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A B S T R A C T

The shift toward high temporal resolution modeling of energy systems is crucial due to the growing reliance on 
intermittent renewable energy sources. Hourly data has traditionally been used, but it lacks the temporal detail 
required to accurately capture total system costs, component sizing, operational feasibility, and reliability. This 
study investigates the impact of minute-resolution on the design and optimization of photovoltaic-based energy 
systems at both single- and aggregated-building levels, represented by a self-sufficient building and a microgrid, 
respectively. The objective is to quantify how minute-resolution affects capacity expansion results, system design 
decisions, and computational runtime. The study also evaluates the impact of lost load through unserved energy 
on system configuration and cost, highlighting how temporal resolution affects feasibility assessments and design 
outcomes. To manage the higher computational complexity associated with minute-resolution modeling, several 
complexity-reduction techniques like averaging, regular sampling, and clustering-based time series aggregation 
are assessed for their trade-offs between accuracy – total annualized cost and components sizing – and 
computational runtime. The results show that minute-resolution is essential for accurate photovoltaic-based 
single building systems, with this effect less pronounced in aggregated building systems. The inverter as a 
bottleneck between the demand and supply system is mostly affected in both the single and the aggregated 
building systems, and therefore should be systematically sized. On the complexity part, the results show that 
carefully selected aggregation approaches can preserve most of the accuracy of minute-resolution models while 
significantly reducing runtime. In particular, combinations of averaging with regular sampling and clustering- 
based time series aggregation methods can achieve near-minute-level accuracy with runtimes comparable to 
hourly models. The findings underline the balance between temporal resolution, computational complexity, and 
model accuracy. While minute-resolution offers better accuracy, appropriate aggregation methods can mitigate 
the computational burden. Future research could refine hourly data to enhance temporal detail while ensuring 
manageable computational complexity.

1. Introduction

The future energy systems are characterized by high shares of 
renewable energy to mitigate anthropogenic greenhouse gas emissions. 
However, renewable energy sources are inherently intermittent due to 
weather conditions and resource availability [1], making accurate 
modeling essential for reliable system design, expansion planning, and 
operation.

Energy system models (ESMs) are widely used to design, simulate, 
and optimize energy systems [2]. These models help energy planners 
and policymakers make economic decisions about energy systems [3–5]. 

A key modeling choice of renewable energy systems is the temporal 
resolution, which is the level of detail in the temporal representation of 
data and parameters within a model [6]. Most optimization-based ESMs 
rely on hourly data, which may sometimes prove sufficient for capturing 
seasonal and annual variations in long-term planning models [7,8]. 
However, model results may suffer in terms of accuracy and reliability 
when applied to off-grid renewable energy systems, where ensuring 
continuous system reliability under variable supply conditions is 
essential [9]. In such cases, sub-hourly temporal resolutions are often 
required to ensure accurate system design and reliable operation 
[10,11]. Because of this, and the continued acceleration of computing 
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power and optimization solvers, sub-hourly modeling of energy systems 
is gaining momentum [12,13].

Despite its advantages, sub-hourly modeling is hampered by limited 
data availability and exponential increase in computational runtimes 
[14]. Higher temporal resolution increases the number of variables and 
constraints, leading to larger and more complex optimization problems 
[15]. The drivers for model complexity in energy system optimization 
can span a range of factors, including but not limited to model formu
lation, system size, spatio-temporal representation, model robustness, 
scalability, and adaptability to diverse system configurations [16,17]. In 
terms of spatio-temporal complexity, stemming from the input data re
quirements, spatial resolution sometimes has a greater impact on model 
accuracy and reliability than temporal resolution, particularly in com
plex models. For instance, models with high spatial but low temporal 
resolution may remain feasible yet inadequately capture weather dy
namics [18], while models with high temporal but low spatial resolution 
may oversimplify transmission constraints and system interactions 
[18,19].

While these complexity drivers are interrelated, this study focuses on 
temporal complexity arising from high-resolution time series data. The 
objective is to investigate the trade-off between model accuracy, reli
ability, and computational tractability, and how this trade-off differs 
between single-building and aggregated multi-building systems. 
Photovoltaic-based systems are analyzed at two scales: a self-sufficient 
building model, emblematic of conservative design principles, evalu
ated for two individual buildings with distinct demand profiles, and a 
microgrid model aggregating demands from six buildings (with a 
twelve-building configuration examined separately as a sensitivity case) 
to assess load aggregation effects. For each case, capacity expansion 
models are optimized using both minute- and hourly-resolution data. 
Total system cost and component sizing are compared to quantify 
inaccuracies introduced by hourly resolution at both scales, followed by 
a feasibility assessment through lost loads. To analyze the accu
racy–complexity trade-offs, averaging, sampling, and clustering-based 
time series aggregation methods, using typical periods and segmenta
tion, are applied to minute-resolution data.

Accordingly, this study addresses the following research questions: 

▪ To what extent does the use of minute-resolution supply and 
demand data affect system cost, component sizing, and reli
ability outcomes, particularly under value of lost load (VoLL) 
analysis, when system designs are optimized at hourly resolu
tion in islanded energy systems?

▪ How does increasing the number of demands influence the 
necessity of minute-resolution due to load aggregation and 
demand smoothing effects?

▪ How can temporal aggregation of minute-resolution time series 
improve the design and accuracy of energy system optimization 
results compared to hourly resolution, while maintaining 
comparable computational runtimes?

▪ Can a bootstrapping-based aggregation approach, using multi
ple parallel hourly representations derived from minute- 
resolution data, accurately approximate minute-resolution 
optimization results at significantly lower computational cost?

The remainder of this study is structured as follows: Section 2 con
ducts a comprehensive literature review on subhourly resolution 
modeling and the methods for mitigating temporal complexity. Subse
quently, Section 3 presents the methodologies employed and the case 
studies investigated. Section 4 presents the results and discussions of the 
different case studies. Finally, Section 5 offers concluding remarks 
summarizing the major insights from the study.

2. Literature review

Several studies have investigated the impact of temporal resolution 

in energy system modeling, particularly the use of sub-hourly data 
[9,12]. A key finding is that sub-hourly resolutions down to one minute 
reveal significantly more detail than hourly resolution [20]. Minute- 
resolution improves the representation of short-term fluctuations in 
photovoltaic generation and demand, directly affecting system costs and 
component sizing [9]. Beyond cost and capacity outcomes, temporal 
resolution also influences reliability metrics such as lost load and un
served energy. Hourly resolution tends to smooth extrema present at 
minute resolution, minimizing the maxima and maximizing the minima, 
which can lead to underestimation of critical components capacities, 
especially in renewable-dominated and off-grid systems, consequently 
resulting in unserved energy [9,21]. Subhourly models are therefore 
better suited for capturing short peaks, rapid ramps, and inverter or 
storage bottlenecks that may trigger unmet demand. This has driven 
growing interest in high-resolution modeling for systems with stringent 
reliability and autonomy requirements. However, sub-hourly resolution 
substantially increases computational complexity compared to hourly 
modeling [9,22], making complexity reduction strategies essential.

The effectiveness of computational complexity reduction techniques 
depends on their ability to replicate the model solution of the fully 
operated time series [23], while reducing data dimensionality [24–26]. 
Averaging is the ubiquitous method for reducing the computational time 
of high-resolution time series in ESMs [9]. It involves calculating the 
mean or average of a set of values (see Fig. 1a and b), applied uniformly 
across the time series. Unlike segmentation (which is further discussed 
below), averaging does not adapt to gradients or variability in the data 
and therefore cannot retain higher resolution during periods of rapid 
change.

