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ABSTRACT The electrification of heating, transportation, and buildings is transforming modern campuses
into multi-energy environments where photovoltaic (PV) generation, electric-vehicle (EV) fast charging,
and heat-pump (HP) loads interact across multiple timescales. These interactions introduce high volatility
that conventional battery energy storage systems (BESS) and short-horizon forecasting techniques cannot
manage effectively, particularly in Nordic climates with extreme seasonal irradiance and heating-dominated
load patterns. This study develops a unified analytical-Al-optimization framework for sizing and controlling
a hybrid battery energy storage system (HBSS) that integrates a fast-response supercapacitor/lithium titanate
(SC/LTO) layer with a Li-ion energy storage layer. Volatility is quantified using three indicators: the PV
Volatility Index (PVI), EV Fast-Charging Impact Factor (EFI), and Thermal Load Flexibility Index (TLFI)
derived from a 3.5-year, 15-minute dataset from a Nordic university campus microgrid. A multi-horizon
deep-learning model (HERA-4C), combining convolutional blocks, BiLSTM layers, and attention mecha-
nisms, produces 1-, 4-, 24-, and 96-step forecasts and is embedded into a predictive energy-management and
multi-objective optimization scheme using NSGA-II. The five-objective formulation minimizes annualized
cost, CO, emissions, grid import, Li-ion degradation, and unmet load. Results indicate that the optimal HBSS
configuration (260 kW SC/LTO and 200 kWh Li-ion) mitigates over 90% of PV-EV-HVAC volatility,
reduces peak grid import by 72%, eliminates curtailment and unmet load, and achieves 15-22% annual cost
reduction alongside a 14-18% decrease in CO, emissions. Seasonal evaluation confirms enhanced winter
reliability through adaptive state-of-charge management. The proposed framework provides a reproducible
methodology for resilient HBSS design in operational campus microgrids and supports scalable smart-
building applications under high-volatility conditions.

INDEX TERMS Hybrid BESS, volatility modeling, multi-horizon forecasting, predictive control, NSGA-II
optimization, campus microgrid, seasonal operation.

I. INTRODUCTION

The rapid electrification of buildings, transportation, and
heating systems is fundamentally reshaping modern dis-
tribution networks. University and institutional campuses
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are transitioning from passive load centers into complex
multi-energy environments where photovoltaic (PV) gen-
eration, electric-vehicle (EV) charging infrastructure, and
electrically driven heating, ventilation, and air-conditioning
(HVAC) systems interact dynamically on the same electrical
feeder [1]. While this transition supports decarbonization and
energy-efficiency objectives, it simultaneously introduces
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significant operational volatility across multiple time scales,
challenging conventional planning, forecasting, and energy
management strategies [2].

PV generation is a primary contributor to short-term
volatility due to its sensitivity to irradiance fluctuations.
Cloud-edge effects and rapidly changing weather conditions
can cause steep PV power ramps within minutes or even
seconds, particularly in Nordic and temperate climates. These
high-frequency variations propagate directly into the distribu-
tion network, affecting power quality and increasing the need
for fast-acting flexibility resources. In parallel, the grow-
ing penetration of EV fast chargers, typically rated between
150 and 350 kW, introduces step-like load changes that can
severely stress local feeders and transformers when multiple
charging events coincide [3], [4], [5]. EV charging behavior
is inherently stochastic and closely tied to user mobility
patterns, making it difficult to predict and manage using
traditional load models.

Electrified heating further compounds this challenge.
Heat pumps, which are increasingly deployed to replace
fossil-fuel-based heating systems, exhibit electrical demand
that varies strongly with ambient temperature, compres-
sor cycling, and defrost operations. In cold climates, the
coefficient of performance (COP) of heat pumps can fluc-
tuate widely, with reported winter values often ranging
between 1.1 and 2.5 [6]. Large-scale field studies have shown
that even systems exposed to similar outdoor conditions
may exhibit substantial performance differences, leading to
mid-frequency power fluctuations that interact with both
PV generation and EV charging demand [7]. The combined
effect of PV ramps, EV fast-charging surges, and heat-pump-
driven variability results in a multi-sector volatility profile
that cannot be adequately addressed using single-timescale
forecasting or conventional energy storage approaches.

Accurate forecasting and flexible energy storage are there-
fore essential for reliable and economical campus microgrid
operation. Recent advances in deep-learning-based forecast-
ing have significantly improved short-term prediction of
PV output and building loads [8], with convolutional neu-
ral networks (CNNs), recurrent neural networks (RNNs),
and long short-term memory (LSTM) models outperform-
ing traditional statistical techniques such as ARIMA and
regression-based approaches [9]. Hybrid architectures that
combine convolutional layers with recurrent units and atten-
tion mechanisms have demonstrated strong performance in
capturing nonlinear temporal dependencies [8], [9], [10].
However, most existing studies focus on a single signal
type (e.g., PV or load), consider limited forecast horizons
(typically 1-4 steps ahead), or evaluate forecasting accuracy
in isolation without embedding predictions into operational
energy management or storage control frameworks [11].

Battery energy storage systems (BESS) play a cen-
tral role in mitigating volatility, enabling peak shaving,
energy shifting, and grid support in microgrids. Conven-
tional lithium-ion (Li-ion) batteries are widely deployed due
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to their high energy density and declining costs, yet they
are poorly suited for absorbing high-frequency power fluc-
tuations such as PV ramps or EV fast-charging transients.
Frequent high C-rate operation accelerates electrochemi-
cal degradation and shortens battery lifetime, undermining
both economic and operational performance [12], [13], [14].
To overcome these limitations, hybrid battery energy storage
systems (HBSS), which combine fast-response technolo-
gies such as supercapacitors or lithium-titanate (LTO) cells
with energy-oriented Li-ion batteries, have gained increasing
attention. Such hybrid architectures allow rapid power dis-
turbances to be buffered by the fast layer, while the Li-ion
layer handles medium-duration energy balancing and load
following [13], [14].

Despite growing interest in hybrid storage systems and
advanced forecasting techniques, several critical gaps remain
in the existing literature. First, many studies investigating
hybrid battery architectures rely on synthetic demand profiles
or short-duration simulation datasets rather than long-term
measured operational data. For example, previous works such
as [15] evaluate hybrid storage coordination under simu-
lated load conditions but do not explicitly relate measured
volatility from PV generation, EV charging demand, and
HVAC-driven thermal loads to storage power—energy parti-
tioning. As a result, the interaction between sector-coupled
demand variability and hybrid storage control remains insuf-
ficiently explored.

Second, although significant progress has been made in
energy forecasting methods, these models are rarely inte-
grated directly into operational storage dispatch frameworks.
Several forecasting studies focus primarily on prediction
accuracy without embedding the forecasts within real-time
energy management strategies. For instance, works such
as [16] develop predictive models for renewable generation,
while studies including [17] and [18] explore load forecasting
techniques; however, the resulting predictions are typically
used only for evaluation purposes rather than as direct
inputs to hybrid storage control. Consequently, coordinated
decision-making based on multi-horizon forecasts—from
short-term volatility mitigation to day-ahead planning—
remains limited.

Third, seasonal asymmetry is frequently overlooked in
existing hybrid storage studies. In Nordic energy systems,
electricity demand patterns exhibit strong seasonal varia-
tion, characterized by significant PV surplus during summer
months and heating-dominated demand during winter peri-
ods. However, many storage management strategies assume
static operational policies throughout the year, as reported
in [18], which limits their ability to adapt to seasonal vari-
ability and changing system dynamics.

Finally, comprehensive multi-objective optimization
frameworks that simultaneously consider economic cost,
CO; emissions, grid interaction, battery degradation, and
supply reliability remain relatively scarce in the literature.
Existing studies such as [6], [7], and [8] typically focus

VOLUME 14, 2026



T. A. Shikdar, H. Laaksonen: Volatility-Aware Sizing and Seasonally Adaptive Control of Hybrid Energy Storage

IEEE Access

on a limited set of objectives, such as cost minimization
or emission reduction, while works including [17] and [18]
analyze operational strategies under simplified assumptions.
Few studies combine long-term high-resolution operational
datasets with integrated forecasting and hybrid storage opti-
mization, leaving an important gap in the development of
unified decision-support frameworks for modern microgrid
systems.

To address these challenges, this paper proposes a uni-
fied, forecast-driven, volatility-aware hybrid energy storage
framework for campus microgrids. The proposed approach
integrates:

o Sector-coupled volatility quantification using normal-
ized indices derived from PV, EV, and heat-pump ramp
dynamics

o A deep-learning-based multi-horizon forecasting model
capable of producing consistent predictions from
15 minutes to 24 hours ahead.

e A hybrid supercapacitor/LTO-Li-ion battery energy
storage system optimized and controlled using a
five-objective NSGA-II formulation. Seasonal state-of-
charge (SOC) trajectories are explicitly incorporated to
reflect the asymmetric operating conditions of Nordic
climates.

The framework is validated using a 3.5-year, 15-minute-
resolution dataset from a real university campus microgrid
in Vaasa, Finland, encompassing PV generation, building
electrical load, EV charging demand, heat-pump opera-
tion, electricity market prices, and grid CO; intensity.
By embedding multi-horizon forecasts directly into hybrid
storage dispatch and optimization, the proposed method
demonstrates significant reductions in peak grid import,
operating cost, CO, emissions, and Li-ion battery degra-
dation, while maintaining zero unmet load across all
seasons.

The remainder of this paper is organized as follows.
Section II reviews related work on sector-coupled volatility,
multi-horizon forecasting, hybrid energy storage systems,
and microgrid optimization. Section III presents the pro-
posed methodology, including volatility indices, forecasting
integration, hybrid storage modeling, and optimization for-
mulation. Section IV describes the dataset and system model.
Sections V-VII present forecasting results, hybrid storage
operation, and optimization outcomes. Section VIII dis-
cusses robustness, sensitivity, and practical implications, and
Section IX concludes the paper with key findings and future
research directions.

Il. LITERATURE REVIEW

This section reviews prior research relevant to sector-coupled
volatility in campus microgrids, multi-horizon forecasting
techniques, hybrid battery energy storage systems, and
multi-objective optimization approaches. The discussion
highlights methodological limitations in existing studies and
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establishes the motivation for the integrated framework pro-
posed in this paper.

A. SECTOR-COUPLED VOLATILITY IN CAMPUS
MICROGRIDS

PV output in Nordic and Central European climates changes
rapidly when clouds move across the array. Field mea-
surements show sharp ramps that appear within seconds
or minutes, indicating that flexibility across multiple time
scales is required [17], [18]. Lindholm and Jokinen docu-
mented this behavior in Finnish rooftop systems; the recorded
swings were large enough to matter for both forecast-
ing and storage planning [19]. Converter dynamics can
amplify inevitable fluctuations as MPPT behavior does not
respond linearly [20]. While statistical variability models
exist [21], [22], most storage sizing studies still rely on long-
term averages [23] and therefore miss the implications of
high-frequency PV ramps. Fast charging introduces a differ-
ent type of stress. Chargers in the 150-350 kW class create
sudden load steps that affect feeder voltage and protection
schemes [24]. Recent NERC assessments show that groups
of EV chargers can rapidly push currents upward, stress-
ing distribution components [25]. Similar findings appear in
local studies where coincident charging has been shown to
overload distribution transformers within short periods [26].
Even so, EV surge characteristics are rarely linked to sizing
requirements for the fast-response part of a hybrid storage
system. Heat pumps add mid-frequency variability. Ambi-
ent temperature, frosting events, and compressor cycling
strongly influence their electrical input. COP measurements
in Nordic climates vary widely, typically ranging from 1.1 to
2.5, depending on conditions [27]. Larger datasets show that
two systems exposed to the same temperature may still pro-
duce very different COP values, sometimes by a factor of
two or more [7]. This behavior affects SOC trajectories and
increases sensitivity to forecasting errors, yet many microgrid
studies treat HP operation in overly simplified ways.

