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Abstract: In modern engineering, optimizing energy hub-based mi roﬁ that incorporate
renewable energy resources to meet both electrical and therm.al d rueh(presents a significant
challenge. This study focuses on the stochastic optimization &%,ulti-carrier energy microgrid,
integrating renewable energy sources to enhance effi Q and reduce operational costs. A
o
demand response program is employed to optim@%allocation of costs and improve the load
profiles for both electricity and thermal ene address the uncertainty of renewable resources,
a scenario-based planning approach is inplemented to reduce the impact of variability. The model
schedules energy production anwu ption for a 24-hour period, with objective functions
targeting energy purchase ¢ el costs, profits from energy sales, and greenhouse gas emission
reduction. The propos @odology is tested on a sample microgrid system using Python solvers
for optimization@s , analyzed under various scenarios, show a significant reduction in costs
when co to conventional systems. Specifically, the total cost for meeting electrical and
ther?emands through the traditional electricity and gas network is 279,910 cents, while the
optimized system reduces the cost to 164,682 cents, yielding a savings of approximately 41%.

These findings highlight the effectiveness of the proposed optimization model in reducing both

costs and environmental impact.
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Xens (1) Binary variable for charging of battery b
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I S? short-circuit current (A) of the PV module
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BV output voltage of the PV module (V)
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Npy number of PV modules
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1- Introduction
The rapid modernization of @ries has significantly increased electricity demand, surpassing
the capacities of conventional energy sources such as coal and gas, thereby exerting a detrimental
impact on the en@ nt [1]. To mitigate this issue, there is a notable shift towards RER to fulfill
energy n@@oncurrently, energy hubs have emerged as pivotal infrastructures, integrating
div?ergy carriers to meet varying load requirements [2]. These hubs manage inputs such as
electricity, natural gas, and water, and produce outputs including electrical, thermal, cooling, and
hot water energies. They comprise generation technologies (e.g., wind turbines, solar panels),

energy conversion devices (e.g., boilers, CHP units, heat pumps), and energy storage systems (e.g.,

electrical and thermal storage) [3]. Optimizing the management of an energy hub is challenged by



uncertainties at both input and output levels [4]. These uncertainties encompass fluctuating
electricity prices, unpredictable natural gas supplies, and the variable output of renewable energy
sources [5]. Furthermore, accurately forecasting demands for electrical, thermal, and cooling loads
contributes to the complexity [6]. The interaction between inputs and outputs, such as how energy
hub outputs influence energy prices, further complicates the optimal planning of micré

Recent years have seen a surge in studies investigating these topics, which are ¢ \henswely
reviewed below [8]. In [9], the deregulation of EEGs and the shift to distrib nd generation
introduce operational challenges. Integrating DRPs further comN} multi-area EEG
management. A method is proposed to enhance grid security by I@ging DRPs and mitigating
wind energy fluctuations through coordinated EESSs. | , cost-effective scheduling of
distributed energy resources using advanced optlmozat@i gorithms is a key focus in microgrid
energy management. Load-shifting techni comblned with constraints like PHEV
scheduling and battery life assessment, aim %hance efficiency, though emission reduction is
rarely prioritized. To address thi is introduced to encourage load curtailment during
peak hours, rewarding participants while reducing emissions and generation costs. In [11], the
electrification of transpor n in MGs is highlighted as a key solution to global warming, fossil
fuel depletion, and IQ mand for clean energy. V2G technology enables efficient EV integration
into power gri @ ddress uncertainties in EV charging, renewable generation, load demand,
and marl@ices, the unscented transform is applied. The problem is formulated as a constrained
singwctive optimization, minimizing MG operational costs while ensuring practical
feasibility. In [12], the integration of cogeneration plants and energy conversion facilities
introduces both opportunities and challenges in energy system management. Understanding the

complex interactions in multi-carrier energy systems requires advanced mathematical models.



