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The prominent role of natural gas networks in mitigating the intermittency of renewable
energy resources has highlighted the importance of integrated operation between
electricity and gas grids. Additionally, energy storage systems, such as batteries and
hydrogen, play a crucial role in power balancing and energy management. Previous
research on the synergy between electricity and natural gas systems has primarily focused
on the operational constraints of each grid. Only a few studies have explored market-
driven models, such as peer-to-peer (P2P) energy trading, for the integrated operation of
these networks. Furthermore, the limited studies that have implemented the peer-to-peer
(P2P) market model for the integrated operation of power and natural gas grids have been
conducted in two distinct phases: scheduling and trading. This paper introduces a
stochastic P2P market-based optimization model for the coupled operation of natural gas
and electricity grids, considering smart grid technologies such as power-to-gas (P2G)
storage, batteries, and demand response (DR). Also, the presented framework
incorporates alternating current (AC) power flow, natural gas steady-state model, and the
power grid usage fee through the electrical distance model. The simulation results
indicate that the proposed method significantly decreases total operating costs, reduces
power losses, improves network component synergy, and enhances the performance of
both networks.

Indices gfit Feed — in tariff price ($/kWh)
ij Index of network’s node g8as Natural gas tariff ($/kWh)
s Index of scenarios pdem Power demand (MW.)
n Index of reduced scenarios #lexMAX Max demand flexibility (%)
t Index of time (hour) $exMIN Min demand flexibility (%)
Nig Nanogrid node Ndec The efficiency of battery discharging (%)
Ng, Gas turbine node Nen The efficiency of battery charging (%)
N, Power grid node SOC(0) Initial SOC level of battery (MWh)
Ng Natural gas node socmin Min SOC level
Np2g P2G node SOleaX Max SOC level
Ngc Gas compressor node PR.Min Gas pressure minimum level (psi)
Constants PR.max Gas pressure maximum level (psi)
grit Electricity price ($/kWh) G The real part of the admittance matrix
geur Power shedding penalty ($/kWh) . B The imaginary part of the admittance matrix
cpre The conversion coefficient of P2Gs (MW/kg) peridramp Tie line power ramp rate (MW/h)
Enitp2g Initial stored hydrogen in the container (kg) D Diameter of the pipeline _(m)_ X
Uf;’%g The P2G charging efficiency S The cross — section area of the pipeline (m*#)
nash The P2G discharging efficiency
pMinMaxgt Min and Max constraint of gas turbine (MW.)
pstramp Ramp rate limit of gas turbines (MW /h) pdchm Discharging power inside a Nanogrid (MW)
ymin Lower bound of node voltage (kV) socbatt Battery SOC level
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ymax Upper bound of node voltage (kV)
Ah Height disparity between nodes (m)
dl.,j The sum of the electrical distances
Z; Thevenin impedance distance
ugj-s Distance unit fee( $/per_distance_unit )
a,b,c constants of the gas turbine’s heat rate funct
A Friction coefficient of the Darcy factor
Z The factor of gas compressibility
R Constant of natural gas (J/(kg K))
L Gas pipeline length (m)
Temp Gas flow average temperature (K)
Beomp Coefficient of gas compressor
Neomp Efficiency of gas compressor

G comp,max

Maximum permissible gas flow through the
compressor (m?)

pcompmax Maximum allowable gas compressor power

demand (MW)
Abbreviation

pP2p Peer to peer

DERs Distributed energy resources
DR Demand response

CDA Continuous double auction

DSO Distribution system opera

MINLP Mixed integer none leaner programming

FIT Feed — in tariff rate

ESS Energy storage system

TID Thevenin impedance distance

Decision Variables

qdehn Discharging ESS reactive power to grid
(MVAr)
QPemN Reactive power supplied by the power grid
(MVAr)
pPemNG Active power supplied by the power grid
M
peur Curtailed pzxv)er (MW)
qPemDR. Reactive power demand after
scheduling (MVAr)
Gerid Injected natural gas (m?)
pGenst Gas turbine active power output (MW)
pbem.DR. The power demand of Nanogrid (MW)
peh ESS’s charging power (MW)
pTotdch Total discharging power (MW)

g8t Gas turbine’s natural gas burn rate (m?)
qGenet Gas turbine’reactive power output (MVAr)
Gline Natural gas flow rate (m?)
Pprerid Node gas pressure (psi)
e Node voltage's real component
f Node voltage's imaginary component
qPemMG. Total injected reactive power (MVAr)
gerid apparent power (MVA)
pp2g.Dch The P2G discharged power (MW)
pp2gch The P2G charged power (MW)
Etotp2g the total hydrogen in the container (kg)
gdchp2g The discharged hydrogen (kg)
Echp2g The charged hydrogen (kg)
pDemN Nanogrid demand supplied by the power grid (MW
pNGGT Nanogrids traded energy with gas turbines (MWh)
pNGP2G Nanogrids traded energy with P2Gs (MWh)

pP2GN P2G energy purchased from the power grid (MWh

pP2GGT P2G energy purchased from the gas turbine (MWh
pFP2GNG P2G energy sold to the Nanogrids (MWh)
pNP26 P2G energy sold to the power grid (MWh)
paTP2G Gas turbine energy sold to the P2G (MWh)
pGTNG Gas turbine energy sold to the Nanogrid (MWh)
sP2p Final P2P Price ($/MW)
pGenN Gas turbine generated power to the grid (MW)
PP Gas compressor power demand (MW)
G Compressor gas flow rate m?
DV Binary decision variable
Gerid Injected natural gas into the gas grid's nodes (m?)
Prift Outlet pressure of gas compressor (psi)
prj? Inlet pressure of gas compressor (psi)
qf’tzg'd”‘ The P2G discharged reactive power (MVAr)
qf’fg'”h The P2G charging reactive power (MVAr)
aie” Gas compressor reactive demand (MVAr)
@%is network charge $/per distance unit
qer curtailed reactive power (MVAr)
Y traded energy ($/kWh)

. Introduction

In traditional power systems, electricity flows in a single
direction. In such systems, large, centralized power plants
generate electricity, and the generated power is transmitted
through the grid to consumers [1]. However, due to increasing
electricity demand, environmental concerns, and declining
fossil fuel reserves, policymakers are advocating a shift from
centralized to distributed power systems [2-5] .Recent studies
suggest integrating Distributed Energy Resources (DERS) can
result in cleaner and more reliable energy systems with
substantial environmental benefits [6-8]. Nonetheless, the

increasing integration of DERs at the consumer premises
transforms power system control, presenting new operational
challenges [9, 10].

A microgrid (MG) is a part of the power distribution grid
that can be controlled and coordinated, either connected to the
main grid or islanded operation [11, 12]. MGs can lower
transmission line losses and enhance power quality [13]. They
utilize various DERs such as solar panels, wind turbines,
micro-hydro systems, and gas turbines as power sources,
thereby addressing energy shortages and enhancing grid
efficiency [14-18]. The advancement of DER technologies has
emphasized energy management within MGs. To mitigate



power fluctuations from renewable DERs, gas turbines with
flexible features are increasingly deployed on the demand side
to smooth out renewables' intermittent nature. Employing gas
turbines to address balancing issues highlights the significance
of integrating the operation of electricity and natural gas
systems [19].

Local energy trading through the Peer-to-peer (P2P) market
is an innovative technology that enables customers to purchase
and sell electricity within a local energy market. This P2P
market framework provides significant flexibility, enhanced
control over energy usage, and lower customer bills. It also
allows for more efficient utilization of DERs [20, 21]. The
emergence of the energy-sharing market is supported by
advancements in information and communication technologies,
alongside the deregulation of power distribution grids, which
together facilitate P2P energy trading among local energy
resources. Research in this area spans multiple domains,
including communication infrastructure, market design,
policy-making, social science, and trading platforms [22].

The advent of Power-to-Gas (P2G) technology heralds a
transformative approach to energy conversion and storage,
offering a promising avenue for mitigating renewable energy
intermittency and decarbonizing the energy sector. P2G entails
the conversion of surplus-generated electricity into hydrogen
gaseous fuels through electrolysis and subsequent chemical
processes [23]. This innovative technology holds immense
potential in addressing the challenges posed by the variable
nature of renewable energy sources or market price volatility
by storing excess energy in the form of easily transportable and
storable gases [23]. Moreover, P2G systems offer versatility
by integrating renewable energy into existing gas
infrastructure, facilitating its utilization across various sectors,
including transportation, industry, and heating.

Battery storage systems represent a pivotal advancement in
energy storage, offering scalable and flexible solutions to
intermittency and grid stability associated with renewable
energy integration [24]. Battery systems utilize
electrochemical processes to store surplus electricity, thereby
enabling its utilization during periods of high demand or when
renewable generation is insufficient [25]. Battery storage
enhances grid reliability and resilience while optimizing
renewable energy utilization by mitigating curtailment and
enabling smoother integration into existing grids [25].
Furthermore, advancements in battery technology, coupled
with declining costs, have rendered battery storage an
economically viable option for both grid-scale and distributed
applications, thereby catalyzing its widespread adoption and
deployment [26]. Demand response (DR) mechanisms
represent a critical component of modern energy management
strategies, offering a means to balance supply and demand in
real-time by adjusting electricity consumption patterns in
response to grid conditions or price signals. DR initiatives
empower consumers to actively participate in grid operations
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by voluntarily reducing or shifting their electricity usage
during peak periods or in response to fluctuating energy prices
[27].

Gas-fired generators, renowned for their flexibility, are
considered valuable resources for integrating renewable-based
distributed energy resources (DERs) into the power grid,
thereby linking the power and natural gas systems. This
interdependence highlights the importance of coordinating
natural gas and electricity networks. Meanwhile, P2P energy
market technology is an emerging solution that enables local
energy trading among customers, aiding the integration of
diverse DERs into the power system. By employing the P2P
energy trading model to coupled natural gas and electricity
systems, substantial benefits can be realized for all market
participants. Many researchers have considered the integrated
operation of electricity and natural gas grids.

Wang et al. [28] present a P2P energy trading market
designed explicitly for the microgrids (MGs) community,
taking into account the operating costs of the power grid during
the market-clearing process. Zhang et al. [1] proposed bi-level
multi-energy trading (hydrogen and electricity) in the
integrated energy systems considering day ahead and real-time
balancing markets. It did not consider the electricity and
natural gas grid constraints, renewable energy resources, P2Gs,
and load flexibility. Crespo-Vazquez et al. [29] offer a
framework for P2P energy trading that maintains user
preferences and encompasses both day-ahead and intraday
markets. They introduce a two-stage stochastic programming
model for managing the day-ahead market: in the first stage,
users decide the amount of energy they are willing to trade in
real-time, and in the second stage, battery operations (charging
and discharging) are determined. Authors of [30] proposed the
integrated operation of natural gas and electricity grids,
facilitating synergy between gas turbines, electricity
consumers, and P2Gs. It did not consider both grid constraints.
Optimal pricing and market equilibrium are addressed by [31]
to create a P2P trading strategy between community MGs and
the energy balance service provider. The presented case
studies show significant economic benefits for the service
provider. Reference [32] developed a novel transactive energy
management system framework that integrates P2P and peer-
to-grid energy trading through efficient and fair energy pricing
strategies. The authors tried to create a peer-to-grid market
instead of the FIT rate to facilitate energy trading between
prosumers and the power grid. This paper focuses on the
energy markets and does not consider the operation of natural
gas and electricity networks.

Authors of [33] employed the multi-objective game-
theoretic optimization method to facilitate P2P energy trading
and applied the Nash equilibrium game to determine the
optimal number of participants and payoffs for P2P and peer-
to-grid energy trading. Rowe et al. [34] proposed bi-level
optimization for an electrical-heat-hydrogen-gas multi-energy
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storage system. In the upper level, an MILP was implemented
to reduce investment and operation costs. Additionally, the
model incorporates grid support criteria at the lower level to
reduce network losses. The reviewed paper did not consider
batteries, DR, and the gas compressor's role in the integrated
energy systems model. The study in [35] introduced a P2P
energy trading model that employs neural networks to lower
operational costs and implement peak shaving. Despite its
notable contributions, the approach lacks integration of trading
mechanisms and power network models within the proposed
P2P market framework.

Authors in [36] proposed a decomposed P2P energy trading
method considering the effect of transacted energy on the
power network stability and minimized information exchange
between agents and between agents and the grid operator. This
paper focused on developing a decentralized framework for
P2P energy trading. It did not consider the integrated operation
of gas and power networks, ESSs, DR, and P2G.

The authors of [37] explored prosumers' social cooperation
through a coalition formation game for the P2P energy market.
Reference [38] addressed integrating electricity and natural
gas markets by using gas turbines and P2G systems as
connecting points between the gas and power grids and
examined various clearing strategies to maximize customer
profits. Niu et al. [39] proposed a P2P energy trading model in
which electricity consumers traded with the electricity
producer (transmission system operator) and the natural gas
wholesale market (gas supplier). This paper focuses on
designing a novel P2P market that allows consumers to trade
gas directly from different natural gas suppliers. It did not
consider P2G, DR, and the effect of energy transactions on
both grids' performance.

Authors of [40] developed an integrated market for power
and heat energies, considering electric heating appliances as
energy coupling points. This study examined the clearing
prices in various energy markets and evaluated how energy
consumption patterns influence market competition by
employing the AC power flow method.

Reference [41] proposed a method for coupling heating,
power, and natural gas energies via a P2P market. However,
this paper did not assess the effectiveness of the proposed
framework on the functionality of the natural gas and
electricity grids. Researchers in [42] designed a P2P energy
trading mechanism for prosumers using a coalition graph game,
enabling them to form coalitions and determine the quantity
and price of traded energy. In this study, the Myerson value
rule is used to fairly distribute the total payoff of the P2P
scheme among customers. Numerical analysis shows
prosumers can benefit from the P2P scheme while adhering to
local voltage constraints. Lu et al. [43] present a framework
where the power generated by producers is first transmitted to
the distribution network, and then purchasers receive the same
amount of power minus the distribution network's power

losses. Reference [44] proposed a P2P market for sharing a DR
between customers. In the first stage, the entity named IEO
centrally runs an optimization problem to determine the
customer energy schedule for the day ahead market. Due to
customers' arbitrary behaviors or renewable power
fluctuations, a decentralized P2P market was performed in the
second stage to exchange the DR between customers. Also, the
reviewed paper did not consider the effect of DR sharing on
the performance of the gas and power systems.

Basnet and Zhong [45] suggest a one-hour ahead market
where a market operator clears the energy equilibrium price
and schedules DERs. In this setup, the transmission network
acts as a generator when supplying energy to a community and
as a consumer when the community sells its surplus energy.
Wang et al. [46] developed a game-theory-based P2P market
that allows customers to trade both heat and electricity,
considering cooperative behavior among trading agents. This
market design explores the synergistic utility of multi-energy
trading within an integrated energy system. Zhou et al. [47]
propose a two-level congestion management model to meet
security constraints. Although their framework provides
financial benefits to end customers through participation in the
local flexibility market, it does not establish a new framework
for this market. Reference [48] integrates various types of
energy systems using a two-phase mixed integer linear
programming algorithm and hybrid power flow calculation to
determine market clearing prices for power, natural gas, and
heat energies. Wang et al. [49] propose an innovative risk-
averse market-clearing method for integrated power, district
heating, and natural gas systems, employing a stochastic
framework to mitigate financial risks associated with the
intermittency of wind power generation. They use a locational
marginal price model to incentivize market participants. Hutty
et al. [50] proposed a P2P energy trading framework based on
the continuous double auction (CDA) method to trade
electricity and heat. This paper considered a CDA-based P2P
market to create a local energy market that enabled customers
to exchange electricity and heat energies. It did not consider
the gas and power networks, DR, and uncertainties.

Zhang et al. [51] proposed a P2P energy trading market for
commercial buildings, focusing on multi-energy coupling to
enhance energy efficiency and reduce operating costs.
However, this study does not address grid constraints and
energy transaction fees. Chen et al. [52] introduced a two-
level bidding strategy to optimize energy trading within
household neighborhoods, taking into account energy storage
systems (ESS) and photovoltaic generation. Despite its novel
approach, this paper does not consider the impact of energy
trading on power grid performance. Jiang et al. [53] proposed
a two-stage optimization framework to maximize customer
benefits in P2P energy trading. The first stage determines the
amount of energy bought or sold in the market. The second
stage organizes the market and facilitates energy trading



among customers. However, the paper has some limitations:
the two separate stages are not optimal, and the framework's
impact on the performance of both networks is not considered.

As shown in Table 1, While we have reviewed many
existing works, most reviewed papers conducted in the P2P
energy trading frameworks do not consider the coupled
operation of electricity and natural gas systems via the P2P
energy trading market. Additionally, the few papers that have
considered the P2P market framework for the integrated
operation of natural gas and electricity networks have explored
various methods for designing a decentralized energy trading
framework. On the other hand, methods like P2P energy
trading are tools that incentivize customers to generate and
consume power locally, considering both grids' and customers'
benefits. Hence, considering the effects of energy transactions
on the performance of gas and power distribution grids is
crucial.

Integrating the detailed AC power flow method and natural
gas model to evaluate the effect of the P2P energy transaction
on the performance of both grids is a vital research aspect not
considered in the previous papers. Also, proposing the P2P
framework in which the customers' energy schedules are
determined based on the market price rather than the power
utility price is another research gap that needs to be addressed.
Also, considering different energy storage systems such as
P2Gs and batteries and using their potential advantages in the
P2P market is another research gap. Reference [54] proposed
the model and framework for the P2P market based on the
CDA method, which was performed in two separate stages.
Also, the authors of [4] borrowed the P2P energy market model
from the reference [54] and proposed a two-stage framework
to integrate the operation of gas and electricity grids through
the P2P market framework, considering both network models
and constraints. Employing a two-stage framework for P2P
energy trading is not optimal, but it is applicable [54]. There
are two reasons why this strategy is not optimal for all market
players. First, a subscriber's payment cost is determined by the
prices specified in the P2P energy trading agreements, not by
the electricity prices offered by the power utility used in the
objective function. Additionally, the customers choose the
amount of electricity to sell or purchase and the bid or ask price
in two separate stages instead of jointly at one step [54].
Therefore, a P2P energy trading scheme needs to be developed
to schedule DERs based on the P2P market clearing price and
consider the effect of each energy transaction on the
performance of both grids.

Incentivized by the research gap in the literature, in the first
step, we developed a novel joint P2P optimization mechanism
for the integrated operation of electricity and natural gas
systems considering the AC power flow framework and
natural gas steady-state model. The word “joint” implies that
the customers' energy is scheduled by the objective function
based on the P2P market price. Also, employing both network
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models ( the AC power flow and natural gas steady-state
model) enables the network operators to precisely track the
energy transaction's effect on the electricity (the voltage
profile) and natural gas (node gas pressure) grids. To consider
the power grid fee during energy trading and reduce the
electricity network losses, we borrowed the Thevenin
impedance distance (TID) model from previous literature and
engaged it with the optimization problem. Using the TID
model enables the network operator to consider the effect of
line losses on each energy peer. To harness the different energy
storage flexibility through the P2P local energy market, we
consider the P2G units and battery storage in the proposed
model.
TABLE1 OVERVIEW OF THE LITERATURE

REVIEW
> )
Y < 5 .0 zZ T
® 85§ 2iz & 7 5
@3
[50] 2024 x v v x x x v
[47] 202 x v x v ox v x
[55] 2021 x v x x x x x
1] 2024 v v x vV x X x
[56] 2024 x v v x  x x x
[1] 2024 x v ox  x  x x x
[57] 2020 x x ¥ v o x v x
[22] 2022 x v ox x x x x
[58] 202 x v ox x x x x
[59] 202 x v x v x v x
[60] 202 x v x v ox v x
[61] 2022 x v ox x x x x
[62] 2020 x v ¥ x v x x
[53] 2022 x v ox x x  x x
[51] 202 x v v x x x x
[22] 2023 x v x  x  x x x
[4] 2023 v v v v x x x
This paper v v v v v v v

** Integrated optimization (10)
Integrated operation of natural gas and power systems (IONPS)
Power network usage fee (PNUF)

In the following, to show the proposed method's superiority
and examine its strengths and drawbacks, we compared the
presented framework with the benchmark method based on the
continuous double auction CDA mechanism, executed in two
separate stages [54]. In summary and order of priority, the
novelties of this paper are as follows:

e This paper proposes a novel stochastic P2P-based
optimization problem for integrated energy
microgrid scheduling to facilitate synergy between
different DERs (P2Gs, nano grids (NGs), ESSs, and
gas turbines) regarding both network constraints.

e Proposing a scenario-based stochastic model for
considering natural gas and electricity demands
uncertainties to give a better perspective for network
operators.

e Considering the electricity network’s usage price
based on the electrical distance model, the AC power
flow model, the DR, different energy storage
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technology (P2G and ESS), and the natural gas
steady-state model.
The remainder of this paper is organized as follows: Section
2 introduces the relevant ideas of the presented P2P market
design for the incorporated operation of natural gas and
electricity networks. Section 3 describes the P2P-based
optimization problem (mathematical model) driven by the
electric distance between purchasers and vendors. In Section 4,
numerical studies are introduced to show the advantages of the
presented method. The conclusion and proposed future
research aspects are presented in section 5.

I1.  Methodological framework

This paper introduces the novel electrical distance-based
approach for the incorporated operation of natural gas and
electricity systems via the P2P market framework at the
microgrid level. The proposed microgrid is equipped with a
distribution system operator (DSO). Also, we suppose that the
DSO is responsible for operating the electricity and natural gas
networks [10, 63]. In this regard, the primary target of this
paper is to design a joint P2P energy trading-based market for
the incorporated operation of electricity and natural gas
networks to facilitate the synergy between customers such as
consumers (NGs), prosumers (ESSs and P2Gs), and producers
(gas turbines). The proposed method is in such a way that the
amount of energy to be sold/ purchased in the market is
determined based on the market pieces rather than the power
utility prices, considering the effect of electrical distance on
the transaction fees, the AC power flow, the steady state
natural gas grid model and the electricity demand flexibility.

The centralized P2P markets have the advantage of
maximizing the welfare of the entire community. Another
benefit of centralized P2P frameworks is that the power
generation and consumption patterns of peers are more
predictable, which reduces uncertainty. The reason is that the
coordinator, the DSO, directly controls the operational status
of peers [64]. The computational complexity and users' privacy
autonomy issues are considered significant drawbacks of
centralized methods [64]. Considering that the development of
decentralized energy trading is not within the scope of this
paper, we employed a simple centralized framework. In this
regard, the DSO centrally solves the proposed P2P
optimization problem. How to propose the decentralized
framework in the joint P2P energy market for the incorporated
operation of natural gas and electricity grids remains to be
studied, but it is not the focus of this paper. Fig. 1. lllustrates
the proposed method’s timeline.

As evident from Fig.1, the presented method consists of
three major parts. In the first section, the DSO gathers
information related to the network components, such as the
electricity network and natural gas grid data, customers' related
settings, etc. Then, in the second stage, the DSO executes the
joint P2P energy trading-based optimization problem to

determine the trading schedule for the next 24 hours. In this
regard, the targeted period of the optimization problem is the
day-ahead market. The presented framework is implemented
on the integrated energy microgrid that comprises a 33-bus
power distribution grid and a modified 33-node natural gas
network. The natural gas and electricity grids are integrated
through gas compressors and gas-fired generators. The
presented competitive local market price enables customers
such as P2Gs to participate in the local energy market, which
increases the total social welfare.

The architecture of the proposed method is presented in Fig.
2. The structure of the presented microgrid consists of four
main components, including gas turbines (producer), NGs
(prosumer), P2Gs (prosumer), the distribution power network
(lines and transformers), and natural gas distribution network
(lines and compressors). All microgrid components send the
required information and settings to the DSO. After gathering
information, the DSO solves the P2P-based optimization
problem to determine the customer's trading schedules
considering the electrical distance between customers, the DR,
and both grid constraints. The output of the optimization
problem is customers' energy trading schedules, consisting of
energy trading plans with other customers or the power grid.
The DSO is responsible for balancing bids and offers that are
not matched during the P2P market procedure. In this regard,
customers' shortage/surplus energy, which is not matched in
the P2P energy trading market, is supplied/purchased by the
power grid. Employing the AC power flow method and natural
gas steady-state model enables the DSO to monitor the detailed
effect of energy transactions on the performance of electricity
and natural gas grids. The presented P2P-based optimization
problem is in such a way that energy transactions between
customers reduce the power losses, maintain the node gas
pressure in the allowable interval, reduce the total operating
expenses of the microgrid, and increase the profit of gas
turbines and P2Gs.