B. MULTI-HORIZON FORECASTING FOR MICROGRID
OPERATION

Deep-learning models now dominate short- and medium-term
forecasting tasks. They generally outperform earlier statisti-
cal approaches such as ARIMA and SVR [8]. Several hybrid
architectures have emerged, including CNN-LSTM models
for multi-horizon load forecasting [28], CNN—Transformer
combinations for PV prediction [29], and attention mecha-
nisms that adjust forecasts to changing weather patterns [30].
Nevertheless, most of the existing work still focuses on
either PV or load alone. Forecast horizons beyond 24 steps
are seldom considered, and only a small number of stud-
ies attempt to link forecasts to real-time hybrid storage
control. Forecast uncertainty is also rarely included in
seasonally varying dispatch decisions. As a result, the
forecasting and optimization processes remain largely
disconnected.
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C. HYBRID BATTERY ENERGY STORAGE SYSTEMS

Hybrid battery energy storage system (BESS) designs often
combine fast-response devices—typically supercapacitors or
lithium-titanate (LTO) cells—with conventional Li-ion bat-
teries to balance power density and energy capacity. Recent
review studies, such as [15], highlight the advantages of
these hybrid architectures in systems exposed to rapid fluc-
tuations and frequent cycling, where high-power devices can
absorb short-term disturbances while Li-ion batteries handle
longer-duration energy balancing. In practical implemen-
tations, case studies such as [31] demonstrate that hybrid
configurations improve transient response and reduce degra-
dation stress on Li-ion batteries by offloading high-frequency
power variations to the fast-response layer.

Despite these advances, several important gaps remain in
the literature. First, most existing studies focus primarily on
operational benefits or control strategies, but few works pro-
pose systematic sizing approaches that directly link measured
volatility characteristics of renewable generation and demand
to the required power and energy capacities of the hybrid
storage layers. Second, although multi-objective optimiza-
tion methods have been applied in energy system design,
their use in hybrid storage sizing and coordinated control
remains relatively limited. For example, studies such as [32]
investigate optimization of energy storage systems under
simplified operating conditions, while [33] focuses on oper-
ational scheduling strategies without explicitly incorporating
forecasting information. Finally, many of these studies rely
on synthetic load profiles or short-term simulation datasets,
which makes it difficult to generalize their findings to real
campus-scale energy systems with long-term operational
variability.

D. MULTI-OBJECTIVE OPTIMIZATION IN MICROGRIDS
Multi-objective optimization has become an essential tool
for microgrid planning and operational decision making
because energy systems inherently involve conflicting tech-
nical, economic, and environmental objectives. Evolutionary
algorithms such as NSGA-II are widely adopted in this
context due to their ability to efficiently explore nonlin-
ear, nonconvex design spaces and generate well-distributed
Pareto-optimal solutions without requiring gradient infor-
mation. These characteristics make NSGA-II particularly
suitable for complex microgrid problems where multi-
ple operational constraints, stochastic renewable generation,
and heterogeneous energy resources must be considered
simultaneously.

However, most existing NSGA-II-based microgrid
studies remain relatively simplified in their problem formu-
lation. Typical implementations focus on a single storage
technology and optimize only two objectives, most com-
monly economic cost and CO; emissions. Furthermore,
many studies rely on annual-average or synthetic demand
profiles, which neglect short-term operational dynam-
ics and fail to capture the multi-timescale variability
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introduced by renewable generation and emerging electrified
loads.

In modern campus microgrids, operational complexity has
increased significantly due to the strong coupling between
photovoltaic generation, electric-vehicle fast charging, and
electrically driven heating systems such as heat pumps.
These components introduce volatility across multiple tem-
poral scales, ranging from second-level PV ramp events
to hourly thermal load fluctuations and day-ahead demand
variability. Addressing these dynamics requires optimization
frameworks that simultaneously consider multiple opera-
tional objectives—including cost, emissions, grid import,
battery degradation, and reliability—while explicitly mod-
eling hybrid storage architectures and time-varying system
behavior.

Despite substantial progress in the literature on PV vari-
ability, EV charging impacts, heat-pump dynamics, fore-
casting models, and hybrid battery systems, these research
areas are often investigated in isolation. Forecasting studies
typically focus on prediction accuracy without integrating
forecasts into operational optimization, while storage studies
frequently assume simplified or deterministic load profiles.
As a result, forecasting, hybrid storage design, and oper-
ational optimization remain largely disconnected in many
existing microgrid frameworks.

Existing forecasting-driven energy management and
hybrid storage studies have demonstrated improvements in
renewable integration, operational scheduling, and predic-
tive storage coordination using forecasting, optimization,
and artificial intelligence techniques [8], [28], [29], [30],
[15], [311, [32], [33], [34], [35]. However, many existing
approaches focus primarily on either forecasting accuracy,
operational dispatch, or single-sector energy variability inde-
pendently. In addition, several studies rely on simplified load
representations, short-duration simulation datasets, or static
operational policies that do not fully capture the coupled
variability introduced by photovoltaic generation, EV fast
charging, and heat-pump-driven thermal demand under
highly seasonal Nordic operating conditions. In contrast,
the proposed framework integrates sector-coupled volatility
characterization, multi-horizon forecasting, uncertainty-
aware hybrid SC/LTO-Li-ion dispatch, seasonally adaptive
SOC management, and multi-objective optimization within
a unified framework validated using long-term real campus
operational data.

To address these limitations, the present study employs
NSGA-II as a robust multi-objective search mechanism
within a unified optimization framework that integrates
sector-coupled volatility analysis, multi-horizon forecasting,
and hybrid battery energy storage system (HBSS) modeling.
Unlike conventional formulations, the proposed approach
jointly optimizes the sizing and operation of fast-response
SC/LTO storage and energy-oriented Li-ion batteries while
accounting for multi-year high-resolution operational data,
seasonal demand asymmetry, and forecasting-informed dis-
patch decisions. In this context, NSGA-II serves as an
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enabling optimization backbone that allows exploration of
the trade-offs between economic performance, environmental
impact, grid interaction, battery lifetime, and supply reliabil-
ity under realistic campus microgrid operating conditions.

E. TRANSFORMER AND FRACTIONAL-ORDER LEARNING
APPROACHES IN ENERGY FORECASTING

Recent advancements in renewable energy forecasting have
increasingly leveraged deep learning architectures to address
the nonlinear and highly volatile nature of renewable gen-
eration and demand. Traditional recurrent and convolutional
neural networks, such as LSTM, BiLSTM, and CNN-based
models, have demonstrated strong performance in short-term
forecasting tasks [8], [28], [29], [30]. However, their ability
to capture long-range temporal dependencies and multi-scale
patterns remains limited. To overcome these limitations,
transformer-based architectures have recently gained signif-
icant attention in renewable energy forecasting [34]. These
models utilize self-attention mechanisms to capture global
temporal dependencies and complex interactions across time
steps. The core operation of a transformer model is defined

as:
. (QKT)
Attention (Q, K, V) = softmax Vv @))
Vdy

where O, K, and V represent query, key, and value matri-
ces, respectively, and dj is the dimensionality of the key
vector. This formulation enables parallel processing and
improved representation of long-range temporal correlations,
making transformer-based models particularly effective for
multi-horizon forecasting tasks [34], [35].

In addition to transformer models, hybrid and memory-
enhanced learning approaches have been proposed to
improve forecasting accuracy under non-stationary condi-
tions. One such approach is the fractional-order recurrent
neural network (FRNN), which incorporates long-term mem-
ory effects using fractional calculus [40]. The Caputo frac-
tional derivative is commonly used to model such dynamics:

D= [0 war @
(1

This formulation allows the model to capture history-
dependent system behavior, which is particularly relevant
for photovoltaic systems and load patterns influenced by
long-term temporal correlations [6], [7]. In practice, the frac-
tional derivative is often approximated using the Griinwald—
Letnikov scheme:

Apye ~ b~ Zw(a)yk—j 3)

These hybrid and fractional-order models have shown
promising results in improving prediction accuracy and
robustness under uncertain operating conditions [34].
Despite these advancements, transformer-based and
fractional-order models often require large-scale datasets,
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high computational resources, and complex parameter tun-
ing, which may limit their applicability in real-time energy
management systems [34], [35]. Furthermore, most exist-
ing works focus primarily on forecasting accuracy without
integrating the predictions into operational decision-making
frameworks.

In contrast, the proposed HERA-4C framework adopts a
hybrid CNN-BiLSTM-attention architecture that balances
predictive accuracy with computational efficiency. More
importantly, it integrates multi-horizon forecasting directly
with hybrid energy storage system optimization, enabling
a unified forecasting—control pipeline for practical energy
management applications.

F. RESEARCH GAP AND MOTIVATION
Based on the reviewed literature, several critical research gaps
can be identified:

« Existing studies lack a unified framework that jointly
considers PV generation, EV fast charging, and heat-
pump-driven thermal loads using long-term, high-
resolution campus data.

o Multi-horizon forecasting, particularly spanning from
minutes to day-ahead operation within a single consis-
tent model, is rarely integrated into microgrid control
and storage dispatch.

o There is no systematic methodology for linking mea-
sured volatility to hybrid storage power—energy parti-
tioning, especially for fast-response and energy-oriented
storage layers.

o Seasonal asymmetry, which is fundamental to Nordic
and other high-latitude climates, is often neglected in
both storage sizing and control strategies.

o Comprehensive multi-objective optimization frame-
works that simultaneously account for economic cost,
CO; emissions, grid import, battery degradation, and
reliability under real operational conditions remain
limited.

These gaps motivate the development of an inte-
grated, forecasting-driven, volatility-aware hybrid energy
storage framework. By combining sector-coupled volatil-
ity indices, deep-learning-based multi-horizon forecasting,
hybrid SC/LTO-Li-ion battery modeling, and five-objective
NSGA-II optimization, this paper aims to provide a scalable
and reproducible solution for resilient campus microgrid
operation under high-volatility conditions.

Although recent forecasting-assisted energy management
system (EMS) studies have improved renewable integra-
tion and storage scheduling performance, most existing
approaches focus on either single-sector variability, short-
term forecasting horizons, or operational dispatch with-
out explicitly linking measured volatility characteristics
to hybrid storage sizing and seasonal operational adap-
tation. Furthermore, many existing frameworks evaluate
forecasting and storage control independently, limiting coor-
dinated decision-making under highly dynamic operating
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conditions. In contrast, the proposed framework integrates
sector-coupled volatility characterization, multi-horizon fore-
casting, uncertainty-aware hybrid SC/LTO-Li-ion dispatch,
and seasonally adaptive SOC management within a unified
optimization framework validated using long-term real oper-
ational data from a Nordic campus microgrid. The proposed
methodology additionally establishes a quantitative relation-
ship between measured volatility behavior and hybrid storage
power—energy partitioning, enabling coordinated sizing and
operation of fast-response and energy-oriented storage layers.

G. DISTINCT CONTRIBUTIONS OF THIS PAPER

Compared with existing forecasting-assisted hybrid energy
management and storage optimization studies, the distinct
contributions of this paper are summarized as follows:

o This work introduces a unified volatility characteri-
zation framework that explicitly captures the coupled
dynamics of photovoltaic generation, electric-vehicle
fast charging, and heat-pump-driven thermal loads using
long-term, high-resolution campus data. Three nor-
malized volatility indices are formulated to translate
measured ramp behavior into actionable storage design
inputs.

o A deep-learning-based multi-horizon forecasting model
is developed to generate consistent predictions from
15 minutes to 24 hours ahead within a single archi-
tecture. Unlike conventional single-horizon approaches,
these forecasts are directly embedded into hybrid energy
storage dispatch, enabling predictive and horizon-aware
control.

o The proposed framework establishes a quantitative link
between measured system volatility and hybrid storage
power—energy partitioning, enabling systematic sizing
of a fast-response SC/LTO layer and an energy-oriented
Li-ion layer. This approach moves beyond heuristic or
simulation-only hybrid storage design.

« A season-dependent state-of-charge (SOC) control strat-
egy is introduced to explicitly address the asymmetric
operating conditions of Nordic climates, characterized
by summer PV surplus and winter heating-dominated
demand. This ensures improved reliability and reduces
stress on the Li-ion battery across all seasons.

o A five-objective NSGA-II optimization framework is
formulated to jointly minimize annualized cost, CO;
emissions, grid import, battery degradation, and unmet
load. The optimization incorporates forecasting-driven
dispatch and hybrid storage dynamics, yielding
Pareto-optimal designs under realistic operational con-
straints.

o The proposed methodology is validated using a 3.5-year,
15-minute-resolution dataset from a real university cam-
pus microgrid in Vaasa, Finland. The results demonstrate
substantial reductions in peak grid import, operating
cost, CO, emissions, and Li-ion degradation while
maintaining zero unmet load across all seasons.

78762

lll. METHODOLOGY

This section describes the proposed forecasting-driven,
volatility-aware hybrid energy storage methodology devel-
oped for campus microgrids. The methodology integrates
sector-coupled volatility analysis, multi-horizon forecasting,
hybrid battery energy storage system (HBSS) modeling,
seasonal state-of-charge (SOC) control, and multi-objective
optimization.

