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Abstract 
Over the past 25 years there has been a significant growth 

in final electricity consumption, and this is expected to in-

crease due to greater electrification and continued integra-

tion of Renewable Energy Sources (RESs). This trend can 

lead to imbalances and sustained strains on power grids 

during surpluses and peak demand. To address these chal-

lenges, through flexible strategies, building thermal de-

mand can be managed in response to the grid require-

ments. In this field, moving from the individual building 

level to the cluster level allows for a greater reserve of dis-

placed energy for grid balancing. However, planning the 

flexible resources needed for energy management of clus-

ters of buildings can still be difficult. Therefore, a tool to 

evaluate flexibility scenarios can be useful. Thus, the aim 

of this paper is to introduce ClustEnergy OpTool, an open 

tool for estimating the energy demand of a user-defined 

cluster of buildings under different demand management 

strategies. The user can compose the cluster by choosing 

from different building archetypes served by Heat Pumps 

(HPs) to meet the thermal demand for space heating, cool-

ing and DHW. Buildings can be equipped with PV and 

subject to a given price signal. Then, by selecting different 

ways to flexible manage the cluster energy demand (e.g., 

peak-shaving or demand-shifting, price signal-based man-

agement), the tool can estimate the energy shifted, peak 

displacement, PV self-consumption and electricity bill re-

ductions, both at cluster and individual building level. 

1. Introduction 

Final electricity consumption has increased over the 

years, recording in 2019 a 37.8% increase since 1994 

(IEA, 2021). With many policies moving toward sus-

tainable energy models, this upward trend is ex-

pected to continue, as electrification (e.g., replace-

ment of traditional boilers with Heat Pumps (HPs)) 

plays a key role in decarbonization efforts (Boa 

Morte et al., 2023). To cover the growing demand for 

electricity, there is a widespread installation of dis-

tributed energy resources (DERs, e.g., renewables 

and energy storage), leading to a decentralized en-

ergy supply (Abd Alla et al., 2022). However, the 

nonprogrammable nature of major renewable 

sources can lead to imbalances and prolonged stress 

on power grids. To address these challenges, it is 

necessary to provide flexible energy demand man-

agement. In this scenario, buildings can play an im-

portant role. By exploiting the energy flexibility pro-

vided by building thermal loads, electrical demand 

can be controlled in response to power grid require-

ments. To activate the energy flexibility, several 

modes are available in buildings. These are: build-

ing thermal inertia, water tanks, optimal control, 

and Demand Response (DR) strategies (such as, 

peak-shaving and demand-shifting) (Arteconi et al., 

2018). Within this domain, the need for a large re-

serve of energy flexibility may involve moving from 

a single building level to a larger scale, such as a 

cluster of buildings (Vigna et al., 2018). In a cluster 

of buildings, a set of energy flexibility providers are 

coordinated through a single network to mutually 

influence their energy response and manage aggre-

gate consumption loads. However, quantifying the 

reserve of flexibility offered by clusters of buildings 

can still be difficult due to the complexity of inte-

grating diverse energy systems and the dynamic na-

ture of RESs (Vigna et al., 2018). Several methods 

and indicators are proposed to quantify the energy 

flexibility offered by a cluster of buildings (Awan et 
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al., 2023; Wang et al., 2018), even if a well-estab-

lished practice is not yet available. In this sense, the 

aim of this paper is to present ClustEnergy OpTool 

(Mugnini et al., 2024) an open tool in Python (Py-

thon, 1991) based on several user-configurable func-

tions for supporting the evaluation of energy flexi-

bility provided by clusters of buildings. As an ex-

tension of a preliminary version proposed by 

(Mugnini et al., 2021), this work proposes new func-

tionalities and additional settings to represent a 

greater range of scenarios. It is added, for instance, 

the implementation of space cooling and DHW pro-

duction and PV systems. Moreover, when imple-

menting demand management strategies, the user 

can set an electricity price signal. Finally, more de-

tailed utilization profiles are considered when esti-

mating the electricity demand of the cluster, to fur-

ther diversify the thermal demand of buildings. The 

tool demonstrates reliability in estimating energy 

requirements, validated with the ANSI/ASHRAE 

140 standard (i.e., BESTEST (ASHRAE, 2020)). Then, 

after selecting building archetypes for a reference 

location, ClustEnergy OpTool users can define var-

ious DR scenarios to assess the cluster flexibility 

reserve, supporting decision-makers in optimizing 

energy resource allocation. To this end, based on the 

selected DR strategy, the tool enables estimation of 

energy displacement, peak displacement, distri-

buted or collective PV self-consumption, and 

electricity bill cost reduction (both at cluster and 

individual building level). Therefore, the following 

section describes the methodology (Section 2) of the 

released version of ClustEnergy OpTool (Mugnini 

et al., 2024) followed by an application example 

(Section 3). 