Fig. 1. The presented method timeline.

I11.  P2P-based optimization problem

As mentioned, this paper considers an integrated energy
microgrid consisting of NGs, P2G units, gas turbines, and



ESSs. NGs have power and natural gas demands; natural gas
is used for heating and cooking. Also, no control action is
placed on the gas loads in NGs. Three types of electrical loads
(fixed, emergency, and flexible) are considered at the NGs
level. As the name suggests, the fixed loads are
noncontrollable and nonadjustable. Emergency loads refer to
those groups of power demand that can not be adjusted or
curtailed. The difference between fixed and emergency loads
is that fixed loads can be curtailed, but emergency loads cannot
be interrupted. Flexible loads refer to those groups of electrical
loads that can control and adjust their demand profiles across
different timescales. Thermostatic loads, ESS, and electric
vehicle fleets are examples of flexible loads. The electricity
and natural gas load profiles for the next 24 hours are available
to the NG operator. Also, NGs are equipped with an ESS, and
it is assumed that NGs do not have renewable energy sources.
The MG's decision variables are the optimal power demand of
NGs (supplied by the power grid and the P2P energy market),
ESSs’ charging/discharging cycle, optimal

Natural Gas Netvworlk
'3

Electricity F
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charging/discharging cycles of P2Gs (purchased/sold from/to
the power grid or the P2P market), and energy generation
schedules of gas-fired generators (sold to the electricity grid or
local consumers via the P2P energy market).

This paper uses the gas turbine unit as a fossil fuel-based
power generation system. The inherent flexibility of gas
turbines, characterized by their rapid ramping rate and quick
response time, renders them particularly well-suited to
managing the intermittency inherent in modern power systems
[65]. The DSO gathers various information from the MG’s
different components. The NGs predicted electricity and
natural gas demands for the next 24 hours, P2Gs-related data,
gas turbines' rated capacity, the power grid's various data, and
related information of the natural gas pipeline are part of the
collected information by the DSO. After decision-making and
processing, the optimization results are transmitted to the
customers as energy trading schedules. The energy trading
schedules include energy trading plans between customers and
the power grid.

- o > ~

POWER GRID
1
PEE.
;

J‘
L
{
a
ig L .

Fig. 2. The overall framework of the proposed method.

The presented framework is based on the mixed integer
nonlinear problem (MINLP) optimization programming,
which the DSO centrally solves to obtain customers' optimal
P2P energy trading schedule. The MINLP is a mathematical
optimization approach that involves solving problems with
both continuous and discrete (integer) variables where the
objective function or some of the constraints are nonlinear. The
objective function of the P2P-based optimization problem,
shown in Equation (1), is based on the day-ahead market
structure.

In the objective function, the first three terms are costs
related to energy purchased by the NGs. The second four terms
are costs and revenues related to the P2G units. After the P2Gs'
related terms, the following terms are the penalty related to the
curtailed energy of NGs, the revenue related to selling stored

energy to the power grid, and the cost of supplying natural gas
from the wholesale natural gas price. The last four terms are
revenues related to gas turbines' traded energy and gas
compressor operation costs. The gas compressor’s electricity
demand is supplied only by the power grid through the energy
retail price.

For the sake of simplicity, we suppose that the energy stored
in the ESSs' is consumed within the NGs or sold to the power
grid. The power utility, P2G units, and gas turbines supply the
NGs' power demands. Also, the power generated by gas
turbines is purchased by the power grid, P2Gs, and NGs. In
this regard, the power grid balances surplus production and
consumption.

As it is clear from Equation (1), The total operating cost of
the microgrid is related to the market price (S727), the FIT rate
(87, the natural gas wholesale price (S9%%), and retail energy
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price (ST). The FIT rate and retail price are constant, while
the market price is determined in the process of P2P-based
optimization. The presented objective function reduces NGs'
total payment cost and increases gas turbines' and P2Gs’ total
revenue. Equation (2) shows that the total power demand of
NGs (P2e™%) is supplied by the power grid (P2<™") and the
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Equations (3) to (5) determine NGs traded energy (with gas-
fired generators and P2G units) and P2Gs purchased energy
from gas turbines via the P2P market. Also, to determine
purchasers and sellers in P2P energy trading, we employed the

binary decision variable (Dv ; .), which is shown in Equation
(3) to (5). This binary variable makes the model MINLP. The
seller and purchaser at time t are determined through the
binary decision variable. For instance, in Equation (3),
(Dvs, ;) Indicates that the NG (i) at the time period (t)

purchases (P,;¢") KWh from the gas turbine (j). In other
words, if (Dvy 4 ,510) €quals 1, which means that in scenario
one, NG “1” trades energy with gas turbine “25” at period 10.
Also, the amount of energy that gas turbine “25” sells to NG

“1” is determined by solving the optimization problem.

NG,GT _ GTNG v, : .
Peije =DvsijePij Vi€ Ny Jj€E 3)
Nge,senteT

NG,P2G __ P2G,NG . .
Ps‘i‘j‘t = Dvs_i‘]-_tPS_i_]-‘t Vie Nng,j (S @)
Nprg,sENLET

P2G,GT _ P2G,GT , - .
PS,i,j,l‘ = DvS,i.j,fPS,i,j,t Vi€ szg,] € (5)

Ngp,senteT
As seen in Constraint (6), the total NGs’ power demand
(i € Ny,z) supplied from the gas turbine j viathe P2P market
at the period t must be less than or equal to the energy that gas

turbine j is considered to share with NGs (P /}“). In other
words, gas turbines can not sell energy beyond their generated
power at period t. Similar constraints (Inequalities (7) and (8))
are considered for traded power between P2Gs and gas

turbines and between NGs and P2Gs.

Nng

Z DvsjePgyy’ SPoji ¥ jENgsE€nt (g
l €T

Npzg

D Dvg P <PV € Ny -
l eEnteT

Nng

Z DvsePogii <Pogji ¥ J € Npgg,s (8)
l eEnteT

In the P2P-based optimization problem, we suppose the
DSO accesses the whole power distribution grid topology. In
this regard, the DSO charges the customers for each energy
trading based on the power grid's infrastructure usage. The
matched price related to trading energy between customers (i)
and (j) is shown in Equation (9). The money paid/received by
the purchaser/seller for the power grid usage fee is shown in
the second term of Equation (9). The network charges are
exogenous costs. In this regard, when the customer (i) is a
purchaser, its (¢) is positive, which results in total prices
higher than trading prices. When the customer (i) is a seller, its
receive price is lower than the traded price since parameter ¢
is negative.

SEthe = WsijePoije £ b Poise VL)
9)
EN, senteT



The initial term in Equation (9) corresponds to the price
determined by the P2P agreement. The subsequent term
represents the grid fee paid to the DSO as a grid operation
charge [62]. Beyond operational expenses, these incomes can
also be allocated for maintenance, compensation for power
losses, and investment expenditures. The Unique Cost
Allocation Policy is a common approach for charging
customers [66]. This policy distributes costs uniformly among
community members, ensuring that grid usage fees are applied
without discrimination. However, due to its general
application, customers in congested areas may not be
incentivized to engage in responsible behavior. Consequently,
the misconduct of a few customers can negatively impact the
entire customer.

In order to allocate costs more precisely, network charges
can be proportional to the electric distance between customers.
The TID and power transfer distance are two methods for
determining the electrical distance between power network
buses. The TID is more suitable for radial networks, while the
second is more reliable for mesh networks [66]. This study
calculates the electrical distance based on the TID, as formerly
presented in [66, 67]. The TID between customer (i) and (j) is
presented by Equation (10).

Zyi=|Rii+Rij—Rij — Rl (10)

Where the elements of the TID (R) are the components of
the impedance matrix (Zgz,s), which is the converse of the
admittance matrix (Yg,,). As a result of this cost allocation
policy, customers will be encouraged to trade with their closest
electrical partners. Due to electricity losses, long electric
distance trade is more expensive. When network charge is
equally shared between both sides of the trade, it becomes [67]:

) udisd, .
dis — —__"tJ (11)
L] 2
The (d;;) is the sum of the electrical distances between

customers (i) and (j). The parameter (u4), distance unit fee,
is presented in ($/per distance unit). As stated before, we
considered the TID method to determine the electrical distance
between traders. Fig.3 shows a simple radial network to clarify
how the DSO considers the electrical distance between
customers in the presented P2P-based optimization. The DSO
calculates the network charge based on the electric distance
(Z{j?) between nodes using Equation (11).
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Fig. 3. The sample radial power grid.

The only consumer is placed in node “5” at the simple grid.
This customer can trade energy with five producers placed in
other nodes with different electric distances. With the
assumption that the distance unit fee (u®*) is .01 ($/Km);
Table 2 shows the network fee for the illustrative grid in Fig.
3.

TABLE 2 THE SAMPLE RADIAL NETWORK FEE.
node 1 2 3 4 6

d; 0.2 0.73 0.15 0.36 1.18
wf}s 0.001P7?"

0.00365P[77  0.00075P{7”  0.0018P[7"  0.0059P}7"

As it is clear from Table 2, the network charges gain with
increasing the electric distance between purchasers and
sellers. So if consumer “5” trades energy with producer “6”, its
charge is eight times more than trading with producer “3”. The
market price (W, ;) is bounded by Constraint (12) [46]. This
Equation dictates that no consumers are willing to purchase
energy above the retail energy price, and no producers are
eager to sell energy lower than the FIT rate [46].

SI<g;ie <SI™ V ijeEN,sent
eET

We have considered the DR capability in the P2P-based
optimization problem to increase customers' profit. In this
paper, the load flexibility model is based on [65]. Constraint

(13) states that in the period (t) the demand of the NG (i) can

be increased by a factor of (f'“*"

(12)

). Also, in the following
Equations (P&™) is the NGs predicted load, which is a

s,i,t
parameter.

Dem,DR dem pflex,MAX
Ps,i,t = Ps,i,t ’If'i_t

eEnteT

V i€ Nyg,s (13)

Similarly, inequality (14) indicates that in the period t, the
electrical demand of NGs can be decreased by a factor

(f/1e¥™™). Equation (15) guarantees that the total energy

,t

demand of the NGs (i) does not change after DR. The values
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of (f1*M4X) and (f/**™™") are determined by the NGs'

operator [65].

Dem,DR d flex,MIN .
Pt = PSilfiy V i€ Nyg,s (14)
eEnteT
T T
Dem,DR __ d .
2 Pt = Z Pl VIiENy,se€n (15)

t t
It is worth noting that we consider the electrical loads with

flexible characteristics through simple Equations (13)-(15).
Also, in an emergency, the DSO can curtail part of the demand

by paying its cost, which is considered in the objective function.

Each NG's power balance equation can be found in Equation
(16) [4]. The energy demand in NG (i) shall be equal to the
imported energy supplied by the power grid, P2G units, and
gas turbines represented in Equation (2). The power demand
in the NG is divided into two main sections: the power
consumed inside NGs (P2¢™P®) and served to charge the NG's

s,i,t
ESS (Psc_f‘_t).

Dem,NG dch,n

Pei + (ndchps,i,t )+ P — (16)
1 ch Dem,DR ,:

(=-Pek) = PO Vi€ Ny, s EmteT

The mathematical formulas of the NG's ESS are presented
in Equations (17)-(18) and Constraint (19) [4]. As it is clear
from Equation (17), the stored energy in the ESS can be
discharged in the NG (P*“™) or sold to the power grid

s,i,t

(P2ec™). As stated before, it is assumed that the energy stored

st
in the ESS can be sold to a power utility or consumed inside

the NG.

Tot,dch _ pdchn dch,m
Ps,i,t - PS,L’,t + PS.L’.t

nterT

Vi € Npg, s € (17)

Equation (18) calculates each ESS's state of charge (SOC).
In order to increase the life span of batteries, their SOC level
must remain at a predetermined level, as presented in
Constraint (19) [10]. Equation (20) indicates that ESSs are not
charged and discharged simultaneously and illustrates
charging/discharging limitation [10].
T

S0ChHt = SOC,,;(0) + Z(Pﬁft — PIOHAMY Wi € Ny, S (18)
t=1
En

SOCM™ < SOCHH < SOCT™* Vi € N,,,S EN,tET (19)
Psc,?,t % PsTff'dCh =0 VIiENy,SENLET (20)
P &PV < PIISY Vi€ Npg,SENM,LET

This paper considers the steady-state natural gas flow model
on the day-ahead scheduling time scale. In other words, we
assumed that the response time of the natural gas network
equals the power grid. According to [68, 69], we can formulate
the natural gas network as follows: Injected gas into each grid
node is formulated by Equation (21). Gas turbines and NGs are

the consumers of the injected natural gas into each node [4, 10].

6ot = g¥i, + gload Vi€ N, s€Ent 1)
eET

As it is clear from Equation (22), the gas turbine's power
generation (PS"9%) is sold in the P2P market (PS%"¢) and

S,it s,it
(PS1P¢ ) or purchased by the power utility (P57")
Gen, , ., A .
Poe ! = B ARG A PEOVIENGS € o))

nterT

The performance of thermal plants based on natural gas,
coal, and oil fuels is simulated well through quadratic and
cubic cost functions [70]. The gas-fired generator natural gas
demand is formulated by the quadratic cost function shown in
Equation (23) [71]. The fuel cost function coefficients are
shown by parameters (a), (b), and (c). The efficiency and
construction year of gas turbines determine these coefficients.

9%, = a;PSeMIT 4 B PO 1 cvi €
Ngt,s enteT
The nodal gas flow balance is calculated using Equation
(24), which illustrates that injected natural gas equals
withdrawn gas. The sum of natural gas injected on gas nodes
passes through pipelines. Also, the gas flow is unilateral from

the beginning of the gas grid [4].
Ng )
aie, — > Gl =0 VijEN,sEnLET

St

(23)

J
Gs“lnjet + Géljntet =0

Since the proposed natural gas grid’s diameter is relatively
large, we employed the Weymouth function, shown in
Equation (25) [29]. This function shows the relationship
between node gas pressure and gas flow in the natural gas
pipeline. The TEMP represents the average temperature
coefficient of a gas flow, which is considered constant. For
more information about the parameter of the Weymouth

function, refer to the [29].
glne =1 |Prie(1 = cAR) — Pre; |DyjeSie

4 (1) azRL, Temp

2
ENteT

Natural gas grid node pressure must remain within
predetermined ranges to ensure gas supply security, and
pressure drops compromise this security. Hence, the natural
gas grid node pressure is limited by Constraint (26). The power
demand of the gas compressor, which depends on the gas flow
rate, is illustrated by Equation (27) [4]. The natural gas rate
and power demand constraints of gas compressors are
presented consecutively by inequalities (28)-(29) [4].

Vi,jeN,,S
HERS (2

Pr™™ < Proi < Pr™* Vi€ Ny,sEnt€eT (26)
peape = Bem ST [ty )

b Ncomp L (27)
Ngc,s En,teT
Gorp? < GEOMPMAX Y € Noo,s Ent €T (28)
P < peompmary e Ny, s €nt €T (29)

Electricity is converted into gaseous fuel through P2G
technology. The electrolysis process transforms electricity into
hydrogen and oxygen. The generation of hydrogen through the

and i < j (24)
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electrolysis process is demonstrated by Equation (30) [72].
Additionally, Equation (31) details the process of discharging
P2G units. The total quantity of hydrogen within the container,
measured in kilograms, is determined by Equation (32) [72].

h, ,ch .
ESP29 = pPEIN x CfEIOV i € Nypg, s EMEET (30)
dch,p2g _ pp2g,dch p2g., -
Egiew " = FPic X CHacp VIE Npog, S EN,E (31)
eET
tot,p2g _ pinit,p2g ch,p2g dch,p2g .
Egiim ™ =Egie™ " T Ege ™ —Eg” Vi (32)

€ Nppg,SENLET

Equation (33) indicates that the P2P market and the power
grid supply the required power for charging P2Gs. Also,
Equation (34) represents that the stored energy in the hydrogen
containers can be bought by NGs through the local energy
market or the power grid. P2Gs are not allowed to be charged
and discharged simultaneously, as represented by Equation
(35) [72]. Equation (36) bounds the charging and discharging
power of P2Gs [72].

Nge
__prasch _ Z PLZCST 4 PLZON Vi € Ny, s
ncle St ' S,ijt st p2g’ (33)
pig Ji
eEnteT
Nng

dch pp2g.dch _ P2G,NG N,P2G., :
MozgPeic = z :Ps.i.j.t P VIE Npag,S (34)
Jj

eEnteT
PPEG x pPEOAt = 0 ¥ i € Nppy, s ENLET (35)
p2g,ch p2g,dch
P &Py < Pyt (36)

Equations (37)-(43) illustrate the constraints of the power
grid with multiple gas turbines and NGs. Each NG's power
demand and gas turbine's generated power regulation affect
power flow and the power grid node's voltage [73]. Equations
(37) and (38) represent the power flow balance equations for

active and reactive powers in the power distribution grid [74].

DemMG Gen,gt decn cur
Ps.i,t + Ps,i,t + Ps,i,t + Ps,i,t
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PS,i.t +Ps,i,t Ps,i,t
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Fie
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J
EN,SENLET

Dem,MG Gen, gt dec,n cur

qs,i.t + qs,i,t + qs,i,t + QS,i,t
_ demDR ng,dCh_ p2g,ch
QS,i,t st st
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qs,i,t
NE
= fie Z(Gi,jes,j,t = Bijfsic) (38)
Jj
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— €5t Z(Gi,jes,j.t +Byjfs;e) Vi
j
€EN,SEN,tET
As shown in Equations (37) and (38), the power injections

at the nodes are quadratic functions of the nodes' voltages'
rectangular coordination [75]. The ramp rate of tie-line power
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measures how quickly a power system can adjust its power
output in response to changes in demand, which is the essential
metric for ensuring the stability of a power system [74].
Constraint (39) formulates the tie line power ramp rate based
on (MW/h) [74].
[P — PR | < BT € N, s
eEnteT
In order to ensure that the voltage magnitude at each node

in the power system remains within an acceptable range,
Constraint (40) is employed, which is essential to guarantee
reliable power system operation and avoid costly equipment
damage [74].
(Vimin)z S edie + foie < (VM)PVi € N, s (40)
eEnteT

(39)

Apparent power constraint refers to the limitations of a
power system caused by factors such as insufficient capacity,
network congestion, or high demand. It can create problems
such as power outages, reliability issues, and higher costs.
Constraint (41) represents apparent power constraints related
to each node [74].

(RE™)” + (2™ < (s ) vi e
N, senteT

Constraints (42) and (43) demonstrate the gas turbine's
output and ramping rate constraints; these constraints are
essential for maintaining the gas turbine's efficiency and

avoiding damage to the machinery [74].
Min,gt Gen,gt Max,gt -
P < Ps‘i_t <P Vi € Ngt,s En,t

(41)

(42)
eET
Gen, gt Gen,gt gtramp .
Poie ™ —Foipa | =F Vi € Ny, s (43)
En,teT

V. Simiulation and results

A. Assumption

A modified 33-bus natural gas grid and the IEEE 33-node
power distribution network are employed to evaluate the
presented framework [4]. Characteristics of the natural gas
network are chosen from [76]. The number of the electricity
network and gas grid nodes is equal [4, 10]. Also, it is assumed
that node 0 is the slack bus in the electricity distribution
network. The studied microgrid has three types of customers:
NGs, P2Gs, and gas-fired generators [4]. In the examined
network, it is supposed that all nodes of the natural gas grid
have the same altitude. Also, the natural gas grid beside the gas
turbines supplies the fixed gas loads in the NGs. The required
data for simulation is presented in Table 3.

Fig. 5 represents the time of use of the electricity tariff. The
predicted electricity and natural gas demands are borrowed
from [4, 77]. The power and natural gas loads are aggregated
demands randomly shared between NGs. The calorific value
of natural gas is employed to convert gas loads to (MW). Also,
it is assumed that each NG is equipped with an ESS.
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TABLE 3 REQUIRED PARAMETERS FOR SIMULATION.

Parameter Value Parameter Value
udis 0.1 ($/km) socmex, socmin 90%, 20%
prmax, pymin 90-30 (psi) s94as 0.06014
($/m®)
srit, geur 0.14, 3.5 ($/km) pMingt pMaxgt 1000-2000
(kW)
battcw 300-1000 (kWh) p2g°® 200 (kg)
CFP29, cp2 1/40 (kW /kg) Ppax, prax 1210,600
(kw)
N58g Moss 0.85 TNens Tdch 09
JLexMAX g flexMIN 130%,70% BeomprTlcomp 4.7,0.85%
a,b,c 2.148,2.212,0.1085  pgtramp pgridramp 200,250 (kW)
A,Z,TEMP,R 0, 33, 288 (K), 8.314 Ah, cos (8) 0,0.866 (lag)

J/(mol-K)

Also, the power distribution grid parameters, NGs' ESS
specifications, gas turbines' data, and the natural gas grid
parameters can be found in [21]. The power grid will supply
the remaining demand, which is not matched in the P2P market.
As stated before, the scheduling stage, Equations (1)-(43), is
performed one day earlier than the executed day. The studied
grid’s architecture is presented in Fig. 4. The studied microgrid
has fifteen NGs, fourteen gas turbines, four P2G units, and one
gas compressor located at the beginning of the natural gas
network. Also, in the illustrated studied microgrid architecture,
LDs refer to NGs. Fig. 5 represents the time of use of the
electricity tariff. The predicted electricity and natural gas
demands are borrowed from [4, 77].

B. Computational performance

The presented optimization problem is implemented in the

Generalized  Algebraic  Modeling  System  (GAMS)

environment on a computer with a Core i5 system, a 2.50 GHz
63/20 KV Sub Station
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CPU, and 12 GB of RAM. Due to the nature of the presented
optimization problem, which is nonlinear and nonconvex, we
solved the presented problem with the global optimizer
ANTIGONE solver [78]. The complexity of such problems
requires a sophisticated approach, as traditional solvers often
fall short of providing feasible and optimal solutions.
ANTIGONE's robust framework addresses these challenges
by employing advanced algorithms that can efficiently
navigate the intricate landscape of nonlinearity and
nonconvexity [78]. This solver uses techniques such as branch-
and-bound, cutting planes, and outer approximation, which are
essential for finding global optima in highly complex
optimization scenarios. ANTIGONE uses the CPLEX for
solving relaxations, the CONOPT for Finding feasible points,
and the LAPACK for Addressing linear systems [78].

TABLE 4 SOLVERS PERFORMANCE.

Modeling ANTIGONE DICOPT
Solving Time (min) 15 13
Number of iteration - 4
Solution gap (%) 17.27% 21.98%

UpperBound — LowerBound)

Gap = 100'( |LowerBound)|

To validate the results of the ANTIGONE, we used the
DICOPT solver, which decomposes the MINLP problem into
sub-problems (NLP) and master problems (MIP). The
proposed optimization problem has 99849 variables and 74544
constraints, with 172424 Jacobian elements, of which 26088
are nonlinear.

000

23 24 25

Gas Compression Station

Nano grid

Power to Gas

Gas Turbine

Natural Gas Pipelines

Power Distribution Grid

Fig. 4. The studied network architecture.
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To assess the performance of the proposed method, we
divide the simulations into two sections. Initially, we evaluate
the simulation for a single trading period. Subsequently, we
extend the simulation to 24 trading periods. Before illustrating
the results of the proposed case study, we present a concise
description of the method used as a benchmark framework.
The proposed method is compared with one common
mechanism in the P2P energy trading market, performed in
two stages. The technique used as a benchmark framework is
the CDA mechanism, comprehensively described in [54], and
its implementation procedure is described in Appendix (A.1).
Considering that the presented optimization model is based on
the scenario-based stochastic optimization problem, a
description related to creating scenarios and reducing
scenarios is given in Appendix (A.2).

It is worth noting that the benchmark method does not
consider the electric distance between purchasers and sellers in
the matching process. As a result, the cheapest seller will be
sorted first in purchasers' priority lists, while the highest buyer
will be sorted first among sellers' preference lists. In the P2P
energy trading model based on the CDA framework, through
the optimization problem, stage one, the energy schedules of
customers are determined. The energy schedules of customers
contained the NGs' energy demand pattern and the generated
electricity schedules of gas-fired generators. In the following,
these schedules are returned to subscribers, and through the
CDA method, subscribers trade energy and reach the P2P
energy trading agreements.