This study examines a thermal and electrical energy distribution system from a market perspective,
incorporating network losses using a nonlinear optimal AC load distribution model.
In [13], a hybrid optimization framework was developed for multi-energy microgrids, integrating
renewable sources, storage systems, and flexible loads. The study employed a multi-objective
optimization approach to minimize operational costs and maximize renewable utili @A
o
stochastic modeling technique was used to handle uncertainties in energy generati %d demand
fluctuations. A game-theoretic approach for P2P energy trading in smart grﬁby S proposed in
[14], focusing on decentralized energy transactions. The model con &6 user preferences,
dynamic pricing, and grid constraints to optimize energy exchan @ong prosumers. In [15], a
demand response-based scheduling strategy was introdu optimize microgrid operations
while maintaining grid stability. The approach integra ?tl

N

forecasting techniques to shift peak loads ic@y. The study also analyzed the impact of

me pricing mechanisms and load

different demand response programs on reduction and system reliability. A robust
optimization framework for ener age\scheduling in hybrid renewable systems was presented
in [16]. The study accounted f@r uncertainties in wind and solar power generation using a two-
stage stochastic program@ approach. The optimization model balanced energy supply and
demand while mk?mg battery degradation costs. The proposed method demonstrated
improved ena@ia Ility and cost-effectiveness in microgrid operations.

In [17], alV2G optimization strategy was explored to enhance grid stability and energy efficiency.
TheWVformulated a bi-level optimization model, considering EV owners' charging preferences
and grid operator constraints. The method leveraged real-time energy pricing to maximize

economic benefits for both EV owners and the grid. A novel approach to hybrid renewable energy

system optimization was introduced in [18], incorporating wind, solar, and hydrogen storage. The



study applied a metaheuristic optimization algorithm to minimize energy costs while maximizing
system reliability. The proposed method also considered hydrogen production as an auxiliary
energy source to enhance system flexibility. Comparative analysis with conventional optimization
techniques highlighted superior performance in cost savings and energy efficiency. In [19], a
dynamic energy management model for smart grids was proposed, integrating distribut: gy
o

resources and demand-side management strategies. The study used a reinforcemen Mg-based
approach to optimize energy distribution and reduce peak loads. The me(@ ccounted for
uncertainties in load demand and renewable generation, ensuring real-ti aptability. A multi-
objective optimization framework for CHP systems was presmte%[ZO], balancing economic
and environmental considerations. The study employed a Paggt &ased evolutionary algorithm to
optimize energy dispatch and emissions reductione T posed model was tested on various
industrial and residential CHP configurations [@}IBDR model was developed to encourage
load curtailment in microgrids. The study intregticed a market-driven approach where consumers
were rewarded for reducing cons%n ring peak hours. A pricing mechanism was formulated
to balance supply-demand dyhamics while ensuring economic feasibility. The proposed IBDR
strategy demonstrated sigfiifigant cost savings and emission reductions in microgrid operations.

A hierarchical co strategy for DERs in microgrids was proposed in [22], addressing
operational e@c@éy nd stability. The model included primary, secondary, and tertiary control
layers to @age voltage fluctuations and power balance. The study applied a MPC technique to
opti%e’énergy dispatch. In [23], a hybrid artificial intelligence-based forecasting model was
developed for renewable energy prediction in smart grids. The approach combined deep learning

and statistical techniques to enhance forecasting accuracy. The model was tested on real-world

wind and solar energy datasets, demonstrating high precision in energy generation predictions. A



risk-based optimization framework for energy management in islanded microgrids was introduced
in [24]. The study considered uncertainties in renewable generation and load demand, applying a
scenario-based stochastic optimization technique. The proposed method aimed to minimize energy
costs while ensuring reliability under uncertain conditions. In [25], a transactive energy
management system was developed for smart grids, enabling decentralized energy tradi&) g
o

consumers and prosumers. The study introduced a blockchain-based market mechagism,to ensure
secure and transparent transactions. The proposed model optimized ener nges using a
multi-agent reinforcement learning approach. '\(

A novel OPF model incorporating distributed generation and batt r@age was presented in [26].
The study formulated a convex optimization problem t mize total energy costs while
maintaining system reliability. The model accounted %constramts and dynamic energy
pricing. Simulation results demonstrated tha nt@mg storage systems significantly enhanced
grid flexibility and cost-effectiveness. In [2 multi-layer optimization approach for hybrid
energy systems was introduced, int demand response and distributed storage. The model
utilized a combination of he tﬁrithms and MILP to optimize energy dispatch. The study
analyzed multiple case St@s with varying load profiles and energy sources. A comprehensive
study on the impacgectric vehicle charging on grid stability was conducted in [28]. The study
employed a listic modeling technique to assess different EV charging scenarios. The
proposed{strategy incorporated smart charging techniques to reduce grid congestion and peak
demWindings suggested that managed EV integration could significantly enhance grid
stability and efficiency. In [29], an adaptive energy pricing mechanism was introduced for
demand-side management in smart grids. The study proposed a real-time pricing model that