Sampling has also been used to reduce the computational complexity 
of energy systems by taking a regular sample of the input time series 
data (see Fig. 1b) [9]. Given the prevalence of hourly resolution in ESMs, 
hourly sampling has been widely adopted [22,27–30]. However, sam
pling generally leads to over- or under-estimation of the objective values 
[9]. Villoz et al. [30] represented a full one-minute resolution by 
calculating 60 different hourly resolutions, representing each minute by 
one hour and finding the average. Building on this work, Omoyele et al. 
[9] showed that sampling average methods does not accurately repro
duce fully resolved minute-level behavior, although it perform better 
than simple hourly averaging.

Another widely used concept for reducing temporal complexity is the 
clustering-based time series aggregation, which describes the process of 
breaking down a continuous time series into distinct segments or in
tervals that exhibit recurring patterns or trends [15]. By aggregating 
similar periods, this approach reduces data dimensionality while pre
serving essential information [31]. The dimension reduction is achieved 
by using single longer time steps in place of a group of adjacent time 
steps (segments), or a cluster of days with similar diurnal profiles 
(typical days). The use of typical periods and resolution variation by 
segmentation are two major techniques for time series aggregation 
methods [24]. The typical period approach identifies recurrent temporal 
patterns and clusters time steps, most often days, into representative 
periods that collectively approximate the full time series (Fig. 1c) [32]. 
These periods may represent different seasons or weekdays based on 
demand and generation profiles. A representative period is then selected 
from each cluster to serve as a proxy [33]. Recent work has enhanced 
this approach through representative-hour methods and hybrid aggre
gations, improving the capture of short-term variability and storage 
dynamics while significantly reducing computational effort [34–36]. 
Segmentation aggregates adjacent time steps in a period that exhibits 
similar characteristics (see Fig. 1a) [24,32], reducing complexity while 
retaining temporal patterns [37]. Like typical periods, segmentation also 
uses clustering techniques to merge data and represent each cluster by a 
sample from the cluster or a synthesized representative that reflects the 
overall characteristics of the cluster. Recent advances allow variable 
segment lengths and explicitly incorporate operational constraints such 
as ramping and network limits, improving approximation accuracy in 
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power system optimization models [38].
K-means and hierarchical clustering are the two prevalent methods 

for aggregating consumption and renewable energy generation time 
series [39], alongside methods such as k-medoids, k-centres, k-shape, 
and k-MILP [24,40]. Kotzur et al. [40] found that while the choice of 
clustering algorithm has limited impact on optimal system design, 
Ward’s hierarchical clustering offers reproducible results and a favor
able trade-off between accuracy and computational tractability. 
Nevertheless, aggregation methods should be selected based on the 
specific characteristics and objectives of each modeling problem 
[24,32]. The importance of explicitly including extreme or rare periods 
has also been emphasized [41], with recent studies proposing systematic 
approaches for identifying and incorporating system-critical events 
[35].

Despite their advantages, time series aggregation methods are not 
exact and may lead to an under- or over-estimation of model results 
depending on the aggregation technique, data characteristics, and sys
tem configuration [9]. Nonetheless, recent studies demonstrate that 
carefully designed aggregation frameworks can achieve a robust trade- 
off between accuracy and computational efficiency [34,42], and in 
some cases yield exact or near-exact solutions even in the presence of 
intertemporal coupling, particularly for energy storage systems [36,38]. 
As such, time series aggregation remains a key enabler for solving large- 
scale-mixed-integer linear energy system models and exploring complex 
system designs that would otherwise be computationally intractable 
[43,44]. Against this background, this study investigates the impact of 
subhourly temporal resolution on both single-building and aggregated- 
building energy system designs using self-sufficient building and 
microgrid models. In addition to cost and capacity outcomes, the anal
ysis explicitly evaluates lost load and unserved energy as reliability in
dicators. The study further compares multiple time series aggregation 
methods with respect to their ability to preserve minute-resolution cost 
and design capacity results while reducing computational complexity, as 
compared to hourly resolution.

3. Methodology

In the following, we present the impact of temporal resolution in 
energy system modeling and the different temporal aggregation tech
niques employed to reduce the computational complexity of energy 
systems, as well as the case studies.

3.1. Impact of temporal resolution in energy system modeling

To quantify the impact of temporal resolution on energy system 
design, reliability, and computational tractability, a structured modeling 
and optimization framework is applied across multiple temporal scales. 
The analysis compares minute-resolution models with hourly resolution 
ones while keeping all other model inputs, constraints, and techno- 
economic parameters constant. Deviations in cost, capacity sizing, and 
unserved energy are calculated in relative terms. This comparison allows 
identification of which components are most sensitive to temporal ag
gregation and whether aggregation effects differ between the single- 
building and microgrid cases, and to what extent. Particular attention 
is given to inverter sizing and storage operation, since these components 
are directly influenced by short-term variability and ramping behavior. 
Two photovoltaic-based case studies are considered: (i) a self-sufficient 
building representing a single-node off-grid system and (ii) a microgrid 
consisting of six aggregated buildings representing a multi-demand 
system (with a twelve-building configuration examined separately as a 
sensitivity case). These two cases enable the assessment of temporal 
resolution effects at both individual and aggregated load levels. The 
exposition of the self-sufficient building and microgrid models are 
shown in Sections 3.3.1 and 3.3.2, respectively. Minute-resolution time 
series are used as the reference dataset. These included electrical and 
thermal demands and photovoltaic generation profiles covering a full 
year. The minute-level dataset serves as the baseline against which 
hourly-resolution scenarios are evaluated. Reliability is modeled 
through an explicit unserved energy variable with a high penalty cost to 
ensure that lost load is only used when strictly necessary. This allows 
direct quantification of lost load and its sensitivity to temporal 

Fig. 1. Methods of temporal aggregation, adapted from Refs. [9,16]. (a) Raw time-series data are simplified through averaging and segmentation, reducing temporal 
resolution within each period. (b) Sampling-based aggregation selects representative time steps or profiles from the full series. (c) Clustering-based aggregation 
groups similar time steps into a limited number of typical periods.
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resolution.
To evaluate how temporal resolution affects system reliability, a two- 

step modeling procedure is applied. In the first step, the capacity 
expansion problem is solved using the full minute-resolution time series. 
The same model is then re-solved using the hourly resolution. This step 
quantifies the optimal component capacities and total annualized sys
tem cost. Hourly resolution is included as a benchmark since it repre
sents the prevailing standard in many energy system optimization 
studies. In the second step, the impact of hourly temporal resolution on 
system reliability is assessed through a lost load analysis. The objective 
of this step is to test whether system designs obtained from hourly 
optimization remain operationally feasible when exposed to minute- 
level variability. For this purpose, capacities obtained from the hourly- 
resolution optimization are integrated in the optimization problems 
and a dispatch-only optimization is performed using the minute- 
resolution time series.