C. case study (one-period optimization)

In the first case study, we compare the proposed framework
with the CDA method for the integrated operation of electricity
and natural gas grids at 11 AM. The architecture of the
proposed network and the placement of the customers in the
low-voltage network are presented in Fig. 4. It is worth noting
that both methods use the same input data, which is presented
in the previous subsection. In this case, we run the proposed
optimization problem, Equations (1)-(43), for one period. The
procedure for implementing the CDA framework, the
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benchmark method, for the integrated operation of gas and
power grids is thoroughly described in [4, 54] and Appendix
(A2).

Figs. 6 and 7 show traded energy flows during 11 AM
between customers without the P2P market and with the CDA-
based P2P market, respectively. Without the P2P market,
customers trade energy with the power grid. The power grid
purchases and sells energy from and to the customers based on
the energy retail price, which is not competitive compared to
the P2P market price.
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Fig. 6. Energy transactions between customers and the power grid
without the P2P market.

As stated, we compare the proposed framework with the
previous P2P market-based model as a benchmark method,
performed in separate stages. The energy traded flow between
customers in the benchmark method is shown in Fig. 7. The
power grid balances the energy shortage via retail price (the
TOU tariff and the FIT rate). Without the P2P market (Fig. 6)
and the CDA-based P2P energy market (Fig. 7), P2Gs do not
participate in the energy trading process. Without the P2P
market, due to P2G units' conversion efficiency on both sides
(charge and discharge), it is not cost-effective for P2Gs to be
charged through the power grid via the TOU tariff and
discharged to the grid via the FIT rate. Additionally,
considering that the previous P2P market model (CDA-based)
is executed in two distinct stages (scheduling and trading), a
MINLP optimization problem based on the energy retail price
is solved during the scheduling stage, similar to the case
without the P2P market. Customers engage in energy trading
in the subsequent trading stage, which is determined in the



International Journal of Industrial Electronics, Control and Optimization (IECO). 2025, 8(1) 14

scheduling stage. In this context, similar to the scenario
without a P2P market, P2Gs do not participate in energy
trading.
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Fig. 7. The flow of the traded energy (the benchmark method).

Figs. 8 and 9 illustrate the proposed method's traded energy
flow between customers (NGs, gas-fired units, P2Gs, and the
power grid) for different scenarios. There are two significant
differences between the proposed method (Figs. 8 and 9) and
the previous framework (Fig. 7). First, NGs trade energy with
the closest producers in the presented method due to
employing the electrical distance model based on the TID
framework. Implementing the TID model leads to a situation
in which far-off trades impose higher customer costs (reducing
gas turbines and P2Gs' revenue and increasing payment costs
of NGs). Second, since the proposed method is executed in one
stage, the energy consumption and production schedules are
determined based on the market competitive price, which leads
to the participation of P2Gs in the P2P market.

The right-hand sides of Figs. 8 and 9 represent the energy
trading flow in scenarios two and four consecutively. Also, the
left-hand side of Figs 8 and 9 illustrate the transacted energy
flow in scenarios one and three, respectively. Due to the higher
predicted power demand shown in Fig. a3, the volume of
traded energy in scenario four is the highest, followed by
scenarios two, three, and one. It is worth noting that scenario
one has the highest predicted demand for natural gas (Fig. (a4)),
which is one reason for reducing traded energy in scenario one.
In other words, the DSO limits gas turbines’ generated power
due to high natural gas demand at period 11 of scenario one to
keep node gas pressure in the desired range.

P2Gs are charged during off-peak periods (1-7) through
different markets, and due to higher energy prices, they are
willing to trade the stored energy during peak hours (11-19).

P2Gs supply NGs' power demand through correlation with gas
turbines. In other words, when gas turbines can not meet the
energy demand of NGs, NGs trade energy with P2Gs. In this
regard, P2Gs trade energy with NGs during hour 11 since gas
turbines' generated power is reduced due to high natural gas
demand in scenario one (Fig (a4))).
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Also, due to the high electricity demand in scenario four, the
traded energy between the power grid and NGs in scenario four
is about 13% of the energy demand of NGs at hour 11, which
is the highest among scenarios. Also, it is worth noting that the
volume of traded energy in the proposed method is increased
by about 40.21% compared to the benchmark method.

Power losses occur during electricity transmission from one
bus to another, particularly in P2P energy trading, where
electricity is transferred from producers to NGs. As electricity
flows through power lines and transformers, some energy is
lost due to resistance in the wires and transformers. This
phenomenon can result in reduced yields for participants in
P2P energy trading. In this context, we evaluate the impact of
incorporating the TID model into the proposed method by
comparing it with the benchmark framework. Each line's
power loss is calculated by dividing energy loss by the line
flow. The active power loss in the proposed method and
benchmark framework is 26.73% and 47.97358%,
consecutively. The power loss reduction in the presented
method is mainly due to employing the TID framework in
the P2P energy trading process.

The operational cost of the entire network is calculated as
the total payment costs of NGs, including the traded energy
with gas turbines, P2G units, and power utility, minus the total
revenue generated by gas turbines and P2G units from selling
power to the grid and NGs. The operating cost of the entire
network (hour 11) in the proposed method and benchmark
framework is 750.86 ($) and 4738.5 ($), respectively.

D. 24-hour optimization

This section evaluates the performance of the presented
method for the entire period of the next day. First, the energy
purchased and supplied by the studied network’s customers
(NGs, gas turbines, and P2Gs) is analyzed. Figs. 10 to 13
illustrate the electricity demand of NGs provided by the power
grid and the local market’s producers for scenarios one to four
consecutively. In the following Figs (10-13), the orange, green,
and purple curves are supplied electricity by the power grid
and purchased energy from gas-fired generators and P2G units,
respectively. As energy traded between P2Gs and NGs clearly
shows, P2Gs trade energy mainly after hour 12 due to high
natural gas demand (Fig. (a4)). In other words, P2Gs
complement gas-fired generators in supplying NGs’ energy
demand during peak hours.

The upstream grid-supplied NGs power demand during
the off-peak period (hours 1-7). With the increase of the
energy tariff starting from the mid-peak period (hours 8 to
11), the electricity imported from the power grid decreases.
Due to the high energy tariffs, the proportion of energy
imported from the power grid during peak periods is
minimal, accounting for 20.11%, 11%, 20%, and 20% in
scenarios one through four, respectively. After peak periods
(hour 20), the amount of imported electricity from the power
grid gradually increases.
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The operational cost of gas-fired generators depends on the
gas compressor's electricity demand and gas turbines' natural
gas demand. Hence, since the power grid supplies the gas
compressor through the electricity tariff, selling power to the
grid is cost-effective for gas-fired generators only during off-
peak periods. Also, since the P2P market price is cleared
between a range in which the TOU and the FIT rates are its
upper and lower bounds, respectively (constraint (12)), there is
no significant difference between the TOU rate and the P2P
market price during off-peak hours. On the other hand, since
P2Gs can store energy, they purchase energy from gas-fired
generators during off-peak periods and trade the stored energy
with NGs during peak hours. Briefly, in off-peak hours, gas
turbines trade energy with the power grid and P2Gs, and during
peak hours, NGs trade energy with P2Gs, gas turbines, and the
power grid. Also, during peak periods, about (70% to 80%),
(10% to 20%), and (5% to 10%) of the NGs' power demand is
supplied by gas turbines, the power grid, and P2Gs,
consecutively.

Due to high electricity prices in mid-peak and peak periods,
gas-fired generators trade energy in the P2P market during



International Journal of Industrial Electronics, Control and Optimization (IECO). 2025, 8(1) 16

these hours. P2Gs are charged during off-peak and mid-peak

periods and sell their stored energy to NGs during peak periods.

The power grid balances the shortage of energy production.
Also, the total operating cost of both networks for the proposed
method and the benchmark framework is 115343.2 ($) and
218779.44 ($), respectively. The total operation cost of the
entire network in the proposed method is reduced by 47%
compared to the benchmark method. The participation of the
P2Gs and the increasing generated power of gas-fired
generators are the reasons for the significant reduction of the
operation cost compared to the previous method.
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Fig. 12. NGs traded energy in scenario three.

The charging/discharging cycles and the stored hydrogen of
the total P2G units are illustrated in Figs. 14-15, consecutively.
During periods 1 to 10, P2Gs are charged by the gas turbines
through the P2P market (upper side of Fig. 14). By 11 AM,
hydrogen containers are charged to approximately 80% of their
capacity. With the initiation of the peak periods, the P2Gs trade
energy with NGs through the P2P market. The purchased and
sold energy costs in the P2P market are 3025.8 ($) and 6916.1
($), respectively. In this regard, the total P2G revenue from
participation in the P2P market is 3891.32 ($/day). The
charging energy of P2Gs’ is highest in scenario one since
during peak hours (periods 11 to 19), the predicted electricity
demand of scenario one is highest. In other words, since NGs
are only customers for P2G units, their higher energy demand
causes P2Gs to be willing to increase their stored energy to
trade with NGs during peak hours.

Figs. 16 to 19 represent gas turbines’ traded energy in
scenarios one to four, respectively. Also, gas compressor
power demand is shown in Fig. 20. Gas turbines trade energy
with the power grid and P2Gs during off-peak periods. Due to
the low electricity tariff during these periods (off-peak), NGs’
are not interested in trading energy in the P2P market. Since
the gas compressor purchases its required energy from the
power grid through the energy retail price, the volume of gas
turbines traded energy with the power grid considerably
decreases after off-peak periods.
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Gas turbines’ energy trading with P2Gs continues even in
mid-peak periods (hours 8-10). Since P2Gs will sell the stored
energy during peak periods, purchasing electricity during mid-
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peak periods is cost-effective. Gas-fired generators trade
energy with NGs during peak periods. In other words, selling
energy via the P2P market at competitive prices makes energy
production for gas turbines during peak periods affordable.
The cost of supplying natural gas and gas compressor
electricity demand are 12993.4 and 4981.3 ($), respectively.

The income of the total gas turbines from selling energy to
the power grid (through the FIT rate), P2Gs (P2P market), and
NGs (P2P market) are 26829.3, 2733.582, and 42526.41 ($),
consecutively. The total revenue of gas-fired generators in the
proposed framework and the benchmark method are 59075.71
and 55200.45 ($). Hence, the total revenue of gas-fired
generators in the proposed framework is increased by about
7%.
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Fig. 17. Gas-fired generators traded energy in scenario two.

Also, as it is clear from Fig. 20, the power demand of the
gas compressor is dependent on predicted natural gas demand
for different scenarios (Fig. (a4)). Figs. 21 and 22 illustrate the
total charging and discharging cycles and the state of charge of
entire ESSs for different scenarios. Each NG is equipped with
an ESS, which is charged during off-peak periods or hours
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when NGs trade energy with gas turbines via the P2P market.
In order to maximize the usage of gas-fired generators during
peak periods, ESSs are charged. Notably, ESS's charging
power is supplied by NGs purchased energy. In other words,
NGs store a part of the traded energy with the power grid
during off-peak periods in ESSs and use it during high energy
price periods. Also, Fig. 23 represents the average node gas
pressure for different natural gas nodes. As it is clear, during
the synergy between natural gas and electricity grids, the
presented method guarantees the performance of the natural
gas network. Gas pressure reduction alongside nodes (1 to 18)
is higher in scenario four, followed by scenarios one, two, and
three. The difference between scenarios is caused by
differences in predicted natural gas demand for different
scenarios, shown in Fig. (a4).
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V. Conclusion

Due to the importance of coupled operation of the natural
gas and electricity grids, this paper proposed a novel stochastic
P2P market-based method to integrate the operation of
electricity and natural gas networks considering P2G storages,
electrical distance, ESSs, DR, and both grid constraints. The
presented method was compared with the previous framework
as a benchmark method.

In the first step, 1000 random scenarios are generated based
on normal PDF. In the following, generated scenarios are
reduced by the backward method to four scenarios
representing their original generation. Finally, the proposed
method is solved for 4 reduced scenarios, and its results are
analyzed. The case study was initiated by running the
optimization problem for one single trading period. The results
of the single-period optimization revealed that employing the
TID model in the presented method led to electrically closer
trades, reduced power losses by about 44%, and the proposed
framework increased the volume of the traded energy by about
40%. Also, it was concluded that without the presented P2P
market, P2Gs did not participate in the P2P energy trading
process. The separation between the scheduling and trading
stage in the benchmark method was the reason for P2Gs not
participating.

In the following, the case study was performed for 24 hours.
The results revealed the optimum performance of the proposed
framework. The total operating cost of the entire network was
reduced by about 47%, and the total revenue of gas turbines
was increased by about 7% compared to the benchmark
method. Also, the entire P2G revenue was 3891 ($), which was
zero in the benchmark method. The proposed method could be
enhanced by considering electric vehicle parking lots, heat
networks, and renewable energy resources.
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Appendix (A.1)

A coalition of consumers, producers, and the DSO
performs CDA-based P2P energy trading. Unlike the proposed
method, the CDA-based P2P energy trading framework is
implemented in two distinct stages. In the first step, called the
scheduling stage, NGs' electricity energy demands, P2Gs'
charging-discharging cycles, and gas turbines' energy
production for the next day are determined. Scheduling stage
results are obtained by solving the presented optimization in
section three, supposing that the customers can only trade with
the power grid. In stage two (trading stage), these scheduling
results are sent back to customers, and they, based on these
energy schedules and the CDA framework, trade energy with
each other. Stage two is implemented as follows:

Step 1: Once customers receive the results of the scheduling
stage, they initiate energy trading for the next 24 hours by
sending bids/offers. The structure of customers' bids is shown
by Equation (al).

b, (Sb,t' Pb,t» Ob,ts Tb,t) (al)

Where purchaser (S, .) that want to buy (p,.) energy in
price (d,.) at time (z,,.). Similarly, vendor offer is
illustrated by Equation (a2).

0, (Ss,t' Ps,er Os,tr Ts,t) (a2)

Step 2: After all offers/bids are received by the DSO for the
time slot (t), the DSO creates the order book for the present
time slot. The order book is an electronic data sheet that is
made for each traded period (hear 24 traded period). In the
order book, offers/bids are sorted based on price and arrival
time. Offers are sorted in ascending order, and bids are sorted
in descending order.

Step 3: Once the order book is ready, if the following
relation is satisfied, the purchaser (b,) and seller (0,) are
chosen for energy trade.

st < Op,e (@3)

Step 4: The amount of matched energy transaction is
calculated by Equation (a4). The following formula indicates
the Constraint related to the volume of traded energy. In other
words, the minimum preferred energy of the purchaser or seller
limits the volume of traded energy. Also, Equation (a5)
calculates the matched energy price.

Pmatched = min{pb,t' ps,t} (3.4)
6p+6
Smatchea = 2 2 = (a5)

Step 5: fully matched bids and offers are eliminated from
the order book. Those bids and offers that are not completely
matched are updated by Equations (a6) and (a7).
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br.: (Sp,t» P,t» 52;,1:: Tp,t) if Ppe — Pse >0 (3-6)

Os’,t(Ss,tt Ps,tr 6;,0 Ts,t) ifpp,t —pse <0 (8.7)

Step 6: Repeat steps 1 to 5 for all bids/offers in traded period
(t) and continue to period (t+1) if all offers and bids in period
(t) are matched.

Appendix (A.2)

Due to considering the uncertainties related to natural gas
and power demands, this paper employs the scenario-based
stochastic optimization problem. In the first step, 1000 random
scenarios (initial samples) are created to represent variations in
electricity and natural gas demand. Due to the nonlinear nature
of the proposed optimization problem, solving the
optimization problem for all created scenarios is time-
consuming and impossible. In this regard, the backward
reduction method is employed to reduce the number of initial
scenarios to four.

The normal distribution function (PDF) is employed to deal
with the uncertainty of natural gas and electricity demand, as
shown in Equation (a8) [79]. Natural gas and power demand
of the studied network is described through mean value (u)
and standard deviation (g). The o value for creating natural
gas and electricity scenarios is equal to 20%.

(M) (a8)
e

209-€*

[
f(po*) T X g0
The 1000 generated scenarios for natural gas and electricity
demands based on normal PDF are illustrated in Figs. (al) and
(a2), respectivelly. Original scenarios are reduced by the
backward reduction method, which is comprehensively
described in [80]. Through the backward method, 1000 initial
scenarios are reduced to four, of which their occurrence
probabilities are 0.37, 0.25, 0.18, and 0.2, respectively.
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Fig. (al). Original scenario for electricity demand.
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Fig. (a4). Reduced scenarios for natural gas demand.
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In this paper, a new transformerless high step-up DC/DC converter with low input current
ripple for renewable energy generation systems. This introduced circuit is based on a
conventional quadratic boost converter with a CUK circuit. Therefore, the advantages of
Cuk and quadratic boost converters such as continuity of the input and output currents
have been maintained. In this suggested topology, switched capacitor and switched
inductor techniques are also considered to obtain high voltage gains. The series
connection of an inductor with the load causes the converter to have no right half plane
zeros (RHPZ) in the transfer function; Thus, the proposed structure is able to provide fast
dynamic behavior under the load variation than the other typical counterparts. The other
advanced features of the introduced topology are its ultra-high voltage gain, continuous
input current with low ripple, low voltage stress, and common ground between the input
source and output load. The voltage conversion ratio of the suggested topology for both
ideal and non-ideal modes has been provided. The operating principle, steady-state
analysis along with comparison study of the proposed converter are discussed in detail.
Finally, to confirm the theoretical analysis, a 80 W (20 V/ 160 V) hardware prototype is
established.

l. Introduction

isolated structures of step-up converters are preferred for low-
power applications.

In recent decades, due to the importance of energy
management, the use of renewable energy sources (RES) and
batteries have been paid more attention. RESs are used in many
applications such as renewable energy, energy harvesting,
uninterruptible power supply (UPS), data centers, medical
implantable devices, industrial, lighting technology, medical
and military, automotive and railway technology, portable
devices, gadgets, space and avionics, telecommunications, and
physics research. Because of the low output voltage level of
resources (< 48 V), the use of high voltage gain DC/DC
converters as an interface circuit to create a desired output
voltage is necessary [1-2]. For step-up dc-dc structures, high
step-up capability and low input current ripple requirements
are necessary for that are applied in RES applications [2].
Moreover, due to simple structure, and compact design, non-

In past years, conventional step-up power topologies such
as Boost, SEPIC and Buck-Boost circuits with simple
structures and low component counts have been introduced for
high-voltage gain applications. However, in these converters,
strong limitation on voltage conversion ratio limits their
applications. Moreover, due to the use of a diode in the output
side of the circuit, which leads to the discontinuity of the
output current, a right half plane zero (RHPZ) is created, which
leads to non-minimum phase (NMP) behavior in their transfer
function and slow dynamic response [3, 4].

So far, many modified high voltage gain DC-DC topologies
have been introduced. In these topologies, to raise the voltage
conversion ratio, some effective boosting methods including
voltage-lift, switched inductors (SI), switched capacitors (SC),
cascading technique, voltage multipliers (VM) and coupled-
inductor (CI) have been used [1, 2, 5]. It should be noted that

Copyright © Gholizadeh (s).
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in Cl-based converters, the leakage inductance of the CI often
causes high voltage spikes across the power switch which
should be limited by adding auxiliary clamp circuits to the
converter [6,7].

In recent years, many non-isolated transformerless
converters with high voltage gain have been introduced. In [8,
9], two new types of quadratic boost step-up DC-DC
converters are introduced. However, low voltage gain along
with high input current ripple are demerits of the mentioned
circuits, which limits their applications for RES systems.
Using two power switches, high voltage gain DC-DC
converter with low input current ripple and low voltage stress
are suggested in [16-21]. In addition, in [22-23], some
quadratic high-gain DC-DC converters based on extended
capacitor-diode networks are presented. However, the lack of
common ground between the input and output sides is the main
disadvantage of these circuits. To solve the mentioned problem,
ultrahigh step-up quadratic single-switch converters with
continuous input current ripple are suggested in [24-28]. In
addition, new non-isolated single-switch high gain converters
with low input current ripple and common ground are
proposed in [25-28]. Nevertheless, due to RHPZ, these
converters are not able to provide a fast transient response.

One of the methods to eliminate the RHPZ is the continuity
of the current on the output side of the circuit. For this purpose,
in [29-32], step-up DC/DC converters with fast dynamic
response and low input current ripple for low-power
applications are presented. However, the mentioned circuits
suffer from a low voltage gain ratio along with using two
power switches. In [33] and [34], two new types of high-
voltage gain DC-DC converters are suggested. However,
because of the NMP feature, these structures are not able to
provide a fast transient response.

Keeping in mind the merits and demerits of the discussed
high step-up converters, this paper suggests a new topology of
a non-isolated single-switch quadratic high voltage gain DC-
DC converter without RHPZ for renewable energy source
applications. The advantages of the proposed converter are as
follows:

1- High voltage gain.

2- Common ground connection.

3- Low input current ripple.

4- A single power switch structure.
5- Minimum phase behavior.

I1.  Operational principles of the converter

The circuit diagram of the proposed circuit is shown in Fig.
1. In this introduced converter, there are seven didoes (D:-D7),
one power switch (S), six capacitors (Ci:-Cs, and C,), along
with four inductors (L:-L4). Regarding this figure, the
proposed topology is a modified structure of a conventional
quadratic boost topology, and a CUK converter. Thus, the

proposed structure maintains the benefits of the quadratic
boost and Cuk circuits such as continuity of the input and
output current waveforms, and high voltage gain ratio.
Moreover, in order to achieve high voltage gains under low
voltage stress, voltage boosting techniques SC and SI are also
considered in the converter. Therefore, high output DC
voltages can be created at low duty cycles, which leads to
efficiency improvement. Also, to restrict the voltage stress rate
across the power switch (S), a simple passive clamp circuit
including the diode D- and the capacitor Cs is used. To simplify
the analysis of the presented circuit, all switching devices are
considered ideal. Fig. 2 shows the theoretical key waveforms
of the proposed converter in one switching period.
Furthermore, the circuit has two operating modes continuous
conduction mode (CCM), which are depicted in Fig. 3.
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Fig. 1. The circuit configuration of the proposed converter.
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Fig. 2. The time-domain key waveforms of the converter.
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Fig. 3. Equivalent circuits of the introduced converter; (a)
Mode-1, (b) Mode-2.

Mode-1 [to - t1]: Att = to, the single power switch S is turned
ON by applying PWM pulses. From Fig. 3-(a), during
operating mode, the diodes D,, D4, Ds, and Dg are also
conducting, while other diodes of the circuit are off. In this
time interval, the input inductor (L) is charging from the input
DC voltage source; thus, its current is increased linearly.
Furthermore, the middle inductors L1, L, and also the capacitor
C4 are charged from the voltages across the capacitor Cs
through the diodes D, Ds and the power switch. Besides, the
output inductance (L4) gets charged due to the positive voltage
induced from the capacitor Cs. Moreover, the capacitor C,
receives energy from the capacitor C; through the power
switch and diodes D, and De.

Mode-2 [t1 - t2]: As shown in Fig 3 (b), in the second
operating mode, as soon as the active switch (S) at time t =t;
is turned OFF, the diodes D,, D3 and Dy begin to conduct. In
this mode, the capacitors C; and Cj start to charge from the
input inductor current. moreover, the energies stored in the
inductors L, and L3 along with the capacitor C, are released to
the capacitor Cs. During this interval, the output inductor (L)
charges the output capacitor Co.

I11.  Steady-State Analysis
A. Steady-State Equations
The voltage of the inductors and also the current of the

converter capacitors during both operation modes can be stated
as follows:

Ly 2 = D(Viy) + (1 = D) (Vin = Ver) ()
Ly S2 = D(Veg) + (1= D) (Ves + Ve — V) 0
Ly S = D(Vgg) + (1 = D)(V — Vs) @3)
Lyt = D(Ves = V) + (1= D)(=V,) (4)
€152 = D(=ipy) + (1= D)(izs — ip3) (5)

dat
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aVesr

€52 = D(ipy) + (1 — D) (=ip3) (6)

€358 = D(—igy — ipa) + (1 = D)(ips — i13) ~ (7)

€4 T2 = D(ips — i13) + (1 — D)(—iz3) ®
5 2% = D(—igy) + (1 =~ D)iyy ©
0 582 = D(ig — 1) + (1 = D) (izs — Io) (10)

Which, D denotes duty cycle of the power switch (S).

