat Pump
LCT Low-Carbon Technology
LFP Lithium Ferrophosphate Battery
LIB Lithium-Ion Battery
LV Low Voltage
MDP Markov Decision Process
MI(L/Q)P  Mixed-Integer (Linear/Quadratic) Programming
MPC Model Predictive Control
PDF Probability Distribution Function
PMS Power Management System
PV Photovoltaics
RES Renewable Energy Sources
RHO Rolling Horizon Optimization
RMSE Root-Mean-Squared Error
SC Smart Charging
SHGC Solar Heat Gain Coefficient
SOC State of Charge
V2G Vehicle-to-Grid
WWR Window-to-Wall Ratio
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