To guarantee solvability of the dispatch problem under peak ca
pacities and assess whether the obtained system designs remain opera
tionally feasible under high-resolution variability, which holds only 
when no auxiliary energy is required (i.e., unserved energy equals zero), 
an auxiliary electricity source is introduced whenever the system fails to 
meet the demand. This source represents a theoretical backup supply 
that provides electricity only when the designed system cannot satisfy 
demand under minute-level conditions. The energy supplied by this 
auxiliary source is interpreted as unserved energy (lost load) in the real 
system. In practical terms, it represents the amount of demand that 
would remain unmet if the system designed with hourly data were 
operated under true high-resolution variability. The auxiliary source is 
assigned a high variable cost based on the VoLL, which represents 
consumers’ willingness to pay to avoid supply interruptions. The VoLL 
formulation therefore provides a reliability assessment by quantifying 
unserved energy, which also serves as an indicator of whether the 
optimized system design remains technically feasible under minute- 
resolution dispatch. Consequently, VoLL is used not only as an eco
nomic penalty parameter, but also as an indicator of technical infeasi
bility, as any non-zero unserved energy reveals that the optimized 
design cannot fully satisfy demand under high-resolution operation. 
This approach enables an explicit assessment of whether system designs 
derived from lower temporal resolution remain technically feasible 
under real high-frequency variability, rather than assuming feasibility a 
priori. Reported VoLL estimates for residential consumers typically fall 
in the range of €10–€25 per kWh, with survey-based values commonly 
around €10 per kWh [45,46]. In this study, a VoLL of €10/kWh is 
applied.

3.2. Methods for reducing the computational runtimes

For the clustering-based aggregation techniques, we use the Python 
package tsam,1 which provides out-of-the-box aggregation techniques. 
The tsam is integrated into the ETHOS.FINE2 [47,48] model framework 
used for optimizing arbitrary ESM instances [49,50], and open-source 
available on GitHub. It is continuously maintained and further devel
oped by the authors of this manuscript within the ETHOS (Energy 
Transformation Pathway Optimization Suite) Model suite [51]. Since 
hourly resolution modeling is very ubiquitous in the literature, the 
averaging (just as used above) and sampling approaches will be used to 
derive time series at hourly resolution. Equation 1 represents the 
average hourly-resolution time series from minute-resolution ones. 

Xavg =

{

xi =
1
60
∑60

k=1
xk,i , i ∈ {1, 8760}

}

(1) 

Here, xi represents the average value of the data points within the i th 

one-hour interval, and xk represents the k th data point within hour i. 
Note that the time series used for optimizing the case studies has a length 
of one year.

The sampling is also taken at a one-hour resolution. Since there are 
60 data points representing 60 min in each hour of the year, 60 different 
sets of hourly time series can be derived. Equation 2 shows the method 
for obtaining samples at every hour for the 60 different hourly time 
series. 

Xsam,k =
{
xk,i , i ∈ {1, 8760}

}
∀ k ∈ {1, 60} (2) 

Here, we create k = 60 different hourly sample time series by forming 
one time series with 8760 time steps by taking the kth minute-value from 
each hour of the original time series.

The clustering-based aggregation involves hierarchical clustering 
with typical periods and segments. The hierarchical clustering builds a 
multilevel hierarchy of clusters, which can be either agglomerative 
(bottom-up) or divisible (top-down) [52]. In divisive hierarchical clus
tering, the entire dataset starts as one cluster and is split recursively. By 
contrast, in agglomerative hierarchical clustering, each observation 
starts in its own cluster, and pairs are merged step-by-step, based on a 
selected linkage criterion. The algorithm is continued until all points are 
merged into one cluster (see Fig. 2b). The choice of linkage criterion 
significantly influences the clustering outcome. Common linkage 
methods include single, which considers the minimum distance between 
any two points in different clusters; complete, which uses the maximum 
distance between any two points in different clusters; average, based on 

Fig. 2. Clustering techniques: (a) unlabeled data consisting of individual ob
servations, (b) hierarchical clustering illustrating how observations are grouped 
into nested clusters based on similarity, and (c) K-means clustering showing 
partitioned clusters with their corresponding centroids (×).

Table 1 
Time series aggregation methods in “typical periods x segments”, comparing 
fully resolved hourly data with representations based on typical days (24 seg
ments) and typical weeks (168 segments).

Fully resolved hourly resolution Typical days Typical weeks

​ 1 × 24 ​
​ 5 × 24 1 × 168
​ 10 × 24 4 × 168
​ 20 × 24 8 × 168
​ 40 × 24 12 × 168
​ 80 × 24 24 × 168
​ 160 × 24 36 × 168
8760 365 × 24 52 × 168

1 https://github.com/FZJ-IEK3-VSA/tsam.
2 https://github.com/FZJ-IEK3-VSA/FINE.
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the average distance between all pairs of points in two clusters; centroids, 
based on the distance between the cluster centroids; and Ward’s linkage 
method (see Equation 3), which considers minimizing the increase in 
total within-cluster variance. Agglomerative clustering is considered in 
this study because of its efficiency. 

δ
(
Ci,Cj

)
=

ninj

ni + nj
‖μi − μj‖

2 (3) 

where μi and μj are the centroids of cluster Ci and Cj for datasets xi and 
xj, respectively. ni and nj are the number of elements in the datasets xi 

and xj, respectively.
However, for sensitivity analyses, calculations are also made on k- 

means clustering. The K-means clustering is an unsupervised machine 
learning algorithm that partitions data points into a predefined number 
of clusters, denoted by k [53]. For instance, if k = 3, the algorithm will 
form three distinct clusters, as illustrated in Fig. 2c. The algorithm 
operates by iteratively determining the optimal positions of the k cluster 
centroids. Each iteration consists of two main steps: (i) Assignment: Each 
data point is assigned to the cluster whose centroid is closest, based on 
the Euclidean distance. (ii) Update: The centroids of the clusters are 
recalculated as the mean of the data points assigned to each cluster. 
These steps are repeated until the assignments stabilize (i.e., no signif
icant changes occur) or a maximum number of iterations is reached, 
indicating convergence (see Equation 4).

Objective Function: Given a dataset X = {x1, x2, . . . xn} ∁ Rd , the 
objective is to find k clusters C1, C2, . . .Ck that minimize: 

∑k

i=1

∑

x∊Ci

‖x − μi‖
2 (4) 

where μi is the centroid of cluster Ci and ‖x − μi‖
2 is the square of the 

Euclidean distance between point x and the centroid μi.
To account for time-coupling beyond the length of a typical day or 

typical week, which is particularly relevant for modeling seasonal 
storage, our study relies on an approach described by Kotzur et al. [54]. 
For that, the entire year is represented by a sequence n of ñ different 
typical days with ñ ≤ n = 365 or a sequence m of m̃ different typical 
weeks with m̃ ≤ m = 52, i.e. each typical period can appear multiple 
times throughout the year. Along this sequence of typical periods, an 
additional set of constraints and variables is introduced at the interface 
between all typical periods and for each type of time-coupling variable 
from the original model formulation. This allows the transfer of state 

variables such as the state of charge of a storage from one period to 
another throughout the year, which not only enables the modeling of 
energy storage within typical days or weeks, but also the modeling of 
seasonal storage across these time spans.

Table 1 below shows the applied hierarchical-based clustering time 
series aggregation configurations, which are in typical days and typical 
weeks, denoted by the number of “typical periods x number of 
segments”.

3.3. Case studies

To quantify our analyses, the ETHOS.FINE optimization framework 
is applied to two different models (see Fig. 3): a single-family self-suf
ficient building and a multi-good microgrid laboratory (MG2Lab3) with 
six different household time series representing six different buildings. 
For modeling the capacity expansion optimization of the self-sufficient 
building model, two distinct consumption demand datasets are consid
ered using the building dataset described in Appendix A (Building 1 and 
Building 2). The building demand data are obtained using the SynPro4

simulation tool, which produces high-resolution and valid synthetic 
performance profiles for residential buildings. The SynPro simulator 
combines physical models or measured load profiles with an occupancy 
behavior model driven by socio-economic parameters. It offers select
able profiles for electricity, heating, domestic hot water, and electric 
vehicles, tailored to some parameters such as building types, year of 
construction, building size and the number of occupants. The parame
ters are varied to generate different demand data for different buildings. 
Further information on SynPro is detailed by Fischer et al. [55,56]. The 
case studies apply a minute-resolution global horizontal irradiance 
measured by the Department of Energy at Politecnico di Milano [57].