A. OVERALL FRAMEWORK DESCRIPTION

The proposed framework follows a predictive energy man-
agement paradigm in which measured system volatility and
multi-horizon forecasts jointly inform hybrid storage sizing
and dispatch decisions. The methodology consists of five
sequential stages:

« Extraction and normalization of volatility from PV gen-
eration, EV charging, and heat-pump-driven thermal
loads.

o Generation of short- and long-horizon forecasts using a
unified deep-learning model

o Hybrid storage dispatch modeling with fast and slow
dynamic separation.

o Seasonally adaptive SOC trajectory enforcement

« Multi-objective optimization of storage sizing and oper-
ational parameters.

The interaction between these stages is illustrated in
Figure. 1. Forecast outputs feed directly into the energy
management system (EMS), while volatility indices constrain
hybrid storage power—energy partitioning. Figure 1 shows
the interaction between volatility extraction, multi-horizon
forecasting, hybrid BESS dispatch, seasonal SOC control,
and NSGA-II optimization. Forecasts and volatility indices
jointly inform real-time and long-term storage decisions.

Volatility
Extraction HP
Net Load
' RamEs l
I Cycles |
HERA-4C Multi
Horizon -
|'(y||’g"|:|‘i|“n N Hybrid BESS
(15m-24h) | Decision Model
Seasonal SO( +
Irajectory NSGA-II
Nordic seasonal Forecasting- Optimization
snvelone Supported Cost-CO;
cnvelope Predictive EMS Import-Degradation
* (Annual)

FIGURE 1. Overview of the proposed volatility-aware
forecasting-optimization framework for hybrid energy storage operation
in campus microgrids.

B. VOLATILITY QUANTIFICATION AND NORMALIZATION

Operational volatility is quantified through ramp-rate anal-
ysis of sector-coupled power signals. Let Pi(¢) denote the
instantaneous power of the subsystem k < {PV,EV,HP
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at time step ¢, sampled at an interval Az. The ramp rate is
defined as

Pk(t)—ik(t—At)_ @)
t

To enable consistent comparison across subsystems with
different nominal ratings, normalized volatility indices are

introduced.
The PV Volatility Index (PV]) is defined as

Ry (1) =

o(l Rpv |)
PV
The EV Fast-Charging Impact Factor (EFI) as
o(|Rev |)
EFl =——/——-—, ©6)
Pgy
and the Thermal Load Flexibility Index (TLFI) as
R
L = 2R D 7
Php

where o (-) denotes the standard deviation of absolute ramp
rates. These indices characterize the relative intensity of fast
and mid-frequency disturbances and are used to guide hybrid
storage sizing and dispatch. Figure 2 illustrates how raw
power measurements are converted into ramp-rate distribu-
tions and normalized volatility indices used for hybrid storage

design
PV Power Signal
[ Compute Ramp Rate ]
=P -Pey
EV PV Volatility Index TP/ Thermal
) - h Load (P, )

Inputs to Hybrid BESS and
NSGA-II Power—Energy

‘ Unified Volatility Vector ’
Partitioning

FIGURE 2. Volatility extraction and normalization process for PV,
EV charging, and heat-pump loads.

C. MULTI-HORIZON FORECASTING AS PREDICTIVE INPUT
Multi-horizon forecasts of PV generation and net load are
generated using a unified forecasting model. At each time
step ¢, the model produces a forecast vector

P() = {i)(r+1),2)(:+4),i>(t+24),13(t+96)} 8)

corresponding to prediction horizons of 15 min (Fast
volatility mitigation), 1 h (Short-term dispatch smoothing),
6 h (Energy shifting), and 24 h (Seasonal SOC planning,
respectively. Short-horizon forecasts are primarily used to
mitigate rapid power fluctuations, while long-horizon fore-
casts support anticipatory charging, price-aware scheduling,
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and seasonal SOC planning. Forecasts are updated in a
rolling-horizon manner to limit error propagation.

The proposed HERA-4C forecasting architecture is
designed to balance predictive accuracy and computational
efficiency for practical energy management system (EMS)
applications. Training is performed offline using histori-
cal operational data, where the convolutional, BiLSTM,
and attention layers jointly learn multi-timescale tempo-
ral patterns. Although the training phase requires higher
computational resources due to iterative parameter opti-
mization, this process is executed only periodically during
model retraining and does not affect real-time operation.
In contrast, online inference during EMS deployment is
computationally lightweight, as forecast generation involves
only a forward-pass evaluation of the trained model. The
rolling-horizon forecasting process can therefore be exe-
cuted within operational EMS timescales, enabling practical
integration into real-time hybrid storage dispatch and pre-
dictive energy management frameworks. Furthermore, the
unified multi-horizon architecture reduces the need for mul-
tiple independent forecasting models, improving deployment
efficiency and simplifying operational implementation for
campus-scale microgrids.

1) MULTI-HORIZON OUTPUT LAYER AND LOSS FUNCTION
The HERA-4C forecasting model is designed to produce
simultaneous predictions across multiple horizons using a
shared feature representation. Let the multi-horizon forecast
output be defined as:

ﬁ(f)Z [i)t+1,i)t+h],i)t+h2,~-~j’t+hn] ®

where each component corresponds to a specific predic-
tion horizon. These outputs are generated through a shared
encoder—decoder architecture, ensuring that temporal depen-
dencies across horizons are jointly learned.

To enforce consistency across different prediction hori-
zons, the model is trained using a combined multi-horizon
loss function:

n
L= wi-MSE (P,+h,., P,+h,.) (10)
i=1
where w; represents the weighting factor for horizon #;, and
MSE denotes the mean squared error between predicted and
actual values.

This formulation ensures that all horizons are opti-
mized simultaneously while allowing flexible prioritization
of short-term or long-term accuracy. The shared represen-
tation across horizons inherently promotes temporal consis-
tency, preventing divergence between short- and long-term
predictions

2) UNCERTAINTY-AWARE DISPATCH FORMULATION

To enhance robustness against forecast uncertainty, the
dispatch formulation is extended to incorporate a confidence-
adjusted control strategy. Although the primary dispatch is
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based on point forecasts obtained from the multi-horizon
model, forecast uncertainty is accounted for through a safety
margin applied to predicted values.

The uncertainty-adjusted net load is defined as:

Padj (t) = Prorecast (t) — k - CI, (t) (1)

where CIj,(t) represents the forecast confidence interval width
at time ¢ for horizon A, and k is a tuning parameter that con-
trols the level of conservativeness. The forecast confidence
interval width is derived using a residual-based uncertainty
estimation approach. During model validation, prediction
residuals are calculated as the difference between forecasted
and measured values for each forecasting horizon. The stan-
dard deviation of these residuals is then used to estimate
the forecast uncertainty level associated with each prediction
horizon. Assuming approximately symmetric forecast error
behavior, the confidence interval width is expressed as:

Cly (1) = za0n 12)

where:

e CIy(t) = confidence interval width for horizon &

e Zo = confidence coefficient

e 0, = standard deviation of forecasting residuals for
horizon h

This formulation ensures that the dispatch strategy
remains robust against forecast errors, particularly under
high-volatility conditions. By incorporating uncertainty into
the control input, the system reduces the likelihood of
constraint violations and improves operational reliability.
In addition, the adaptive threshold Ry (t,s), defined in
Eq. (9), is directly linked to forecast confidence inter-
vals, enabling the hybrid storage system to respond more
conservatively when uncertainty is high. This effectively
introduces a chance-constrained behavior in the dispatch
mechanism without requiring a full stochastic optimization
framework.

D. HYBRID BATTERY ENERGY STORAGE DISPATCH
MODEL

The hybrid energy storage system consists of a fast-
response supercapacitor/lithium titanate (SC/LTO) layer and
an energy-oriented Li-ion battery. The SC/LTO layer is inten-
tionally designed with a high power-to-energy ratio to address
short-duration, high-frequency disturbances associated with
photovoltaic ramp events, EV fast-charging transients, and
rapid thermal-load fluctuations. Unlike energy-oriented Li-
ion batteries, the primary function of the SC/LTO subsystem
is not long-duration energy shifting but rapid power buffer-
ing and transient stabilization. Consequently, a relatively
small energy capacity combined with a high power rating
is adopted to enable fast charge/discharge response, high
cycling capability, and reduced electrochemical stress on
the Li-ion layer. The Li-ion battery subsequently manages
slower and longer-duration energy balancing requirements,
thereby enabling functional separation between fast transient
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mitigation and medium-duration energy management within
the hybrid storage architecture. The net power imbalance
between load and photovoltaic (PV) generation is defined
as

Pnet(t) = Pload(t) - PPV(I) (13)

To separate fast and slow dynamics, a ramp-based power-
splitting strategy is adopted. The ramp rate is defined as
Pnet (t) B Pnet (t B At)

R(t) = Ar (14)

High-frequency components are assigned to the SC/LTO
layer based on a threshold Ry (¢, s):

Poc(t) = { Pra |ROI=Rat.s) (o

0, otherwise

Unlike a fixed threshold, Ry (¢, s) is implemented as a season-
ally initialized but dynamically updated parameter:

R (¢, 5) = aVIs + BCI, () (16)

where VI represents the combined seasonal volatility index
derived from the normalized PVI, EFI, and TLFI indicators,
and CI,(t) denotes the forecast confidence interval width
obtained from the multi-horizon forecasting model at time ¢
for horizon h. The coefficients o and S control the relative
influence of historical volatility and real-time forecast uncer-
tainty. This formulation enables adaptive sensitivity, allowing
the fast-response layer to react more aggressively under high
volatility or high uncertainty conditions.

The Li-ion battery handles the residual power after fast-
component extraction:

Pri(t) = Pnet(r) — Psc(t) a7

State-of-charge (SOC) dynamics for both storage layers are
governed by:

niPi (1) At

SOC; (t + 1) =SOC; (t) + ————,

max
E i

i € {SC, Li}
(18)

To ensure physically feasible operation under prolonged
volatility events, a hierarchical fallback mechanism is incor-
porated. When the SC/LTO layer approaches its SOC or
power limits, any remaining high-frequency imbalance is
transferred to the Li-ion battery, subject to its operational con-
straints. If both storage layers reach their limits, the residual
mismatch is handled through grid import/export or curtailed
according to network constraints. This hierarchical control
structure ensures stable system operation while preventing
saturation of the fast-response layer and excessive stress on
the Li-ion battery. Figure 3 shows how fast disturbances
are absorbed by the SC/LTO layer while the Li-ion battery
handles slower energy balancing.
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FIGURE 3. Hybrid SC/LTO-Li-ion power-splitting and energy flow
structure.

E. BATTERY DEGRADATION MODELLING

To incorporate battery aging into the optimization framework,
a simplified cycle-based degradation model is adopted. The
degradation of the Li-ion battery is assumed to be primarily
driven by charge—discharge cycling, which is consistent with
its operational role in medium-duration energy balancing.
The degradation cost is modeled as a function of energy
throughput:

Cacg =h ) | PLi (1) | At (19)
t

where A represents the degradation cost coefficient (€/kWh
throughput), and | Pri(z) | is the absolute Li-ion power.
This formulation approximates cycle-induced degradation by
penalizing cumulative energy throughput.

This approach captures the dominant aging mechanism
under frequent cycling conditions, where depth-of-discharge
and charge/discharge activity are the primary contributors
to capacity fade. The use of a throughput-based model is
consistent with widely adopted simplified degradation for-
mulations in energy system optimization. Calendar aging and
temperature-dependent degradation effects are not explic-
itly modeled in this study, which represents a limitation of
the adopted simplified degradation framework. In practical
battery systems, temperature variations, long-term storage
conditions, and electrochemical side reactions can signif-
icantly influence aging behavior and lifetime degradation
characteristics. However, the primary objective of the present
work is to evaluate the operational impact of hybrid stor-
age coordination and volatility-aware dispatch under vary-
ing campus microgrid conditions rather than to develop
a detailed electrochemical battery aging model. Therefore,
a throughput-based degradation representation is adopted to
provide computationally efficient comparative evaluation of
hybrid storage operation and Li-ion cycling stress within
the multi-objective optimization framework. Future work
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may extend the proposed methodology by incorporating
temperature-coupled electrochemical degradation models,
calendar aging mechanisms, and rainflow-cycle-based life-
time estimation techniques.