dynamically adjusted rates based on energy availability and consumer demand. The approach



leveraged machine learning techniques to predict demand fluctuations and optimize pricing

strategies. A resilience-based optimization framework for microgrids was developed in [30],

focusing on energy security during extreme events. The model incorporated backup generation,

battery storage, and demand response to enhance system reliability. A robust optimization

technique was applied to handle uncertainty in renewable generation and load demand. % a

o
coordinated control strategy for hybrid AC/DC microgrids was proposed, integr '%enewable
energy and storage systems. The study introduced a decentralized control ardﬁbp re to manage
energy flows between AC and DC subsystems. The method Ieverag'%/ tive droop control
techniques to maintain voltage stability. A market-driven ener fbdnagement framework for
multi-energy systems was presented in [32], considering el Ny, heat, and gas networks. The
study formulated a mixed-integer programming model (ﬁze cross-sector energy exchanges.

The proposed approach aimed to minimize to o@}\al costs while ensuring system reliability.

Findings suggested that coordinated multi-energy’management could significantly enhance system

efficiency and cost-effectiveness. ‘%

Several scientific gaps per ﬁ optimization and management of multi-carrier energy

microgrids, particularlk@ndling uncertainties associated with renewable energy sources,

integrating deman onse programs, and ensuring cost-effective operation:

i) Previous st i@av explored various aspects of energy hub optimization, yet many challenges
remair@esolved. One significant gap lies in the stochastic modeling of multi-carrier energy
SW. While past research has incorporated probabilistic techniques to address uncertainties
in renewable energy generation, demand fluctuations, and market prices, many studies have
relied on simplified models that fail to capture the full complexity of real-world microgrids.

This study advances the field by employing a comprehensive scenario-based approach for

10



uncertainty modeling, thereby improving the robustness and accuracy of energy scheduling
strategies. Another gap concerns the integration of DRPs in energy hub optimization.

i) While existing works have investigated the role of demand-side management in reducing peak
loads and operational costs, they often neglect the intricate interaction between electrical and
thermal loads within an energy hub framework. This paper introduces a co @ed
optimization model that effectively incorporates both electrical and thermal dema response
programs, thereby enhancing system flexibility and cost efficiency. 0

iii) Additionally, previous research has largely focused on sm&& tive optimization
approaches, prioritizing either cost minimization or emis n(rbeductlon However, such
methods often lead to suboptimal trade-offs between e and environmental objectives.
This study addresses this limitation by formulatm @bjectlve optimization problem that

simultaneously minimizes energy purch eI expenses, and greenhouse gas emissions.

By doing so, the proposed model ensures%we balanced and sustainable energy management
strategy.

iv) Moreover, the majority ofexisting works rely on deterministic scheduling techniques, which
are less effective in h@mg the dynamic nature of renewable energy systems. This study
overcomes this coming by implementing a 24-hour ahead scheduling framework that
accounts fc)@ou uncertainties, offering a more adaptive and realistic approach to energy
managﬁn}nt. Lastly, the validation of optimization models is often overlooked in prior studies,
Wny relying solely on theoretical simulations without real-world applicability. This paper
bridges this gap by implementing the proposed model in a Python-based software environment

using advanced solvers.

Here’s a concise summary of the main contributions and novelties of your paper:
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I.  Proposes a comprehensive stochastic optimization framework for an energy hub-based

microgrid integrating renewable energy sources.

ii.  Introduces a scenario-based approach for handling the uncertainty of renewable energy
generation, enhancing the robustness of system planning.

iii.  Implements a demand response strategy to optimize cost allocation and mprovb@ad
profile for both electrical and thermal demands.

iv.  Develops a short-term scheduling model with multiple objective @ s, including
energy purchase costs, fuel costs, revenue from energy sales, and'greefihouse gas emission
reduction. o (b

v.  Utilizes Python solvers for numerical analysis a@ion of the proposed model,

ensuring practical applicability. ° @

O\
2. Problem Modeling %

This section focuses on the math%a'%odeling of the problem based on the set objectives.