2. Methodology 

As mentioned, the purpose of this paper is to pre-

sent the released version of ClustEnergy Optool, an 

open tool useful for estimating energy flexibility of-

fered by a cluster of buildings. Based on the meth-

odology proposed by Mugnini et al. (Mugnini et al., 

2021), Fig. 1 shows the operation of the tool describ-

ing the various functional blocks (i.e., user-set pa-

rameters, outputs, and database) along with the 

control logic. The following subsections aim to 

describe the operation methodology of the tool. Sec-

tion 2.1 describes the thermal demand modelling for 

individual buildings. The optimization problem is 

described in Section 2.2, while Section 2.3 focuses on 

the thermal generation system for space heating 

(SH) and space cooling (SC). Section 2.4, on the 

other hand, describes the demand for DHW produc-

tion. Sections 2.5 and 2.6 explain, respectively, use-

ful utilization models for load diversity within the 

cluster and forcing signals (i.e., PV generation and 

price profiles) to perform load shifting strategies. 

Section 2.7 illustrates the optimal control to activate 

the energy flexibility through the selected DR strat-

egy. Finally, Section 2.8 lists the performance indi-

cators in output. An example of tool application is 

provided in Section 3. 

2.1 Building Modelling and Aggregation 

After selecting a reference location and simulation 

period, a crucial step is defining a representative 

cluster. To this end, ClustEnergy OpTool adopts an 

archetype approach to represent buildings with dif-

ferent age classes (Mugnini et al., 2021). Based on 

data provided by the Tabula Project (Corrado et al., 

2012), Single-Family Houses (SFHs) are considered. 

In addition, being an open-source tool, the user can 

implement modifications to include other building 

types (e.g., Multi-Family Houses) related to differ-

ent climate zones and countries. Then, the energy 

demand of individual buildings is represented 

based on the thermoelectric analogy (e.g., Re-

sistance (R) and Capacitance (C) networks). For in-

stance, thermally insulated dwellings are shown in 

Fig. 2, that presents a differentiation of the inner and 

outer layers from the insulating layer. For the emis-

sion system, the contribution of air systems is di-

rectly applied to the thermal node of indoor air (T in 

in Fig. 2). However, in underfloor heating systems, 

the thermal contribution is applied to the innermost 

thermal node of the floor (Tf,in,ap in Fig. 2) represent-

ing the inner layers from the tubes (Mugnini et al., 

2021). 
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Fig. 2 – RC network model of a thermally insulated building with 
air emission system (Qth applied to the indoor air thermal node) 
and underfloor heating system (Qth applied to the to the innermost 
thermal node of the floor) 

Heat gains from solar radiation and indoor sources 

(e.g., occupancy, lighting, and appliances) are dis-

tributed on nodes representing building compo-

nents in accordance with the validation standard 

ANSI/ASHRAE 140 - Informative Annex B7 

(ASHRAE, 2020). Finally, RC parameters useful for 

building modeling are identified using a white box 

approach (Mugnini et al., 2021). Therefore, the en-

ergy dynamics of buildings can be represented 

through a state-space model formulation. 

2.2 Optimization Problem Formulation  

To calculate thermal loads (Qth) to be provided as 

input to the state-space model formulation (Fig. 2), 

a Linear Programming (LP) problem is proposed. 

Thermal loads are minimized to maintain the indoor 

air temperature (Tin) in the user-set thermostat 

range (Baseline Case, BL). The LP problem is formu-

lated as follows: 

 

min ∑ Qth,BL(t)n
t=1                                                        (1) 

 

Subject to the following constraints and bounds: 

 

∀t:  Tin(t) ≤ Tsetpoint(t) +  ∆Tupper                            (2) 

∀t:  Tin(t) ≥ Tsetpoint(t) − ∆Tlower                             (3) 

∀t: 0 ≤  Qth(t) ≤  Qth,max(t)                                       (4) 

 

Where Tsetpoint represents the user-set temperature in 

the thermostat. ∆Tupper and ∆Tlower  represent the 

upper and lower thermostat tolerances set by the 

user, respectively. While Qth,max represents the ther-

mal capacity of the HP as the outdoor air tempera-

ture varies. 