F. SEASONALLY ADAPTIVE SOC CONTROL
To account for strong seasonal asymmetry, season-dependent
SOC bounds are imposed on the Li-ion battery:

SOChin = SOCLi(1) = SOCrax, (20)

where s € {Winter, Spring, Summer, Autumn}. The seasonal
SOC bounds were selected based on the observed seasonal
mismatch between photovoltaic generation and campus elec-
trical demand within the 2021-2025 operational dataset.
Higher SOC targets are maintained during winter periods
to preserve reserve capacity against heating-driven demand
variability, reduced photovoltaic availability, and increased
forecast uncertainty under Nordic climatic conditions. In con-
trast, lower SOC ranges are permitted during summer
periods to maximize photovoltaic self-consumption and
reduce renewable curtailment during high solar generation
conditions. The adopted SOC envelopes were additionally
evaluated through preliminary operational sensitivity obser-
vations to ensure stable hybrid storage operation, avoidance
of excessive Li-ion cycling stress, and sufficient flexibil-
ity across varying seasonal demand conditions. Although
the SOC thresholds are not derived from a dedicated opti-
mization process, they provide a practically interpretable
and operationally robust strategy for seasonally adaptive
hybrid storage management within the studied campus
microgrid.

G. MULTI-OBJECTIVE OPTIMIZATION FORMULATION
Hybrid storage sizing and operational parameters are opti-
mized using NSGA-II. The decision vector is

x = (Evi, PR, PI), 1)
Optimization minimizes

Cann
CO,

Inxin Eimport , (22)
Dy

Eunserved

subject to SOC, power, and reliability constraints. Figure 4
illustrates population initialization, fitness evaluation, non-
dominated sorting, and convergence toward the Pareto front.

H. PERFORMANCE EVALUATION METRICS

System performance is assessed using forecasting accuracy
metrics (RMSE, R2, Diebold—Mariano test), operational
indicators (volatility absorption ratio, peak grid import,
SOC adherence), and long-term economic and environmental
metrics.
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FIGURE 4. NSGA-II optimization workflow for hybrid storage sizing and
dispatch.

IV. SIMULATION MODEL DESIGNING AND STRUCTURING
A. DATA SOURCES AND PREPROCESSING

The study is based on a unified dataset representing a
real campus microgrid at the University of Vaasa, Fin-
land, covering the period 2021-2025 with a 15-minute
temporal resolution (1492 days). The dataset integrates elec-
trical demand, photovoltaic (PV) generation, electric-vehicle
(EV) charging demand, thermal load, weather conditions,
electricity market prices, and grid CO; intensity. All elec-
trical and PV measurements were collected through the
campus Energy Management System (EMS) and follow
IEC 61724-1 monitoring practices [15]. Power meters are
Class-1 certified. EV charging power data was obtained
from OCPP-compliant chargers, ensuring accurate logging
of charging sessions and power levels. Weather variables,
including ambient temperature, global horizontal irradiance,
wind speed, and humidity, were retrieved from the NASA
POWER database [36]. EV data were obtained from Data in
brief [37] Electricity market prices were obtained from the
ENTSO-E Transparency Platform [38], while time-varying
grid CO; intensity data were sourced from the Fingrid
Open Data Service [39]. Data preprocessing involved three
steps. First, all signals were synchronized to a common
15-minute timestamp. Second, missing values accounting
for less than 0.7% of the dataset were reconstructed using
linear interpolation. Third, outliers caused by logging or
communication errors were removed using a 3o statisti-
cal filter. The resulting dataset provides a consistent basis
for forecasting, volatility quantification, and hybrid storage
optimization.

B. CAMPUS MICROGRID CONFIGURATION

The studied system represents a grid-connected campus
microgrid located at the University of Vaasa, Finland. The
microgrid integrates multiple energy subsystems including
photovoltaic (PV) generation, building electrical demand,
electric-vehicle (EV) charging infrastructure, an electrified
heating system based on heat pumps, and a hybrid battery
energy storage system (BESS). A centralized energy man-
agement system (EMS) coordinates these components and
manages energy flows within the campus network.
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In operation, electricity generated by the PV system is first
used to satisfy local building demand and EV charging loads.
When excess renewable generation is available, the surplus
energy can be stored in the hybrid BESS or exported to the
utility grid. Conversely, during periods of high demand or
low renewable production, electricity can be imported from
the grid. The hybrid BESS provides operational flexibility
by separating fast power disturbances and medium-duration
energy balancing through a combination of SC/LTO and
Li-ion storage layers.

The main technical parameters of the PV system,
EV charging infrastructure, HVAC system, hybrid BESS,
and dataset characteristics are summarized in Table 1, which
provides an overview of the campus microgrid configuration
and the data sources used in the study.

TABLE 1. Dataset overview and sources (2021-2025, 15-min resolution).

Component Parameter Value Source
PV System Installed capacity | 870 kWp Energy Lab -
buildings
(2021-2025)
Inverter efficiency 97.5% Fronius Symo
datasheet [44]
EV 4 x DC fast 150 kW Open EV dataset
Chargers chargers each scaled to campus
[40]
20 x AC Level 2 11 kW Open EV dataset
chargers each [40]
HVAC Air-to-water heat 550 kW Energy Lab -
pump building’s thermal
logs
COP 2.0/4.1 NIBE F2120
(winter/summer) datasheet [43]
Hybrid SC/LTO power 260 kW HBSS design
BESS rating specification [43]
SC energy 3.2kWh HBSS design
specification [43]
Li-ion energy 200 kWh BYDLVL
datasheet [45]
Dataset Resolution 15 IEC 61724-1
minutes standard [46]
Duration 1492 Unified merged
days dataset
(2021-2025)

Table I summarizes the main components, technical parameters, and data sources used in the
unified campus-scale dataset. The dataset integrates photovoltaic generation, electric vehicle
charging infrastructure, HVAC systems, and a hybrid battery energy storage system (HBESS),
covering the period 2021-2025 with a uniform 15-min temporal resolution. Technical specifications
are obtained from turer datash building energy systems, and
standardized datasets, while operational profiles are harmonized in accordance with IEC 61724-1.
The resulting dataset provides a consistent and high-resolution basis for energy system modeling,
optimization, and performance evaluation

C. VALIDATION OF SCALED EV CHARGING PROFILE
The EV charging dataset used in this study is derived from an
open-source EV charging dataset [37] and scaled to match
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the installed charging infrastructure of the campus micro-
grid. To ensure that the scaled dataset accurately represents
realistic campus charging behavior, a statistical validation is
performed. First, the peak charging power levels are consis-
tent with the installed infrastructure, which includes multiple
DC fast chargers rated at 150 kW and AC chargers rated at
11 kW. The aggregated EV charging profile reflects realistic
peak demand levels observed in campus environments. Sec-
ond, the temporal variability and ramp-rate characteristics of
the scaled EV data are analyzed. The ramp-rate distribution,
shown in Figure. 7, indicates that EV charging events exhibit
step-like variations with ramp magnitudes typically within
£8-10 kW per 15-minute interval. These characteristics are
consistent with stochastic charging behavior reported in cam-
pus and urban EV studies. Third, the statistical dispersion
of EV charging demand, including standard deviation and
variability patterns, aligns with reported EV usage trends,
where charging events are intermittent and user-driven rather
than continuous.

Although the dataset is scaled, these statistical properties
confirm that it preserves the key characteristics relevant for
volatility analysis, particularly ramp behavior and peak coin-
cidence effects. Therefore, the scaled EV dataset provides a
representative approximation of campus-level EV charging
dynamics for hybrid storage design and evaluation.

D. DATASET STRUCTURE AND MULTI-SECTOR LOAD
PROFILES

The dataset includes synchronized time series of build-
ing electrical load, PV production, EV charging demand,
heat-pump consumption, electricity market prices, grid CO,
intensity, and key meteorological variables. Figure 4 presents
the combined load and PV power over the full period
2021-2025.

Load and PV over simulation period

Power (kW)

0
Jan 2021 Jul 2021 Jan 2022 Jul 2022 Jan 2023 Jul 2023 Jan 2024 Jul 2024 Jan 2025
Time
—Load —PV

FIGURE 5. Load and PV over the full simulation period (2021-2025).

Figure 5 shows a pronounced seasonal pattern. PV genera-
tion increases sharply during summer, often reaching values
close to 200 kW, while winter production drops to near zero
due to low irradiance and snow cover. In contrast, building
load peaks during winter, rising to two to three times summer
levels due to heating demand. This structural mismatch, with
high PV output in summer and high load in winter, is char-
acteristic of Nordic buildings and has been reported in earlier
studies [16], [17]. The seasonal imbalance reinforces the need

VOLUME 14, 2026

for a hybrid BESS configuration capable of providing both
short-term volatility mitigation and seasonally adaptive SOC
management.

E. LOAD DECOMPOSITION: BASE LOAD, EV CHARGING,
AND HEAT PUMP

The full load decomposition for the period 2021-2025 is
illustrated in Fig. 6, where the total building demand is
expressed as:

Pload(t) = Pbase(t) + PEV(I) + Pheat(t) (23)

Fig. 6 presents the load components using separate panels
for heat-pump demand, EV charging demand, and base elec-
trical load, allowing clearer visualization of their temporal
characteristics.

The heat-pump demand (Figure. 6(a)) exhibits strong sea-
sonal variation, with pronounced peaks during winter months
driven by low ambient temperatures and continuous heating
requirements. During these periods, it dominates the total
demand and typically accounts for a significant portion of
peak load.

In contrast, EV charging demand (Figure. 6(b)) appears as
intermittent and irregular peaks associated with fast-charging
sessions. These events are short-duration but high-power,
reflecting typical usage patterns in campus environments with
increasing EV penetration.

The base electrical load (Figure. 6(c)) remains compar-
atively stable throughout the year, representing underlying
building consumption such as lighting, appliances, and aux-
iliary systems. Although minor fluctuations are observed, its
magnitude is significantly less variable than the heat-pump
component.

Overall, the distinct temporal characteristics of these com-
ponents highlight the multi-sector coupling and variability
of modern campus energy systems. These observations are
consistent with measured profiles in Nordic academic and
commercial buildings [38], confirming the representativeness
of the dataset used in this study
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FIGURE 6. Load decomposition into base load, EV charging, and heat
pump (2021-2025).

F. VOLATILITY METRICS (PVI, EFI, TLFI)
Figure. 7 presents the ramp-rate histograms for PV gen-
eration, EV charging, and heat-pump operation across the
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2021-2025 dataset. Following the ramp-characterization
method of Kazemi et al. [44], three sector-specific volatility
measures are defined in equations (2), (3), and (4).

Ramp rate distributions

PV ramps EV charging ramps Heat pump ramps
80000 P 80000 L P 60000 pump P
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FIGURE 7. Ramp-rate histograms for PV, EV charging, and heat pump
power.

The three histograms reveal apparent differences in ramp
behavior. PV generation exhibits step changes mostly within
4+10-12 kW per 15-minute interval, reflecting typical cloud
movements in coastal Nordic climates. EV charging shows
a narrower range with occasional swings of approximately
+8-10 kW/step, produced by the sudden start and end
of fast-charging sessions. Heat-pump operation exhibits the
widest distribution: most ramps fall within =15 kW/step, but
occasional excursions exceed +25-30 kW/step during com-
pressor restarts and defrost cycles. These characteristics have
direct implications for hybrid storage design PVI determines
the fast-response rating required from the SC/LTO layer, EFI
affects transient absorption capability, and TLFI influences
the Li-ion layer sizing for multi-minute thermal fluctuations.

G. SPATIOTEMPORAL PATTERNS VIA HEATMAPS

Fig. 8(a—d) displays annual 365 x 24 heatmaps of load,
PV generation, grid power, and BESS SOC following the
method of [45]. The load heatmap (Fig. 8a) shows a strong
seasonal gradient, with winter demand dominating and pro-
nounced morning (06-09) and evening (17)—(21) peaks
linked to heating and occupancy. Summer loads are substan-
tially lower. PV output (Fig. 8b) exhibits a clear seasonal
envelope, concentrated between 07-18 and peaking around
midday, with negligible production during winter. Grid power
(Fig. 8c) reflects the interaction of load and PV availability:
summer midday periods exhibit negative values indicating
exports, whereas winter is characterized by persistent imports
driven by heating loads. The BESS SOC (Figure. 8d) stays
above ~(0.75 for most of the year, rising toward the upper
bound during summer due to midday PV charging, and
showing tight oscillations in winter as the control strategy
preserves reserve capacity for volatility mitigation. Overall,
the heatmaps reveal the coupled diurnal-seasonal dynamics
of demand, renewable generation, grid exchange, and storage
behavior in the campus microgrid.

H. SEASONAL ENERGY BALANCE

Table 2 reveals a pronounced seasonal imbalance between
renewable generation and electricity demand.
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FIGURE 8. Spatiotemporal heatmaps of load, PV, grid power, and SOC.

Winter operation is characterized by very low PV out-
put (31,834 kWh) and high heating-driven demand
(208,820 kWh), resulting in substantial grid imports.
In contrast, spring and summer exhibit significant PV
surpluses (380-488 MWh), leading to grid exports exceed-
ing 340 MWh and 450 MWh, respectively, while autumn
shows intermediate behavior with moderate PV production
and import-dominated operation.