2.1. Combined Heat and Po

CHP systems, also know@cogeneration, integrate electricity generation with heat production.
These systems, whi ve been available for several decades, typically use a reciprocating engine
ora combust@@in as the main driver, often fueled by natural gas. The primary advantage of
CHP is its gfficiency. The system produces electricity alongside heat from the main driver,
utili%gxoth outputs effectively. However, any greenhouse gases emitted by the CHP system
must be accounted for, and the microgrid must continually balance demand against costs. This
involves determining the difference between the cost of grid electricity and natural gas at any given

time, a concept also referred to as "spark spread.” Similarly, understanding the trade-off between
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heat output and electricity generation is crucial for deciding when to purchase additional electricity

from the utility and when to sell excess power back to the grid [33]:

RO =n" R () @)
PhCHP (t) — ﬂr(]:HP . PgCHP (t) (2

where, Equation (1) defines the CHP's electrical output power, while Equation 2 @193 its
thermal output power. As depicted in Figure 1, the CHP's feasible operating regi@outlined by

@gal and thermal

a polygon with four key points. Points A and B signify the maxim‘%
axi

e
outputs, respectively, with their connecting segment showing the maximium fuel consumption.

[ J
Conversely, points C and D denote the minimum electricw ermal outputs, with their
connecting segment indicating the minimum fuel consum@( The segments connecting points

A to D and B to C establish the operating rané power production and maximum heat

generation, respectively. Equations (3) a@

electricity [34]: ‘%

perPmin < pCHP (1) < peHPme @ (3)

REHFIN < RO (1) < R 6 4)
Q

o\

@ ;', Place of Figure 1

2.2. BoiIerC)C)

A b?r steam generator, consists of a series of tubes used to transfer heat from the combustion

ways hold for the production of heat and

process to a fluid, ultimately producing hot water or steam. The produced steam or hot water is
then compressed and used for applications such as heating. Equation (5) calculates the FGR rate

[35]:

13



Recycled flue gas 5
Total flue gas

FGR (%) = 100 )

The "input-output method" formula is used to determine the boiler efficiency. The unit for total
flue gas is kg/hr. Boiler efficiency can be calculated using the output energy and the available input

heat with Equation (6), and the thermal power output of the boiler is calculated using EquatiOn7)

[33]: ¢ C)
Q}
ne = 5><100 (6)
E

R () =7, -P>(t) x ()
o
2.3. Solar Panel @Q

[ J
Determining whether renewable energies are feasi@a specific facility depends on factors such
as availability, costs, policies, incentives, arket conditions like electricity pricing, and
regulations. For microgrids, solar en can be a good option as it maximizes consumption.

However, generating 1 mega\%attwr power requires approximately 4-5 hectares of space. For

those with available rooft nd space, the decreasing cost of solar panels makes them an
attractive choice. Th er output of PV systems is inherently uncertain, often modeled using
the Beta distrib . §he mean (u) and standard deviation (&) of solar radiation are used in the

model [3@0

(@+h) v ry, 0<r<ia>0, 320
fy (Y=< T(a)T'(B) (8)

0, otherwise

a=tr ©)

The Beta distribution function is given by:
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p- (1—u)-(%—1] (10)

The electrical energy output of a PV system is calculated using equations (11) to (14), which

depend on ambient temperature and solar radiation [36]:

@
Tcell = Tamb + (Gt ’ oé—Tj . O

VPV :Voc - Kv 'Tceu Q’x (12)
Loy =K, '(Isc + (Toan = Tomo) - Kl) x&(b (13)

Fov =Ny - Loy -V 77 0& (14)

2.4. Wind Turbine o
Wind power can be a promising choice, but large t@}es need to be placed sufficiently away from
existing structures to avoid noise and safety%s that could make grid integration challenging.
Smaller vertical wind turbines ¢ nstalled on rooftops. Consistent good wind conditions are
crucial. Like solar panels, co mthe power grid for selling excess energy is an option. Wind

power uncertainties are re@ented through the Rayleigh distribution, which is derived from the

Weibull distributio e function for the Rayleigh distribution is expressed as follows [37]:

f (V)= @)exp{(%j } (15)

wherzc is the scale parameter equal to %vavg ,and v, is the average wind speed at a specific
T

location. The electrical power output of a wind turbine is calculated by [33]:
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0, o(t) < o™ or w(t) > o™

ou w(t) B a)iwt
PW(t)= I:)Wt' w cut !
 —

o™ <o)< (16)
R, o <o(t) < o™

0

The power generation curve of the wind turbine is illustrated in Figure 2. These regions are as

follows: ) O(b
Area 1: Cut-in Region (a(t) < o™): Qx

o In this range, the wind speed is too low to generate su ig@ rque to start the

o In this region, the turbine begins gener@%wer. The output power increases
[

turbine. Thus, the power output remains zero.