2.3 Space Heating and Cooling System  

After defining a cluster of buildings, it is important 

to define the characteristics of the thermal genera-

tion system for SH and SC. According to the prob-

Fig. 1 - Schematic of ClustEnergy OpTool operation 
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lem formulation in Section 2.2, the energy dynamics 

of buildings are represented by constraints on in-

door air temperature (Eq. 2 and 3), while the input 

thermal power becomes a decision variable 

bounded to the HPs capacities (Eq. 4). Conse-

quently, electric consumption loads for SH or SC to 

be managed in the DR strategies become: 

 

Pele,th,BL(t) =  Qth(t) COPth(t)⁄                                   (5) 

 

where COPth represents the Coefficient of Perfor-

mance (COP) of the HP. Accordingly, 

Pele,th,BL(t) represents the trend in electric power 

consumption during the baseline (BL) scenario use-

ful for comparison with the DR scenario, as ex-

plained later. By choosing from available sizes, the 

tool considers the performance characteristics of 

real HPs extracted from datasheets. Alternatively, it 

is possible to consider external data provided by the 

user in the form of normalized performance curves. 

Then the HP power for SC and SH is represented by 

the variation of the COP and maximum thermal ca-

pacity as the outdoor air temperature changes, at the 

supply temperature set by the user in the inputs. 

2.4 Domestic Hot Water Demand 

In addition to an HP to meet the space thermal re-

quirement, ClustEnergy OpTool allows the user to 

include a DHW HP water heater with an integrated 

TES. As for buildings, the thermoelectric analogy is 

adopted to model the storage system (Fig. 3) and the 

energy dynamic is represented via state-space for-

mulation. From Fig. 3, RC parameters useful for 

modeling can be computed from the technical char-

acteristics (e.g., water volume, U-value, and enve-

lope area (Table 1)) of a commercial system. The 

thermal demand due to hot water withdrawal 

(Qdraw) depends on the utilization profile (see Sec-

tion 2.5) and the inlet water temperature set by the 

user (e.g., 10-15 °C).  Loads for DHW production 

(e.g., Qtank), directly supplied to the thermal node of 

the water tank (e.g., Ttank), are calculated via LP 

problem. Accordingly, the problem formulation in 

Section 2.2 is modified as follows: 

 

min ∑ Qtank,BL(t)n
t=1                                                     (6) 

 

Subject to the following constraints and bounds: 

 

∀t:  Ttank,BL(t) ≤ Tset,tank(t) + ∆Tup,tank                    (7) 

∀t:  Ttank,BL(t) ≥ Tset,tank(t) − ∆Tlow,tank                   (8) 

∀t: 0 ≤  Qtank,BL(t) ≤  Qtank,max(t)                            (9) 

 

Where Tset,tank represents the water temperature in 

the tank set by the user (e.g., 60 °C). ∆Tup,tank and 

∆Tlow,tank represent the upper and lower tolerances 

set by the user, respectively. While Qtank,max repre-

sents the capacity of the HP water heater as the out-

door air temperature changes. The energy dynamics 

are represented by the constraints on temperature 

(i.e., Ttank,BL in Eq. 7 and 8), and heat loads become a 

decision variable constrained to the capacity of the 

HP water heater (Eq. 9). Finally, the electricity de-

mand for DHW production to be managed in the DR 

strategies is determined by considering the perfor-

mance characteristics of a HP water heater (e.g., 

COPtank) provided by the user (Eq. 10). 