With the two models, three different case studies are considered: 

I. SSB1: Self-sufficient building for demand data 1 (Building 1 in 
Appendix A).

II. SSB2: Self-sufficient building for demand data 2 (Building 2 in 
Appendix A).

III. MG2Lab: Multi-good microgrid laboratory with combined data of 
six buildings.

Fig. 3. Study setup, including the underlying modeling framework, model instances and configurations, and the evaluation methodology. The accurate solution 
considered is the result of the full time series dataset, while the accurate runtime considered is the computational runtime of the average one hour resolution 
time series.

3 https://www.mg2lab.polimi.it.
4 https://synpro-lastprofile.de/.

O. Omoyele et al.                                                                                                                                                                                                                               Energy Conversion and Management: X 31 (2026) 102186 

5 

https://www.mg2lab.polimi.it
https://synpro-lastprofile.de/


Each of the case studies is then optimized using the following model 
configurations: 

I. Full-time series data in one minute.
II. Hourly averaged time series of the one-minute data.

III. Hourly samples of the one-minute data as shown in Fig. 1 and 
Equation 2.

IV. Advanced aggregation methods using typical days and typical 
weeks which are formed by the “number of typical periods x the 
number of segments” (Table 1).

Sections 3.3.1 and 3.3.2 present the self-sufficient building and the 
microgrid models considered, while the modeling resources used for the 
optimization is presented in Section 3.4.

3.3.1. The self-sufficient building model
Rising energy procurement costs and falling capital costs for 

renewable technologies could lead to a large number of off-grid build
ings in the future [58]. As these fully self-sufficient systems cannot rely 
on imports from the grid if the system design is inadequate, the systems 
must be designed very accurately. In the present study, the self-sufficient 
building represents a residential island system which supplies energy 
through solar photovoltaic, inverter systems, conversion components 
(compressors, heaters and heat exchangers, and reversible fuel cell), and 
storage systems (battery, liquid organic hydrogen carriers, thermal 
storage, and hydrogen storage) as shown in Fig. 4. The self-sufficient 
building model was originally developed by Kotzur et al. [59], and 
further extended by Knosala et al. [60], Hoffmann et al. [26,61] and 
Refs. [44,62,63] for autonomous energy supply.

3.3.2. The multi-good microgrid laboratory model
For small communities and municipalities, the desire for self- 

sufficiency is also one of the most important incentives for investing 
in renewable energies [64,65]. However, in the past, these off-grid or 
microgrid systems were often only considered at an hourly time reso
lution of one year or even only a few representative weeks (e.g. Refs. 
[66,67]). Therefore, in this work, we also consider the impact of the 
temporal resolutions in a larger off-grid system using the microgrid of 
the MG2Lab. The MG2Lab, located in the Department of Energy, Poli
tecnico di Milano, is a cutting-edge microgrid integrating different 
distributed energy resources (see Fig. 5). It works both in island mode 
and connected to the main electricity grid, and can feature multiple 
configurations (single/multi-node), including an AI implementation for 
optimal energy management [68]. The setup of the MG2Lab, as pre
sented in Fig. 5, is also used for capacity expansion. As demand, we 
model the total electric and thermal demands of six different buildings 
(Appendix A) with the demand data generated from SynPro in a system 
without grid connection. The six demand time series are added to see the 
performance of our study on a composite building model. Detailed 
components definition, capacity, and connections of the MG2Lab are 
explained in Nespoli et al. [68].

3.4. Modeling resources

The two models are formulated as a mixed integer linear program
ming capacity expansion optimization problem with the objective of 
minimizing the total annualized cost (TAC) of the system as presented in 
Equation 5. 

Fig. 4. Scheme of the self-sufficient building model as presented by Knosala et al. [60]. The rSOC is the reversible solid oxide cell and the LOHC is the liquid organic 
hydrogen carriers.
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TAC = CAPEX ×

(
i

1 − (1 + i)− n + OPEXrel

)

(5) 

The TAC is the total annualized cost, CAPEX is the capital expenditure, 
OPEXrel is the operational expenditure relative to the capital expendi
ture, and i is the economic interest rate over the components’ lifetime, n. 
The optimization problem is modeled using the ETHOS.FINE [47,48]
optimization framework on a high-performance computing cluster using 
a fixed solver configuration. The techno-economic data and the com
plete optimization formulation used for all the case studies are shown in 
Appendices B and C, respectively. The computational resources are 8 
CPUs-per-task, 1 compute node, 32000 MB mem-per-cpu, 32 threads, 
and 2 TB random access memory.

4. Results and discussion

Our results demonstrate that, compared to minute-resolution, using 
an average hourly resolution in the ESM leads to a substantial reduction 
in computational runtime by as much as 98% (see Table 2). However, 
there is an accuracy loss of only about 1% in TAC, particularly in the 
design of the self-sufficient building model (SSB 1 and SSB 2). This 
suggests that using hourly resolution may not be critical for capturing 
total system costs. Nevertheless, while the impact of minute-resolution 
input data on system costs is relatively small, such high temporal reso
lution may still be essential for ensuring system feasibility and 
reliability—especially in off-grid contexts. As discussed by Omoyele 
et al. [9], underestimated capacities of dynamic components (e.g., 
storage and inverter) due to insufficient temporal granularity can lead to 
system infeasibility in off-grid energy systems. The reliability assess
ment, based on the quantification of unserved energy in the system, 
shows that hourly resolution is insufficient to capture the variability 
present in the minute-resolution time series, resulting in technically 

infeasible system designs for the self-sufficient building under minute- 
resolution operation. Specifically, the dispatch analysis identifies lost 
loads of 31 kWh for SSB1 and 25.4 kWh for SSB2 (Fig. 6 and Fig. 7). 
These values represent the amount of unmet electrical and thermal de
mands, while the corresponding VoLL penalty (€10/kWh) quantifies 
their economic impact. Therefore, considering the VoLL would make the 
increase in costs much more significant. The increased runtime and the 
problem of limited data availability at minute-resolution may lead many 
modelers and scientists to continue modeling energy systems with 
average hourly resolution data in the future. Instead, a high safety factor 
may be utilized for heavily undersized capacities.

The accuracy loss between the hourly and minute-resolutions for the 
larger system of the MG2Lab, comprising combined time series data (six 
buildings), is only 0.37% (see Table 2, Table 7, and Appendix D). This 
likely stems from the aggregation effects inherent in larger, more diverse 
systems. In this case, temporal fluctuations tend to average out, reducing 
the impact of high-frequency variability on system design and operation. 
This smoothing effect dampens the influence of sub-hourly resolution 
compared to a single-building model, where demand and supply dy
namics are more tightly coupled and subject to sharper intra-day 
variations.