TABLE 2. Seasonal energy summery.

Season PV Load Import Export
(kWh) (kWh) (kWh) (kWh)
Winter 31,834 208,820 199,450 21,253
Spring 380,120 145910 110,430 344,130
Summer | 487,820 90,668 55,688 452,140
Autumn | 108,710 141,050 118,760 85,664

Table II presents the aggregated seasonal energy balance of the campus energy system over the
2021-2025 period. Seasonal totals of photovoltaic (PV) generation, electrical load demand, grid
electricity import, and surplus energy export are reported in kilowatt-hours. The results highlight

the strong seasonal variability in PV production and grid interaction, with peak PV generation and
export occurring during summer months, while winter operation is characterized by higher load
demand and increased grid imports

These results confirm the structural mismatch typical
of Nordic climates, where renewable availability peaks in
summer while demand is highest in winter. The proposed
hybrid BESS directly mitigates this mismatch by assign-
ing short-term volatility from PV ramps, EV charging, and
heat-pump cycling to the SC/LTO layer, while the Li-ion
battery provides medium-term energy balancing. Seasonally
adaptive SOC control further preserves sufficient reserves
during winter and maximizes utilization of PV surplus during
summer. Building on this characterization of temporal and
volatility dynamics, the following section applies the HERA-
4C forecasting model to generate multi-horizon predictions
that support hybrid storage decision-making.

V. SIMULATION MODEL DESIGNING AND STRUCTURING
A 6 x 96 sliding window (24 h of historical data at 15-
min resolution) is used as model input. The selected features
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capture the dominant physical, operational, and environ-
mental drivers of pv and load volatility in Nordic climates,
including electrical signals, weather conditions, market indi-
cators, coy intensity, and temporal features. The complete
feature set and preprocessing steps are summarized in
Table 3.

TABLE 3. Input features and preprocessing steps.

Feature Variables Included Preprocessing Applied
Group
Electrical Load, PV, grid Z-score normalization,
signals import/export missing-value
interpolation
Weather Ambient temperature, Z-score normalization
variables GHI/irradiance, wind
speed
Market/CO: Electricity price, CO: Z-score normalization
signals intensity
Time Hour, day, month, One-hot or cyclic
indicators weekday/weekend, season encoding
label
Derived Ramp rates, lag terms, Standard normalization
features rolling statistics

Table iii summarizes the input feature groups and corresponding preprocessing steps applied prior
to model training. Electrical, weather, and market-related variables are normalized to ensure
numerical stability and balanced feature scaling, while missing values are addressed through

interpolation. Temporal indicators are encoded using one-hot or cyclic representations to preserve

periodic patterns, and additional derived features, including ramp rates, lagged variables, and
rolling statistics, are incorporated to enhance the model’s ability to capture short- and medium-
term dynamics.

All continuous variables are normalized using z-score scal-
ing following established forecasting practice [46], [47], [48].
Missing values (<0.1% of the dataset) are corrected using for-
ward interpolation, consistent with PV-integrated microgrid
recommendations [49].

A. HERA-4C ARCHITECTURE
The HERA-4C model integrates four complementary
components:

o Captures local temporal patterns such as PV ramps,
EV charging transitions, and heat-pump cycling (Con-
volutional encoder).

e Models long-range temporal dependencies, including
diurnal and weekly structure (Bi-directional LSTM).

« Highlights high-impact time steps (e.g., sunrise/sunset,
EV arrivals- Scaled dot-product attention).

o Simultaneously generates forecasts for h = 1, 4, 24,
96 within a unified multi-task framework (multi-head
horizon projection layer).

Full architecture is illustrated in the figure. 9.

HERA-4C introduces three key innovations over existing

approaches [50], [51], [52], [53]:

I. Joint multi-horizon learning within a single architec-

ture, avoiding inter-horizon inconsistency.

II. CNN-BiLSTM-attention fusion tailored to high-

volatility Nordic microgrids.
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III. Direct compatibility with hybrid BESS control,
enabling forecasting-driven coordination between
SC/LTO and Li-ion layers.
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FIGURE 9. HERA-4C architecture block diagram.

B. TRAINING STRATEGY AND BENCHMARK COMPARISON
The model is trained on 143,037 samples from the 2021—
2025 dataset using an 80/10/10 train—validation—test split
with balanced seasonal coverage. Training employs the Adam
optimizer with a learning rate of 1 x 1073, batch size 256, and
40 epochs, using Mean Squared Error (MSE) loss. HERA-
4C is benchmarked against persistence, ARIMA, LSTM, and
CNN models. Table 4 reports performance at the 24-hour
horizon, where cumulative volatility is most challenging.
HERA-4C achieves the lowest RMSE (0.1628) and highest
R? (0.9746), reducing RMSE by more than 26% relative to
the best baseline (LSTM). These gains are consistent with
recent findings [54], [55].

TABLE 4. Baseline forecasting model comparison (24-hour horizon).

Model RMSEgs Rees)
Persistence 0.31 0.82
ARIMA 0.28 0.86
LST™M 0.22 0.92
CNN 0.23 0.91

HERA-4C 0.1628 0.9746

Table IV compares the 24-hour-ahead forecasting performance of baseline statistical models and
data-driven learning approaches using RMSE 24y and R4 as evaluation metrics. The results show
progressively improved accuracy with advanced learning models.

C. MULTI-HORIZON FORECASTING PERFORMANCE
Figure. 10 presents representative time-series comparisons
between predicted and actual net load for the four forecasting
horizons (H = 1, 4, 24, and 96), using a contiguous test win-
dow from the evaluation dataset. This visualization enables
direct assessment of the model’s ability to capture temporal
dynamics across multiple time scales.

At the shortest horizon (H = 1), the HERA-4C model
demonstrates near-perfect tracking of rapid net-load fluctu-
ations driven by photovoltaic (PV) ramping, EV charging
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events, and heat-pump cycling. The predicted and actual
signals closely overlap, indicating high fidelity in capturing
high-frequency dynamics.

At intermediate horizons (H = 4 and H = 24),
the model continues to preserve the underlying temporal
structure with minimal phase shift or amplitude distor-
tion. The predictions maintain strong alignment with the
actual net load, effectively capturing diurnal patterns and
sector-coupled interactions between load and weather-driven
components.

At the longest horizon (H = 96), the predictions exhibit
increased smoothing and moderate deviation from the ground
truth, which is expected due to accumulated uncertainty
over extended forecast intervals. Nevertheless, the model
successfully captures the overall trend and dominant peaks,
demonstrating robust learning of long-range temporal depen-
dencies.

Overall, Figure. 10 highlights a controlled and gradual
degradation in forecasting accuracy as the horizon increases,
without evidence of instability or systematic bias. This behav-
ior is consistent with the quantitative results, where the RMSE
increases smoothly from approximately 0.15 at H = 1 to
0.28 at H = 96, while the coefficient of determination (R?)
remains above 0.93 at the day-ahead horizon. These findings
confirm that the proposed HERA-4C framework achieves
stable generalization across multiple forecasting horizons,
which is essential for reliable downstream energy manage-
ment and hybrid BESS control.

Multi-horizon prediction vs. actual net load comparison
@H=1 (b)H=4

Actual
= = =Predicted

Net Load

- ™ w
Net Load

- © w

<
=

50 100 150 200 250 50 100 150 200 250
Representative test window Representative test window

(©H=24 (d) H=96

w
w

Net Load
N
Net Load
~

50 100 150 200 250 50 100 150 200 250
Representative test window Representative test window

FIGURE 10. Representative comparison between predicted and actual net
load across forecast horizons: (a) H = 1, (b) H = 4, (c) H = 24, and (d)
H = 96.

The parity plots in Figure. 11 further validate these find-
ings, showing tight clustering around the diagonal for H =
1 and H = 4, with moderate dispersion at longer horizons but
no observable systematic bias.
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FIGURE 11. Parity plot (H = 1,4,24,96).

D. ABLATION STUDY: PERSISTENCE AND CLIMATOLOGY
BENCHMARKS

HERA-4C achieves near-perfect accuracy at short horizons
and maintains strong performance at day-ahead predic-
tion (RMSE = 0.282, RZ = 0.932), exceeding reported
results for Nordic microgrids in [56] and [57]. Figure. 12
presents a comprehensive forecast evaluation of the proposed
HERA-4C model, including ablation performance, error dis-
tributions, and statistical significance tests across multiple
horizons (H = 1, 4, 24, 96). In the ablation analysis, HERA-
4C consistently outperforms persistence and climatology
baselines, maintaining a normalized RMSE below 0.30 and
an R? exceeding 0.92 at all horizons, while baseline models
exhibit flat, high error levels and near-zero correlation which
is shown in Figure 12 (a-b). These results are consistent
with recent multi-horizon forecasting studies [54], [55]. Fore-
cast error distributions further demonstrate the robustness of
HERA-4C. The error PDFs are narrow and approximately
symmetric around zero, with limited heavy tails, while the
corresponding CDFs indicate that more than 95% of fore-
cast errors remain within 0.5 units even at the longest
horizon (H = 96) which is shown Figure 12 (c-d). Such
bounded error behavior is particularly important for down-
stream hybrid BESS dispatch, where fast SC/LTO operation
is sensitive to short-term forecast uncertainty. Statistical sig-
nificance is assessed using the Diebold—Mariano (DM) test
which is shown Figure 12 (e-f). Across all horizons, large
negative DM statistics and p-values below 0.01 confirm that
HERA-4C significantly outperforms the climatology bench-
mark at the 99% confidence level, demonstrating that the
observed improvements are not only substantial in magnitude
but also statistically robust, in line with best forecasting
practice [58], [59].

Table 5 contains the full DM statistics, loss differentials,
and horizon-wise p-values. These results demonstrate that
HERA-4C’s improvements are not only large in magnitude
but also statistically robust.
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FIGURE 12. Forecast evaluation (Ablation, Errors and DM test.

TABLE 5. Diebold-Mariano (DM) statistics for HERA-4C vs. climatology
across forecast horizons.

Horizon DM p- RMSE RMSE t-test p-

(H) Statistic value CI(Low) | CI value
(High)

1 step —24.2848 | 0.0000 | 0.1642 0.2053 0.0000

4 steps —24.2544 | 0.0000 | 0.1631 0.2017 0.0000

24 steps —24.1222 | 0.0000 | 0.1839 0.2238 0.0000

96 steps —23.0855 | 0.0000 | 0.2919 0.3321 0.0000

Table V reports the Diebold—Mariano (DM) statistical test results comparing the forecasting
accuracy of the proposed HERA-4C model against a climatology benchmark across multiple
prediction horizons. The DM statistics and associated p-values indicate statistically significant
performance differences at all horizons. In addition, confidence intervals for the RMSE and
complementary t-test p-values are provided to assess the robustness and consistency of the observed
error reductions, particularly for short-term and day-ahead forecasts

E. INTEGRATION WITH HYBRID BESS CONTROL

The validated multi-horizon forecasts produced by HERA-
4C serve as predictive inputs to the hybrid BESS dispatch
framework. Section VI evaluates how the SC/LTO fast layer
and Li-ion energy layer respond to these forecasts under real
operational conditions.

VI. HYBRID BATTERY SYSTEM DESIGN AND
OPERABILITY FRAMEWORK

This section presents the hybrid battery energy storage sys-
tem (BESS) deployed in the Vaasa campus microgrid and
evaluates its operational behavior under seasonal and high-
volatility conditions. The system integrates a fast-response
SC/LTO layer for sub-minute disturbances with an energy-
oriented Li-ion battery for daily balancing and seasonal
import reduction. The objective is to quantify how short-term
volatility from PV ramps, EV fast charging, and HVAC
cycling propagates through the microgrid and how the hybrid
architecture mitigates these effects across multiple time
scales.

A. HYBRID BESS ARCHITECTURE AND POWER-SPLIT
MECHANISM

The Vaasa campus microgrid employs a two-layer hybrid
BESS designed to decouple fast power disturbances from
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energy-oriented balancing. The fast layer consists of an
SC/LTO module with a Pareto-optimal power range of 182—
600 kW and an energy capacity of 3-5 kWh, enabling
response times below 50 ms and cycle life exceeding
200,000 cycles. Its role is to absorb high-frequency events
such as PV ramping, EV charging transients, and HVAC
cycling. Figure 13 shows the SC power-utilization distri-
bution, where activity is tightly clustered around zero with
frequent short-duration pulses rarely exceeding 20 kW. This
confirms that the SC layer continuously intercepts fast dis-
turbances while avoiding energy-intensive operation, thereby
shielding the Li-ion battery from power spikes. The second
layer is a Li-ion battery operating within 200-450 kW power
and 150-320 kWh usable energy. It performs slower energy
balancing aligned with PV availability and price signals.