 

Pele,tank,BL =  Qtank,BL(t) COPtank(t)⁄                        (10) 

 

 

Fig. 3 – RC network model of a heat pump water heater 

Table 1 – Characteristics of a HP water heater for DHW produc-
tion available in ClustEnergy OpTool library 

U-value  

(Wm-2K-1) 
Area (m2) 

Volume 

(m3) 

Capacity 

(kW) 
COP 

0.23 3.40 178.00 1.30 3.10 

2.5 Utilization Patterns 

In addition to different building types, differences 

in electricity consumption within a cluster are re-

lated to the occupancy behaviors of households.  To 

capture utilization consumption patterns that help 

load diversity within the cluster, the user can 

change for each building (a) the occupancy profile 

and internal gains, (b) daily set-point temperature, 

and (c) the DHW draw profile. First, to consider (a) 

occupancy profiles and internal gains, the user can 

model their time trends through external tools such 
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as richardsonpy (RWTH-EBC, 2017). Specifically, 

that tool provides stochastic occupancy profiles 

based on input parameters such as time step and 

number of occupants. These profiles distinguish be-

tween active and inactive occupancy states. From 

the occupancy models, utilization profiles of appli-

ances and lighting are generated based on time-use 

data, allowing the calculation of electricity demand 

(Richardson et al., 2008) and related internal gains 

(RWTH-EBC, 2022). Meanwhile, (b) daily set-point 

temperatures are associated with each building. Se-

lected temperature profiles for SH and SC are avail-

able in ClustEnergy OpTool database, otherwise 

they can be generated through probabilistic distri-

bution, once main temperature and standard devia-

tion are assigned. Alternatively, the user can set a 

fixed thermostat temperature for the entire simula-

tion period. Finally, a (c) DHW draw profile can be 

considered for each building. For this purpose, wa-

ter tapping profiles are available in the tool data-

base. Otherwise, they can be defined according to 

occupancy and maximum daily water consumption 

(e.g., 200 l/day). During active occupation of the 

building, an amount of water to be consumed is ran-

domly assigned, according to the probabilities de-

termined from the profiles outlined in EN 15316-3-1 

(UNI, 2008). These profiles allow each type of activ-

ity (e.g., handwashing, showering, housekeeping, 

etc.) to be paired with an amount of water based on 

the time required to perform the activity. To gener-

ate (b) daily set-point temperatures and (c) DHW 

draw profiles according to the methodologies de-

scribed, useful modeling scripts are released to-

gether with ClustEnergy OpTool. 

2.6 PV Generation and Price Signal  

Through ClustEnergy Optool, aggregated electrical 

loads can be flexibly managed under the influence 

of (a) solar PV generation and (b) price signal. For 

this purpose, in addition to selecting the DR strat-

egy to be applied (see Section 2.7 below) the user is 

required to set parameters to generate useful pro-

files for demand shifting. To consider solar PV gen-

eration, the user can specify the peak power (kWp) 

of the system for each individual archetype. To size 

the system, the user can decide whether to perform 

a calculation of the minimum required PV power 

under the Italian standard D.Lgs. 199/2021 (DL, 

2021) via the tool. Specifically, the building area is 

multiplied by a K factor (0.05 for new buildings and 

0.025 for existing buildings) to determine the mini-

mum peak power (kWp) of the PV system to be in-

stalled. At this point, a (a) solar PV generation pro-

file is created. Specifically, ClustEnergy OpTool 

simulate the performance of PV generation systems 

by using the Python library pvlib (F. Holmgren et 

al., 2018) for the reference location. Finally, to shift 

the electricity demand in response to a (b) price sig-

nal, it is essential to establish electricity rates. Spe-

cifically, a bi-hourly Time Of Use (TOU) rate is be-

ing considered in ClustEnergy OpTool, which in-

volves defining time intervals and corresponding 

electricity prices (e.g., Eur/kWh) within the param-

eters. 

2.7 Demand Response 

Starting from the electrical demand (Pele,th,BL and 

Pele,tank,BL in Sections 2.3 and 2.4 respectively) of a base-

line (BL) scenario, for each day of simulation, the 

peak time and magnitude of the aggregated electric 

consumption baseloads are identified. At this point, 

the user can estimate the energy demand in presence 

of different DR strategies available in the tool. These 

include peak-shaving, load-shifting based on PV gen-

eration, load-shifting based on price signal and load-

shifting according to a price signal and centralized 

PV generation. In applying these DR strategies with 

the aim of limiting rebound effects, users might 

achieve a maximum peak load threshold through a 

limiting factor (flimit). To unlock energy flexibility, the 

thermostat flexibility is guaranteed. According to the 

objective function and thermal load considered (i.e., 

cooling or heating), during the DR event the set-point 

of indoor air temperature is allowed to increase or de-

crease in a pre-defined dead band. Optimal control is 

proposed to flexible manage the cluster. For this rea-

son, the problem formulation in Section 2.2 is modi-

fied according to the strategy set by the user. The fol-

lowing is a brief description of the strategies available 

in the ClustEnergy Tool along with useful parameters 

for their execution. 