While the aggregated-building analysis provides insight into the in
fluence of temporal resolution on systems with increasing scale, further 
investigations are conducted for systems comprising between one and 
twelve aggregated buildings supplied by a single, shared off-grid energy 
system (see Fig. 8). For these analyses, the demand data for multiple 
buildings are aggregated additively, and the systems are modeled in an 
off-grid configuration. The results, Fig. 8, demonstrate that high- 
resolution data lead to larger deviations in both cost and component 
capacities compared with hourly resolution. However, as the number of 
aggregated buildings increases, the effect of temporal resolution on cost 
and inverter capacity diminishes due to the smoothing effect inherent in 
aggregated demand profiles. This effect occurs because the peaks of 
individual building load profiles often coincide with the troughs of 
others, thereby reducing overall variability. As shown in Fig. 8a, the TAC 
stabilizes beyond four aggregated buildings, where the underestimation 
decreases from 0.9% to 0.4%, with minimal changes thereafter. The 
inverter capacity exhibits the highest sensitivity to temporal resolution, 
with deviations reaching up to 50%, as also in the cases of SSB 1 and SSB 
2 (see Fig. 8b), particularly in smaller systems. As the number of 
buildings increases, this deviation gradually reduces and stabilizes at 

Fig. 5. Scheme of the MG2Lab model [68]. The BESS is battery energy storage 
systems, TES is thermal energy storage, P2P is power-to-power, PV is photo
voltaic, and H2 is hydrogen.

Table 2 
Results of the minute and hourly resolutions for the considered cases in terms of 
the total annualized cost and the associated computational runtime (in 
brackets).

SSB 1 SSB 2 MG2Lab

Fully resolved in one 
minute

3623.09 €  
(254273.71 
sec)

3362.94 €  
(129052.97 
sec)

22545.06 €  
(25811.59 
sec)

Averaged one hour 
resolution

3589.36 €  
(3991.02 sec)

3340.05 €  
(2337.97 sec)

22461.65 €  
(28.56 sec)

Fig. 6. Total annualized cost in SSB 1 for hourly- and minute-level resolutions, 
with and without the value of lost load (VoLL). The system design is optimized 
at hourly resolution and evaluated using minute-resolution data.

O. Omoyele et al.                                                                                                                                                                                                                               Energy Conversion and Management: X 31 (2026) 102186 

7 



approximately 35% for the minute-based resolution. In contrast, the 
battery capacity demonstrates a highly variable or spiky behavior (see 
Fig. 8c). The underestimation in battery capacity is relatively small 

compared with the inverter capacity, but its instability reflects the 
battery’s role in buffering the residual variability within the system. 
These findings highlight the pronounced impact of fine temporal reso
lution on small-scale, self-sufficient systems such as single buildings, 
where hourly resolution can significantly underestimate both system 
cost and component capacity. In larger systems, such as multi-family 
buildings or district-scale configurations, the smoothing effect of 
aggregated demand profiles reduces variability and mitigates underes
timation errors, thereby improving the design inaccuracies of lower- 
resolution modeling approaches.

Therefore, in composite or larger-scale systems, hourly resolution 
may be sufficiently representative for capturing key system behaviors, 
while in smaller or more isolated systems (such as off-grid buildings), 
the omission of sub-hourly variability can lead to greater design inac
curacies [7,8]. This insight suggests that the optimal temporal resolution 
may scale with system size and heterogeneity, a relationship that war
rants further investigation.

The sampling results comprise 60 different samples, as shown in 
Fig. 1, and then 60 different optimal solutions representing the 60 min in 
between hourly resolutions shown in Fig. 9 for the three case studies 
considered. Fig. 9 shows the results of the TAC for the 60 different 
samples, benchmarked by the fully resolved result in one-minute reso
lution and the hourly-averaged resolution result, as well as the average 
result over all sampling results. The full results comprising the TAC and 
the installed capacities of the highly dynamic systems are presented in 
Figs. 17–19 of Appendix E. The results demonstrate that some samples 
can produce almost fully accurate results. However, since such samples 
cannot be deciphered before the optimization, the average of the results 
of all the samples is taken. The sampling average produces a much better 
result in terms of the TAC (Fig. 9) and components’ sizing (Figs. 17–19 of 
the Appendix E) as compared to the common method of averaging the 
time series data. Overestimations of 0.076%, 0.12%, and 0.12% are 
observed for the TAC of SSB1, SSB2, and MG2Lab, respectively, at an 
approximate computational runtime of one hour resolution models due 
to cluster parallel arrays for the 60 different hourly resolution models.

The clustering-based aggregation techniques with varying typical 
periods and segments are a more advanced method for reducing the 
computational runtime of an ESM. The results obtained from the ca
pacity expansion optimization of the case studies with time series ag
gregation are presented in Table 3 and Figs. 10–15. Table 3 shows 
different typical days and weeks (as presented in Table 1) and the TAC 
results with the associated computational time of the optimization 
problem. Figs. 10–12 show the comparison of the different aggregation 
periods and segments considered for the accuracy and runtime for SSB 1, 
SSB 2, and the MG2Lab, respectively. The accuracy is the optimal so
lution of the TAC from the fully resolved one-minute resolution (which is 
the target accurate solution), and the runtime is the computational time 
of the optimal solution of the average hourly resolution (which is the 
target computational runtime), which are presented in Table 3. 
Figs. 13–15 represent the capacity deviation (in percentage) from the 
minute-resolution optimizations for the time series aggregation methods 
considered in Table 1, using typical days and typical weeks, respectively. 
The TD1 (1 typical day, represented by 1x24) and TW1 (1 typical week, 
represented by 1x168) are not considered in Figs. 10–15 because they 
show too high deviations, however, they are presented in Table 3.

While large aggregation reduces the computational time at the cost 
of huge inaccuracies in the result, less aggregation gives a good accuracy 
at the cost of longer computational runtime. 24 segments per typical day 
show very good results in terms of both the TAC (Table 3 and 
Figs. 10–12) and the installed capacities (Figs. 13–15) of the components 
for more than 160 typical periods. 365 typical periods x 24 segments 
show 99.78% accuracy and an improvement of 76.6% of the under
estimated average hourly TAC for SSB 1. Also, 365 typical periods x 24 
segments show 99.97% accuracy and an improvement of 96.8% of the 
underestimated average hourly TAC for the SSB 2. With MG2Lab 
showing good accuracy at hourly resolution, the hierarchical clustering 

Fig. 7. Total annualized cost in SSB 2 for hourly- and minute-level resolutions, 
with and without the value of lost load (VoLL). The system design is optimized 
at hourly resolution and evaluated using minute-resolution data.

Fig. 8. Relative difference between hourly- and minute-resolutions on the 
number of buildings for (a) total annualized cost, (b) inverter capacity, and (c) 
battery capacity. The relative difference is the percentage deviation of the 
hourly-resolution result from the corresponding minute-resolution result.
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method still gives a 99.91% accuracy and a 76.8% improvement of the 
underestimated average hourly TAC. The components’ size deviations 
are presented in Figs. 13–15, with 365 typical periods x 24 segments (TD 
365) showing the least deviations (between − 10.4% and 3.0%) from the 

original capacity obtained from one minute resolution in percentage. 
When the MG2Lab system is connected to the main electricity 
grid—allowing for electricity imports at a rate of 0.4 €/kWh—the TAC 
underestimation observed under hourly resolution becomes even less 

Fig. 9. Total annual cost (TAC) for the original or fully resolved minute data (original), averaging of the data, sampled data (sampling), and the average of the 
sampled result, for the case studies.

Table 3 
Results of the aggregation methods for the considered cases in terms of the total annualized cost and the associated computational runtime (in brackets). Aggregations 
are applied to the minute-resolution data.