Area 2: Partial Load Region (o™ < ao(t) <®"):

non-linearly with wind speed, ty@following a cubic relationship until the

rated wind speed is reached.
Area 3: Rated Power Region (@, < <)
o The wind turbifg operates at its maximum power output, P;*, as it reaches its rated
wind spee@@wer remains constant in this range.
Area 4: Cut-out o(t) = oM™):
oog(nd speeds exceed the cut-out threshold, the turbine is shut down to prevent

C) mechanical damage, leading to zero power output.

Yy

2.5. Electrical Energy Storage System

Place of Figure 2.
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Having on-site energy storage offers several benefits for a microgrid. Firstly, it enhances grid
reliability by working in tandem with renewable energy sources. Secondly, it maximizes the value
of renewable energy by storing excess energy for use when solar or wind resources are unavailable.
Finally, stored energy can manage peak demand, reducing the reliance on the grid during expensive

energy periods. Energy storage is particularly effective for handling load peaks. The op %of
o

energy storage is described by the following equations: &

A7)

SoC, (t+1) =SoC, (t) + (UC P () _ Puicens (1) j
E, 14y

0< P, (1) < X, (1) P o & (18)
0< Pdisch.b (t) < Xdisch.b (t) ) Pd'i\g:r):.b Q (19)

. [ J
SoCY™ <SoC, (t) <SoC[™ \ (20)
X (1) + Xgigen (1) <1 % (21)
Equation (17) shows the battery charge‘%e. Equations (18) and (19) specify the maximum charge

and discharge rates. Equatio: (ane the maximum and minimum storage limits. Equation

(21) prevents simultaneou& g and discharging of the storage system.

XV
2.6. Objective F@Q

The prop&@stem is framed as a bi-objective optimization challenge. The primary goal is to
red? total operational expenses of the energy system, as detailed in Equation (22). This
objective encompasses costs related to electricity, natural gas, the operation of energy storage
systems, and demand response programs for both electrical and thermal energy. The secondary
goal, outlined in Equation (23), focuses on minimizing greenhouse gas emissions produced by the

energy hub and associated networks. This emissions function has two key components: the first
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component deals with greenhouse gases emitted from the operation of equipment within the energy
hub, such as CHP units and boilers. The second component addresses emissions associated with
energy production and transmission across the networks that supply the energy hub:

2 | AR+ /19 (t) Pg )+ ﬂeST (t) ( Pib (1) + Poisen (t)) +
- ; Z ﬂ’c?R (t) ( I‘inc,cr (t) + Rcr (t) ' Dcr (t))

crefe,h} PY O
. »
Z, = §[7CHP PgCHP )+, PgB () +7,P, )+ 7P, (t)] (bo (23)

Zl

The objective function is solved using the weighted sum method, %&wl and w, are the

coefficients for the objective functions, both assigned a valﬁ& 5. This implies that both
objectives are considered to have equal importance. The r@‘sﬁip between these coefficients is

given by the following equation: @

Min OF =w,Z, +W,Z, c‘ O (24)

W, +wW, =1 “!‘ (25)
2.7. Electrical Power Balancb

Maintaining equilibriuNg, n energy system requires that production and consumption are always
matched. The c@ s for balancing electricity, gas, and heat are detailed in Equations (26)

through (28)Nla/these constraints, incoming power is denoted by a positive sign, while outgoing

powBris,indicated with a negative sign:

Dizﬂ P, () +7° (R, () + Psy (1)) + P (1) £ SoC, (1) (26)
P, (t) = PP (t) + P2 (1) @7)
D,(t) = B’ () + PR (1) (28)
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2.8. Power Constraint Relations

Equation (29) represents the constraint on the electrical energy purchased from the power grid.