Utilization Distributions: SC Power and Li-ion Energy
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FIGURE 13. Utilization distributions: SC power and Li-ion energy.

Also Figure 13 illustrates the Li-ion energy utilization
over multi-year operation, where SOC values cluster near the
upper boundary (~180 kWh), reflecting reserve preservation
during winter while maintaining daily cycling within a mod-
erate 18—40% depth-of-discharge window. The coordinated
power split is as follows:

Psc(t) = Clip(Preq([)a —PsC max, PSC,max) (24)
PLi(t) = Preq(t) — Psc(?) (25)

where Preq(f) is determined by the predictive EMS
(Section VI). The hybrid BESS integrates an SC/LTO unit
and a Li-ion battery with complementary performance char-
acteristics. The SC/LTO subsystem provides 3.2 kWh of
energy with a high-power capability of 260 kW, enabling
fast charge—discharge operation at up to 40C. It achieves a
round-trip efficiency of 0.95, responds within 50 ms, and
offers a cycle life of approximately 200,000 cycles, making
it suitable for transient and high-frequency power support.
In contrast, the Li-ion battery delivers higher energy capacity
(200-320 kWh) with power ratings of 200450 kW. Despite
a lower maximum C-rate of 1C and a response time below
200 ms, it maintains a round-trip efficiency of 0.92 and a
cycle life of about 8,000 cycles, supporting sustained energy
storage and load balancing

B. SEASONAL OPERABILITY AND TYPICAL-DAY
BEHAVIOR

Seasonal asymmetry strongly influences hybrid BESS oper-
ation due to contrasting irradiance and heating demand.
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Figure 14(a) presents a representative summer day (17 June
2023), where PV output approaches 180-190 kW. Under
these conditions, the Li-ion battery charges early and main-
tains a high SOC, while steep PV ramps are absorbed almost
entirely by the SC layer. Afternoon discharge follows the
load shadow, resulting in near curtailment-free operation.
This behavior aligns with summer aggregates in Table 7,
where PV generation reaches 487,820 kWh, exports exceed
452,140 kWh, and imports drop to 55,688 kWh.

(a) Summer Typical Day (b) Winter Typical Day
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FIGURE 14. (a) Typical summer day: PV and SOC and (b) Typical winter
day: PV and SOC.

In contrast, Figure 14(b) shows a winter day (12 January
2021), with PV output remaining below 5 kW. SOC remains
elevated to preserve reserves for heating-driven demand.
Heat-pump cycling produces 300-500 kW bursts, which are
absorbed almost entirely by the SC layer, preventing grid
import spikes and Li-ion stress. The Li-ion battery operates
at deeper cycles (35-80% SOC) to compensate for low PV
availability and high prices. Winter totals in Table 6 confirm
this imbalance, with PV generation of 31,834 kWh against
load of 208,820 kWh, resulting in large imports.

TABLE 6. Sessional KPIs.

Season Import Export PV Load
(kWh) (kWh) (kWh) (kWh)
Winter 199,450 21,253 31,834 208,820
Spring 110,430 344,130 380,120 145,910
Summer | 55,688 452,140 487,820 90,668
Autumn | 118,760 85,664 108,710 141,050

Table VI summarizes the seasonal key performance indicators (KPIs) of the campus energy system,
including grid electricity import and export, photovoltaic (PV) generation, and total electrical load.
The results illustrate pronounced seasonal variations in energy balance, with summer operation
characterized by high PV production and surplus export, while winter exhibits increased load
demand and greater reliance on grid imports

Spring and autumn exhibit transitional behavior. Spring
resembles early-summer surplus conditions, while autumn
reflects deficit-driven operation. Together, Figure. 14 and
Table 6 demonstrate that the hybrid system adapts seasonally,
justifying the need for a hybrid rather than single-technology
storage design.

C. FAST-DYNAMICS MITIGATION AND SC UTILIZATION
High-frequency fluctuations originate primarily from EV fast
charging, PV ramps, and heat-pump defrost cycles. Ramp
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rates are quantified as:

P@)—P(it—1)

AP(t) = AL (26)
With events exceeding 200 kW/min classified as criti-
cal disturbances. Figure 15 shows a representative winter
heat-pump defrost event where load increases abruptly from
466 kW to over 512 kW. The SC/LTO layer absorbs this
ramp entirely, isolating the Li-ion battery from high C-rate
stress. Statistical analysis (Section VI-A) indicates that over
70% of SC activity occurs within sub-20-second windows
and that approximately 94% of positive ramp events above
150 kW/min are captured by the SC layer. These results
confirm the SC/LTO subsystem’s essential role in protecting
Li-ion lifetime.

Heat Pump Cycling Event (2021-02-14 23:45)
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FIGURE 15. Heat pump cycling event.

D. HYBRID STORAGE IMPACT ON GRID INTERACTION
AND ECONOMICS

Grid interaction over a representative week is illustrated in
Figure 16(a). Without energy storage, the grid experiences
frequent power spikes reaching approximately 350-400 kW,
primarily caused by EV fast-charging events and HVAC-
driven load variations. When the hybrid battery energy stor-
age system (HBSS) is activated, these spikes are significantly
mitigated. The hybrid storage absorbs short-term distur-
bances and redistributes energy across longer timescales,
resulting in a noticeably smoother grid power profile.

The layered dispatch behavior of the hybrid storage archi-
tecture is shown in Figure 16(b). The fast-response SC/LTO
subsystem reacts to rapid fluctuations through short high-
power pulses, effectively intercepting high-frequency distur-
bances such as PV ramps and EV charging surges. In contrast,
the Li-ion battery operates on slower timescales, follow-
ing multi-hour energy balancing cycles associated with load
shifting and peak shaving. This coordinated power-splitting
mechanism enables the hybrid system to decouple fast
disturbances from medium-duration energy management,
improving operational stability and reducing stress on the
Li-ion battery. The economic impact of the hybrid stor-
age system is summarized in Figure 16(c) and Table 7,
which show substantial reductions in annual energy cost
driven by peak shaving, increased PV export, and reduced
battery degradation. Over the full simulation period, the sys-
tem achieves zero curtailment and zero unmet load, with
a self-consumption ratio of 10.44% and a self-supply ratio
of 17.95%. Seasonal throughput and grid-import trends are
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presented in Figure 18, where storage throughput peaks dur-
ing autumn due to the combined effects of heating demand
and PV variability, while grid imports remain lowest during
summer and highest during winter. These seasonal patterns
confirm that the hybrid storage operation aligns closely with
the meteorological and demand characteristics of the campus
microgrid.

HBSS weekly comparison
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FIGURE 16. (a) Grid power with vs without HBSS, (b) BESS dispatch over
week, (c) Annual cost breakdown.

To further quantify the stability improvement provided
by the hybrid storage architecture, Figure 17 presents an
operational ramp-suppression analysis. Figure 17(a) com-
pares the distribution of net-load ramp magnitudes before and
after HBSS operation. The results show a clear reduction in
high-magnitude ramp events when hybrid storage is enabled,
demonstrating that the SC/LTO fast layer effectively sup-
presses short-term volatility originating from PV variability,
EV charging events, and heat-pump cycling. Figure 17(b)
illustrates the time-domain response of the hybrid storage
system during a representative high-volatility event. During
this disturbance, the SC/LTO subsystem absorbs the immedi-
ate power surge, while the Li-ion battery manages the residual
energy imbalance, resulting in a smoother grid power trajec-
tory and improved system stability.

E. OPTIMIZATION CONTEXT AND DESIGN TRADE-OFFS
The techno-economic performance of the optimized
PV-BESS configurations is summarized across a wide range
of battery capacities (182—1153 kWh) and power ratings. The
results reveal clear trade-offs between technical performance,
storage utilization, and economic feasibility.

From a technical perspective, mid-sized battery sys-
tems demonstrate superior performance in terms of
self-consumption and self-supply. The configuration with
a battery capacity of 532.04 kWh achieves the highest
self-consumption (28.90%) and self-supply (45.81%), indi-
cating an optimal balance between PV generation, load
demand, and storage capacity. Similarly, configurations in
the 760-820 kWh range achieve self-supply levels above
41%, but without significant improvement over the mid-
sized system. In contrast, smaller battery systems, such as the
182.08 kWh configuration, exhibit lower self-consumption
(20.80%) and self-supply (32.22%), reflecting limited storage
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Operational stability and dispatch behavior
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FIGURE 17. Operational stability improvement through hybrid BESS ramp
suppression.

TABLE 7. Annual energy KPIs (hybrid bess enabled).

KPI Value
Import (kWh) 484,331.73
Export (kWh) 903,192.78
PV generation (kWh) 1,008,484.11
Load (kWh) 586,457.26
Curtailment (kWh) 0
Unmet Energy (kWh) 0
Self-consumption (%) 10.44%
Self-supply (%) 17.95%
Time Step (hours) 0.25h
Data Span (days) 1491.96 days

Table VII reports the aggregated annual energy key performance indicators (KPIs) of the campus
energy system with the hybrid battery energy storage system (BESS) enabled. The metrics
summarize grid interaction, photovoltaic (PV) utilization, and system adequacy over the full data
span. The absence of curtailment and unmet energy indicates reliable system operation, while the
reported self-consumption and self-supply ratios quantify the contribution of locally generated PV
energy to meeting on-site demand.

availability. Larger battery systems exceeding 1 MWh do
not provide proportional technical gains; for example, the
1152.85 kWh system achieves a self-consumption of 26.02%
and self-supply of 40.47%, confirming the presence of dimin-
ishing returns with increasing storage capacity.

Regarding storage utilization, annual battery energy
throughput varies significantly across configurations.
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FIGURE 18. (a) Seasonal BESS throughput and (b) Seasonal grid import.
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The mid-sized 532.04 kWh battery records the high-
est annual throughput (424,649 kWh), indicating frequent
charge—discharge cycles and efficient utilization of the stor-
age asset. Larger batteries exhibit lower relative utilization,
while smaller systems are constrained by limited capacity.
This trend confirms that battery utilization efficiency peaks at
intermediate storage sizes rather than at maximum capacity.

From an economic standpoint, all evaluated configura-
tions result in negative net present value (NPV) under
the assumed cost and tariff conditions. Capital expendi-
ture increases substantially with battery size, ranging from
approximately €102,573 for the smallest system to over
€376,000 for the largest system. Although larger systems
marginally improve self-supply, these gains are insufficient
to offset the higher investment costs. Consequently, payback
periods either exceed the assumed project lifetime or reach
unrealistic values, indicating that economic payback is not
achieved in any configuration. The levelized cost of energy
(LCOE) further highlights this trend. Smaller battery systems
exhibit the lowest LCOE, with the minimum value of 0.2419
€/kWh observed for the 182.08 kWh configuration, while
larger systems incur substantially higher LCOE values, reach-
ing up to 0.7530 €/kWh due to underutilized capacity and
increased capital intensity.

To further interpret these results, a break-even perspec-
tive is considered. Given the observed negative NPV across
all configurations, the required additional annual revenue
to achieve economic feasibility can be interpreted as the
gap between current operational savings and the annualized
capital cost. Based on the sensitivity analysis presented ear-
lier, system economics are strongly influenced by electricity
price variations, with operating costs exhibiting a near-linear
response to tariff changes. This indicates that relatively mod-
erate increases in effective price spread, or the introduction
of additional value streams such as ancillary service par-
ticipation, demand charge reduction, or flexibility market
integration, can significantly improve economic performance
and shift the system toward break-even operation.

In terms of environmental impact, all configurations
deliver meaningful CO; emission reductions, ranging from
approximately 36 to 48 tonnes annually. However, the mag-
nitude of emission reduction does not scale linearly with
battery size, suggesting that environmental benefits alone do
not justify oversized storage installations.
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Overall, the results indicate that mid-scale PV-BESS
configurations provide the most favorable balance between
technical performance and storage utilization, while smaller
systems minimize economic risk. Larger battery systems
suffer from diminishing technical returns and poor eco-
nomic efficiency. Importantly, while economic viability is
not achieved under current baseline conditions, the analysis
demonstrates that the proposed hybrid BESS framework is
conditionally economically viable under enhanced market
mechanisms, thereby supporting its relevance for future smart
microgrid applications.

F. BREAK-EVEN ANALYSIS AND CONDITIONAL
ECONOMIC VIABILITY

The previous analysis indicates that all evaluated config-
urations result in negative net present value (NPV) under
the current cost and tariff assumptions. While the pro-
posed hybrid BESS demonstrates significant technical and
operational benefits, including peak reduction, volatility mit-
igation, and cost savings, economic viability is not achieved
within the considered framework.