A. Average Voltage and Current of the Energy
Storage Components
By applying the volt-second balance principle across the
circuit inductors of the converter and using (1)-(4), the average
voltage across the capacitors of the converter can be achieved
as follows:

Vei =V = IV_"; (11)
Vez =Vey = ilil; (12)

65 = o (13)
Veo = Gope (14)

Moreover, using the current second balance of the circuit
capacitors, the average current value of the inductors of the
converter can be obtained as follows:

4DI
1= —(1—022 (15)
DI
I =13 = 1_:, (16)
Iy =1,
()]

According to equation (14), the voltage gain ratio of the
suggested topology is increased exponentially versus the duty
cycle in quadratic form, which leads to create an ultra-high
voltage gain ratio.

B. Considering Parasitic Elements

Equation (14) shows the ideal voltage gain ratio of the
proposed topology. However, the parasitic resistances of the
components including inductors (r.), switches (rs), and diodes
(rp) are affected to the performance of each topology. The
presence of parasitic resistors causes a drop in the voltage gain
ratio of the converter, especially in high duty cycles. In the
proposed topology, after the inclusion of these parasitic
components, the non-ideal voltage gain is obtained as follow:

Vo _ _4D ( _TL_4D _rs_4D?

Vin  (1-D)2 R (1-D)* R (1-D)*

rp 4D

?(1—0)3) (18)

Regarding (14) and (18), the ideal and non-ideal voltage
gains of the presented topology have been compared in Fig. 4.
From this figure, in the duty cycle range 0<D<0.5, the value of
the ideal voltage gain is almost close to the non-ideal gain; thus,
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their difference can be ignored.
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Fig. 4. Ideal voltage and non-ideal voltage gains of the
proposed converter.

C. DCM Performance Analysis

D.1. Boundary Between CCM and DCM

In the proposed circuit, the boundary condition between
CCM and DCM performances occurs when the input current
reaches zero at the end of the switch period, in which case the
currents of the diodes D; and Ds fall to zero at t=t,. Fig. 5
shows the current waveforms of the input inductor and the
diodes D; and D3 at the boundary operation. With the help of
converter operation modes, the slope of m; and m; of the input

inductor current can be obtained as follows:
Vin

Lip
_ —DVin
M2 = L sa-n) (20)

Given the average value of input inductor current, and using
(19) - (20), the boundary condition of the input inductance is

derived as:
DR

2.f Mcem?
Regarding (21), the voltage gain, output load, and switching
frequency affect the boundary condition value of the L;.

L1tminy = (21)

D.2. Discontinuous Conduction Mode (DCM)

Fig. 6 illustrates the current waveforms of the input inductor
and the diodes D; and Dz under DCM mode. In DCM
operation, according to the structure of the proposed topology
and also by applying the volt-second balance principle on L;,
the average voltages of C; and C; are derived as follows:

Ver=Vez = ﬁVi (22)
Which A is the time duration t,<t<ts, which the diodes D;

and D3 turn-off. In addition, the voltages of the other capacitors

are achieved as:

2(1-4)

o Vi (23)

Eventually, the voltage gain of the converter in DCM

operation is obtained as follows:
Vo _  (1-A)4D
Vin  (1-D)(1—-D—A) (24)
From (24), the time duration 1-A as a function of the

Ves =Vea =

MDCM -

proposed converter parameters can be determined as:

1- A= Q0pen” (25)
Which, Q is defined as:
2L fs
Q=2 (26)

With substituting (59) into (56) and after rearranging, the
voltage gain of the suggested circuit at DCM condition is
calculated as:

_ Vo _ 4QD+2D+/Q(4Q+(1-D)?)
Mpey = v 20(1-0) (27)

D. Efficiency Interpretation
The power loss mechanism of the suggested circuit is
provided in this part. The key parasitic parameters of the
proposed circuit are listed in Table 1. The power loss of the
power switch can be taken by

1 L= 1 St=
Ps = 3= Vs (5™ tn) + 7= Vs (i M tors) +

Tpscony- Is(rms) (28)
16D rg (29)

ST (@-p)*R'°

Here, ™", i;=°f T are the switch current values at turn-on,
turn-off instants. Also, the power loss of the diodes can be
achieved as given below:

_ 2
Ppi = 1pi-Ipmsy T Vepi- Ipave) (30)
DTs (1-D)Ts
D s I T ulut i
Vs
>t
i m m2
> t
. A
Ip1
> t
A
ios \
; > t
to t1 t2!

Fig. 5. The current waveforms of L1 and Diodes D1 and Ds at
the boundary condition between CCM and DCM mode.
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Fig. 6. The current waveforms of L1, D1 and D3 at DCM. x(t) =
; Output power varying Inductor type varying Switch type varying
= 1
0.8 0.8 0.8
> > First type > First type
206 206 Second type 206 Second type
0 o Third type 9] Third type
] 3] k3)
a: 0.4 E 0.4 E 0.4
= Output power 10 W [83) m
Output power 50 W \
02 Output power 100 W 0.2 0.2
0 " 0 — 0 .
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@) (b) (©
Fig. 7. Theoretical efficiency of the presented converter versus duty cycle and parasitic parameters.
P _ 10D—-6D?2 V I 31 [iLl iLZ iL3 iL4- VCl VCZ VC3 Vc4_ VC5 VCO]
D — — 2 VFD.Jo (31)
(1-D) (36)
Besides, the power dissipation of the circuit capacitor is: . . .
p o 2 (32) To obtain the state equations of the converter, it is necessary
cap.i a-3 Ci(RMS) to consider the parasitic resistances of the middle capacitors
11D+D3 rp . . . . .
= 0y ?PO (33) Icy, Iz, fes, and req in series with the capacitors. According to

Finally, the power loss of the magnetic components can be
estimated as:

Py = T Ili + Peore
3D*-8D3+24D%—4D+171y

D) B P, (35)

Fig. 7 (a)-(c) shows the effect of the parasitic parameters of
the proposed circuit versus the duty cycle per the theoretical
efficiency. From these figures, the proposed converter can
provide high power-handling capacities at high voltage gains.

(34)

PL_

TABLE 1 THE PARASITIC PARAMETERS OF THE

CONVERTER.
Parameter Description
IDS(ON) ON-state resistance of the active switch (MOSFET)
ton , toff Turn-on and turn-off times of the switch
Ts The switching cycle time of the single switch
ESRi Equivalent Series Resistance of the converter capacitors
VEDi Threshold voltage of the converter diodes
o Diodes’ Resistance in Forwarding State
Ilin, N Parasitic resistances of the magnetic components (Lin,and

o))

IV. Derivation of the Small-Signal Model

In this part, the small signal derivation along with analyzes
of the low-frequency behavior of the presented topology are
provided. For this purpose, the state-space averaging technique
is used [35]. In order to simple modeling of the circuit, the
state-space averaging method is used. The state variables of
the system include the inductor currents and capacitor voltages.
Thus, the state vector of the proposed converter is defined as:

the converter structure, the state equations of operating mode |

(to<<t<t,) are expressed as:
dlLl

Li—2=V, 37)
L, d:thz =Ls d;Lts = —XiTcaly, — XaTealsy + XoTeaVes +
(1 —Xo7ca)Vea (38)
L,—2 dlL4 = Ves-Veo (39)
(9 % = X3(Vez — Ver) (40)
C, @ =X3(Ver — Vi) (41)
3 “Z? = (= D, + (4 = D, = XolVes + XoVea 42)
c, dVC4 = —Xqiy, — Xyip, + XoVes — XoVea (43)
. ch5 _— (44)
c, % =1y, = % (49)
The state equations of mode I (t,<t<ts), are given as:
Li—= dlLl = Vin = X3Xyiy, + Xarcaiy, + (=1 4+ X3)Veq +
X3VC2 - X3VC3 (46)
L, % "“Lz =1, ‘“L3 = 0.5[X,7c3Ver — Xeiy, + (rea +
XzTc3 )iy, — X17”c4iL3 + (1 = Xo7c3)Ves + Vea — Vs ](47)
L,—2* dlL4 =—Veo (48)
Cy dVCl = Xo(rcz +71¢3)i, — XoTeslin, + X, (Ve —
Vea + Ves) (33)
G, chz = [Xo(re2 + 1e3)—1]i, — Xoreais, + Xo(=Ver —
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Voo + Ves) (49)
Cs dZ? = —[Xa(rcz + 1¢3)—1lip, + (Xares—1)ip, +
Xo(Ver + Vo2 = Vo) (50)
et =, (51)
Cs g =, (52)
Coget =, =7 53)
Where, Xo-Xs are defined as follows:
0= rcaim X1 = rC:er ) A2 = m :
2= e (54)
Xy =Tz +7g3 X5 = Tﬂircz , Xg = 0.5(rz4 —
Xores? = 7e3) (55)

The simulation results of the frequency response (Bode plot)
control-to-output voltage (Vo/d) transfer function of the
presented circuit is provided in Fig. 8. Also, the dominant pole
and zero map of the transfer function is depicted in Fig. 9. The
values of simulation parameters are selected as Vi,=20V,
DZO.S, R=200 Q, L= O.2mH, Lo= Ls= 8mH, Ls= 5mH, Ci=
Cy4= C5-200u F, C,=220u F, C3=C,=100uF and rc1=0.1 Q rc»=0.2
Q, rc=0.1 Q, rc4=0.1Q. Regarding these figures, the suggested
converter is stable without right half-plane (RHP) zero
(minimum phase behavior (MP). This behavior is due to the
use of an inductor in the output of the circuit (L4), which leads
to the continuity of the circuit current on the output side and
therefore the MP behavior. It is noteworthy that one of the
prominent features of most current-fed high step-up converters
is NMP behavior which led to an inverse response, narrow
bandwidth, low transient response and destabilization in higher
voltage gain.

V.  Comparison with Other Topologies
In this part, a comparative study between the presented
quadratic high voltage gain converter and other similar
converters is provided. For this purpose, some typical key
indicators including the number of components, voltage
conversion ratio, input current ripple, minimum phase
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Fig. 8. Bode diagram Control-to-output transfer function Guo-d

of the proposed converter.
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Fig. 9. Root locus graph for control-to-output voltage transfer
function Gvod.

behavior, and voltage stress are considered, which are
summarized in Table 2. From the table, the converters in [3],
[29]-[32] have minimum phase (MP) behavior which leads to
a fast transient response. Also, low input current ripple is the
main demerit of the converters in [17], [19], [32] and [3] that
limits their applications for RES. Moreover, converters [28]
and [12] suffer from the lack of common ground between input
DC source and output load.

Fig. 10 represents the voltage gain comparison of the
converters given in the comparison table. Regarding this figure,
the proposed converter along with the converters in [11], [12],
[17] and [25] can provide higher output DC voltage gains than
the other counterparts. However, these converters suffer from
a high input current ripple (in [17]), the lack of common
ground (in [12]), NMP behavior (in [11], [12], [19], and [25])
and use two active switches (in [17]). Also, among MP
structures, the proposed converter has a higher voltage gain.
Moreover, the experimental efficiency along with the
characteristics of the circuit implemented in different
converters was prepared in the comparison table. According to
the table, compared to other converters, the proposed converter
is able to provide proper efficiency.
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Fig. 10. Total voltage gain comparison.



31

A New Quadratic ...

/Gholizadeh, et al

TABLE 2 PERFORMANCE COMPARISON OF THE PROPOSED CONVERTER WITH OTHER COUNTERPARTS.

Converter No. of Low Input Minimum'Phase Maximum Maximum Common Sampl_e _proFotype
Components Voltage Gain ~ Current Behavior Voltage Stress  Voltage Stress on specifications
SIDICIL Ripple on Switch Diodes Ground Vin/Volfl Po/Eff.
v v
+ 0 es Z .07
3 2/4/5/1 2+D N Yes 0 0 % 26V/44V/50 KHz/100W/92.89
2+D 2+D
2 —D)? N v v
Sl es 0 0 0 Yes  10V/70V/50 KHz/ 200W/88%
11 1/5/4/2 2-D) Y
(1-D)? 2-D 2-D
4— 2D+ 2D? N 1+ D)V, 1+ D)V,
[12] 0 B Yes 0 @+ Dy, a+Dyv, No ;
(1-D)? 4—2D+2D2  4—2D + 2D?
2-D No 1-D 1
PR - [ — V 0,
[17] 2/5/4/3 S No " Ty Yes  24V/340V/20KHz/ 500W/93%
— 3D + D? N -
[19] 2131312 3-3b+ D7 No 0 Yo @=D)% Yes  20V/190V/25 KHz/ 123W/94%
(1-D)? 3—3D + D2 3—3D + D2
3-D 2V, 1+D
es _ es Z 7
25 V6413 a0y v No s (o Yes  20V/200V/50 KHz/ 100W/899
1+ 2D — 2D? N
Srem e es 0 Yo Yo Yes  24V/222VI50 KHz/ 200W/90%
27 1/5/6/4 Y
(1-D)? 1+2D—2D2  1+2D-2D?
1+ 3D — 3D? N
Sr R oP es ° Yo Yo No  20V/200V/50 KHz/ 180W/90%
28 1/6/8/5 Y
(1-D)? 1+3D—-3D2 1+3D-3D2
D(2-D) Yes Yes V, v, -
D
P E— es — — es Z 0
30 2021313 v Yes Yo Yo Y 18V/48V/40 KHz/ 48W/89%
(1-D)? D D
D(1+D
[31] 213/4/3 ﬁ Yes ves % % Yes ;
D? %
[32] 2121313 . No & Yo Yo Yes  20V/100V/50 KHz/ 100W/92%
(1-D)? D D
Proposed 4D Yes %4
P 1/7/6/4 — Yes Yo 2 Yes  20V/160V/50 KHz/ 80W/93%
Converter (1-D) D D
. . . (1-D).V,
—_— 61
V. Design Considerations 0> SLadVurfs? (61)

In this part, the design considerations of the presented
topology are discussed. Duty cycle of the power switch is
achieved from the desired voltage gain ratio (14) as:

D= zc+4;;h/m (56)

In (40), G is the voltage conversion ratio of the circuit. Due
to the degrading effects of high current ripple from RES such
as short lifetime, circuit design in CCM with low input current
ripple is preferred. Considering allowable input current ripple
(4lin= 20%.1Ii), the minimum value of the input inductance L,

of the converter can be determined as:
L > ViiD _ VinD
Alin.fs Alin.fs
Where, fs is the switching frequency of the single power
switche. Moreover, the proper values of the other inductors of
the proposed circuit (L2, Ls and L) are calculated as:

(57)

2D.V;
L mn
2> Alp.(1-D)fs (58)
2D.V;
Ly >——n 59
37 As.(1-DYfs (59)
(1-D).V,
0% 60
T Mpafs (60)

Based on the allowable output voltage ripple (AV,,), the
value of the output capacitance C, can be given as:

Furthermore, the proper values of the other used capacitors

2D.1,

AVe1(1-D)fs
2D.I,

AV (1-D)fs
D(1+D).I,
AVe3(1-D)fs
DI,
AVeafs
DI,

AVesfs

G

C, >

3

Cs >

the presented circuit can be designed as:

(62)
(63)
(64)
(65)
(66)

With the help of this non-ideal voltage gain, the real
maximum voltage rates across the semiconductor elements can

be determined as follows:

4V;
Vs =Vp; = (1_5;2

Vp1 =Vpy =Vp3 = 1
Vpa = Vps

_ 2Vin

1-D

_Y

-D
1-D)V,
_a-owe

.a
D

Vin _ (1-D)V,

4D

2D

Which, « is defined as:

1
a =

ry, 4D

(x

rs 4D?

R(1-D)* R(1-D

D 4D)

)4 R (1-D)3

(67)
(68)
(69)

(70)
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VI. Experimental Validation converter in the sample prototype of the introduced circuit.

In order to verify the performance of the introduced circuit, ~ AIso, the measured voltage stresses of the switching
an 80W sample prototype with an input voltage of Vi;=20 V components (MOSFET and diodes) components are pre_sen_ted
and V,=160V was built in the laboratory. The specifications of in Fig. 11 (b)-(e). The current waveforms of the switching

the components used to implement this sample prototype are components of the proposed converter are illustrated in Fig. 11
summarized in Table 3 (F-(1). Also, Fig. 11 (m) presents the experimental results of
Fig.11 (a) shows the DC voltage of the output load of the the dynamic responses of the output voltage and the output

I

| - . - | SR R SANE S

| . N . K - 1 [ : : : : : H :

, - N : : ] - -

i [0 e ] - : 1A¢ | I (16 mmicra e : 1A ¢

(k) 0] (m)
Fig. 11. Experimental results. (a)Vo and Vin (b) Vs (¢) Vs, Vs, (d) Vb1, Vos, (€) Vo7, Vbs, (f) Iz, Ips, () Ib, los, (h) lo7, lo, () IL1, Iz, (K) o7, lo,
() s, ILs, (m) Dynamic response of the output voltage along with the output load current of the proposed circuit under the output load changing
from R.=320Q to R.=160Q.
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Fig.12. (a) Current ripple value of the input inductor, (b) Experimental efficiency of the proposed converter versus the output power.
Output power changing . Inductor type changing
100 e — ' '
""::.T__%E - _&":—7-“_ -
80 | = 80 )
= 60 = 60
= 2 5
'S g AN
= 40t 5 : 40 L
= - P \‘x‘ = —+&—Firstinductor type
20 F Output pawer ll:l“.. , 20 | |—B— Second inductor typa \'-J
#— Dutput power J0W p Third tnductor typs
Cutput power 100W X -
0 i]
0.2 0.4 0.6 0.8 1 02 0.4 0.6 0.8 1
Duty cycle Duty cycele
@ . | (b)
Switch type changing Diode type changing
100 . — v 100
-..—__%?__ "'-jv;___;?lt:——{}_\___\_‘&
80t \Z\ BO | TR TN
5 % % Y
= G60f oY = 60
= e \ = \.-\.
Q -’{ =] A\
= 40 A ‘b = 40 *
= —&— First switch typa "\_\L = —&—Firstdioda type
20 £y Becond switch type Y an | —&— Sacond dioda type &
Third switch typs ] Third diedz typa
D i i G L 1 I
02 0.4 06 0.8 1 0.2 04 0.8 0.8 1
Duty cycle Duty cycle
(©) (d)

Fig.13 . Experimental results of the efficiency versus, (a) output power, (b) inductor types, (c) power switch type.

TABLE 3 KEY PARAMETERS OF PROTOTYPE SETUP.

Parameter Values
Output Power (Poy) 80 W
Input Voltage (Vin) 20V
Output Voltage (Vo) 160 V
Switching Frequency (fs) 50 kHz
Capacitors C; —C, 190 pF
Power Switch S IRFP250
Input Inductor Lj, 210 pH / EE42/21/20
Inductors L, Ls, Ls 2 mH load current of the introduced circuit at a step change in the
Diodes D; - Dy SFF100-04CT

output load from R(=320Q to R=160L.

In addition, according to Fig. 12 (a), the input current is
continuous with low ripple. From this figure, the value of input
current ripple in the proposed converter is about 0.4A.
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Moreover, the experimental efficiency of the proposed
converter under the output power is provided in Fig. 12 (b).
regarding this figure, the maximum efficiency of the suggested
topology is about 0.93%.

l. Conclusion

A new transformerloss high voltage gain of quadratic CUK-
based DC-DC converter with low input current ripple has been
suggested in this paper. The introduced circuit provides unique
features, including minimum phase behavior, high voltage
gain ratio, enough high efficiency, and common ground
between the source and load sides. Operating principles along
with the steady-state analysis of the proposed converter are
thoroughly explained. Then the converter is compared with
other similar circuits, and the advantages of the suggested
topology are shown. Moreover, the low-frequency behavior of
the introduced circuit is obtained and its minimum phase
feature is analyzed. The experimental results from a sample
prototype 80W, 20V-160V have verified the feasibility of the
presented converter design. Moreover, the sensitivity analysis
of the efficiency and voltage gain at different inductors,
switches and diodes are provided.
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Employing discrete-time techniques, the min-time control of continuous-time dynamical
systems is mainly studied through an analytical framework. To this aim, the exact
discrete-time model of the linear time-invariant systems is specified through a zero-order
hold. The optimal solution could be directly determined from some necessary conditions.
However, the structure of the optimum control sequences is derived by utilizing the well-
known Pontryagin principle. Employing the state transition matrix, the states of the
control system are computed at the switching times. The switching times of the control
signal would be found from a set of nonlinear algebraic equations. Accordingly, the
transformation of the system’s states, from a known initial point to a specific value,
would be accomplished in the minimum possible time. Applying the proposed scheme,
the exact (integer) values of the switching times and the final time are numerically
determined from the solution of an algebraic equation. Several discrete-time and
continuous-time examples are discussed and simulated to show the feasibility and
effectiveness of the suggested procedure in the dynamical systems. The simulation
results confirm the method’s advantages over the existing ones.

T Sampling-time
N Number of samples

NOMENCLATURE
x(t)  The states of continuous-time system A, B,  The matrices of continuous-time system
u(t)  The inputs of continuous-time system A, B The matrices of discrete -time system
Xy The states of discrete-time system m Number of control inputs

Uy The inputs of discrete-time system

n Number of system’s states
I 1 Two-norm of a matrix
det(.)  Determinant

I.  Introduction
In the optimal control, satisfying some constraints on the

(LTI) model without input limitation, the min-time control has
not an optimum solution [1]. Considering quadratic cost

inputs and the outputs, the profile of the system’s input is
reshaped to minimize a known cost function. Deriving
necessary and sufficient optimality conditions, the optimal
control can be formulated in the dynamical descriptions. Most
times, there may not be a systematic guideline to the solution
of the optimal control. Hence the approximated techniques
have been interested in the control applications.

The control efforts may be not optimally found in many
applications. Moreover, the optimal control does not have a
unigque solution. As an example, in the linear time-invariant

functions, the optimal control of the unconstrained LTI
systems has a unique solution. Due to the emergence of a two-
point boundary value problem, determining the optimum
solution exactly may have some complexities via the analytical
ways [1]. Because of such difficulty, it may be of interest to
focus on suboptimal or near-to-optimal control policies [2-5].
Numerical methods like the wavelet tool and iterative
mechanisms may be utilized to determine the approximated
solution [6, 7]. Using semi-definite programming, an optimal
control is addressed for piecewise affine systems [8].

Copyright © Author(s).
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In the min-time problems, the input shape is selected such
that the goal would be satisfied in the minimum time. Usually,
the bang-bang compensator is reduced to a min-time control.
Compared to the other forms like minimum fuel or energy, the
solution of the min-time has extra obstacles. The min-time
control has been applied in the aerospace vehicles [9]. The
optimal guidance issues may be treated as a control system
[10-12]. Hence, achieving the exact solutions would be helpful
in such cases. The phase plane is a graphical tool for the min-
time control in the second-order systems. Although the phase
plane is efficient, it cannot be generalized to the high-order
models [1]. In the constrained models, a numerical framework
is developed for finding the solution of the optimal control
problems [13].

There have been some attempts to the min-time issues. As
an example, the min-time is studied in controlling a stepping
motor [14]. The min-time control is robustly assessed in
constrained discrete-time descriptions [15]. Employing a non-
smooth optimization, the min-time problem is discussed in
discrete-time linear systems [16]. The algebraic solution is
examined in min-time velocity planning [17]. The min-time
control is optimally found in the LTI model with real poles
[18]. The fast solution of the min-time problem is computed in
low-thrust transfer with eclipses [19]. Based on lattice theory,
the min-time is solved in speed planning [20]. The solution of
the HIB min-time is revealed via multilevel techniques [21].
Insuring dead-beat property, an optimal control law is
designed in continuous-time dynamical systems [22]. The min-
time control of Boolean networks is performed via a fast
graphical approach [23]. Concerning smooth transition in
communication topology, the minimum time formation control
is studied in an underwater vehicle [24]. Based on Pontryagin
principle and penalty functions, the predictive control is
formulated in continuous-time nonlinear systems [25].