Typical days Typical weeks

SSB 1 (Time, secs) SSB 2 (Time, secs) MG2Lab (Time, secs) SSB 1 (Time, secs) SSB 2 (Time, secs) MG2Lab (Time, secs)

1 × 24 1271.70 €  
(1.86 sec)

1210.00 €  
(1.80 sec)

4909.90 €  
(0.81 sec)

1 × 168 1290.28 €  
(38.36 sec)

1218.98 €  
(7.64 sec)

4939.01 €  
(1.06 sec)

5 × 24 3556.03 €  
(15.73 sec)

3295.57 €  
(9.50 sec)

21501.86 €  
(0.78 sec)

4 × 168 3612.95 €  
(26.50 sec)

3314.83 €  
(26.76 sec)

21543.83 €  
(1.68 sec)

10 × 24 3675.63 €  
(9.85 sec)

3359.57 €  
(13.83 sec)

19649.67 €  
(1.19 sec)

8 × 168 3708.49 €  
(158.35 sec)

3385.06 €  
(118.84 sec)

20650.04 €  
(1.76 sec)

20 × 24 3704.37 €  
(87.70 sec)

3356.19 €  
(27.75 sec)

23864.89 €  
(1.85 sec)

12 × 168 3643.64 €  
(170.39 sec)

3347.99 €  
(306.45 sec)

19526.92 €  
(2.97 sec)

40 × 24 3695.44 €  
(70.09 sec)

3386.06 €  
(188.67 sec)

24037.48 €  
(3.43 sec)

24 × 168 3681.08 €  
(2087.54 sec)

3419.44 €  
(1785.14 sec)

24474.63 €  
(15.04 sec)

80 × 24 3670.17 €  
(194.82 sec)

3373.93 €  
(354.63 sec)

23840.65 €  
(5.73 sec)

36 × 168 3719.11 €  
(3385.27 sec)

3395.68 €  
(5022.67 sec)

24166.91 €  
(27.22 sec)

160 × 24 3649.47 €  
(671.37 sec)

3381.92 €  
(464.46 sec)

23061.46 €  
(9.54 sec)

52 × 168 3695.27 €  
(27310.89 sec)

3375.68 €  
(7642.16 sec)

24077.97 €  
(63.56 sec)

365 × 24 3615.20 € 
(1153.72 sec)

3362.22 € 
(1089.99 sec)

22525.71 € 
(31.79 sec)

​ ​ ​ ​

O. Omoyele et al.                                                                                                                                                                                                                               Energy Conversion and Management: X 31 (2026) 102186 

9 



Fig. 10. Comparison of the time series aggregation in typical days (in blue) and typical weeks (in purple) to total annualized cost (TAC) of the fully resolved data and 
the computational time of the average hourly data for SSB 1. 10 typical days means 10x24 and 8 typical weeks means 8x168.

Fig. 11. Comparison of the time series aggregation in typical days (in blue) and typical weeks (in purple) to total annualized cost (TAC) of the fully resolved data and 
the computational time of the average hourly data for SSB 2. 10 typical days means 10x24 and 8 typical weeks means 8x168.

Fig. 12. Comparison of the time series aggregation in typical days (in blue) and typical weeks (in purple) to total annualized cost (TAC) of the fully resolved data and 
the computational time of the average hourly data for MG2Lab. 10 typical days means 10x24 and 8 typical weeks means 8x168.
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significant (Appendix D). For the configuration, the deviation is reduced 
to 0.26%. In this grid-connected system, the 365 typical periods x 24 
segments still show an accuracy of 99.98% and a 94.7% improvement of 
the hourly underestimated TAC. More results about the sensitivity of the 
MG2Lab microgrid with the buildings modeled as off-grid and grid- 
connected can be found in Table 5 and Table 6 of Appendix D. This 
finding reinforces the earlier conclusion that hourly resolution is 
generally sufficient for larger, grid-connected, or composite energy 

systems. In contrast, sub-hourly resolution remains critical for accu
rately modeling smaller-scale or off-grid systems, where system dy
namics are more sensitive to high-frequency variability.

While the combined time series data of the buildings may have small 
variability, the average hourly resolution of MG2Lab may produce a 
good result as compared to some of the other aggregation methods 
considered. However, combined time series data do not always even out 
in variability, as the variability change depends largely on the 

Fig. 13. Components capacity deviation from the fully resolved capacity using typical days (TD) and typical weeks (TW) in percent for the SSB 1.
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distribution of each of the time series data. Even though hourly reso
lution gives a good performance for MG2Lab, the 365 typical periods x 
24 segments aggregation method may still be applied to composite 
models because it deals appropriately with different data distributions 
and the accuracy is appropriately managed. 365 typical periods x 24 
segments also show a very good computational runtime for all the cases 
considered, equivalent to the runtime at hourly resolution. The 

application of typical weeks does not show as good results as in the case 
of typical days, in terms of accuracy, computational runtime, and 
component sizing (Table 3, Figs. 10–12, and Figs. 13–15). Sensitivity 
analysis on SSB1 shows (i) the clustering methods considered (hierar
chical, k-means, and k-medoids) do not affect the optimal solution of the 
system, Table 8 (ii) the robustness of the analysis by considering systems 
with different uncertainty configurations between 5 and 10% deviations 

Fig. 14. Components capacity deviation from the fully resolved capacity using typical days (TD) and typical weeks (TW) in percent for the SSB 2.
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in both supply and demand data, Table 9. The results produce a similar 
result to the original model (SSB1), both in terms of hourly cost un
derestimation and the cost recovery by the clustering-based time series 
aggregation.

In a further sensitivity analysis, the full operated hourly time series 
resolution (8760) is further investigated using different typical periods 
x segments variations between typical days of maximally 365 × 24 time 
steps and typical weeks of maximally 52 × 168 time steps (in which the 

product of typical periods and segments is close to 8760 data points). 
The results presented in Table 4 and Fig. 16 indicate that the 365 × 24 
configuration yields the most effective balance between TAC accuracy 
and computational efficiency for the considered cases. This configura
tion leverages 365 typical periods to preserve the full extent of inter-day 
and seasonal variability, while each day is discretized into 24 repre
sentative segments, effectively capturing the essential intra-day dy
namics of energy demand and supply. Such temporal structuring aligns 

Fig. 15. Components capacity deviation from the fully resolved capacity using typical days (TD) and typical weeks (TW) in percent for the MG2Lab.
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naturally with the diurnal characteristics of solar photovoltaic genera
tion, which exhibits predictable daily patterns modulated by seasonal 
shifts. By applying hierarchical clustering to reduce the original one- 
minute resolution data to 24 segments per day, the approach retains 
the most statistically and operationally relevant time steps—particularly 
around sunrise, midday peak, and sunset—thereby preserving system- 
critical events without the computational burden of the full-resolution 
dataset. As a result, the 365 × 24 formulation on the minute- 
resolution data achieves near-equivalent accuracy to the full- 
resolution model (within 0.1% TAC deviation) while maintaining 
computational runtimes comparable to conventional hourly simula
tions. Given this strong alignment with the underlying physical and 
operational characteristics of photovoltaic-based renewable energy 
systems, the average of the regular samples and the clustering-based 
aggregation of 365 typical periods with 24 segments are recom
mended as computationally tractable and accurately representative so
lutions for high-resolution energy system optimization models.