2.7.1 Peak-shaving 
There is a minimization of electricity consumption. 

The LP-based control ensures that the aggregated 
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electrical demand remains below a percentage of re-

duction (fred) during the period defined by the user 

(Ercoli et al., 2023). 

2.7.2 Load-shifting under PV generation 
There is a minimization of grid-based electricity de-

mand (i.e., maximization of individual or collective 

self-consumption). Two DR scenarios can be se-

lected to evaluate a (a) distributed or (b) centralized 

PV generation (Ercoli et al., 2023). With distributed 

PV generation, each family has its own RES-based 

electricity source. However, with centralized PV 

generation, the energy source is shared by the clus-

ter buildings. To apply this scenario, it is mandatory 

to size the PV generation system.  

2.7.3 Load-shifting based on price signal  
The cost in grid-based electricity bills is minimized. 

Consequently, to apply this scenario it is mandatory 

to set the electricity rates (Section 2.5).  

2.7.4 Load-shifting under price signal and 
centralized PV generation 

The cost in grid-based electricity bill is minimized 

by considering the price signal and centralized PV 

production (sharing of the energy resource). Then, 

aggregate loads are constrained as follows: 

 

∀𝑏: 0 ≤ ∑ 𝐶𝑜𝑠𝑡𝑏
𝑁
𝑏 ≤ (𝑃𝑒𝑙𝑒,𝑏 − 𝑢𝑃𝑉,𝑏 ∙ 𝑃𝑔𝑒𝑛,𝑃𝑉) ∙ Cgrid(11)                                                                                              

 

where N is the number of buildings composing the 

cluster and uPV is the utilization factor of centralized 

PV generation. Cgrid is the bi-hourly electricity price 

set by the user (Section 2.5). Finally, centralized 

power demand is constrained to avoid exceeding 

the PV production as follow: 

 

∀𝑏: ∑ 𝑢𝑃𝑉,𝑏 𝑁
𝑏 ≤ 1                                                            (12) 

2.8 Performance Indicators 

Once the necessary input parameters have been de-

fined, simulations can be performed to calculate the 

power curves (i.e., thermal, electrical and PV con-

sumption curves) for baseline and DR scenarios 

(both at the aggregate and individual building 

level). At this point, from the comparison of the re-

sults it is possible to evaluate the reserve of flexibil-

ity offered by the cluster of buildings. Several per-

formance indicators can be evaluated, useful during 

energy resource allocation processes. Based on the 

selected DR strategy, it is possible to evaluate: 

− Thermal and electrical demand for SC or SH, 

and DHW production during BL and all DR 

scenarios. 

− Thermal and electrical power trends during BL 

and DR all scenarios.  

− Collective or distributed PV self-consumption 

(DR scenarios described in Sections 2.7.2 and 

2.7.4). 

− Collective or distributed PV self-sufficiency 

(DR scenarios described in Sections 2.7.2 and 

2.7.4). 

− Distribution of PV electricity among buildings 

in case of shared energy resources (e.g., central-

ized PV generation).  

− Cost of electricity bill (DR scenarios described 

in Sections 2.7.3 and 2.7.4). 

− Indoor air temperature trends during BL sce-

nario and all DR scenarios. 

3. Example Of Application 

To show the functionality of the tool, a simple clus-

ter is evaluated for the scenario of cost reduction in 

grid-based electricity bill by considering the price 

signal and centralized PV production (Section 2.7.4). 

Given that summer is the period with more PV pro-

duction, the case of aggregate electric loads for SC 

is analyzed. In addition, DHW production is consid-

ered. Accordingly, the inputs provided are: 

− Location and simulation period: Turin (45° 04' 

N, 7° 40' E, Italy), 28 of July with a time-step of 

15 mins. 

− Cluster definition: 8 buildings (Table 2). 

− HP for space cooling: sizes chosen from those 

available in the tool (table 4) with a supply tem-

perature of 18 °C. 

− Thermostat set point: random allocation ac-

cording to normal distribution (mean tempera-

ture of 26 °C and standard deviation of 0.15 °C) 

(see Section 2.5). 