The min-time problem with a limited input signal may not
have a solution due to the imposed nonlinearity. However, the
optimum control effort can be explicitly obtained in the
feasible cases. Recently, relying on a state transition matrix,
the min-time control is formulated and solved in the
constrained continuous-time systems [26]. Thinking of such an
idea, the control input would contain some additive pulses at
the calculated time-instants. So, the control aims may
disappear due to the sensitivity to the inaccurate and
approximated time-instants. Such a drawback can be
significantly handled in the discrete-time form. Hence, this
point motivates the author to study the min-time property in
the LTI plant under input limitations and sampled-data control.
Thus the minimum time and the switching instants will be
computed by the addressed algebraic equation. As a result, the
optimal control signal can be explicitly determined in typical
LTI systems. Compared to the previous studies, finding some
integer numbers, corresponding to the switching instants,
would be the main advantage of the current work. Therefore,

the sensitivity of the overall performance is effectively
diminished via the discrete-time models. To implement such
an idea, the optimal inputs are first computed from an algebraic
equation. Then the corresponding differential or difference
equations are solved via a recursive scheme.

The structure of the paper is divided as follows: In Section
2, the well-known min-time control is formulated in the
discrete-time linear systems with a constrained input. To
compute the optimal control signal, the key results of the paper
are presented in Section 3. To show the method’s feasibility,
some examples are analytically reported and simulated in
Section 4. The concluding points are briefly provided in the
last section.

Il.  Problem statement

Consider the following constrained LTI systems:

X =A.x+ B.u, 1)
where x(t) € R™ is the state vector and u(t) € R™ is the
control effort. In (1), the input signals are constrained by
lu;(H)| <1, i =1,2,..,m, while the matrices A, € R™"
and B, € R™™ are some given terms. It is desired to find an
input u(t) such that the states of the dynamic (1) move from
the initial point x, to the final value x(t;) in the minimum
possible time. So the cost function that is to be optimized is
J =, 1dt.

It is established that the control signal involves some square
pulses at some time-instants [26]. Notwithstanding, the
switching times should be calculated with special precaution.
To handle such a complexity, (1) is discretized under
sampling-time T;. Imagining a zero-order hold (ZOH) in the
system’s input, the equivalent discrete-time model can be
found as

Xi+1 = AXy + Buy, @
where A = e4<™s and B = fOTSeAcTBCdr. Moreover, the cost

function would be rewritten as J = T, >3-4 1. Concerning the
control limitation (uy, = [W1k U2k Ui ], |ugl <1,
i=12,..,m)and t; = NT;, N inputcontrol sequences will
be determined to transform the system’s states from x, to xy
in the minimum time.

Assumption 1. To guarantee the control aim in the minimum
time, the following condition holds:
AN -1
eIl < AN 1ol + 181 55— ©
The right hand side of (3) with respect to N would be

increasing if Ln(IIAII)(I|x0||+”/|m1) > 0. Based on the

discrete-time state transition matrix, to fulfill the control aims,
an analytical framework is developed in the next section.

I1l.  Main results
The control aims would be fulfilled by finding some
appropriate control signals u,. To this, the main results of this
paper is presented as follows:
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Theorem 1. In the LTI system (2) with Assumption 1, for
some sequences uy, k=0,1,..,n—1 with |uy| =1, i =
1,2,...,m, if there exists integer numbers k;, i =1,..,n,
such that the following identity has a solution:

xy + (A—D"'Bu,_,
= A*n(xy + (A — D)"'Buy) @)
+ X0 AR (A = DB (U — uyy),
where k, = N and x, = xy, then, by applying the control
sequence:
U, 0<k<k

I L0 ki <k <k,
k= :

Q)
Up_1, kn1 <k<k,
the system’s states move from x, to xy in the minimum
possible time.

Proof. To solve the optimization issue, as reported in [1],
the Hamiltonian function is constructed as

H = 1 + /‘1£+1(Axk + Buk) (6)
Hence the stationary condition would be reduced to

OH

o0 = B Aan = 0. ™

As a consequence, it fails to find the optimum inputs. The
Pontryagin principle is utilized as follows [27]:

H (g e, Aer1) < H (g, ey Ay ) ®)

Then the following condition is obtained:

A1 Bujy € haBuy, luge <1,

- 9)

i=12,..,m.

Accordingly, the optimal control sequences are found as
uj, = —sign(1%4,B). Therefore, the control signals are kept
within the boundaries of the limitations (i,e,. uj, = 1, i =
1,2,..,m). Drawing the phase diagram of the open-loop
system corresponding to uj = +1 and uj, =-—1, it is
shown that there are at most n— 1 switching instants
(namely, ki, ko, ...,kqn—q ) in the control signal [18].
Resultantly, the control sequences are interpreted as the
following:

Ug, 0<k<k

Uy, ki <k <k,

U = (10)

Up_1, kno1 <k <k,
The state values at the mentioned instants are calculated as
follows:
xp, = AMixg + (A7'B + -+ B)u,
xy, = Ake My, + (A2 7FTIB 4 4 By
: (11)
Xy, = Aln~Hnmix,
+(Aknkn-171p o+ BYu,
where k, =N and x,, = xy.
The explicit response of the discrete-time system (2) is
x, = Akxy + Yk L A1 By, (12)
Utilizing the triangular inequality, the two-norm of x;,, may
be written as:

Min-Time Control of Discrete-Time Linear Systems / V. Ghaffari

il < NAlFllxoll + ZESS AN IBII. (13)
So the last condition would be directly obtained from (12).
In the condition which det(A —I) # 0 holds, we have:
[+A+A2 4+ +AT =T -DA-DT
=[A-D"11-D).
The optimal control may have not a solution. For example,
there is not a feasible solution in the following conditions:

N 4N -1
eIl > A ol + 1BI = (15)
The right side of (15) with respect to N would be

increasing if ||A]l > 1 holds. Moreover, guaranteeing

IAll < 1, such the sequence could be increasing if lmll <

llxn Il = llxol. Using the property [|A||Y < 1, the condition
lxoll + 1Bl 7 < Iyl leads to (15).
The identities (11) are characterized as:

x, = Afixy + (A = D(A = )7'Buy,
[xkz = ARk, 4+ (AR — (A - DBy,

Xy, = A Raxy + (ARs7*2 —)(A - )7 Bu, (16)

(14)

xy, = Afn -1y

+(Aknkn-1 — N(A - I)"'Bu,,_,

The identity (11) may be modified in a compact form. As an
example, for the second-order case (i.e., n = 2), we have:

xi, = A¥2xy + (AF2 — Ak27F1) (4 — D)7 Bu,

n

17
+(A*27%1 — (A — D™ 'Bu,. (7
Thus
X, + (A= D7'Buy,
= A*2(xy + (A= D7'Buy) (18)

+A*%27*1 (4 — DB (uy — uy).
Similarly, for the third order model (i.e., n = 3), we have:
Xy, = Af3xy + (A% — A¥s7k1) (4 — )7 Bu,

F(AksRL — gk (4 — [)71By, (19)
+(4*s k2 — (A — I)"'Bu,.
Then

X, + (A—1)7"Bu,
= A% (xy + (A — I)"'Buy)
+A¥s *1(A — D71B(uy — uy)
+A*s7*2(4 — D71B(u, — uy).
Therefore, for a typical order n, the optimality condition is
generalized as:
xy+@—-D"1Bu,_,
= A*n(xy + (A — )"*Buy) (21)
+ X AT (A = DT B (U — ).
It completes the proof. o
Remark 1. The addressed strategy can be divided to 2™*"
cases. In each one, it leads to a set of n variables and n
equations. Thus the min-time solution would be exactly found
for a typical description. Moreover, such a process is
performed in an off-line way. Accordingly, the complexity due

(20)
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to the execution time may be handled via powerful software
packages along with upgrading the hardware.

Remark 2. Although the above closed-forms are
corresponding to det(A —1I) # 0, employing (11), similar
conclusions can be obtained for the discrete-time systems with
det(A—-1) =0.

Remark 3. Mathematically, the transition time among the
switching signal happens in zero seconds. However, jumping
from uy = —1 to uy = +1 may be challenging points in
practice. Additionally, by smoothing such a sharpness, the
minimum time property would disappear in the system’s
response.

IV.  Numerical examples
In this section, to validate the applicability of the suggested
procedure, several min-time examples are studied in discrete-
time and continuous-time models. All simulations are
performed via Matlab R2016b.
Example 1. Consider the discrete-time model (2) with the
following data:

a=[37 o3 B=[gsl

It is of interest to move the system’s state from x, =
[1 —1]7 to xy =[3 1]7 ina minimum time. To find the
optimal control, the state transition matrix is calculated as the
following:

Ak = Z27Y(z] — A)~'z}
3 1 3 3
%(o.s)k - %(0.4)’< %(o.s)k + Z(o.4)k '

The optimum solution would be computed from the
following equation:

xy +(A—-D"1Bu,

= A*2(xy + (A — )"*Buy,) (23)
+Ak27k1 (A = )T B (uy — uy).
Then

9 5 3 5
ol = [afw = % ([ 2] = 3] w)
—Aka=k1 [i] (uy — up).
Subsequently, the identity (24) is investigated in the
following cases:
A) When u, =+1 and u, = +1, then (24) may lead to
36(0.8)%2 = —12 and 19(0.4)%2 = 7.

B) If uy, =41 and u, = —1, then (24) would be reduced to
7

{2(0.8)"2"‘1 — (0.8)k2 =2

S (25)
19(0.4)k2 - 14(0.4)k2—k1 =7

C) Substituting u, = —1 and u, = +1, (24) is simplified as
1

{ (0.8)*2 — 2(0.8)*27k1 = !

5(0.4)% + 14(0.4) k1 =7
D) If up=-1 and u, = —1, then (24) would lead to
36(0.8)k2 = 84 and 5(0.4)kz = —7.

(24)

(26)

Accordingly, it is clear that there is not a solution in all the
cases. This problem may be checked by concerning the
allowable upper bound as the following:

= 1AM gttty s g 27
En = 1AM [Ixoll + 1B , N=1. (27)

[lAll-1
In this example, we have:
IIA]l = 0.8319, ||B]l = 0.5099, ||x,|l = 1.4142.
Thus (27) is determined as
&y = 3.0333 —1.6191(0.8319)", N > 1. (28)

Checking  Ln(ll4ll) (Ilxoll + L21) = 0298 > 0 , it is

llafl-1
clear that &y is an increasing sequence (¢y < 3.0333). The
mentioned condition is obtained via differentiation of &y =

N lalN-1
AIM lxoll + 18I A=

[lxyll = 3.1623 > &,. So, Assumption 1 does not hold and
there is not a solution to the min-time control of Example 1.

with respect to N. In Example 1,

Example 2. Consider the min-time control of the following
discrete-time model:

a=lo7 03 Bl w= (1] andw =[]

In Example 2, ||A|l =0.8319, |[|B||=2.2361, and
|lxoll = 1.4142 . Using Assumption 1, (3) is reduced to
(0.8319)" < 0.3953. So, there exists the integer N =6
such that Assumption 1 holds. Similar to Example 1, the state
transition matrix is

3 1 3 3
_ 2(0.8)" + 1(0.4)" 1(0.8)" - 1(0.4)"

2(0.8)K = 2(0.4)% 1 (0.8) +2(0.4)%|

The optimal control is derived via the following algebraic
equation:
xy + (A—D7'Bu; = A% (xy + (A — I)"'Buy)
+AR2k1 (A — )T B (uy — uy).

Ak

Then
|35l - 257 ]
= (2] - 25 [g7]w) @)

—Akz=k125 [éﬂ (ug — uy).

To quantify the optimum solution, the following cases are
taken into account:
A) If uy=+1 and u, =+1, then (29) would lead to
(0.8)%2 = 1.8 and 37(0.4)*2 = 49.
B) When u, = +1 and u; = —1, then (29) may be reduced
to
[26
10
_ [-135(0.8)%2 + 37(0.4)*> + 270(0.8)¥271 — 50(0.4)*>=*1
~ | —45(0.8)%2 — 37(0.4)%2 + 90(0.8)k27¥1 + 50(0.4)k2"F1
It may be modified as:
{ 2(0.8)k27k1 — (0.8)k2 = 0.2
50(0.4)*27%1 — 37(0.4)k2 = 1’
C) If ug=-1 and u, = +1, then (29) could be simplified
as:

(30)
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48.5
- [32.5
_ 135(0.8)k2 — 13(0.4)*2 — 270(0.8)*27*1 + 50(0.4)*2=F1
" | 45(0.8)%2 + 13(0.4)k2 — 90(0.8)*2~*1 — 50(0.4)k="k2 ]
It equals to
{2(0.8)"2"‘1 — (0.8)k2 =18
50(0.4)*27%1 — 13(0.4)k2 = 49’
D) Substituting uy=-1 and u, = -1
(0.8)k2 = 0.2 and 13(0.4)* = 1.
Consequently, no solution is anticipated in Cases A, C and
D for (29). There is also a solution for Case B. But it is not an
integer. However, taking k; =8 and k, = 18, the final
value xy =[-6.9538 —5.0951]7 would be touched in
Example 2. The induced errors are directly related to the
integer values of k; and k,. Although it is not an exact
solution, it is sufficiently near to the desired final point. As
shown in Fig 1, the optimum control sequences are found as
+1, 0<k<8
e = {—1, 8<k<18 (32)
Moreover, the states of Example 2 are illustrated in Fig 1.

@31
, (29) leads to

10
e
- * *
il ok

***

oo ook

1 1 1 1 1 L 1 1 1
0 2 4 6 8 10 12 14 16 18
k

****

5 © 4 2 o 2 4+ & s
Fig 2. The state’s trajectory in Example 2
In the phase plane, the corresponding trajectory is plotted as

seen in Fig 2. Accordingly, the control aims are effectively
verified via the min-time control signal (32).

Min-Time Control of Discrete-Time Linear Systems / V. Ghaffari

Example 3. Consider the following second-order
continuous-time dynamic:
y=u, (33)

where y is the position and wu is the acceleration. The
acceleration is limited by |u(t)| < 1. Itis desired to move the
system’s states from y(0) =1, y(0) =—1 to y(tf) =2,
y(tr) =0 in the possible minimum time. The state-space
representation is

._[0 1 0
x—[o O]x+[1]u. (34)
Including the block ZOH, the equivalent discrete-time
description is

1
~T2?
X1 = [ ° Xk + [2 s ] Uy (3%)
T
Taking the sampling-time T, = 1, the discrete-time model
is found as:

1
A= [(1) ﬂ B = E] (36)
The condition (3) is simplified as 1.1817 < (1.6180)". So,
Assumption 1 can hold for integer N > 1 in Example 3. To
move the states from x, =[1 —1]" to xy =[2 0]7 ina
minimum time, the optimality condition is written as the
following:
xp, = Afxy + (A7 + -+ DBy,
{xN — Akz—k1xk1 + (Akz_kl_l + 4 ])Bul
The singular condition det(A —I) = 0 takes place in this
example. The condition (37) can be written as:
xy = AF2xy + Ake7k1(Ak1 4 ... 4 [)Bu,

@37

38
+(Ak2"k1m1 4 oo 4 DBu,. (38)
The state transition matrix is disclosed as
k1 k
A = [0 1]. (39)

The identity (38) is reduced to

HIE Y |
R [( F) | P

(! kz—§1—1]+...+1)[§]u1.

It may be simplified as:

[2] o Tl

1 k2 kl] Ky, ot
i to (41)
_ (kz—kl)(kz—k1 D11
b
0 kZ_kl
Then

{(Zkz - kl)kluo + (kz - kl)zul = 2 + Zkz (42)

kiug + (ky — kuy =1
To determine the optimal control, the following cases are
briefly studied:
A) uyy=+1, y; =+1
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B) up=+1, uy; = -1
C) up=-1, yy =+1
D) up=-1, yy =-1

There is no solution for Cases A, C and D. However, k, =

1+%=22247 and k, = 1+ 6 = 3495 is found for

Case B. Unfortunately, it is not an integer number.
Nevertheless, choosing k, = 2 and k, = 3, the continuous-
time control effort is specified as follows:
+1,0<t<2

u(t) = {—1, 2<t<3 (“43)

Applying the control signal (43), the final states of (33) are
touched at xy = [1.5 0]7, while it slightly differs from the
desired point. Such an error is specifically caused due to the
integer values of the switching instants. To show the merit of
the suggested idea, the results are compared with a similar
continuous-time approach [26]. In both cases, the states and
control efforts of the model are depicted in Fig 3. In the phase
plane, the trajectory is plotted in Fig 4.

-t ==
=1
x
—— Discrete-Time Approach
=== Continuous-Time Approach
0 L L L L 1 1 i
0 0.5 1 1.5 2 25 3 35
2r )
Discrete-Time Approach
P S === Continuous-Time Approach
S el N
<" ok ~—
1 L L L L . | |
0 0.5 1 1.5 2 2.5 3 35
2r
Discrete-Time Approach
" === Continuous-Time Approach
= !
o} i
> i
2 L L I L 1 1 i
0 0.5 1 1.5 2 25 3 35
Time(sec)

Fig 3. The states and control input in Example 3
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Fig 4. The state’s trajectory in Example 3

Compared to a similar idea [26], finding integer switching
times would be the main advantage of the suggested control
methodology.

Example 4. Consider the min-time control of the following
system:
y = 2u, (44)
with y(0) =1, y(0) =0, y(¢;) =8, y(t;) =—10 and
|u(t)| < 1. The state-space equation would be found as the

following:
. [0 1 0
x—[o 0]x+[2]u (45)
The equivalent discrete model is
1 T T2
X1 = [0 f] X + [2; ] Uy (46)
N

Taking the sampling period T, = 1, we have:

A= [é ﬂ B= B] P Ko = [(1)] = —?0]'

The inequality (3) is found as 3.5564 < (1.6180)". So,
Assumption 1 insures for any integer N > 3. The optimal
control is found from the following conditions:

xp, = Afxy + (A7 + -+ DBy,

{x,\, = A"Z"‘lxk1 + (Ak27k1=t 4 .+ By,

It is written as:

xy = Akzxy + Ake7ki (4Kl 4 . 4 By,
+(Akz7F=1 4 ... 4 )Bu.

In this case, the state transition matrix is given by

1 k
AF = [0 1].
The identity (48) is arranged as:

?o] o 1l

1 k, — kl] [kl

(47)

(48)

kl(kl 1)

|3

+[k2 _ g, Gehas 1)(k2 kl)][ ]u1
0 2

Then

(2kiky — kD )ug + (ke — ky)?uy =7

{2k1u0 + 2k, — 2k)u, = —10 '

To determine the optimal control, (50) is solved in the
following cases:
A yy=+1, y, =+1
B) up, =+1, y; = -1
C) uyp=-1, y, =+1
D) up=-1, uyy = -1

It is seen that there is no feasible solution for Cases A, C and
D. However, k, =4 and k, = 13 is found for Case B. In
the continuous-time form, the control signal is depicted as:
u(® = {—+11 405 o1 61

The states and input of the model (45) are computed as
depicted in Fig 5. Furthermore, the trajectory is plotted in the
phase plane as seen in Fig 6.

In Example 4, since the switching instants are integer, the
outcomes of the proposed discrete-time idea would be the
same as the continuous-time approach [26]. Thus the required

(49)

(50)
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objectives are completely fulfilled via the calculated control
effort (51).

In low-order systems, (4) can be solved via the analytic
methods as seen in Examples 1-4. However, in complex
equations, the nonlinear problem would be solved via
numerical iterative methods. Moreover, Matlab’s commands
like fzero, fsolve, and others can be utilized to find the roots of

(4).

0 é :1 EIS é 1.0 1.2 1I4
Fig 5. The states and control input in Example 4
8r

6

L 1 L 1 L L )
0 5 10 15 20 25 30 35
X

1
Fig 6. Trajectory in Example 4

Example 5. Consider a discrete-time min-time problem
with the following data:

0.6 0.7 0 1 0 2
A= 0 -03 03|, B=|0 1, x,=|-1]| and
-02 02 04 11 3

4.3
Xy = 1.4]|.
2.6

Employing Assumption 1 with ||A]| = 0.9541, [|B|l =
1.7321, and ||x,ll = 3.7417, (3) is reduced to (0.9541)N <
0.9566. So, there exists always integer N for satisfying
Assumption 1. In this case, the optimal control would be
derived from the following equation:
xy + (A—1D)"*Bu, = A*3(xq + (A — I)"1Buy)
+AR k1 (A — )T B (uy — uo)
+A% k24 — DB (u, — uy).

Min-Time Control of Discrete-Time Linear Systems / V. Ghaffari

Then

4.3 —-2.8182 —-1.9091

14|+ |-0.1818 —1.0909]u2

2.61 1-0.7879 —-1.3939
2 —-2.8182 —1.9091

=A"3< —1|+|-0.1818 —1.0909lu0)
3 —0.7879 —1.3939
—-2.8182 —1.9091

+Aks=F1 [—0.1818 —1.0909] (uy — ug)
—0.7879 —1.3939
—-2.8182 —1.9091

+Aks=kz [—0.1818 —1.0909] (uy — uy).
—0.7879 —1.3939

Accordingly, among all the possible cases, a feasible
solution of the mentioned equation is numerically found as
k;, =3, k,;=8 and k; =12 which corresponded to
up=[-1 +1]7, y, =[+1 -1]7 and u, = [+1 +1]7.
Thus the optimum sequences are obtained as follows:

-1, 0<k<3
Yk = {+1, 3<k<12 (52)
and
+1, 0<k<3
Uy, =9 -1, 3<k<8 (53)
+1, 8<k<12
5 i - * *
] LA T S S
-5 L 1 L L L L 1
0 2 4 6 8 10 12 14
4r
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P * E T
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Fig 8. The calculated control inputs in Example 5

Solving the discrete-time model, the states of Example 5 are
illustrated in Fig 7. Moreover, the calculated control inputs are
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plotted in Fig 8. Consequently, the requirements are fulfilled
in Example 5 through the computed control inputs.

V. Conclusion

The movement of the system’s states in the minimum time
is analytically investigated in the sampled-data control
description. Hence, the amplitude of the optimum control
signal is firstly derived from the Pontryagin principle. Using
the state transition matrix, the system’s states are computed at
the switching times. Finally, corresponding to the switching
times, some integer parameters are exactly determined via the
addressed algebraic equation. Moreover, the minimum final
time is calculated for the optimal control problem. The
effectiveness of the suggested procedure is verified in several
discrete-time and continuous-time control examples.
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In recent years, there has been a significant increase in the utilization of renewable
resources for electricity generation. Consequently, accurate short-term forecasting of
renewable power production has become crucial for power system operations. However,
Renewable Power Production Forecasting (RPPF) presents unique challenges due to the
intermittent and uncertain nature of renewable energy sources. This paper proposes a
novel approach to short-term RPPF. The proposed model integrates various techniques,
including Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU),
Autoregressive Integrated Moving Average (ARIMA), Multi-Layer Perceptron (MLP),
and Adaptive Neuro-Fuzzy Inference System (ANFIS). The aim is to enhance the
accuracy and predictive performance of renewable power production forecasts. The
suggested hybrid model employs the Modified Relief-Mutual Information (MRMI)
feature selection technique to identify the most influential input data for prediction.
Subsequently, the combined model generates a 24-hour ahead RPP prediction using a
weighted output approach. By capitalizing on the strengths of each individual model, the
combined method mitigates their weaknesses, thereby improving the overall efficiency
of the forecasting process. The accuracy and performance of the proposed method are
evaluated through two case studies involving solar farm power generation at the Mahan,
Iran and Rafsanjan, Iran sites. The results demonstrate the effectiveness of the hybrid
model in enhancing the accuracy of short-term RPPF. By combining multiple forecasting
methods and utilizing the MRMI feature selection technique, the proposed method
significantly improves prediction accuracy.