Equation (30) represents the constraint on the gas purchased from the gas network. Equations (31)

and (32) detail the constraints on the gas fuel input for the CHP and boiler. Finally, Equati @3)
o

and (34) illustrate the constraints on the power generated by WT and Photovolta@zystems:

P <P (t) <P™ ’g(b‘ (29)
P < P (t) < P x (30)
0< P (t) < P &\(b‘ (31)

0< P/ (t) < P/

@Q (32)
0<PR,(t) <P %O\ (33)

0< P, (t) < Pr™ (34)

2.9. Demand Response 6

DRPs are employed to&c@e lower operational costs by shifting demand from peak periods to
off-peak periods. '.@. are schemes designed to encourage consumers to alter their energy
consumptio@@m based on energy prices throughout the day, thereby reducing their overall
ene ugccording to Equation (35), the difference in demand before and after the demand
resphhould be equal to the sum of the reduced and increased demand. Additionally, as per
Equation (36), the load participation factor should not exceed a certain limit. Moreover, Equation
(37) stipulates that the total increase and decrease in demand over the entire operational period

must be balanced [38]:
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D(t) - Load(t) = DR(t)- D(t) ~ L. (t (35)

DR(t) < DR™(t) (36)
2. L (1) = > DR(1)- D(t) (37)
t t
: OZ
2.10. Scenario Generation and Reduction Method x

To manage the uncertainty of variables like PV and WT in stochastic planni?@s, scenario
generation is a common approach. For this study, 1000 scenarios &%ated using Python,
assuming a normal distribution for PV and WT. Next, a scengrio@ction technique based on
probability distance is utilized. This method calculates the tmﬁance between each scenario
and all others, selecting the scenario with the small.est @ e as a reference. Scenarios within a
specified radius are then discarded, leaving the fi@&‘[ representative scenarios. This procedure

is visually summarized in Figure 3.

@ 3ace of Figure 3.

Uncertainty in the out and WT power is modeled by Equations (38) and (39), where PP{,,t
and Py, repre@t predicted output of PV and WT, respectively, with their associated
uncertain@ AR, . and AR, denote the errors associated with these predictions. N, and N,
are gﬂyme interval and scenario quantities selected for modeling the uncertainty [39]:

Pyie =P tAPy o 5 t=1..,N;; s=1...,N, (38)

P

WT,t,s

=Py + APy 3 t=L.. N5 s=1..,N, (39)
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2.11. Solution Flowchart

As shown in Figure 4, the process begins with the input data, which includes PV, WT, electrical
and thermal demand, electricity and natural gas prices, and parameters related to the hub-based
microgrid. To address the uncertainty in PV and WT, 1000 scenarios are generated using Python,
assuming a normal distribution. Next, the probability distance method is used to r e
scenarios to the 5 most likely ones. The optimization problem has two objectiv. N’mimizing

operational costs and reducing greenhouse gas emissions, labeled as Z, and ectively. The

objective function is solved using the weighted sum method, with w, a&ing the coefficients

for these objectives. The system is implemented non- Imearly@hon and optimized using

solvers. Q
3. Simulation Results i’/‘

This study considers a microgrid sy ‘%at includes solar panels, a wind turbine, a CHP unit, a
boiler, and an electrical ene@orage system. The microgrid is connected to the power grid,
purchasing and occa5|ona Ing electrical energy. In other words, the microgrid interacts with
the power grid. It i o connected to the gas network, from which it only purchases gas. The
system is v@& ted non-linearly in Python and optimized using its solvers. All system
paramete@e based on references [40, 41].

Figl%%hows the electrical demand in purple and the thermal demand in blue over a 24-hour
period. The electrical demand peaks at 1350 kW during hours 13 to 21. Meanwhile, the thermal

demand reaches its peak of 700 kW from hour 22 to 8 AM. During the middle of the day, thermal

demand decreases but then shows an upward trend in the evening, returning to peak levels.
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Place of Figure 5.

Figure 6 illustrates the price variations of electricity and heat over a 24-hour period. The price of
electricity is represented in dark blue, while the price of heat is shown in yellow. As observed,
energy prices fluctuate throughout the day, with a noticeable increase during peak demand(rbrs.

o
Specifically, from hours 13 to 21, the total energy price reaches its highest levels, dr& y both

electricity and heat price surges. (b"

q;\,
Place of Figure 6. \J\
LAY

Figure 7 illustrates the gas procurement pattern o@stem over a 24-hour period. Natural gas
is measured in BTU, with one BTU equiva 3 x 107° kW. The system exhibits its lowest
gas purchase rate of 700 kW/h durmg%early morning hours, from midnight to 7 AM, when
demand is relatively low. In contr eaK purchases, reaching 1680 kW/h, occur at hours 8 and
21, aligning with periods of ased energy demand. These fluctuations reflect the system’s

adaptive response to v oad conditions throughout the day.