− Baseline and DR thermostat tolerances: upper 

tolerance of 0.00 °C and lower tolerance of 1.50 

°C. The same tolerances are considered during 

the application of the DR strategy. 
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− HP water heater for DHW production: consid-

ered with a tank temperature of 60 °C and inlet 

cold-water temperature of 15 °C. Characteris-

tics of a HP water heater in Table 1. 

− Occupancy profiles and related internal gains: 

calculated considering 4 inhabitants per build-

ing (see Section 2.5). 

− Electricity price rates: day-price (from 8 am un-

til 11 pm) of 0 0286 €/   , night-price (from 11 

pm until 8 am) of 0 011 €/    (Enel, 2024). 

− PV system: sized according to the standard con-

sidering 396 W monocrystalline panels (central-

ized system size of 23.76 kW). 

− No limitation of rebound effects (high value of 

flimit). 

Table 2 – Number of archetypes composing the reference cluster 
and related HP characteristics referring to an ambient tempera-
ture of 35 °C and a supply temperature of 18 °C 

SFH 

class year 

Buildings 

number 

HP rated 

capacity (kW) 

HP rated 

COP 

1946–1960 4 14.22 3.43 

1976–1990 2 14.22 3.43 

1991–2005 1 11.50 2.94 

2006–today 1 10.00 2.70 

Table 3 - Aggregated demand for electricity (Pele), the PV collec-
tive self-consumption, PV collective self-sufficiency and the cost 
in electricity bill 

 BL scenario DR scenario 

Electricity demand 170.35 kWh 389.24 kWh 

Collective PV  

self-consumption 

16.86% 64.25% 

Collective PV  

self-sufficiency 

57.28% 95.55% 

Electricity bill 1.89 Eur 0.47 Eur 

 

To reduce the influence of initial conditions on the 

results, the simulation is initialized on the previous 

day (i.e., July 27). Table 3 shows some results among 

those mentioned in Fig. 1 and Section 2.8 (e.g. 

aggregated electricity demand, PV collective self-

consumption, PV collective self-sufficiency and 

aggregated electricity bill). In addition, Fig. 4 shows 

(a) the trends of aggregate electricity during the BL 

and DR scenarios and (b) the allocation of PV 

electricity among cluster buildings during DR 

scenario. To achieve an electricity bill reduction of 

74.99% during the DR scenario, there is an increase 

in collective PV consumption (Table 3), having a 

shift in aggregate loads toward RES production 

hours (Fig. 4a). Fig. 4b illustrates the distribution of 

PV electricity, that is influenced by the construction 

type (Section 2.1) and utilization patterns 

(Section 2.5). 

 

 

Fig. 4 – (a) Aggregate electric power trends for SC and DHW pro-
duction during baseline and DR scenarios and (b) distribution of 
PV electricity among cluster buildings during DR scenario 

4. Conclusion 

As part of the energy transition, flexible manage-

ment of significant amounts of energy may involve 

moving to a building cluster level. However, de-

ploying the flexible resources required for aggre-

gate electrical management can be difficult. There-

fore, this paper introduced ClustEnergy OpTool, an 

open simulation tool designed to evaluate the en-

ergy flexibility provided by a cluster of buildings. 

Based on a previous work, the released version of 

the tool includes a set of features aimed at represent-

ing a wide range of scenarios in which cluster en-

ergy flexibility is unlocked via demand manage-

ment strategies. By defining the parameters of a rep-

resentative cluster (e.g., building archetypes, ther-

mostat settings, thermal emission systems, and 
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DHW production evaluation) for a specific location, 

the user can assess the effects of the selected DR 

strategy (e.g., peak shaving or demand shifting). 

Proposing a control approach based on Linear Pro-

gramming, the tool optimizes the distribution of en-

ergy resources between cluster buildings. In this 

sense, the tool can prove valuable in the decision-

making processes of allocating energy resources 

and evaluating the rebound effects (such as energy 

shift and peak displacement) of DR strategies. Fur-

thermore, the tool estimates photovoltaic self-con-

sumption and reductions on the electricity bill, 

based on the selected DR strategy. Currently, the 

tool offers a wide heterogeneity through its data-

base. However, as a flexible open-access tool, it can 

be modified according to specific needs of the user 

by following the proposed methodology. For more 

information on ClustEnergy OpTool, both tool and 

documentation are released on GitHub (Mugnini 

et al., 2024). 
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