I.  Introduction

Renewable energy sources, increasingly crucial for global
electricity production due to their environmental benefits,
reliability, and cost-effectiveness, are gaining prominence. [1].
Among them, solar photovoltaic (PV) is one of the most
widely used. Solar energy, produced by photovoltaic panels, is
a clean and inexpensive energy source that reduces reliance on
harmful fossil fuels [2-4]. Despite these advantages,
integrating significant PV energy into power systems poses

operational challenges that affect electricity prices. Unlike
traditional energy sources, PV systems exhibit heightened
uncertainty in electricity generation, substantially impacting
their profitability within the electricity market. Moreover, the
variable and unpredictable nature of solar power presents
challenges for grid operators and market participants in
effectively managing and pricing electricity. Therefore, the
uncertain nature of PV makes it difficult to predict accurately.
Various methods have been proposed in recent years for PV

Copyright © Gh. Memarzadeh (s).
Publisher: University of Sistan and Baluchestan
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power forecasting. These methods can be categorized into four
groups: physical, statistical, artificial intelligence, and hybrid
models. Physical models, which utilize meteorological and
geographical data, are generally less effective for short-term
RPPF. However, they often yield better results in long-term
forecasting [5-7]. Statistical models used for short-term RPPF
try to find the relationship between input and output [8-11].
Statistical models outperform physical models in RPPF.
However, they cannot catch long-term dependencies within
data. Artificial intelligence models such as artificial neural
networks [12-16], support vector machine (SVM) [17], and
fuzzy logic [18] are more accurate in short-term RPPF. They
use historical data on meteorological conditions in order to
forecast future solar radiation levels [19]. However, deep
neural networks were shown to be much more efficient in
short-term RPPF [20-26]. For instance, Liu et al. [27]
integrated a deep network model with a feature selection
technique in order to enhance the prediction accuracy.
Sharadga et al. [28] studied different prediction methods for
PV power output, including statistical and artificial
intelligence-based approaches, to compare their performance.
Alaraj et al. [29] introduced an ensemble approach using
machine learning to forecast solar photovoltaic power,
considering meteorological parameters. Authors in [30]
combined a naive Bayes algorithm, MLP, and LSTM to
forecast solar power generation for the next hour and hourly
for the following days. Zhu et al. [31] proposed a short-term
wind power forecasting method based on a new hybrid model
to enhance the accuracy of wind power prediction. Xiong et al.
[32] developed a hybrid model combining complementary
ensemble empirical mode decomposition (CEEMD), sample
entropy (SE), random forest (RF), improved reptile search
algorithm (IRSA), bidirectional long short-term memory
(BiLSTM) network, and extreme learning machine (ELM) for
wind power prediction. Chen et al. [33] presented a method for
forecasting using multiple steps. They used ensemble
empirical mode decomposition (EEMD) and improved K-
harmonic mean clustering optimized by the Cuckoo search
algorithm (CSA). Moreno et al. [34] developed a method
called WSF that combines a decomposition model with LSTM
for forecasting. Duan et al. [35] proposed a combined short-
term wind speed forecasting model based on CNN-RNN and
linear regression optimization to account for error. Kosana et
al. [36] implemented a hybrid forecasting framework using
improved complete ensemble empirical mode decomposition
with adaptive noise (ICEEMDAN), BiLSTM, and autoencoder
for wind speed forecasting.

Liu et al. [37] developed a system for wind speed
forecasting that includes various techniques. They used
ensemble empirical mode decomposition with adaptive noise
(CEEMDAN) as a data preprocessing technique, the C-C
method as a feature selection method, a multi-objective grey
wolf optimizer (MOGWO) as a parameter optimization

algorithm, and a multi-input multi-output least squares support
vector machine (MIMOLSSVM) as a forecasting model. They
also used evaluation metrics for interval WSF. Cai et al. [38]
proposed a wind power mid-long-term forecasting method
considering various wind energy characteristics to effectively
predict future climate information. Scott et al. [39] explored
machine learning techniques for forecasting PV generation
systems. The method presented by Theocharides et al. [40]
involved combining machine learning techniques with
statistical post-processing to forecast solar power for the next
day. In a similar vein, Heo et al. [41] proposed a multi-channel
convolutional neural network approach to predict monthly
photovoltaic power. Their method included utilizing raster
image data to account for regional influences. Hu et al. [42]
proposed a hybrid approach for short-term wind speed
predictions. Their approach is based on a preprocessing
algorithm and optimization theory. Aly [43] used recurrent
Kalman filter (RKF), Fourier series (FS), wavelet transform
(WT), and artificial neural network (ANN) for WSF and WPF.
Juardo et al. [44] proposed an improved encoder-decoder-
based CNN model for probabilistic short-term load and PV
forecasting. Brester et al. [45] evaluated neural network
models for site-specific solar PV forecasting using numerical
weather prediction data and weather observations. The
taxonomy of some of reviewed papers based on different
aspects of their works has been listed in Table 1.

The proposed model combines several powerful forecasting
techniques, including LSTM, GRU, ARIMA, MLP, and
ANFIS. Furthermore, we employ the MRMI method for input
selection to enhance the accuracy of our predictions. By
leveraging the strengths of these diverse models, our hybrid
approach aims to overcome the challenges posed by the
intermittency and uncertainty inherent in renewable resources.
Through the weighted combination of model outputs, we
generate reliable and accurate predictions for the next 24 hours
of renewable power production. The important contributions
of proposed paper can be summarized as follows:

1- Hybrid forecasting models incorporating LSTM, GRU,
ARIMA, MLP, and ANFIS are developed to accurately predict
renewable power production for the next 24 hours. By
combining the strengths of these individual models, the hybrid
approach effectively compensates for their respective
weaknesses, significantly enhancing overall forecasting
performance.

2- In this study, the MRMI feature selection technique is
introduced to identify input data with the highest predictive
value for the LSTM, GRU, MLP, and ANFIS models.
content while minimizing redundancy. This approach ensures
that the chosen input variables effectively capture essential
aspects of renewable power production data, thereby
improving the accuracy of forecasting models. By applying the
MRMI feature selection technique, we enhance the
performance and robustness of the LSTM, GRU, MLP, and
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TABLE 1 CLASSIFICATION OF THE EVALUATED PAPERS

Ref. ;Jar:gﬁﬁg: PL%(::(Z:E::” Feature selection Model Error
PV 1 step " . . .
[30] power ahead x naive bayes algorithm- MLP-LSTM MAPE index is between 8.76%
Wind 1 ste RMSE index is between 87.9475
[31] ower aheag x Temporal convolutional network to 100.0070 for three different
P data set
Wind 1 step v . MAPE index is between 5.34%
[32] power ahead ELM and BiLSTM models 10 35.07%
Wind multi-step . MAPE index is between 6.10%
[33] speed ahead x EEMD-Clustring-MLP 10 13.84%
Wind multi-step . MAPE index is between 5.62%
(34] speed ahead * Decomposition model-LSTM for 12 hour ahead forecasting
Wind 1 step MAPE index is between
5] gheed ahead * CNN-RNN 2.5481% 10 6.0137%
Wind multi-step . Performance is improved by 21%
[36] speed ahead * CNN-BILSTM and 48%
1 step
[37] Wind ahead x CEEMDAN-C-C feature selection- Coverage Probability (CP) is
speed interval (MOGWO)-(MIMOLSSVM) 6.73%
forecasting
Wind 1 step MAPE index is 10.75% to  to
(38] power ahead * GWO-LSTM 18.24%
PV multi-step . . . RMSE index is 32 for random
v
[39] power ahead Machine learning algorithms forest model
[42] Wind multi-step « Hybrid model based on persistence MAPE is 34.28% for three step
speed ahead model (PM)-AR-ARMA-ANN ahead forecasting
Wind .
[43]  speedand ;hségg x Hybrid model bﬁ?\?,\? N RKF-FS-WT- MAPE is 3.6153%
power
[44]  Netload ~™MJISIeP P CNN RMSE index is 5.88
[45] pg\)v/er ;hségg x ANN RMSE index is 153.188

ANFIS models. The selected input data with the highest
predictive value enable the models to focus on the most
influential factors for RPPF. This contributes to more accurate
and reliable predictions, facilitating better decision-making in
areas such as energy planning, grid management, and
renewable resource allocation. In summary, the MRMI feature
selection technique makes a valuable contribution to the
overall forecasting process, ensuring that the LSTM, GRU,
MLP, and ANFIS models are equipped with the most relevant
and non-redundant input data for accurate renewable power
production prediction.

3- The paper presents a strong solution for predicting solar
power generation in the next 24 hours. It introduces a reliable
method that can be applied effectively to RPPF. This method
is versatile and can be used for various renewable energy
sources, such as wind and solar power. By forecasting power
production for the next 24 hours, it provides valuable insights
for energy grid operators, renewable energy developers, and
policymakers. In summary, this paper offers a comprehensive
and effective approach for RPPF, especially for predicting
solar power generation. Using hybrid models, feature selection
techniques, and a 24-hour prediction horizon, it serves as a
valuable tool for improving energy planning, grid management,
and the utilization of renewable energy.

The rest of the paper is organized in the following manner.
In Section 2, we provide an overview of the framework used
in the proposed method. The methodology of the proposed
model is explained in detail in Section 3. Finally, in Section 4,
we present the numerical results obtained from the study.

I1.  Methodology

Using the aforementioned hybrid model, the day-ahead
prediction is obtained from the weighted sum of the outputs of
each proposed prediction model. The presented hybrid model
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significantly enhances the accuracy of RPPF. Combining
multiple models allows each to compensate for the others'
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weaknesses, thereby improving forecasting efficiency. To
implement the hybrid model, input data with the highest
importance values are selected for LSTM, GRU, MLP, and
ANFIS models using the MRMI feature selection method.
These models then predict renewable power production for the
next 24 hours. Unlike the other models, ARIMA does not
undergo feature selection but establishes a relationship
between input and output. Finally, the hybrid model's output is
determined by applying appropriate weighting factors to the
individual model outputs.

The framework of the proposed method is illustrated in
Figure 1.

Here are the specific details of the proposed method.

Data preparation:

First, historical data is collected and standardized during the
initial phase. Next, to forecast a particular day, the artificial
intelligence models prepare training and target matrices. The
training matrix has dimensions of 1200 by 400, while the target
matrix is 1200 by 1. Specifically, training samples are selected
up to the day preceding the last day of each month for which a
prediction is needed. The ARIMA model, in contrast, operates
as a statistical model for time series, representing the current
series as a linear combination of past observations.

Prediction models:

The artificial intelligence models utilize the MRMI feature
selection module to choose training samples with the highest
predictive value. This MRMI method helps identify data with
the potential to accurately predict outcomes. Conversely, the
ARIMA model aims to establish a relationship between input
and output variables. Specifically, the ARIMA model attempts
to fit a model based on the historical time series data available
before the prediction day. The Mean Absolute Error (MAE)
value is calculated for each prediction model using the training
data. This calculation determines the weight coefficient of
each model in the hybrid model. Furthermore, each prediction
model generates forecasts for the next 24 hours.

Hybrid model:

In this model, the weight coefficient for each prediction
model within the hybrid model is determined using the method
described in Section 3.7. The weight coefficient quantifies the
importance or contribution of each model to generating
accurate predictions. By multiplying each model's weight
coefficient by its respective prediction output, the hybrid
model produces forecasts for the next 24 hours. This
combination of weighted predictions from multiple models
enhances the overall forecasting accuracy of the hybrid model.

Evaluation

It is essential to evaluate the performance of the
implemented method using key metrics. The efficiency of the
hybrid model is validated by three error indices: Mean
Absolute Percentage Error (MAPE), Mean Absolute Error
(MAE), and Root Mean Square Error (RMSE). These
established metrics provide objective measures to assess the

precision of forecasting models. The error indices defined by
Equations (1), (2), and (3) are used to measure the performance
of the hybrid model. These metrics enable the evaluation of the
hybrid model's accuracy in forecasting renewable power
production over the next 24 hours. Analyzing these measures
is crucial for assessing the reliability and efficiency of the
proposed approach. Analyzing these measures is essential in
assessing the reliability and efficiency of the proposed
approach.

MAPE = |SReal SFor|
N Z SReal (1)
X 100%
N
MAEZ%Z|51'REM—S{:OT| (2)
N
RMSE = %Z(s{“al — S§Fory2 @)
i=1

Where N represents the total number of hours in each day,
SReal s the real value at the time i, SF°" is the predicted
value at the time i.

I11.  Problem description

A. MRMI feature selection approach

In this section, we propose the MR-MI approach to select
the most suitable features. Feature selection is a widely
employed method in machine learning, where a subset of the
available data features is chosen for use in the learning
algorithm. The forecasting process often requires a large
amount of input data, including historical data. However, this
data might contain unnecessary inputs that complicate the
prediction of power system parameters, leading to decreased
performance. Additionally, as the number of input features
increases, more historical data is generally needed. However,
the available historical data for forecasting is often limited.
Therefore, it is essential to use a feature selection method to
refine potential inputs, ensuring that only the most informative
features are selected while filtering out less important ones. In
this paper, we propose a feature selection method that begins
by examining the similarity between input and output. Any
candidate features showing only slight similarity to the target
are discarded. Then, for each selected input from the previous
step, if two inputs are closely related, one is chosen and the
other is removed. In other words, the remaining features after
these two steps are relevant and non-redundant candidates.

B. LSTM model

The study proposes using an LSTM network consisting of
two layers, each with 100 hidden units. This design effectively
captures complex behaviors and relationships within the data,
leading to improved prediction performance. The LSTM has a
unique advantage in its ability to preserve information across
longer time sequences, making it particularly useful for
forecasting time-series data, such as renewable power
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production. By retaining contextual information, the model
can make accurate predictions for the following 24 hours. The
chosen configuration strikes a balance between model
complexity and computational efficiency, demonstrating the
effectiveness of deep learning techniques in accurately
forecasting renewable power production [46].
C. GRU model

The GRU offers an alternative to the more intricate LSTM
model, providing a streamlined architecture with fewer
trainable parameters [47]. The GRU incorporates two gates—
the reset gate and the update gate—in contrast to the three
gates in the LSTM, namely, the input gate, the forget gate, and
the output gate. Unlike LSTM units, GRU gates do not have
dedicated memory cells within each unit, resulting in a less
complex architecture. Consequently, GRU models typically
exhibit higher runtime efficiency compared to LSTM models.
In this research, we propose using a GRU network with two
layers, each containing 100 hidden units. By configuring the
network with multiple layers and a sufficient number of hidden
units, the GRU model can effectively capture complex patterns
and relationships in the data. Although the GRU has a simpler
structure than the LSTM, it still performs robustly in handling
temporal dependencies and making precise predictions. The
use of two layers with 100 hidden units ensures reliability
without overburdening computational resources. The
simplified architecture of the GRU network, combined with
the chosen configuration, facilitates efficient training and
prediction for RPPF. In summary, this study demonstrates the
effectiveness of alternative recurrent neural network
architectures, such as GRU, in capturing temporal
dependencies and making accurate predictions. GRU's
reduced complexity, computational benefits, and ability to
handle sequential data make it a valuable tool for tasks like
forecasting renewable power production.

D. MLP model

Artificial neural networks are computational models that
mimic the operation of the human brain, consisting of
interconnected neurons. In this study, we have utilized a MLP
neural network, trained using the Levenberg-Marquardt (LM)
learning algorithm. The LM algorithm is widely
acknowledged as a highly efficient and effective learning
mechanism for MLP models. The specific MLP neural
network employed in this research adopts a feed-forward
structure, where information flows unidirectionally from the
input layer to the output layer. The model comprises two
layers: the input layer, which receives the input data, and the
output layer, which generates predictions. Additionally,
hidden layers can be integrated between these two layers to
capture intricate patterns and relationships within the data.
Many applications opt for a two-layer MLP architecture
because it strikes a balance between model complexity and
learning capacity. However, it is important to note that the
specific architecture and number of hidden units in each layer
may vary depending on the complexity of the problem. In this

A New Hybrid Intelligent Method for Accurate.../ Gh. Memarzadeh, et al

study, the chosen architecture and configuration are
determined based on the requirements and characteristics of
the RPPF task. By utilizing MLP neural networks and the LM
learning algorithm, this paper aims to harness the
computational power of artificial neural networks to
effectively learn and model the relationships between input
variables and the desired output. The combination of MLP and
LM provides a reliable and efficient approach for capturing
complex patterns and making accurate predictions in RPPF.
E. ANFIS model

ANFIS is a hybrid artificial neural network model that
integrates the principles of fuzzy logic and neural networks
[48]. The ANFIS model combines the ability of fuzzy logic to
handle linguistic rules with the powerful learning capabilities
of neural networks. This fusion allows ANFIS to effectively
capture and model complex relationships within the data. In
this paper, the ANFIS network is utilized to enhance the
performance of the forecasting model. The main parameters of
the ANFIS network include the fuzzy inference system
generation method, set to Fuzzy C-Means clustering (FCM),
and the number of clusters, set to 10.

F. ARIMA model

The ARIMA function generates an ARIMA object that
defines the functional form and stores the parameter values of
an ARIMA(p,D,q) model for analyzing a univariate time series
data, denoted as y: [49]. The ARIMA model considered in this
paper is represented by the following form:

(A= @1l — @pL7 —

— 0242 (1 = L)%y,

=c (4)
+ (1 + 6,L + 6,12

+ o 041,

Where, ¢ is parameter of non-seasonal autoregressive
model, L is difference operator, ¢ is model constant, 8 is
parameter of non-seasonal moving average model, and ¢, is
the random variable.

G. Hybrid model

The paper presents a hybrid model that combines multiple
prediction models to improve the accuracy of RPPF. This
approach leverages the distinct strengths of each model while
addressing their limitations, resulting in a forecasting
technique that is both more effective and reliable. Traditionally,
hybrid models assign equal weight coefficients to each
prediction model, regardless of their performance, which can
lead to suboptimal results. In this paper, we propose a new
method where different weight coefficients are assigned to
each model based on their MAE values. The MAE is
calculated using the training results of each model, and the
weight coefficients are determined through a specific equation.
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Where, w; is the weight coefficient of each prediction
model, and n is the number of prediction models. Now that the
weight coefficient of each prediction model is determined, the

w; =

®)

prediction of the hybrid model for the next 24 hours is
calculated from the following equation:

n
Yoybria = Z W; * Y (6)
i=1

Where, Yyyuriq 1S the prediction of hybrid model for next

24 hours, and y; is the result of ith prediction model for next
24 hours.

TABLE 2 RESULTS OF DIFFERENT PREDICTION MODELS FOR DAY-AHEAD PVPF FOR MAHAN PV POWER PLANT

Last day of March Last day of June Last day of September Last day of December
Prediction
model
MAE RMSE MAPE MAE  RMSE MAPE MAE RMSE MAPE MAE  RMSE  MAPE
(MW) (MW) (%) (MW) (MW) (%) MW)  (MW) (%) (MwW) (MW) (%)
ARIMA 05118 00910 245340 05343 06968 _ 7.7187 00943 00619 75581 03935 01592  45.6098
MMRI'_V'P" 06582 05349 28.8850 07004 08772  7.2929 00454 01311 11040 04385 03412  54.9586
'Xm’l”s' 07382 04848 305026 05116 06683 74918 01302 00722 26813 02185 01524  21.9730
MGRR'\('J" 04280 00104 154680 11261 13156 12,8132 01240 00378 7.4690 02680 01297  25.4004
“CETM& 06975 05031 275882 09203 12134 102564 00537 00050 29719 01895 01355  19.1905
FrLyobJé? 03376 00809 137206 01941 01201  7.3995 00811 00388 42464 01747 00468  29.4023

V. Simulation results

This section focuses on assessing the efficiency of the
hybrid model in forecasting renewable energy generation,
specifically for PV power production. To ensure the precision
and effectiveness of the hybrid model, a variety of datasets are
employed. Initially, historical solar production data from the
Mahan and Rafsanjan photovoltaic power plants for 2020 are
used to forecast future solar production. The study includes
two case studies, each using distinct solar data to thoroughly
evaluate the capabilities of the proposed hybrid model. To
assess the proposed techniques, we utilized MATLAB R2020b,
a widely used programming platform renowned for its
applications in scientific research and data analysis. The goal
of this study is to provide a comprehensive understanding of
the hybrid model's efficiency and usability in forecasting
renewable power production. To achieve this, we used real
datasets and implemented the model on a well-established
software platform.

A. PVPF of Mahan PV power plant

In the first case study, we performed day-ahead photovoltaic
power forecasting (PVPF) using hourly data from the Mahan
PV power plant. To evaluate the effectiveness of our method,
we selected the last days of March, June, September, and
December 2020 for analysis, consistent with the approach used
in our previous case studies.

Table 2 presents the results of various prediction models for
day-ahead photovoltaic power forecasting (PVPF). In this case
study, six models are considered: ARIMA, MRMI-MLP,

MRMI-ANFIS, MRMI-GRU, MRMI-LSTM, and the hybrid
model. The results in Table 2 indicate that the hybrid model
performs well in PVPF, demonstrating its capability to
forecast PV power production with acceptable accuracy. The
error indices further support this claim, as the hybrid model
exhibits the best performance among the forecasting models
on the last day of March. In contrast, the other methods do not
outperform the hybrid model on that day. This underscores the
limitations of relying solely on a single model for predicting
different days with varying characteristics. Utilizing a hybrid
model enhances the reliability and accuracy of the predictions,
making it a preferable approach. The weights assigned to each
model in the hybrid model are detailed in Table 3.

TABLE 3 WEIGHT COEFFICIENT OF EACH PREDICTION MODEL
FOR MAHAN PV POWER PLANT

Month WARIMA  Wmip  WaNFIS  WGRU  WLSTM
Last day of 0.208 0.113 0.296 0,098 .
March
Las}udnaey of 0.241 0.106 0311 0087 -
Last day of
September 0.2 01 0.3 0.1 03
Last day of
December 0261 0102 0275 0107 0254

The results of different seasons of the year have been
compared. To use the results of the mentioned paper, the
average MAPE error of different months for a season has been
selected.

The graph in Figure 2 shows actual and predicted solar
power generation at the end of each month using different
models.
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TABLE 4 MAPE ERROR OF DIFFERENT MONTHS

Prediction model Spring  Summer Autumn  Winter
MRIG-LSTM [50] 40.6012 185967  39.0396  35.5622
WT-MRIG-LSTM [50]  16.4554  7.6746 18.3332  17.8109
WT-MRIG-ELM [50]  14.3944  8.8431 254246  9.5635
ARIMA 245340  7.7187 7.5581  45.6098
MRMI-MLP 28.8859  7.2929 1.1040  54.9586
MRMI-ANFIS 30.5026  7.4918 2.6813  21.9730
MRMI-GRU 154680 12.8132  7.4690  25.4004
MRMI-LSTM 275882 10.2564  2.9719  19.1905
Hybrid model 13.7206  7.3995 4.2464  29.4023

. It is evident that the forecasts exhibit a higher margin of
error, particularly during the final days of December and
March, due to the highly variable weather conditions in these
months compared to earlier days. It is important to note that all
the models analyzed in the study focus solely on solar power
production and do not account for other influencing factors.
Despite this limitation, the hybrid model demonstrates
reliability in predicting solar power generation for the
following day. Its performance is commendable given the
complex and fluctuating weather conditions during these
months.

Figure 3 displays regression plots of different prediction
models for the last day of December. In addition to the
previously mentioned indexes, R2 has also been used to
demonstrate the effectiveness of the proposed method for
PVPF. The graph shows that the MRMI-LSTM prediction
model has the highest R2 value. However, the hybrid model's
R2 value is not significantly different from the MRMI-LSTM
model. This suggests that the hybrid model performs well in
accurately forecasting the PV power production, as the
forecasted and real values are very close to each other. In
conclusion, the previously mentioned methods are capable of
effectively forecasting PV power production for the Mahan PV
power plant.
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Fig. 2. Assessing various prediction models for Mahan PV
power plant

B. PVPF of Rafsanjan PV power plant
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In the second case study, hourly PV power production data
from the Rafsanjan PV power plant in 2020 is used for day-
ahead photovoltaic power forecasting (PVPF). The Rafsanjan
PV power plant has a nominal capacity of 1.2 MW. As in the
previous case studies, the last days of March, June, September,
and December 2020 are selected for forecasting day-ahead PV
power production using the proposed method.

Table 5 presents the results of different prediction models
for day-ahead PVPF, similar to the previous case studies. The
results clearly show that the hybrid model performs well in
forecasting PV power production, demonstrating acceptable
accuracy and outperforming other models based on the error
indices. For example, on the last day of September, the MRMI-
MLP model shows the best performance among the different
forecasting models. However, the hybrid model performs
comparably to the MRMI-MLP model and surpasses other
methods. This underscores the limitations of relying solely on
a single model for predicting days with varying characteristics.
The use of a hybrid model improves the reliability and
accuracy of the predictions. The weights assigned to each
model in the hybrid model are detailed in Table 6.

Figure 4 illustrates the results for each month using different
models. It is evident that the forecast error is relatively higher
on the last days of December and March. These days are
characterized by changing weather conditions, where factors
such as temperature, radiation, and cloud cover significantly
impact the forecasts. Despite these challenges, the hybrid
model demonstrates its effectiveness in predicting day-ahead
PV power production. The error values obtained from this
method are within an acceptable range, indicating both
accuracy and reliability.
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Fig. 3. Regression plot for the final day of December at the
Mahan PV power plant
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It is also worth noting that the day-ahead forecast relies
heavily on the hybrid model, which greatly contributes to the
precision of the predictions. This underscores the importance
of using the hybrid model to achieve accurate day-ahead
forecasts.