‘ ) Place of Figure 7.

FiguES shows the input power of the CHP and Boiler from gas fuel, with the CHP power depicted
in red and the Boiler power in blue, both expressed in kilowatts per hour. The boiler plays a key
role in meeting thermal demand, thus producing its maximum power during hours when thermal

demand peaks. The CHP operates between hours 8 and 21 to generate electricity when the cost of
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electrical energy is high and the system requires cheaper electricity. Additionally, when thermal

demand is low, the CHP can meet the entire thermal load, allowing the boiler to be out of operation.

In this system, the CHP has an electrical efficiency of 0.4 and a thermal efficiency of 0.45, while

the boiler has a thermal efficiency of 0.85. For example, at hour 13, the CHP provides 384 kW/h

of electrical power and 432 kW/h of thermal power, which meets the thermal demand @@in
o

Figure 5. Additionally, the boiler provides 595 kW/h of thermal power at hour 7&

O
Place of Figure 8. x&
‘A
For solar and wind energy, 1000 scenarios were generated us \e scenario generation method,
which were then reduced to 5 more probable scenerio@ 9 shows the power output of the
solar panels, and Figure 10 shows the power outp@M wind turbine. Given that solar radiation

reaches its maximum around noon, the P m is capable of producing 800-1000 kW/h of

electrical energy. Similarly, during ho 3 to 3, when wind speeds increase, the WT system can

produce 900-1000 kW/h of eIEctMergy.

X
C)@Q Place of Figure 10,
O

Figu% 1! shows the electrical energy stored in the EESS. As illustrated, the stored energy in the

Place of Figure 9.

EESS is used to meet electrical demand during hours 5-6 and 16-22, when the production of PV
and WT is reduced as shown in Figures 9 and 10. On the other hand, EESS is used to take

advantage of lower energy prices in the energy system. As depicted in Figure 12, EESS is charged
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during hours 22-23 and 6-7, when the price of electricity is lower, and discharged during hours 4-

5, 15-17, and 19-20 to help meet demand with the goal of maximizing revenue and system profit.

Place of Figure 11.

Place of Figure 12. 0&

Figures 13 and 14 show the electrical and thermal demand after implem nt'% RP. Electrical
demand peaks between hours 12 and 16, while thermal demand peaks&urs 8 and 21. Figures
15 and 16 display the transferred electrical and thermal Ioati&‘ime application of DRP. As
observed, implementing DRP shifts loads from hours with@energy prices to hours with lower

energy prices or higher shares of renewable energy..

PSace T;igure 13.
E @ Place of Figure 14.

:Q Place of Figure 15.
‘ ) Place of Figure 16.

Yy

Figure 17 shows the electrical power sold by the microgrid to the power grid in blue and the
electrical power purchased by the microgrid from the power grid in red, expressed by hour. As
illustrated, renewable resources reach their peak electrical power production between hours 8 and
14, during which the microgrid sells electricity to the power grid, peaking at 998.74 kW/h at hour
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8. During hours 16 to 22, when electricity consumption peaks, the microgrid supplements its own
resources with electricity from the power grid. Additionally, between hours 3 and 6, when the price

of electricity is relatively low (as shown in Figure 5), the microgrid purchases up to 398.5 kW/h

Y
Place of Figure 17.

Based on the obtained results, Table 1 shows that the total operatio%&t ;or electrical and
ents.

of electricity from the power grid.

3-1- Numerical Analysis

thermal energy using the optimized multi-carrier system is 1§4,6@b§ If the electrical and

thermal demand were met solely through the power and gas g@e total cost would be 279,910

cents. This represents approximately a 41% saving %onally, the amount of pollution
[ J

produced by the optimized system is 18,124.4 kil@&

s‘lace of Table 1.