To address this limitation, a break-even analysis is con-
ducted to determine the additional annual revenue required to
achieve economic feasibility. The net present value is defined
as:

N

Sy +Ry,— 0O,
NPV = _CcaijZM
y=1

a+ry @7
where C.qp is the capital investment, Sy represents annual
operational savings, Ry denotes additional revenue streams
(e.g., ancillary services or demand response), Oy, is the oper-
ating cost, r is the discount rate, and N is the project lifetime.
The break-even condition is obtained when, NPV = 0.

Using the optimized system configurations and observed
annual savings, the required additional annual revenue Ry, is
estimated. Results indicate that economic viability can be
achieved if supplementary revenue streams are introduced,
such as participation in ancillary service markets, dynamic
pricing mechanisms, or demand charge reduction schemes.

Given the strong sensitivity of system cost to electricity
price variations observed in Section [VII], the break-even
point can also be interpreted as a required increase in effective
price spread or tariff incentives. This confirms that the pro-
posed hybrid BESS is technically effective and economically
viable under enhanced market conditions, rather than under
current baseline tariffs.

VII. MULTI-OBJECTIVE OPTIMIZATION AND PARETO
FRONT ANALYSIS

This section evaluates the hybrid SC/LTO-Li-ion battery
energy storage system using a five-objective optimization
framework that captures trade-offs among economic per-
formance, environmental impact, technical robustness, and
operational reliability. Pareto-optimal solutions are obtained
using the NSGA-II evolutionary algorithm, selected for its
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proven convergence behavior, elitism preservation, and solu-
tion diversity in energy-system applications. The resulting
Pareto front forms the basis for identifying a balanced hybrid
BESS design for the Vaasa campus microgrid.

A. OPTIMIZATION FRAMEWORK AND GRID INTERACTION
OBJECTIVES

The hybrid storage optimization is performed using the
NSGA-II evolutionary algorithm to quantify the reduction
in grid dependence under seasonal operating conditions.
The optimization follows an eight-stage evolutionary pro-
cess, progressing from randomized population initialization
to Pareto-front convergence. Two decision variables are opti-
mized: the supercapacitor power rating and the Li-ion battery
energy capacity. These variables are jointly tuned to mini-
mize five competing objectives, namely annualized system
cost, CO, emissions, imported grid energy, electrochemical
degradation, and unmet load. This formulation explicitly cap-
tures the complementary dynamics of the hybrid architecture
by assigning short-term power fluctuation buffering to the
SC/LTO subsystem and medium-duration energy balancing
to the Li-ion battery. As a result, fast and slow storage dynam-
ics are optimized simultaneously within a unified framework.
The NSGA-II implementation employs a population size of
60 and 120 generations, using simulated binary crossover
with a crossover probability of 0.9 and polynomial mutation
with a mutation probability of 0.1. Pre-testing confirmed
stable convergence behavior and a consistent Pareto-front
structure across all evaluated operating scenarios.

B. DISTRIBUTION OF DECISION VARIABLES IN THE
PARETO SET

The diversity and convergence of optimized designs are
examined through the distribution of decision variables
shown in Figure. 19. Pareto-optimal solutions cluster tightly
around 800-1100 kW for SC power and 250-350 kWh for
Li-ion energy capacity. This concentration reflects the dom-
inant need for high ramp-handling capability driven by PV
cloud-edge effects and EV fast charging, alongside moderate
energy storage sufficient for daily and seasonal balancing.
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FIGURE 19. Distribution of SCkW and LikWh across Pareto solutions.

Only a limited number of outliers appear at extreme values,
indicating strong population stability. Overall, the optimized
distributions closely align with analytically derived sizing
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estimates (~260 kW SC, ~200 kWh Li-ion), confirming con-
sistency between data-driven optimization and prior system
analysis.

C. PARETO FRONTS OF CONFLICTING OBJECTIVES
Trade-offs among conflicting objectives are visualized using
multiple Pareto fronts. Figure. 20 (a) presents the cost—-CO»
Pareto front, which exhibits a convex downward shape, indi-
cating that aggressive CO» reduction requires higher storage
investment, while moderate storage sizes achieve substan-
tial reductions in both cost and emissions. The import—cost
trade-off shown in Figure. 20 (b) highlights diminishing
returns beyond approximately 300 kWh of Li-ion capac-
ity, explaining the steep curvature at higher cost levels.
Figure. 20 (c) illustrates the degradation—CO; Pareto front,
where low-emission solutions tend to experience higher
cycling-induced degradation, while low-degradation solu-
tions correspond to smaller batteries and higher emissions.
The hybrid architecture alleviates this conflict by distribut-
ing stress between the SC and Li-ion layers. To identify
the most balanced design, knee-point detection is applied
using the maximum perpendicular distance criterion from the
extreme Pareto solutions. The resulting knee point, shown
in the figure. 20 (d), corresponds to approximately 850—
900 kW SC power and 250-300 kWh Li-ion energy capacity.
At this point, the solution achieves strong CO; reduction with
only moderate cost increase, avoiding the diminishing returns
associated with oversized batteries.

Pareto Front Analysis and Knee-Point Selection
(a) Pareto: Cost vs CO2

b) Pareto: Import vs Cost
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FIGURE 20. Pareto front: cost vs CO,.

The convergence behavior of the NSGA-II optimiza-
tion is further assessed using the structure of the obtained
Pareto front, as shown in Figure. 21. The solutions form
a smooth and continuous front without clustering, disconti-
nuities, or sparsely populated regions, indicating sufficient
exploration of the solution space.

The gradual and consistent trade-off between cost and
CO; emissions confirms that the optimization process has
converged to a stable set of non-dominated solutions. In par-
ticular, the absence of irregular gaps and the presence of a
well-defined knee region suggest that increasing the num-
ber of generations would not significantly improve solution
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FIGURE 21. Pareto front convergence and stability.

quality. Therefore, the selected NSGA-II configuration is
considered adequate for achieving convergence in this study.

D. SELECTED PARETO-OPTIMAL DESIGNS

The top-performing solutions in the knee region of the
Pareto front exhibit balanced performance across all opti-
mization objectives, consistently achieving zero unmet load
while maintaining favorable trade-offs among cost, CO;
emissions, grid import reduction, and degradation. Designs
characterized by moderate Li-ion energy capacity (approx-
imately 240-300 kWh) combined with high supercapacitor
power ratings (roughly 820-900 kW) emerge as the most
effective configurations. These solutions confirm earlier
operational observations that hybrid storage performance
is maximized when strong fast-dynamics mitigation pro-
vided by the SC/LTO layer is complemented by strategically
sized energy shifting through the Li-ion battery. While
the optimization process identifies a robust set of Pareto-
optimal designs, their resilience under uncertainty must also
be assessed. Therefore, the following section evaluates the
robustness of the selected hybrid configurations under vari-
ations in electricity price profiles, photovoltaic availability,
and EV charging demand intensity.

VIII. SENSITIVITY ANALYSIS AND ROBUSTNESS
EVALUATION

A comprehensive sensitivity and robustness evaluation was
performed to quantify the stability of the proposed hybrid
SC-Li HBSS under uncertainty in electricity prices, PV avail-
ability, and EV fast-charging demand. These disturbances
are particularly relevant in Nordic smart-campus environ-
ments where PV intermittency, extreme peak tariffs, and
stochastic EV surges are common. Unlike deterministic
scenario studies, this analysis examines how data-level per-
turbations propagate through the HERA forecasting—dispatch
framework and affect long-term system performance. Four
uncertainty dimensions were investigated:

1. Electricity price variation (70-130%)
2. PV generation uncertainty (80—-120%)
3. EV fast-charging surge scaling (100-160%)
4. Global sensitivity ranking (tornado analysis)
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Across all scenarios, the HBSS maintained zero unmet
load, confirming strong reliability. The subsections below
summarize the findings. In addition to robustness evaluation,
these sensitivity results provide important insight into the
economic behavior of the system and support the break-even
analysis discussed in the techno-economic assessment

A. SENSITIVITY TO ELECTRICITY PRICE VARIATION
Electricity prices were scaled from 70% to 130% of the
nominal market profile, and the annual operating cost was
recomputed using identical HBSS dispatch rules to isolate the
effect of tariff variation. As illustrated in Figure. 22(a), the
resulting cost response exhibits a strictly linear relationship
with electricity price, indicating the absence of nonlinear
dispatch shifts, state-of-charge drift, curtailment, or unmet
load under tariff perturbations. The annual operating cost
increases from approximately 19.31 kEUR at 70% price level
to 35.78 kEUR at 130%, while grid energy import remains
constant at 484.33 MWh across all scenarios. This confirms
that cost sensitivity is driven entirely by price level varia-
tions rather than operational instability or changes in system
behavior. This strong linear dependence of annual operating
cost on electricity price has direct implications for economic
feasibility. Since system operation remains stable across all
tariff scenarios, economic performance can be interpreted as
primarily driven by external market conditions rather than
internal system limitations. Consequently, relatively moder-
ate increases in effective price spread or the introduction
of additional revenue streams (e.g., ancillary services or
demand response participation) can shift the system toward
break-even operation. This observation is consistent with the
break-even analysis presented in Section [VI-F].

B. SENSITIVITY TO PV GENERATION UNCERTAINTY

PV generation was uniformly scaled between 80% and 120%
of the nominal irradiance to assess the system’s sensitivity
to renewable uncertainty. Two indicators were evaluated:
grid import and self-supply. As shown in Figure. 22(b),
grid import remains effectively constant across the entire
+20% PV variation, changing by only £0.05%, which high-
lights the system’s robustness and the limited role of PV
in long-duration energy shifting. In contrast, Figure. 22(c)
shows a near-linear increase in self-supply: from —17.9% at
80% PV to 52.3% at 120% PV. This behavior indicates that
while HBSS effectively smooths short-term PV fluctuations,
the overall energy balance and thus grid import remains
dominated by load patterns rather than by moderate PV uncer-
tainty. This further indicates that economic performance is
weakly sensitive to moderate PV uncertainty and is instead
dominated by price signals and storage sizing decisions

C. ROBUSTNESS TO EV FAST-CHARGING SYSTEM

EV fast-charging demand was stressed from 100% up to
160% of the nominal profile to evaluate the hybrid stor-
age system’s surge-handling robustness. Two indicators were
assessed: peak BESS power and unmet load. Figure 23(a)
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FIGURE 22. (a) Sensitivity of annual cost to electricity price, (b) Sensitivity
of grid import to PV uncertainty, and (c) Sensitivity of self-supply to PV
uncertainty.
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shows that the peak BESS discharge power remains effec-
tively constant at ~150 kW across all EV surge levels,
demonstrating that the SC layer absorbs the fast-transient
spikes without transferring harmful stress to the Li-ion cells.
Figure 23(b) further confirms that there is no unmet load in
any scenario, with no overload events, SOC limit violations,
or dispatch instability. Even at a 160% surge, the system
maintains full-service reliability, validating the resilience of
the hybrid BESS architecture. Table 17 presents the key
insights from the EV Fast Charging Robustness results.

z Robustness analysis
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FIGURE 23. (a) Robustness: EV fast charging x BESS response, (b)
Robustness: EV surges x unmet.

D. GLOBAL SENSITIVITY RANKING: TORNADO ANALYSIS
A tornado-style sensitivity analysis was performed by apply-
ing one-at-a-time perturbations to seven key parameters: PV
generation, building load, EV charging, heating demand,
battery capacity, battery power rating, and electricity price.
Figure 24 ranks their relative influence on total annual oper-
ating cost.

The results show a highly asymmetric sensitivity struc-
ture, with electricity price dominating with a +20% impact,
followed by battery capacity (+12.5%) and battery power
(+8%). In contrast, operational uncertainties such as PV,
load, EV charging, and heating each contribute less than
3%. This indicates that economic performance is primar-
ily shaped by market volatility and storage sizing deci-
sions rather than by short-term fluctuations in demand or
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FIGURE 24. Tornado plot: system sensitivity ranking.

renewable availability. The dominance of electricity price
in the sensitivity ranking further reinforces the conclusion
that economic feasibility is governed by market conditions
rather than system performance limitations. This provides
strong evidence that the proposed hybrid BESS framework,
while not economically viable under current baseline tar-
iffs, becomes conditionally viable under enhanced market
mechanisms. Therefore, the sensitivity analysis supports the
break-even interpretation that additional revenue streams or
tariff adjustments are sufficient to achieve positive economic
outcomes.