Figure 5 shows the R? index used to measure accuracy for
the final day of December across different prediction models.
Among the models considered, the MRMI-ANFIS prediction
model achieves the highest R? value, indicating a strong
correlation between the forecasted and actual values. This
suggests that the MRMI-ANFIS model is highly accurate and
reliable. Overall, the results confirm that the proposed method
is effective in accurately predicting the PV power production
for the Rafsanjan PV power plant.

I.  Conclusion

In this paper, a hybrid model called RPPF is introduced,
combining multiple forecasting models—ARIMA, MRMI-
MLP, MRMI-ANFIS, MRMI-GRU, and MRMI-LSTM—to
improve day-ahead predictions. By leveraging the strengths of
these models and mitigating their weaknesses, the hybrid
approach enhances forecasting accuracy and efficiency.

The MRMI technique is employed within the hybrid model
to select the most predictive input data for the LSTM, GRU,
MLP, and ANFIS models. To evaluate the model's
performance, two case studies are conducted on PV power
production in Mahan and Rafsanjan for the year 2020.

The results demonstrate that the hybrid model achieves
satisfactory accuracy, as indicated by metrics like MAPE,

MAE, and RMSE. These findings not only validate the
effectiveness of the hybrid model but also highlight its
potential for reliable and efficient forecasting of renewable
power production. Future research could explore the
applicability of this approach in other sectors of the energy
system and consider additional factors that may impact the
forecasting process. Additionally, prediction accuracy could
be further improved by combining these methods within a
closed-loop framework.
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TABLE 5 RESULTS OF DIFFERENT PREDICTION MODELS FOR DAY-AHEAD PVPF FOR RAFSANJAN PV POWER PLANT

Last day of March Last day of June Last day of September Last day of December

Prediction
model

MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

(kw) (kw) (%) (kw) (kw) (%) (kw) (kw) (%) (kw) (kw) (%)
ARIMA 614656 20.6792 16.8260 485279  23.6963 22.5864 20.3033 19.7646 14.4021 77.5209 68.9528 67.3614
MRMI-
MLP 953771 51.4258 22.0480 44.7761 33.7007 15.6763 5.4595  0.9276 47864  61.6852 34.4639 28.3559
MRMI-
ANFIS 60.3823 23.8531 26.5322 61.3149 55.6033 19.2720 26.3523 15.3333 17.1840 48.3347 39.7238 32.1484
MRMI-
GRU 60.2453  25.8259  18.6621 27.3876  24.4896 30.4020 16.0709 4.5092  15.7852 31.8057 0.0912  22.3722
MRMI-
LSTM 63.3539  9.7691  17.8139 49.0751 32.8670 27.3831 13.7650 12.3796 15.2571 29.4512 7.0599  16.5769
Hybrid
yorl 56.2347 235854 145869 46.7227 39.9648 19.3358 10.4980 7.4080 7.4487  41.4546 34.3694 27.6639

model
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Fig. 5. Regression plot for last day of December for Rafsanjan

PV power plant by different prediction models

TABLE 6 WEIGHT COEFFICIENT OF EACH PREDICTION MODEL

FOR RAFSANJAN PV POWER PLANT

Month

o oF WARIMA WymLp WANFIS WGRU WisTM

Last day o

Marc)lg 0.260 0.132 0.249 0.111 0.248

Lasjudnag’ of 218 0101 0302 0106 0273
Lastdayof 419, 0120 0283 0009  0.304
September
Lastdayof o505 0115 0311 0101 0268
December
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The proliferation of renewable energy sources, with their inherent uncertainty in smart
microgrids, necessitates the use of flexible resources to maintain grid stability. However,
implementing these flexibility-based approaches can have a multidimensional impact,
including economic, technical, social, and environmental considerations. This study
investigates these effects, with a particular focus on how flexibility provision influences
battery aging, which is a critical aspect since batteries are the primary source of flexibility
in microgrids. Here, a Lexicographic approach is used to optimize the multi-objective
operation problem by minimizing costs while maximizing flexibility. Batteries act as the
main source of flexibility and compensate for the uncertainty associated with solar
energy production; therefore, it is important to investigate the battery's aging upon
flexibility provision. The analysis shows a trade-off between flexibility and economic
efficiency. Hence, from an economic point of view, increasing reliance on batteries and
micro turbine production to improve flexibility leads to higher operating costs. From a
social perspective, the proposed approach increases microgrid reliability by minimizing
the cost of energy not supplied. Considering the technical aspect, the results indicate that
increasing the use of batteries in order to increase microgrids' flexibility accelerates their
aging, hence decreasing their corresponding state of health. Further, the simulation
results show that flexibility comes with an environmental cost. Therefore, increasing
reliance on micro turbine production and the possibility of purchasing energy from
sources with more emissions to provide the required flexibility can lead to an increase in
the cost of pollution.

l. Introduction

potentially leading to voltage fluctuations, outages, and

The growing concern over climate change and the
depletion of fossil fuels has driven a global shift towards
Renewable Energy Resources (RERs). Solar power, with its
abundance and clean energy generation, has emerged as a
frontrunner in this transition. However, the inherent variability
of solar energy introduces challenges to grid stability. Unlike
traditional power plants fueled by coal or natural gas, solar
power generation fluctuates throughout the day, depending on
sunshine availability. This variability can disrupt the delicate
balance between supply and demand within a power grid,

equipment damage [1].

In order to address these challenges and ensure the
seamless integration of RERs like solar power, the concept of
flexibility has received a great amount of attention in the
literature covering smart microgrids operation [2]. A smart
microgrid is a localized, self-contained power system that
integrates Distributed Energy Resources (DERs) like solar
panels, wind turbines, and energy storage systems [3].
Flexibility, in this context, refers to a microgrid's ability to
adapt to real-time changes in power supply and demand. This

Copyright © Gholipour Zarandi, et al.
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adaptation can involve various strategies, such as adjusting
power generation from renewable resources, strategically
utilizing energy storage systems, and dynamically managing
consumer load profiles [4].

Previous studies have explored the concept of flexibility
from various perspectives, highlighting its multifaceted nature
and providing a comprehensive overview of the challenges and
opportunities associated with integrating RERs into power
systems. Their work emphasizes the need for flexibility as a
key enabler for a reliable and efficient grid with a high
penetration of renewables [5]. The integration of renewable
energy sources generally leads to control challenges. From this
point of view, it is very important to create control measures
against the uncertainties of renewable resources in order to
maintain and improve flexibility. For instance, in [6] the
proposed strategy is based on deep learning to maintain the
stability of the system against the fluctuations in the
production of renewable power plants, which examines the
technical and economic aspects of flexibility.

Building upon these definitions, researchers have
introduced several metrics to quantify the energy system’s
flexibility. For example, [7] proposes a Flexibility
Requirement Index (FRI) that considers a system's ability to
manage power imbalances over different time horizons.
Similarly, [8] presents the System Flexibility Index (SFI) as a
measure of a system's capability of rapid response to power
fluctuations. These metrics offer valuable tools for assessing
and comparing the flexibility of different microgrid
configurations. Beyond definitions and metrics, research
efforts have delved into the practical implementation of
flexibility strategies. In this regard, [9] explores the potential

of demand response programs as a means to enhance flexibility.

Demand response programs incentivize consumers to adjust
their electricity consumption patterns during peak demand
periods, thereby alleviating pressure on the grid. In [10], four
different flexibility evaluation indicators are defined, which
show the matching of power supply and demand with the effect
of error in load forecasting. In [11] several flexibility indices
are defined for real-time operations, which are modeled as the
cost of flexibility in the objective function, and the economic
trade-off between the cost of production and the cost of
flexibility provides an acceptable level of flexibility.
Numerous studies have also investigated the role of
energy storage systems, particularly batteries, in providing
flexibility within microgrids. For instance, [12] analyzes the
techno-economic feasibility of using battery storage to manage
the variability of RERs. On the other hand, it highlights the
trade-off between flexibility benefits and the cost associated
with battery deployment and operation. Similarly, [13] focuses
on the technical challenges of battery degradation due to
increased cycling for flexibility purposes. This research
explores strategies to mitigate battery aging and optimize

battery utilization within microgrids.

Despite significant advancements in understanding and
implementing flexibility within smart microgrids, further
research opportunities still exist. Flexibility services, by
considering the preferences of end users, can also include the
social perspective in addition to technical and economic
perspectives. In [14], a two-level optimization is defined for
systematic evaluation to provide flexibility, where the
consumers play a role in providing flexibility. In [15]
flexibility is examined from the technical point of view in
addition to the economic point of view. In this study, the power
generation and transmission capacity is considered as a
technical constraint and the results show that technical
challenges are of particular importance in flexibility studies
along with economic challenges. In [16], the authors examine
the effect of flexibility on system reliability. Although the
results show that the improvement of flexibility has a positive
effect on reliability indicators, the increase of social
satisfaction resulting from this planning has not been directly
addressed in these studies. On the other hand, in [17],
flexibility in the power grid has been investigated by
considering gas-fired fast ramp power plants as a resource of
flexibility. In these studies, in addition to determining the
trade-off between cost and flexibility, it is also possible to
check the pollution constraints, which has not been addressed
in these studies. Table 1 summarizes the main topic of
flexibility studies in previous literature. Flexibility studies are
often looking for optimal solutions to increase flexibility,
while the technical, economic, social and environmental
evaluation of flexibility improvement is of special importance,
which has not been dealt with in a comprehensive and
integrated way in previous studies.

TABLE1 OVERVIEW OF THE PREVIOUS
LITERATURE IN FLEXIBILITY STUDIES

Aspects of flexibility
provision

W <
- n = £5
2 8 7 § ¢ & 2 38
= s ¢ 3 5 g8
8 2 % & & 53

28
[4] 2017 x v x x x X
[5] 2021 x v x x x v
[6] 2024 x v x v x x
[7] 2021 v v x x x x
[8] 2019 x 4 v x x x
[9] 2023 v v x v x x
[10] 2023 v v x x x v
[11] 2019 x 4 v x x x
[12] 200 v v x x v v
[13] 2018 v 4 x x v v
[14] 2024V 4 v x x x
[15] 2022 4 v x x x x
[16] 2022 x 4 x x x x
[17] 2020 x 4 x x x x
Current study v 4 v v v v
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This paper investigates the multi-objective optimization
problem in smart microgrids, considering both economic costs
and system flexibility. In order to facilitate the multi-objective
optimization a lexicographic approach is employed to
prioritize objectives. Here, two primary cases are analyzed.
The first case is defined by assigning the higher priority to the
operation cost. Following the same principle, the second case
prioritizes flexibility. Moreover, the uncertainty associated
with photovoltaic (PV) generation is incorporated into the
model. Key contributions and points that make this paper stand
out against previous literature can be summarized as follows.
Comprehensive assessment of flexibility:

e This study extensively investigates the economic,
technical, social, and environmental impacts of
flexibility-based smart microgrid operations, providing a
comprehensive view. Here, the trade-off between
flexibility and costs, as well as the environmental
implications of increased gas-fired power plant operation
(for fast ramping capabilities), are analyzed. Also, social
impacts are assessed through metrics such as outage
duration and customer satisfaction index.

e  Battery Aging Focus: This study emphasizes the impact
of flexibility provision on battery aging, which is crucial
since batteries are the primary source of flexibility in
microgrids. Hence in this paper, the impact of flexibility
on battery aging (as a flexible resource) is evaluated.

e Lexicographic Method: This paper employs a
Lexicographic approach for multi-objective optimization,
balancing cost and flexibility in smart microgrid
operations.

Also, the uncertainties in PV generation are modeled
using Monte Carlo simulation in MATLAB software, while
the optimization problem is solved using the GAMS
environment.

In essence, this research provides valuable insights into the

trade-offs involved in optimizing smart microgrids, with a
particular focus on the role of flexibility and its impact on
various system aspects.

The rest of this paper is organized as follows: The

methodology and modeling are introduced in the section II.

Section 111 presents optimization results. Likewise, section IV
provides more detailed discussions and analysis. Finally, the
conclusion is given in section V.

I1.  Methodology
A. Smart Microgrid Optimization
In order to investigate the problem of flexible operation,
a multi-objective function is defined for smart microgrid
structure [8]. The first objective function is to minimize
operation costs. The operating costs of the microgrid are

E
shown in (1). In this regard, COSt™ js the cost of energy
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ESS
purchased from the upstream network, COSt is the cost of

. i . cost EN®
charging and discharging the battery and

of Energy Not Supplied (ENS).
N
In (2), Tis is the price of purchasing energy from the

is the cost

N
upstream network and Prs is the power exchanged with the
upstream network. Time and scenario indices are represented

by tand S. Here, T isthe time interval of 1...24 hours. In

ESS
3), i is the price of battery charging and discharging. In
ch dis
the same equation, Pis and P are the charging and
discharging power of the battery, respectively. Likewise, (4)

ENS
T
ENS where ~ 'S represents the

shows amount of ENS. [18].

constitutes the cost of

price of ENS and ptE"S\'S

. 24 [cost® +cost &°
FC =Min {OC _ZZ{ - H @

& | +cos
cost® = {7 ps} vt eT @
cost®™® = {ﬂESSt’S (pff‘s +p )} VteT ®)
cost™ ={z1°pi° | vt eT @)

The second objective which aims to maximize the
flexibility of the system by considering the flexibility index, is
) ) ) Ca pr.
shown in (5). In this equation, ('Y and (10
demonstrate the available capacity and instantaneous required
power [8].

24 c?
Ff=Max{SFl =Yy ——0 (5)
s t=1 p(x,s)(tc?I ) 7t(t,s))

Battery degradation and aging occurs through an internal
electrochemical process [10]. The degradation process occurs
during operation as well as when the battery is not in the duty
cycle. Hence, aging or State of Health (SOH) refers to the
degree of battery damage compared to its initial state. SOH is

defined in (6), where gbmt is the total battery cell capacity loss
and Q. is the nominal battery capacity [19].
St
- 6
0.2 ©

nom

SOH = [1

The total battery aging is presented in (7) that is consisted
of two parts: cycle aging and life-time aging, which are shown

as &g and gtcaj,respectively [20].

é:tot = gcyc * Gl )
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1 Qproc,i 2
f (SOC = SOCayg)*dQproc
Q

Arrhenius equation is used in (8), which is a well-
established principle in chemistry, to explain the effect of
temperature on battery aging. This equation includes the base

temperature of the cell (T ¢ )and T defines the temperature
during operation. R is the gas constant, Ea is a parameter

that represents the activation energy, and Q is the

proc ,i

processed charge at the end of i M event. In this regard the
value deviation from the reference state of charge is shown as

SOCg, - K, SOC during a specific cycle is shown using
SOC,, - In (10), SOC,, is fully described [20].
—e(T) (11)
dgcal =k(T ,SOC) :(l_‘_‘fcal(t)j
dt nom
i[;#]
k(T ,soC) =k,e * \" "= /soc
g1 1 (12)
)
+kge
gcal =
1
k(T ,SOC )(l+a(T))t 1+a(T)
o [ ( Q)( a(T)) +1J L @

The calendar aging structure uses Arrhenius equations. In
this regard, calendar aging is influenced by an empirical
equation between SOC and temperature. For describing the

calendar aging of batteries K «/t is often used. Also,

parameter « (T ) is provided which is related to temperature.

Thea (T ) parameter follows the experimental data using non-

linear regression. 5ca| calendar aging at the time t s

calculated in (11). k(T ,SOC) expresses the kinetic

dependence of capacity reduction based on temperature and
SOC. Kinetic dependence is shown in (12). In this equation,

ky and kg are model parameters, E, and E, are

experimental parameters that determine the activation energy
SOC and temperature are assumed constant in these equations.
Therefore, (11) is rewritten as (13) [21].

s R +RE NS, +P TS

(14)
h, pD , pS
= PIE,S-I—PI,S +PI,S
PCh ch Pt[,‘;s
tsfl — s (15)
Soct,s :SOCt—l,s +
SoC,;, <SoC, , <SoC,, (16)
Ptch SUICZPCh’MaX (17)
ptd;s < utdviss P dis _Max (18)
Ut +uls =1 (19)
P MT _min < Ptl\ng < PMT _Max (20)
PDMT < Pll’\;IT _ PI':A]_-I:S < PUMT (21)
0 <P’ <p™ (22)
0<P: <P" (23)
MCe =£.ZZU.R_BS +a.PM (24)

Load balance constraint is shown in (14). In this equation,

P¥" is the micro turbine (MT) production power, P,$ is

t,s

the power purchased from the upstream network, Pt[; is the
microgrid load, and I:’tss is the power sent to the upstream

network. This constraint balances the power at time t and
under scenario S . The process of changing battery's SOC is

explained in (15). In this equation, 77°h and ndis are the

charging and discharging efficiency of the battery, respectively.
Maximum and minimum limit of SOC is shown in (16). In this

equation, SOC,,, and SOC,,, are the maximum and

minimum limits of SOC, sequentially. The charging and
discharging power limits are explained in (17) and (18),

respectively. In these equations, the maximum charge and

ch _Max

discharge power of the battery are shown by P and

p %M " 18) introduces two binary variables, denoted as
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ch dis

U’ and u, . These variables can only take on the values of

0 or 1. Variable ufhs represents the charging state of the

battery (uf'?S = 1 indicates charging), while variable utdi:
represents the discharging state (utdi: = 1 indicates
discharging). This mathematical relationship enforces the
constraint that the battery cannot be in both charging and

discharging states simultaneously. (20) defines the upper and

lower boundaries of MT, which PMT -M& gng pMT -min

are the maximum and minimum production power values of
the MT. Furthermore, the MT ramp speed limit is explained by

(21). In this equation, PU'VIT and PDNIT show the ramp-up

and ramp-down of the MT. The limit of buying and selling
power from the main network are shown by (22) and (23).
These equations state that the power purchased from the
upstream and the power sent to the upstream is less than the

values of PEMEIX and PS'VIax , respectively [21]. The carbon

emission cost is the equivalent emission cost for electricity
purchased from the upstream grid and the MT. If v and o
are the equivalent emission factors for upstream grid electricity
and MT electricity, and € is the CO, processing cost per

kg, then the carbon emission cost is expressed as (24) [22].

B. Modeling the output power of the solar power
plant with the Monte Carlo method

Previous research has shown that the beta distribution

function provides the most accurate and closest values for

radiation modeling compared to other distribution functions

used for this purpose. The probability density distribution

function for the beta distribution is as provided in (25) where

B can be expressed by the gamma function (') which is
shown in (26). Also, ¢ and g are parameters of beta

probability distribution function. After fitting the beta
distribution function to the historical data, the parameters of
the beta distribution function are obtained with the help of
MATLAB Learning Toolbox. After obtaining the probability
distribution function, the solar radiation is predicted for the
required time interval with the help of the inverse
transformation of the beta function. (27) presents the amount
of solar power resulting from different amounts of radiation.
In this equation; G is the modeled solar radiation in terms of

w/m?*,G is solar radiation in the standard environment.

std

Inaddition, R isacertain amount of radiation. Finally, Py,

is the nominal output power of solar panels, which is

determined according to the structure of the panel [23].
a-1 _ A-1

f(x):x (1-x)

B(a.p) (25)
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C. Mathematical approach: Lexicographic Method

Multi-objective optimization problems are challenging
due to the inherent conflicts between the objective functions.
Multi-objective optimization problems inherently lack a single
solution that can simultaneously achieve optimal values for all
objectives. The Lexicographic method serves as an efficient
approach to optimize these problems by relying on a pre-
defined ordering among the objectives. This method involves
sequentially solving a series of single-objective optimization
problems after prioritizing the objectives. At each stage, one
objective is optimized while considering the constraints
imposed by the previously optimized objectives. This process
continues until all objectives are optimized in the desired order.
The implementation of the Lexicographic method consists of
optimizing the objective with the first priority at the beginning
and obtaining the optimum value of F (x) =F’. Then, the

second step is to optimize the objective with the second
priority by adding the constraint F(x)<F" (for
minimization objectives) to preserve the optimal solution of
the first optimization. Hence, minimizing F,(x)=F;
subject to F(x) <F will be the optimal solution for the
multi-objective problem that shown in (28) [24]:

MinF (x) =
subjectto :F. (x) <F. (X
_J J(_ ) <F(x}) 28)
j=1,2,...,i-1
i=1,2,...,n

where i presents an objective status in the preferred order and
F, (x7) denotes the optimal value of F, (x) [24].

I11.  Test Results

The structure investigated in this paper includes a smart
microgrid containing an MT, a PV and an energy storage. In
this structure, the battery plays the role of the energy storage,
and working alongside the MT, it is also a source of flexibility
in addition to supplying energy. In this research, the problem
of flexibility-based operation is investigated using the
Lexicographic method in two cases, with cost priority in the
first case and flexibility in the second one. Hence, in the first
case, the cost objective is minimized initially, and the
flexibility objective is optimized with an additional constraint
of Cost(x)<Cost* which leads to the optimum value
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considering both objectives. Likewise, the second case assigns
the flexibility with a higher priority and optimizes the
operation cost in accordance to that. In this regard, the
scheduling results of the MT, battery and the exchanged
energy with the upstream network are presented in this section.
In addition, the effect of providing flexibility using the battery
on its aging and health is numerically compared in both cases.
In order to examine the results obtained from solving the
stochastic scheduling problem, 1000 scenarios are generated
using Monte Carlo, and the number of these scenarios has been
reduced to 10 using the k-means method. The utilized
historical data were acquired from the modified Rye microgrid
[25]. Fig. 1 shows the production power of the solar power
plant in the 10 scenarios. In addition, the probability of these
scenarios is shown in Table 2.

Fig. 2 shows the electrical demand of the studied
microgrid in a 24-hour period. Additionally, in order to
exchange energy with the wupstream network, the
corresponding prices are shown in Fig. 3. It’s worth
mentioning that the electrical demand and electricity prices are
acquired from [26]. Although these values can have
considerable uncertainties, in this study they are regarded as
deterministic entities for the ease of calculation. This is since
the main idea of this research is to provide a comprehensive
study regarding different aspects of flexibility provision and
considering the uncertainties of PV generation can sufficiently
impose a high amount of flexibility requirement.

Fig. 4 shows the scheduling of the smart microgrid energy
resources in the first case. Since in this case the scheduling cost
is prioritized, as can be observed in this figure, the MT is
operating at its minimum capacity for most of the time
intervals. On the other hand, the battery is discharged in certain
hours and charged in hours with the lowest price of energy
purchased from the upstream network.

Since there are spikes in the consumption profile at some hours
such as 8 and 22, it is necessary for the network to have the
required flexibility in order to supply the load. Hence, the fast-
ramp resource (battery) is discharged for this purpose.

Fig. 5 shows the values of ENS for the two cases. In this
optimization problem, the maximum amount of ENS is limited
to 50 kW. However, despite setting the Value of the Lost Load

(VOLL) equal to 2 $/kW, due to the consideration of the cost

of pollution, the optimization results show that there is
unsupplied energy in several time intervals.
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Time (h)
Fig. 1. Production power of the solar power plant in the 10
scenarios
TABLE 2 PV SCENARIOS AND THE
CORRESPONDING PROBABILITIES
Scenario 1 2 3 4 5
Probability 0.105 0.09 0.102 0.123 0.103
Scenario 6 7 8 9 10

Probability 0.095 0.097 0.102 0.106 0.077
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Fig. 3. Main grid energy trading price
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Fig. 4. Scheduling of smart microgrid energy resources in the

first case




63

Similarly, Fig. 6 shows the scheduling results in the
second case. Since flexibility is a priority in this case, as can
be seen in the figure, fast-ramp resources (batteries) have many
time intervals of energy production. Therefore, the flexibility
of the network is increased and a greater share of the load
profile is supplied. This result can also be seen in Fig. 5. It can
be seen that during these hours the value of ENS has decreased
which indicates more demand coverage.

Assigning priorities to each of the objective functions in
the flexibility-based optimization problem has different effects
from economic, social, environmental and technical points of
view. In this paper, the economic aspect considers the cost of
operation. The social aspect is defined in the form of the cost
of ENS. Likewise, the environmental and the technical aspects
are modeled in the form of the emission cost of the MT and the
upstream network, and battery aging, respectively. Table 3
presents the comparison of two cases from economic, social,
and environmental aspects as well as grid flexibility index.