This study primarily focuses on the computational evaluation of 
temporal resolution methods in energy system modeling, using high- 
resolution simulations to quantify trade-offs between model accuracy 
and computational runtime. While the methods can be integrated into 
modeling platforms, their primary value lies in improving energy sys
tems design. By capturing key dynamics with lower computational 
runtime, the system enables more accurate system cost and component 
sizing, thereby reducing the risk of power outages and lost loads, 
particularly in off-grid or self-sufficient systems. The lost load feasibility 
test described in Section 3.1 is applied only to the hourly-resolution 
benchmark design; the feasibility of the recommended aggregated de
signs (e.g., 365 typical periods x 24 segments) under full minute- 
resolution operation is not separately validated, and the reliability 
claims made for these aggregated approaches should be read as accuracy 
relative to the minute-resolution design rather than as an independent 
guarantee of operational feasibility.

Despite these contributions, several limitations remain. The analysis 
is limited to solar photovoltaic as a renewable energy source, which 
exhibits regular diurnal patterns. As a result of this, further studies 
should be conducted on wind power with less variability and a less 
regular supply pattern compared to solar irradiance. In addition, other 
self-sufficient systems with novel storage types could be investigated 
[50,69]. Additionally, the study partly relies on simulated input data, 
without accounting for uncertainties such as measurement noise or data 
quality. These uncertainties could influence the performance and ac
curacy of temporal aggregation methods and may be considered in 
future research. Furthermore, future studies using multi-year weather 
data would be beneficial to better assess system robustness and long- 
term reliability under varying climatic conditions [70]. Finally, yet 
importantly, the study has revealed at times counter-intuitive jumps in 
runtime from one model configuration to another, indicating that tuning 

of numerics using out-of-the-box solvers such as Gurobi is still 
inevitable.

5. Conclusions

Sub-hourly resolution in energy system optimization improves the 
representation of short-term variability and component bottlenecks 
compared to hourly modeling, but significantly increases computational 
cost, motivating the use of temporal complexity reduction methods such 
as averaging, sampling, and clustering-based time series aggregation. 
This study reveals the following: 

▪ The need for minute-resolution is highest for island systems 
with a value of lost load analysis when applying minute- 
resolution supply and demand time series to a system 
designed using hourly time series. This need decreases for 
larger numbers of individual and low-correlated demand pro
files, such as in neighborhoods with multiple households sup
plied by a single system due to load balancing and a smoother 
resulting total demand profile.

▪ Aggregated time series provide a closer approximation to the 
minute-resolution total annualized cost and component sizing 

Table 4 
Sensitivity analysis of the total annualized cost results of the clustering-based 
aggregation methods for the three considered cases.

Aggregation SSB 1 (€) SSB 2 (€) MG2Lab (€)

365 × 24 3615.20 3362.22 22525.71
244 × 36 3636.51 3372.34 22825.27
182 × 48 3645.89 3380.60 22937.09
146 × 60 3664.79 3385.67 23069.48
122 × 72 3663.42 3394.39 23318.09
105 × 84 3670.31 3397.49 23476.94
91 × 96 3674.94 3394.02 23741.91
81 × 108 3676.88 3374.18 23855.31
73 × 120 3685.04 3351.50 23842.23
63 × 132 3697.00 3361.44 23863.24
61 × 144 3682.61 3362.75 23855.76
56 × 156 3691.38 3365.52 24011.17
52 × 168 3695.29 3375.68 24077.96
Original 3623.09 3362.94 22545.06

Fig. 16. Comparison of the full one-hour time series aggregation in typical 
periods x segments to total annualized cost (TAC) of the fully resolved data and 
the computational time of the average hourly data for: (a) SSB 1, (b) SSB 2, and 
(c) MG2Lab.
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than hourly time series, while maintaining runtimes compara
ble to hourly models.

▪ A bootstrapping method that generates 60 hourly profiles out of 
a minute-resolution time series, solves them in parallel and 
forms the average, creates a close approximation of the solution 
obtained for minute-resolution model, at an equivalent runtime 
of hourly resolution model.

The findings indicate that studies based solely on hourly resolution 
may underestimate required investments and overestimate system ad
equacy in decentralized and renewable-dominated settings, with im
plications for building energy codes, microgrid design guidelines, and 
resilience planning frameworks. In contrast, the need for sub-hourly 
profiles is less pronounced in highly interconnected systems, such as 
high-level national studies, where spatial balancing across large regions 
can mitigate short-term variability, and hourly resolution may be suf
ficient for high-level studies. However, for narrow system scopes such as 
self-sufficient buildings, microgrids, and off-grid systems, higher safety 
margins are required, and policymakers and regulators should therefore 
consider temporal resolution requirements, sub-hourly validation, or 
approved aggregation procedures when using optimization results to 
support decisions on self-sufficient buildings and local energy systems.
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Appendix

A. Building demand data parameters from SynPro simulator for Berlin, 2021

Building1 Building2 Building3 Building4 Building5 Building6

Number of occupants 4 3 4 4 4 3
H_ceiling/ww_ratio 2.4/0.2 2.4/0.2 2.5/0.25 2.4/0.2 2.4/0.2 2.37/0.3
Size (m2) 200 150 200 180 220 205
Height (Stories) 1 1 2 2 2 1
Annual demand (kWh) Electricity 3087.85 2827.54 3050.98 1913.98 1947.52 3001.90

Heat 16257.05 14816.44 16611.26 15323.71 14343.71 16436.09
Mean (kWmin) Electricity 0.3525 0.3228 0.3483 0.2185 0.2223 0.3427

Heat 1.8558 1.6914 1.8963 1.7493 1.6374 1.8763
Standard deviation (kWmin) Electricity 0.5109 0.5032 0.4930 0.3508 0.3648 0.5084

Heat 1.9761 1.7955 2.0088 1.8804 1.6945 1.9902

B. Cost parameters of the self-sufficient building model according to Knosala et al. [60]

Capex Opex Lifetime 
(years)

Components Efficiency

Components Fixed 
(€)

Capacity-specific Fixed + capacity- 
specific (% inv/a)

Photovoltaic ground — 4000.00 €/kWp 1.00 20 ​ Inverter ​ 97%
Photovoltaic rooftop — 769.00 €/kWp 1.00 20 ​ Lithium-ion battery Ƞch. and dis. 95%
Inverter — 75.00 €/kWp — 20 ​ ​ Self- 

discharge
0.01%/ 
h

Battery — 301.00 €/kWhp — 15 ​ Redox flow battery Ƞch. and dis. 86.6%
Reversible Solid Oxide 

Cell
5000.00 2400.00 €/kWel 1.00 15 ​ PEM fuel cell Ƞel 55%

Heat pump 4230.00 504.90 €/kWth 1.50 20 ​ PEM electrolysis Ƞel 70%
Thermal storage — 90.00 €/kWhth 0.01 25 ​ rSOC electrolysis mode (w/o heat 

integration)
ȠH2 73.2%

E-Heater & e-boiler — 60.00 €/kWth 2.00 30 ​ rSOC fuel cell mode ȠH2 45%
Tank — 0.79 €/kWhH2 — 25 ​ ​ Ƞel 35%
Dibenzyltoluene — 1.25 €/kWhH2 — 25 ​ Heat pump COPmin 2.86
Hydrogen vessels — 15.00 €/kWhH2 — 25 ​ ​ COPmax 7

(continued on next page)
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(continued )

Capex Opex Lifetime 
(years)  

Components Efficiency

Components Fixed 
(€) 

Capacity-specific Fixed + capacity- 
specific (% inv/a)  