IX. DISCUSSION, COMPARISON, NOVELTY, AND
LIMITATIONS

The results demonstrate that the proposed volatility-aware
hybrid SC/LTO-Li-ion framework fundamentally enhances
microgrid performance under combined PV, EV, and HVAC
variability, outperforming existing approaches reported in
the literature. Conventional Li-ion—only BESS architectures
frequently struggle to accommodate rapid PV cloud-edge
ramps and high-frequency irradiance fluctuations observed in
Nordic systems, as well as EV fast-charging spikes that over-
load feeders and distribution transformers, as documented
in prior studies [1], [3], [4], [5], [19], [23], [24], [25],
[26]. In addition, heat-pump-driven thermal volatility where
coefficient of performance (COP) variations can exceed
40-60% across ambient temperature ranges remains inade-
quately addressed by traditional single-layer storage systems
or short-horizon forecasting approaches [6], [7], [27], [7].

In contrast, the proposed hybrid architecture explicitly
separates fast and slow dynamics through SC/LTO-Li-
ion layering. The SC/LTO subsystem absorbs more than
90% of high-frequency power disturbances arising from
PV variability, EV fast charging, and heat-pump cycling,
thereby shielding the Li-ion battery from aggressive cycling
and accelerated degradation. This behavior is consistent
with recent findings on battery aging under volatile oper-
ating conditions [12], [13], [14], while extending prior
work by demonstrating sustained protection under multi-
source, long-term volatility rather than isolated stress sce-
narios. A structured comparison of the proposed system
against state-of-the-art approaches in PV ramp mitigation,
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EV charging management, thermal volatility handling, fore-
casting strategies, optimization scope, and dataset length is
provided in Table 8.

From a forecasting perspective, most existing CNN-LSTM
or GRU-based models reported in the literature are limited
to short prediction horizons of 1-4 steps and lack horizon
consistency, restricting their applicability for coordinated
storage dispatch and long-term energy management [8], [9],
[10], [11], [8], [28], [29], [30]. The proposed HERA-4C
forecasting model overcomes these limitations by delivering
unified multi-horizon predictions spanning 1 to 96 steps, with
significantly improved RMSE and R? performance. These
gains are consistent with recent advances in hybrid-attention-
based forecasting architectures [40], [41], [42], [43], [44],
[45], [46], [47], while uniquely enabling direct integration
with hybrid storage sizing and dispatch.

The seasonally adaptive SOC strategy further addresses a
critical limitation in existing studies, which typically assume
fixed SOC operating bands throughout the year. By dynam-
ically adjusting SOC envelopes to reflect Nordic seasonal
asymmetry higher reserve levels during winter and lower lev-
els during summer the proposed framework improves winter
resilience, reduces unnecessary cycling, and eliminates both
curtailment and unmet load across all seasons. This opera-
tional advantage is highlighted in the comparative assessment
presented in Table 8, where prior studies rely predominantly
on static SOC strategies.

At the system-design level, the five-objective NSGA-II
optimization framework extends beyond the two-objective
cost—CO; formulations commonly employed in hybrid stor-
age literature [15], [16], [17], [18], [15], [31]. By simul-
taneously minimizing cost, CO, emissions, grid import,
electrochemical degradation, and unmet load, the proposed
approach identifies knee-optimal designs that achieve up
to 72% peak-import reduction, 15-22% cost savings, and
14-18% CO; reduction, while maintaining full operational
reliability. Robust analysis further confirms stable perfor-
mance under +20% PV uncertainty, 160% EV charging
surges, and electricity price variations between 70% and
130% of nominal levels, demonstrating that these benefits
persist under extreme stress conditions rather than idealized
assumptions. In addition to forecasting accuracy evaluation,
the operational performance metrics were also interpreted
from a robustness-oriented statistical perspective across vary-
ing seasonal operating conditions. The reported annual
cost reduction and CO, emission savings were consistently
observed under winter, spring, summer, and autumn operating
scenarios characterized by substantially different PV avail-
ability, heating demand, EV charging variability, electricity
price levels, and grid carbon intensity conditions. This sea-
sonal consistency indicates that the observed economic and
environmental benefits are not dominated by a single favor-
able operating period but remain stable across diverse Nordic
campus operating conditions. Consequently, the proposed
framework demonstrates robust operational behavior under
varying seasonal uncertainty conditions in addition to strong
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forecasting performance. Future work may further extend this
analysis using formal confidence intervals, bootstrap resam-
pling, and stochastic uncertainty propagation techniques for
operational economic and environmental metrics.

In addition to forecasting accuracy evaluation, the oper-
ational performance metrics were also interpreted from a
robustness-oriented statistical perspective across varying sea-
sonal operating conditions. The reported annual cost reduc-
tion and CO, emission savings were consistently observed
under winter, spring, summer, and autumn operating scenar-
ios characterized by substantially different PV availability,
heating demand, EV charging variability, electricity price
levels, and grid carbon intensity conditions. This seasonal
consistency indicates that the observed economic and envi-
ronmental benefits are not dominated by a single favorable
operating period but remain stable across diverse Nordic
campus operating conditions. Consequently, the proposed
framework demonstrates robust operational behavior under
varying seasonal uncertainty conditions in addition to strong
forecasting performance. Future work may further extend this
analysis using formal confidence intervals, bootstrap resam-
pling, and stochastic uncertainty propagation techniques for
operational economic and environmental metrics.

Taken together, the results indicate that the proposed end-
to-end pipeline integrating unified volatility indices, HERA-
4C multi-horizon forecasting, hybrid SC/LTO-Li-ion archi-
tecture, seasonally adaptive SOC control, and multi-objective
optimization surpasses the capabilities of existing PV, EV,
heat-pump, storage, and forecasting approaches. Unlike prior
studies that rely on single-layer storage, short prediction hori-
zons, static dispatch rules, or limited objective formulations,
the proposed framework achieves complete reliability and
long-term stability under real Nordic operating conditions,
as summarized in Table 8. Although the proposed framework
is validated using a Nordic campus microgrid, the overall
methodology is designed to remain scalable and transfer-
able to other climatic regions and microgrid configurations.
The integrated volatility-aware forecasting and hybrid stor-
age coordination framework can be adapted to commercial
buildings, district energy systems, industrial microgrids,
residential energy communities, and renewable-dominated
hybrid power systems by recalibrating the volatility indices,
seasonal SOC policies, and forecasting models according
to local operational characteristics. In warmer climates, for
example, cooling-driven demand variability may dominate
instead of heating-related fluctuations, while regions with
higher solar irradiance or different electricity market struc-
tures may require alternative storage sizing priorities and
dispatch sensitivities. Similarly, the proposed multi-horizon
forecasting and hybrid SC/LTO-Li-ion coordination strat-
egy can be extended to systems with wind generation,
hydrogen storage, vehicle-to-grid integration, or ancillary
service participation. Therefore, the proposed framework rep-
resents a generalizable operational methodology rather than
a location-specific optimization scheme limited to Nordic
campus environments. Despite these advances, several
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TABLE 8. Comparison of proposed hybrid system against existing
literature.

Aspect Existing Studies Proposed Improvement
& Limitations System (This | / Achievement
Work)

PV Ramp- PV ramp-rate SC/LTO >90%
Rate studies show layer buffers volatility
Handling Nordic PV fast ramps; absorbed; Li-

variability of 10— Li-ion only ion protected.
20% per minute for slow
[17, [19], [23], but balancing.
existing systems
use Li-ion
batteries only.
EV Fast- EV fast charging SC handles Full reliability
Charging causes 150-350 100-160% under extreme
Surges kW spikes and EV surges surges.
transformer with zero
overload [3]-[5], unmet load.
[24]-[26]. Most
microgrids lack
ultra-fast
buffering.
Heat-Pump COP varies The TLFI >94% ramp
Volatility widely (1.1-2.5 index and absorption by
winter), causing hybrid SC layer;
mid-frequency storage stable SOC.
load spikes [6], mitigate
[7]. Not well- thermal
modeled cycling and
in prior HESS defrost
works. spikes.
Forecasting Conventional Unified 1-96 26-35%
CNN- step multi- RMSE
LSTM/GRU horizon reduction; DM
models limited to HERA-4C test p<0.01.
1-4 horizon [8]- with
[11], [15], [30]-[32]| attention.
No integration
with storage.
Seasonal Existing studies Adaptive Zero
Operation assume a fixed SOC curtailment;
SOC band year- envelopes improved
round. (winter high, winter
summer low). resilience.
Optimization | Literature uses 2- S-objective Knee-optimal
objective NSGA-II design
(cost/CO2) models (cost, CO2, achieving 72%
[15]-[18], [34]. import,
degradation, peak-import
reliability). cut.
Dataset Many works use 1492-day Long-term
Length short-term dataset, 15- validated, real-
datasets min world
(weeks/months) resolution, replicability.
[35], [36]. PV-EV-
HVAC-
market.

Table VIII provides a comparative assessment of the proposed hybrid energy system against
representative studies reported in the literature. Key aspects including PV ramp-rate mitigation, EV
fast-charging impacts, heat-pump-induced load volatility, forecasting capability, seasonal
operation, optimization scope, and dataset coverage are evaluated. The comparison highlights that
the proposed system advances beyond existing approaches by integrating a multi-layer hybrid
storage architecture, multi-horizon forecasting, adaptive [ control, and multi-objective
optimization, all validated using a long-term, high-resolution real-world dataset.
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limitations should be acknowledged. The ultra-fast SC/LTO
response is evaluated through high-resolution modeling
rather than hardware-in-the-loop validation, and supercapaci-
tor aging effects are represented using simplified degradation
assumptions. Heat-pump COP dynamics are inferred from
operational logs rather than directly measured at the com-
pressor sub-cycle level, and forecast uncertainty is not
yet incorporated into probabilistic or stochastic dispatch
formulations. Furthermore, participation in ancillary ser-
vice markets such as frequency containment and demand
response is not considered. These limitations, along with
their implications and supporting references, are summa-
rized in Table 8 and point to clear directions for future
research

X. CONCLUSION

This study presented an integrated, volatility-aware hybrid
SC/LTO-Li-ion energy storage framework for Nordic cam-
pus microgrids, combining multi-horizon forecasting, sector-
coupled volatility characterization, seasonally adaptive SOC
control, and five-objective NSGA-II optimization within a
unified operational pipeline. Using a 1492-day dataset with
15-minute resolution encompassing PV generation, EV fast-
charging demand, HVAC-driven thermal load, electricity
market prices, and grid CO; intensity, the proposed system
demonstrated strong resilience against rapid PV cloud-
edge fluctuations, stochastic EV surges, and extreme winter
heating demand. The HERA-4C forecasting model, based
on CNNs, BiLSTMs, and attention mechanisms, delivered
accurate 1-96-step predictions, enabling predictive BESS
dispatch and improved SOC management.

The hybrid storage architecture effectively separated
high-frequency disturbances from medium-duration energy
balancing, with the SC/LTO layer absorbing more than 90%
of operational volatility and mitigating Li-ion degradation.
The multi-objective optimization identified knee-optimal
configurations that reduced peak grid imports by up to 72%,
annual operating cost by 15-22%, and CO; emissions by 14—
18%, while achieving zero curtailment and zero unmet load
over the full multi-year horizon. Sensitivity and robustness
analyses further confirmed stable operation under £+ 20%
PV uncertainty, EV fast-charging surges up to 160%, and
electricity price variations between 70% and 130%.

From an economic perspective, the analysis indicates that
all evaluated configurations yield negative net present value
(NPV) under current cost and tariff assumptions. However,
the sensitivity results demonstrate that system economics
are strongly influenced by electricity price and market con-
ditions, while operational performance remains robust. The
break-even analysis further shows that the required gap to
economic feasibility can be addressed through additional rev-
enue streams such as ancillary service participation, demand
charge reduction, or dynamic pricing mechanisms. These
findings indicate that the proposed framework is techni-
cally effective and conditionally economically viable under
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enhanced market structures, rather than under baseline tariff
conditions.

Despite these strengths, the framework remains subject
to several limitations, including simplified supercapacitor
aging models, the absence of hardware-in-the-loop valida-
tion, and the lack of fully probabilistic EMS dispatch. Future
work may extend the proposed approach toward ancillary-
service participation (e.g., FCR-N and FFR), real-time market
integration, sub-second hardware validation, and uncertainty-
aware optimization.

Overall, the results confirm that forecasting-supported
hybrid energy storage, when guided by explicit volatility
indices and seasonal control, provides a robust and scalable
solution for reliable and low-carbon operation of sector-
coupled Nordic microgrids, with clear pathways toward
economic viability under evolving energy market conditions.
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