According to Figure 16, dur@ours 8 to 12, when electrical demand is low, and as shown in
Figure 8, PV systems eir maximum production capacity due to peak solar radiation. Table
2 indicates that d ese hours, the total power produced by renewable sources not only meets
the electrica@e)nand but also maximizes the sale of electricity to the grid, generating revenue.
Co ug, the microgrid can operate as 100% renewable during certain hours of the day,
Iea;gz both energy savings and revenue generation, while also contributing to environmental

protection by reducing greenhouse gas emissions.

Place of Table 2.
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3-2- Sensitivity Analysis

Table 3 shows the impact of varying the objective function coefficients on the operational cost and

greenhouse gas emissions. As the coefficient of the first objective function increases, the

coefficient of the second objective function decreases, since their sum always e @e.
o

Furthermore, increasing the coefficient of any objective function signifies a hig Nportance

placed on that objective in the optimization process. Thus, the operational {C nd emissions

exhibit an inverse relationship with their respective coefficients. '\(

Place of Table 3. o (b

Table 4 shows the effect of varying the load of different reé@m greenhouse gas emissions.
b

The table separately examines the impact of reducing tr@a y 30% to 10% for CHP, the boiler,
the electricity grid, and the gas network, whil ke@g ther resources constant. As indicated, the

gas network results in the highest emission ereas the electricity grid results in the lowest

emissions. 4%
@ Place of Table 4.
4- Conclusion @6

This study presents rehensive approach to optimizing a hub-based microgrid system that
integrates renew@ rgy resources, such as solar and wind, with traditional energy sources like
CHP uni@ boilers. By incorporating a DRP and addressing the uncertainty inherent in
ren energy production through a scenario generation and reduction method, the proposed
model effectively balances both electrical and thermal demands. The bi-objective optimization
framework, focusing on operational cost minimization and greenhouse gas emissions reduction,
demonstrates significant benefits in terms of economic feasibility and environmental impact. The

results indicate a 41% cost reduction when compared to a conventional energy supply from the
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grid, highlighting the potential for cost-efficient energy management. Furthermore, the system’s
ability to operate solely on renewable energy during specific hours of the day, coupled with the
optimization of electricity sales to the grid, demonstrates its capability to generate revenue while
contributing to environmental sustainability. The sensitivity analysis confirms the robustness of
the model, showing how varying the importance of each objective function can lead t @ﬁal
o
trade-offs between cost reduction and emission minimization. The proposed migroggid system
provides a solid foundation for future research, with opportunities to incorpoébb%rogen-based
technologies and electric vehicles into the system’s framework. Th% itions could further
enhance the system’s performance and sustainability, paving the v@or more resilient and eco-
friendly energy management solutions in the future. Q\J
o
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Figure 15. Transferred Electrical Load After DRP
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Table 1. Objective Function Results with DRP

W, | W, Operation Cost (Cents) | Emission (kg)
05|05 164,682.29 18,124.42

>

o
Table 2. Comparison of Demand, Production by RER, and Electricity Sales

Hour(h) | 8 | 9 10 ] 11 ] 12 Q
Demand (kW) | 480 | 800 | 800 | 900 | 900 (b
PV (kW) 509 | 613 | 720 | 908 | 829 ,&
WT (KW) 393 | 320 | 321 | 322 | 619 x
E-Sold (kW) | 422 | 133 | 401 | 330 | 548

O

Table 3. Sensitivity Analysis of Objective Func@'efficients

Case | W, | W, | Operation Co.st ((ptsp Emission (kg)

1 09|01 112,809,87 23,374.19
2 |108]02 125,277.6 22,561.74
3 [07]03 &&3 20,749.30
4 | 06|04 ,214.06 19,936.86
5 |05]05] 164/682.29 18,124.42
6 10406\ 176,462.49 16,571.92
7 103]0. 181,150.51 16,552.74
8 | 0.271N0.8 ¢ 187,905.29 16,480.07
9

2.1 | O 221,513.29 15,260.10

TK pact of Load Reduction on Greenhouse Gas Emissions

Source Load Change | Emission (kg)
-10% 17,649.22
@ CHP -20% 17,174.02

‘ ) -30% 16,698.82
‘: ) -10% 17,911.42

Boiler -20% 17,698.42
-30% 17,485.42

-10% 18,032.48

Electrical Grid -20% 17,940.53
-30% 17,848.59

-10% 17,092.12

Gas Grid -20% 16,059.82
-30% 15,027.52
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