Hydrogenizer 2123.30 761.10 €/kWH2 1.00 20 ​ Thermal storage Ƞch. and dis. 99%
Dehydrogenizer 1140.00 408.60 €/kWH2 1.00 20 ​ ​ Self- 

discharge
0.1%h

Low-pressure 
compressor

— 1716.71 €/kWp 1.00 25 ​ Electrical heater Ƞel 98%

High-pressure 
compressors

560.00 1329.80 €/kWp 1.00 25 ​ Heat exchanger/Hydrogenation/ 
dehydrogenation

Ƞ 99.5%

Heat exchangers 1 and 
2

— 1.00 €/kWth 1.00 — ​ Compressor 2 MPa Ƞel 94.3%

Expanders 1 and 2 — 1.00 €/kWth 1.00 25 ​ Compressor 16 MPa Ƞel 95.6%

C. Capacity expansion mathematical formulation [9,71]

The three case studies are modeled using the capacity expansion optimization equations below. The objective function Eq. (6) minimizes the total 
annual cost of the system consisting of capital expenditures and fixed operational expenditure of the system. Eq. (7) balances the commodities 
(electricity, heat, and hydrogen). The source, sink, and converters have flow connections with Eqs. (8), (9), and (10). Eqs. (11) and (14) represent the 
storage flow and the state of charge of the storage respectively, while Eqs. (12), (13), and (15) defines the operational bounds of the components.

Abbreviation Meaning

My Subsets of the components, at which y can be sources, sinks, converters (conv), storage (store), and commodities (g)
T Amount of required time steps
xop Operation rate variable, which extends to charge (ch) and discharge (dis) as in storage
xSOC State of charge variable
xcap Installed capacity variable
CCAPEX Capital expenditures
COP Operational expenditures
γ Conversion factor
Ƞ Efficiency

min

(
∑

c

(

Ccapex
c +

∑

t
Cop

c, tx
op
c, t

))

∀ c ∊M, t∊T (6) 

∑
fc, t = 0 ∀ c ∊Mg, t ∊T (7) 

fc, t = xop
c, t ∀ c ∊Msource ∩ Mg, t∊T (8) 

fc, t = − xop
c, t ∀ c∊Msink ∩ Mg, t∊T (9) 

fc, t = γc, tx
op
c, t ∀ c ∊Mconv ∩ Mg, t∊T (10) 

fc, t = xop, dis
c, t − xop, ch

c, t ∀ c ∊Mstore ∩ Mg, t∊T (11) 

xop
c, t ≥ 0∀ c ∊Msource, sink, conv, store, t∊T (12) 

xop
c, t ≤ xcap

c ∀ c ∊Msource, sink, conv, t ∊T (13) 

xSOC
c, t+1 = xSOC

c, t + ηch
c, tx

op, ch
c, t −

xop, dis
c, t

ηdis
c, t

∀ c ∊Mstore, t ∊T (14) 

0 ≤ xSOC
c, t ≤ xcap

c ∀ c ∊Mstore, t ∊T (15) 
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D. Sensitivity analysis

Table 6 
Results of the aggregation methods for MG2Lab in terms of the total annualized cost and the associated computational runtime (in brackets).

Typical days Typical weeks

Offgrid Grid Offgrid Grid

1 × 24 4909.9 € (0.81 sec) 4909.9 € (0.44 sec) 1 × 168 4939.01 € (1.06 sec) 4929.5 € (0.63 sec)
5 × 24 21501.86 € (0.78 sec) 18131.62 € (0.90 sec) 4 × 168 21543.83 € (1.68 sec) 18159.9 € (1.49 sec)
10 × 24 19649.67 € (1.19 sec) 16892.23 € (1.13 sec) 8 × 168 20650.04 € (1.76 sec) 17612.13 € (2.66 sec)
20 × 24 23864.89 € (1.85 sec) 20186.43 € (1.76 sec) 12 × 168 19526.92 € (2.97 sec) 16823.23 € (4.83 sec)
40 × 24 24037.48 € (3.43 sec) 20384.41 € (2.91 sec) 24 × 168 24474.63 € (15.04 sec) 20654.42 € (24.46 sec)
80 × 24 23840.65 € (5.73 sec) 20410.10 € (5.81 sec) 36 x 168 24166.91 € (27.22 sec) 20465.42 € (30.36 sec)
160 × 24 23061.46 € (9.54 sec) 19764.93 € (12.17 sec) 52 × 168 24077.97 € (63.56 sec) 20516.25 € (42.17 sec)
365 × 24 22525.71 € (31.79 sec) 19163.69 € (39.20 sec) ​ ​ ​

Table 7 
Total annualized cost for both hour and minute-based resolutions in MG2Lab.

No. of Builings 1 2 3 4 5 6 7 8 9 10 11 12

Hourly (€) 4077 8099 11,336 14,799 18,414 22,461 27,123 30,606 34,457 36,421 38,465 43,916
Minute (€) 4114 8140 11,388 14,855 18,487 22,545 27,217 30,712 34,584 36,552 38,608 44,073
Underestimation (%) 0.91 0.51 0.46 0.38 0.40 0.37 0.35 0.35 0.37 0.36 0.40 0.36

Table 8 
Clustering methods analyses for SSB 1, comparing the total annualized 
cost (TAC) and the computational runtime in seconds (in brackets).

Data TAC, € (Runtime, sec)

Fully resolved in one minute 3623.09 € (254273.71 sec)
Averaged one hour resolution 3589.36 € (3991.02 sec)
TD365 (Hierarchical) 3615.20 € (1153.72 sec)
TD365 (K-means) 3615.20 € (2451.60 sec)
TD365 (K-medoids) 3615.20 € (1117.90 sec)

Table 9 
Uncertainty analysis of total annualized cost under variations in photovoltaic (PV) capacity and electricity demand. Results are shown for hourly- and minute- 
resolutions. Underestimation (%) indicates the ratio of hourly to minute-level cost estimates. The TD365 (hierarchical) case is included for comparison.

Sensitivity Analysis 0.95PV 0.9Demand 0.95PV 1.1Demand 0.95PV Demand PV 0.9Demand PV 1.1Demand PV 1.05Demand

Hourly (€) 3374.82 3878.92 3626.87 3341.06 3837.67 3713.51
Minute (€) 3405.35 3916.24 3660.79 3371.42 3874.77 3748.93
Underestimation (%) 0.905 0.962 0.935 0.909 0.967 0.954
TD365 (€) (Hierarchical) 3398.25 3907.56 3652.91 3364.31 3866.08 3740.64

Table 5 
Results of the minute and hourly resolutions for MG2Lab in terms of the total annualized cost and the associated computational runtime (in brackets).

Offgrid Grid

Fully resolved in one minute 22545.06 €  
(25811.59 sec)

19166.3 €  
(18336.01 sec)

Averaged one hour resolution 22461.65 €  
(28.56 sec)

19117.41 €  
(21.59 sec)
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E. Sampling results

Fig. 17. Total annual cost (TAC) for the sampled data (sampling), original or fully resolved minute data (original), average of the sampled result, and the averaging 
of the data for SSB 1.
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Fig. 18. Total annual cost (TAC) for the sampled data (sampling), original or fully resolved minute data (original), average of the sampled result, and the averaging 
of the data for SSB 2.

O. Omoyele et al.                                                                                                                                                                                                                               Energy Conversion and Management: X 31 (2026) 102186 

19 



Fig. 19. Total annual cost (TAC) for the sampled data (sampling), original or fully resolved minute data (original), average of the sampled result, and the averaging 
of the data for MG2Lab.

Data availability

Data will be made available on request.
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