It is clear that in the second case, by assigning the higher

priority to flexibility and increasing the presence of fast-ramp
resources, as well as increasing the purchase of energy from
the upstream network, the cost of operation increases
drastically. Furthermore, due to the increase in the production
of resources and the purchase of energy, the cost of emission
increases compared to case 1. This increase is 27.9% for
operating cost and 8.5% for emission cost. In this case, due to
the improvement of flexibility, load supply has been better and
the total cost of unsupplied energy has decreased by 20.8%,
which demonstrates a rise in social welfare.
It should be noted that providing flexibility using the battery
increases its aging. Bearing in mind that the degradation of the
battery health in a 24-hour period is very small, these changes
are shown in Fig. 7 for both cases in a one-year period
considering how the battery had to perform in the 24-hour
operation time interval. As shown in the figure, by prioritizing
the flexibility index and consequently charging and
discharging the battery in more cycles, the aging rate of the
battery increases.

IV.  Discussion and Analysis

The findings of this study reveal a significant trade-off
between flexibility and economic efficiency in microgrids. The
increased reliance on batteries and micro turbine production to
enhance flexibility results in higher operating costs, with a
notable 27.9% increase in overall expenses. This economic
impact underscores the need for careful consideration of cost
management strategies when implementing flexibility
measures.

From a technical perspective, the provision of flexibility
accelerates battery aging, leading to a reduction in their state
of health by more than 20% over a year. This technical
challenge highlights the importance of developing advanced
battery management systems and exploring alternative energy

Assessment of Economic, Technical ... /Gholipour Zarandi, et al

storage solutions to ensure long-term sustainability.
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Fig. 5. Values of ENS in the two cases
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Fig. 6. Scheduling of the smart microgrid energy resources in the
second case
TABLE3 COMPARISON IN TERMS OF ECONOMIC,
SOCIAL, AND ENVIRONMENTAL ASPECTS AS WELL
AS NETWORK FLEXIBILITY INDEX.

. . Total A
Priority cases Operation ~ Emission ENS Flexibility
Cost Cost Index
Cost
Case 1 32964.64 4601.52 1163.45 0.637
Case 2 42170.05 4990.22 921.68 0.78
100 T T T
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Fig. 7. Battery degradation in both cases in one-year period.

Socially, the proposed approach enhances microgrid
reliability by minimizing the cost of energy not supplied,
resulting in a 20.8% improvement in social welfare. This
improvement in reliability is crucial for maintaining the quality
of life and economic stability in communities reliant on
microgrids.

However, the environmental impact of increased
flexibility cannot be overlooked. The reliance on micro turbine
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generation and higher-emission energy sources leads to an 8.5 %
rise in pollution costs. This environmental cost necessitates the
exploration of cleaner energy alternatives and the
implementation of stringent emission control measures.
cleaner energy alternatives and the implementation of stringent
emission control measures.

V. Conclusions

In this study, the effects of implementing approaches
based on flexibility in smart microgrids, considering the
economic, technical, social and environmental consequences
have been investigated. For this purpose, the lexicographic
method was used to solve the optimization problem with the
aim of optimizing operations by minimizing costs and at the
same time maximizing flexibility. In this research, the battery
is considered as the main source of flexibility. The simulation
performed compares microgrid resource planning as well as
operation cost, emission cost, unsupplied energy cost,
microgrid flexibility index and in addition compares the
impact of flexibility provision on battery aging in two cases.
Considered cases are proposed by setting priorities for cost and
flexibility in the lexicographic method. The results show that
prioritizing cost flexibility from an economic point of view,
increasing reliance on batteries and MT production to improve
flexibility leads to a 27.9% increase in operating costs. From a
social perspective, the proposed approach increases microgrid
reliability by providing a 20.8% reduction in the cost of
unsupplied energy. From a technical perspective, the results
show that increasing the use of batteries accelerates their aging.
On the other hand, it was observed that with a 14.3 % increase
in flexibility, the emission cost also increased by 8.5%.
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The concept of an energy hub (EH) has been utilized to address the issue of performing
concurrent operations of various energy generation and transmission infrastructures. This
subject is exceedingly respected within the field of microgrids (MG). One of the primary
concerns for investors is the efficient utilization of EH to effectively manage energy
carriers, particularly in transactions with the upstream grid. In this paper the proposed
smart energy hubs (SEH) manage dispatchable generation, i.e. Combined Cooling, Heat,
and power (CCHP), and non-dispatchable generation, i.e. Photovoltaic (PV). SEHs
consider lce Storage Conditioner (ISC) as well as Thermal Energy Storage System
(TESS) as the Energy Storage System (ESS). To mitigate dependence on gas and
electricity utility companies, a peer-to-peer (P2P) energy sharing strategy has been
executed. The implementation of demand response (DR) is directed toward shiftable
electrical loads. The thermodynamic model of heating and cooling loads is developed
with flexibility as integrated demand response (IDR) based on the desired temperature.
The objective of optimization is to minimize operation and environmental costs subjected
to numerous technical constraints. The flexibility constraint serves in particular to
enhance the flexibility of the interrelationships between MG and the upstream network.
The suggested model incorporates the probabilistic nature of PV generation as well as
the electrical, thermal, and cooling demands in various scenarios. The proposed model is
a Mix Integer Non-Linear Problem (MINLP), which was solved using SCIP solver in
GAMS software. Implementation of the proposed framework on the typical EHs shows
the impact of P2P transactive energy and flexibility constraint performance on elements
such as operation costs, emissions and flexibility of the system.

Sets PEho(h, t,s) Real power charged by EES (kW).
H Set of hubs. PEC(h,¢,5) Electrical power consumed by EC unit (kW).
T Set of hours in the operation period. HHRU (¢, 5) Thermal power generated by HRU (kW).
S Set of scenarios. P (b, t,s) Thermal power discharged by TESS (kW).
jJEH Subset of hubs. HAC(h,t,s) heating power consumed by AC unit (kW).
Variables Péh oo (h,t,s) Thermal power charged by TESS (kW).
PREV(ht,s) bG;SPngC(i%SVe)d from gas grid fired PL(h,t,s) Electric loads before DR (kKW).
Pii(h,t,5) S;;%uzﬁcsiéd from gas grid fired ﬁa"ﬂair upper/lower bound of indoor heat (kW).
PPSU(n,t,s) (lT(e\fv) power generated by PGU 7 HYs upper/lower bound of hot water (kKW).
HAB(h,t,s) Thermal power generated by AB Eairygair upper/lower bound of injected cooling power
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(KW). (kW).
Parameters ag Parameter of the Beta PDF.
Probability of occurrence of the R
p(s) SCENario s Us Mean of forecasted solar irradiance (kW/m2).
) Electricity price "sell and purchase" - Standard deviation of forecasted solar
Pel ($/kwh). s irradiance (kW/m2).
pg(h,t) Gas price ($/kwh). nPv Efficiency of PV module.
Efficiency for electricity generation
PGU pv
e (1) for co-product heat of PGU. $ Area of PV module (m2).
% () ifélClency for heat generation of psol Efficiency of PV module.
() Equivalent emission coefficients for Standard deviation of forecasted demands
Pin electricity (kg/kwh). Ha (KW).
Equivalent emission coefficients for TRA -
@g(h) natural gas (kg/kWh). nTRA(h) Efficiency of transformer.
pEPR (I:DOFT pensation price of Electrical K'SC(h) Performance coefficient of 1SC.
pHaiTDR ﬁgg:ﬁ] e;sglt:;on price of indoor KAC(h) Performance coefficient of AC.
pCPR compensation price of cooling DR.  Abbreviations
—ch —dis Maximum real power charged
Ppss/Pgss /discharged by ESS (KW). DR Demand response
neto(h) Charging efficiency of ESS. SEH Smart energy hub
N (h) Discharging efficiency of ESS. CCHP Combined Cooling, Heat, and power
) Maximum energy in ESS (kWh). ISC Ice Storage Conditioner
- Minimum/Maximum allowable real
Ppcu,Ppcu power generated by PGU unit (KW). TESS Thermal energy storage system
. Minimum/Maximum allowable
Hyru Hyry thermal power generated by HRU ESS Energy Storage System
unit (kW).
— Maximum allowable thermal power
Hup(h) generated by AB (KW), IDR Integrated Demand Response
—= Maximum allowable cooling power . "
Hyc(h) generated by AC (KW), MINLP Mixed Integer Non-linear Program
Maximum real power imported
ﬁELE(h) from the upstream grid after pP2P Peer-To-Peer
transformer (KW).
fp(si) Beta PDF of si. MES Multi-energy systems
si Solar irradiance (kW/m2). DG Dispatchable generation
MGO Micro grid operator EV Electrical Vehicle
RES Renewable energy sources QPSO Quantum Particle Swarm Optimization
MCE Multi-carrier energy SPCAES Solar-Powered Compressed Air  Energy
Storage
HSS Hydrogen storage system DRC downside risk constraint
RO Robust optimization P2G power-to-gas
TDR Thermal demand response ADMM Alternating Direction Method of Multipliers
EDR Electrical demand response AB Auxiliary Boiler
EMS energy management system PGU Power Generation Unit
IGDT information gap decision theory AC Absorption chiller
CHP combined heat and power EC Electrical Chiller
WT wind turbine HRU Heat Recovery Unit
PDF Probability Density Function

l. Introduction

A. Motivation and incitement
Traditional energy systems such as power, natural gas, heat
and cooling systems are mostly planned and operated
separately. Lack of coordination among traditional energy
systems hinders the economical and efficient operation of the
entire system. by development of the energy Internet [1], the

coupling of various energy sources (electricity, gas, heat and
cooling) has become much tighter, and the interaction between
energy sources, power grid, and consumers is constantly
intensified. This makes the coordinated operation of multiple
energy sources an increasingly urgent task. For MESs,
supplying and converting different energy sources can
improve the flexibility and stability of the overall system. In
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addition, MESs can increase the efficiency of energy
consumption by coupling multiple energy sources [2]. For the
supply, conversion and storage of different types of energy and
load demand and their relationship in a MES, a system called
EH is used and applied to all carriers [3]. Considering the use
of different technologies, DGs and ESSs in MG Based on EH,
energy management may create many challenges for MGO in
the future.

On the other hands Finding improved ways to use
environmentally friendly RES is of great interest, especially in
developed countries. Because these solutions can curb the
harmful effects of CO, emissions, which pose a challenge to
an environment that is already experiencing alarming scales of
global warming. Photovoltaics accounted for 48% of the total
new power capacity added in 2019, as the share of RESs to
meet power demand increases [4]. Although their presence
provides some benefits to the power system, variable power
generation in PV systems increases the net load ramp rate of
the power system. For example, on July 16, 2020, in California,
increased demand combined with a drop in PV production
toward evening led to an 11 MW increase in ramp rate over
three hours [5]. In such systems, the MGO must make new
decisions to reduce the ramp rate of the system. Due to the
increasing installation of PV systems, one of the main
solutions to reduce system ramp rates is collaboration between
MGO and individual customers. To this end, MGO may limit
the ramp rate of power exchanged by EH with the upstream
grid by setting flexibility constraints [6]. The flexibility
constraint is the absolute value of the ramp rate for power
purchased from the grid minus the ramp rate for power sold to
the grid as less than or equal to the maximum ramp rate limit.
With this constraint, the ramp rate is defined as the capacity to
buy/sell from/to the grid at time step t minus these values at
time step t-1. Therefore, this paper aims to model the
flexibility-constrained energy management problem of SEHs
equipped with RESs, considering DR and P2P energy to
reduce emission costs and increase system flexibility.

B. Literature review
The mounting prevalence of distributed generation and the
emergence of MCE systems have engendered an augmented
demand for EH systems within the power grid. An EH is a new
idea implemented in a MCE system to transmit, receive and
store different types of energy. In addition, load distribution is
a pivotal optimization issue in the energy systems, whereby it
plays a significant role in mitigating the consumption of non-
renewable energy sources, environmental pollution, and
system operating costs. Numerous investigations have been
undertaken in the realm of EH management with relation to
this matter. At first, the issue of energy management was
explored in the absence of any contemplation environmental
pollution. The article by [7] centers on examining the notion
of a hydrogen-based smart micro EH while taking into account
the inclusion of IDR and a fuel cell-based HSS. The purpose
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of the model being proposed is to achieve the minimization of
the overall EH cost through the implementation of a RO
strategy, taking into account the uncertainty of electricity
prices.in another development, a hybrid interval-stochastic
framework was proposed by [8] to create robust programming
of EH which thermal energy market, TDR program and EDR
program are considered to manage flexible energy
management in order to reduce operation cost. Authors
proposed a cooperative framework in which a network of EHs
collaborate together and share their resources in order to
reduce their costs. In contrast to techniques predicated upon
Nash-equilibrium points, which merely identify equilibrium
points without ensuring the optimality of the solution, the
cooperative strategy employed in [9] herein provides a means
of obtaining the optimal solution for the given problem. The
study documented in reference [10], was examined the
efficacy of ice storage as a nascent and evolving mechanism
for energy storage with the aim of enhancing performance and
diminishing the operation cost of EHs. Moreover, the
stochastic behavior of ice storage was compared with
deterministic conditions. A rule-based EMS based on the
modifications of the traditional load following and circuit
charging was developed in [11] to effectively coordinate the
operation of an integrated multi-carrier hybrid energy system.
A novel optimization framework based on a hybrid IGDT and
RO was developed in [12] to handle the optimal self-
scheduling of the EH within a medium-term horizon for large
consumers. The purpose of this framework was to efficiently
address the intricate binary variables and cope with the worst-
case scenarios associated with the generation of wind turbines
and the uncertainties in the day-ahead electricity market.
Furthermore, authors in [13] were offered a linear max—min-—
max robust optimization-based decision-making tool that
incorporates both uncertainties of the electricity market price
and the wind generation. As indicated in the present discourse,
the optimal load distribution in energy systems not only
engenders a reduction in operational costs, but also facilitates
a diminution in the consumption of non-renewable energy
sources, thereby mitigating the production of deleterious
substances in the environment. In this regard, the article [14]
has proposed an optimal load distribution model for the EH,
which aims to reduce the total cost of the EH, including
operating costs and CO, emission costs of the system. The
investigated energy hub includes the unit of CHP, gas boiler,
PV systems and WT, and EV and the issue of uncertainty
related to EVs was dealt with through the application of RO
from a methodological viewpoint. authors in [15] were
examined the design and performance of an EH to meet the
heating, cooling, electricity, and freshwater demands of a
coastal city. A thorough thermodynamic examination of the
EH was being undertaken to consider the economic and
emissions perspective in conjunction with the availability of
RESs. In a recent study, a robust approach based on QPSO was
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employed to minimize the total cost of the EH system [16].
The investigation focused on evaluating the reduction of fuel
consumption and pollutant emissions through the
implementation of a TESS within the residential EH. In
another development, a model for EH was considered for the
purpose of the optimal operation of the MG with multiple
energy carrier infrastructures for day-ahead [17]. The objective
of optimization was to reduce operation and environmental
expenses while taking into account various technical
constraints. More specifically, the influence of SPCAES as a
new ESS on the effectiveness and productivity of the EH, as
well as on environmental expenses, was examined. Article [18]
demonstrated the implementation of an emission cost model,
which incorporates penalty factors, in regulating the usage of
RESs by residential EH towards mitigating pollution
emissions. As a measure to mitigate the risks arising from
potential uncertainties faced by the decision-maker, a risk-
aversion strategy, specifically the DRC, was adopted.
Furthermore, the researchers of [19] posited an energy hub
equipped with P2G technology, wherein patrons partake in an
IDR program. The findings demonstrated that the P2G
technology effectively mitigates CO, emissions via the
consumption of CO, emanating from the CHP system and
boiler. It appears that the interchanging of energy between EHs
will augment the flexibility of the system while concurrently
mitigating its operational costs. On the other hand, P2P energy
transaction, allowing EHs to trade energy with each other in a
direct manner, plays a pivotal role in mitigating the utilization
of non-renewable energy sources and, consequently, in
reducing carbon emissions. Despite the fact that the
involvement of numerous EHs enhances flexibility and
mitigates system costs, the equitable and compelling allocation
of benefits remains a considerable challenge. Hereupon, the
article [20] presents a market mechanism designed for the
operation of multiple EHs, which relies on a P2P transaction
system. The application of cooperative game theory led to the
development of a just and persuasive method of distributing
payoffs. The problem concerning the allocation of payoffs was
structured as a two-stage problem. In the first stage, the
allocation of payoffs was ascertained with the objective of
minimizing the worst-case excess. Subsequently, the coalition
with the highest excess was found and reintroduced into the
first-phase problem. Moreover, a potential solution was
presented in [21] for energy transaction through a P2P model
among interconnected SEHs. EHs had the capacity to
exchange both electrical and thermal energy with one another,
thereby resulting in a reduction in expenditure and a decrease
in reliance on gas and electricity service providers. The
research conducted by Article [22] sought to investigate a
completely decentralized approach to electricity trading in the
framework of transactive energy markets. The proposed model
presents a theoretical framework for P2P trading, which
facilitates services among clients in a decentralized manner.

the decentralized power flow issue was approached through
the utilization of the ADMM. in article [23] the authors were
focused to evaluate the significance of P2P energy transactions
in conjunction with on-site flexibility resources for industrial
sites. This study seeks to examine the potential impact of P2P
energy transactions on uncertain parameters in light of the
substantial peak power charges associated with grid power
usage. Studies conducted to energy management of the EH can
be categorized through multifaceted approaches. TABLE 1
presents a compilation of recent scholarly investigations
pertaining to the perspectives outlined above. The presented
table also outlines the unique aspects of the current work in
relation to prior research.

TABLE1 COMPREHENSIVE COMPARISON OF THIS
PAPER TO LITERATURE REVIEW.

s 2 .
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[9] x x x v v x
[10] x x x v v x
[11] x x v v x x
[12] x x x x v v
[13] x x x v x v
[14] x x v x v v
[15] x x v v x x
[16] x x v v x v
[17] x x v v x v
[18] x x x v v v
[19] x x v x v x
[20] x v x v x v
[21] x v x x x v
[22] x v x v x v
[23] x v v v v x

I
Eg 4 v v v v v

8 o

C. Contributions and organization

The aforementioned research has demonstrated the impact of
MCE systems on the flexibility and stability of the system.
Additionally, it was determined that the implementation of
P2P energy and DR concepts resulted in a decrease of both
operational and environmental costs for the system.
Nevertheless, the stochastic nature of PV systems, which
contributes to the heightened ramp rate of the system's net load,
implies a void in our current research. The current
investigation endeavors to explore the utilization of flexibility-
constrained concepts within SEHs, with a focus on P2P energy
trading and DR. This is pursued with the ultimate objective of
augmenting system flexibility and diminishing both
environmental and operational costs. Particularly, the study
aimed at the following objectives:
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e Modeling 3 CCHP-based EHs optimal operation
involving DR programs and P2P energy
transaction,

e In order to enhance the overall flexibility of a
system, the application of the flexibility-
constrained concept is recommended and

e This approach involves taking into account the
scenario-based performance of various elements,
such as PV systems and loads.

The following organization is considered for the rest of the
paper. In Section 2, the SEHSs architecture is described and
problem is formulated. The mathematical model and solution
algorithm are presented in Section 3. Section 4 presents and
discusses the simulation results and finally, Section 5
addresses the conclusion of the study.

S.EHub1 S.E.Hub 4

®-

»
— — — - Communication Line 1

w | e%s &%n
oaape ¢ (B o @B e
®)

S.E.Hub3 S.E.Hubn

S.E.Hub 2

Fig. 1. Transactive framework for multiple SEHs

I1.  SEHs architecture and problem
formulation

A. SEH architecture

An MCE framework for multiple SEHSs is shown in Fig. 1.
All SEHSs are networked and can trade electrical energy with
other hubs via the networked infrastructure. They also
communicate with each other through a communication
network to determine the optimal energy trading profile. Hubs
are equipped with an EMS that facilitates the identification of
the most effective strategy for scheduling their energy
generation, consumption, and energy share. In general, Each
SEH is composed of CCHP, PV, AB, ISC, ESSs and a
multitude of loads pertaining to electrical, heating, and cooling
functions. In an effort to enhance realism, the implementation
of hubs exhibiting distinct components has been attempted.
Thus, it can be posited that SEHs 1, 2, and 3 have drawn
inspiration from [17], [24], and [25], correspondingly. The
general schema of the proposed SEHSs is depicted in Fig. 2 .
The CCHP system is composed of various fundamental
components, including but not limited to the PGU, HRU, and
AC. The implementation of ISC has become commonplace in
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various cooling applications. This innovative technology has
been found to be effective in reducing peak power supply
tension during peak hours, as reported by previous studies [25].
In this study, the ISC consisted of a single-duty chiller
(operable only in ice-making mode) and an ice storage tank
that melted the stored ice only during peak hours. Additionally,
the ISC could not operate in both ice-making and ice-melting
modes simultaneously. Furthermore, it should be noted that
the CCHP system was operated in a hybrid load mode [26].
The present inquiry pertains to a system encompassing three
distinct categories of energy requisites, namely those
associated with electricity, heat, and cooling. The present
study posited that the MG operator possessed unfettered access
to all pertinent data. according to Fig. 2, the primary portion of
the natural gas streams into the PGU to generate electricity and
heat. Subsequently, the second phase is initiated whereby AB
triggers the generation of thermal energy. In fact, natural gas
dispatch is expressed as:
Pgas = PgPaGsU + PgAaB; (1)

Electricity PP¢Y and heat H”RV are generated through the

firing of natural gas Pj%” in the gas turbine as follows:

RISV = g x B @
HAR = oY x PEgY ®

AB consumes natural gas for the purpose of heat generation
in the subsequent manner:
HA® = nfi® x P @)
Electricity is transferred between the SEH and the upstream
grid via the transformer. In the event of insufficient electricity,
the SEH will procure electricity from the upstream electrical
grid. Conversely, in instances of electricity surplus, the
electrical hub vends the excess electricity to the upstream grid.
PELE — 77TRA X PGRD (5)
The succeeding equation delineates the ice-making capacity of
the chiller:
P]%Lg — KISC X PISC (6)
The process of injecting co-product heat H¥RV from PGU
into the HRU results in the accumulation of heat at the heating
hub. Specifically, the heating hub assembles the output heat of
HRU, represented as nfRV x HHRU | along with the heat
emanating from AB. Subsequently, a fraction of the thermal
energy, which is directed towards AC, is utilized to facilitate
cooling:
CAC = KAC  HAC @)
Additionally, the electric chiller consumes electrical power
to produce cooling energy and this process can be
mathematically expressed as follows:
CEC — KEC X PEC (8)

B. problem formulation

This subsection entails an elaboration of the problem
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Fig. 2. General scheme of SEHs

formulation encompassing the objective function as well as
the inherent constraints of the network and generation units.
2.2.1. objective functions

The following equations demonstrate the proposed objective
function, which represents the operating costs of the MG
(including all three SEHs) in the day-ahead market. It consists
of six components: the net purchase cost of electricity and gas,
the CO, emission cost and the compensation cost of shiftable
electrical loads and flexible heating and cooling loads. This
study considers operating cost minimization from the
perspective of MGO seeking to economically and technically
optimize the use of MG components. These components
encompass CCHP, PV, TESS, ESS and ISC. In this analysis,
the focus is strictly on operational costs, while disregarding
investment costs associated with these MG components. The
objective function can be presented in the following

formulation:
f= n)x
S
Cpe(h t,s) + Cpg(h,t,s) + 9)
Coo(h,t,8) + CEPR(h,t,s) +
nt [CHPR(h,t,s) + CPR(n,t,s)
Cpe(h,t,5) = po(h,t) x PRP (b, t,s) (10)
Coa(ht,8) = pa(h,t) X (11)

PFSU(h,t,s)
e’ (h)

HAB (b, t, s)]

= Palht) X [ 0

Coe(h,t,s) =0(h) X
@in(h) X PSRP (B, t,8) +

PPCU(n,t,s) HAB(h,t,s)
#q () x ( ) i () )

(12)

CEPR(h,t,5) = pEPR x AP (h, ¢, 5) (13)

CHPR(h,t,5) = CHrPR(p, 1, 5) +

CstDR(h t S) — pHairDR X

|Hair (h, t, S) _ Hair,forecast (h, t, S)|

+prsDR X |st(h, t, S) _ st,forecast(h‘ t, S)|

(14)

CCDR(h, t, S) — pCDR X

|Cair (h, ¢, S) _ Cair,forecast(h’ t, S)l (15)

Constraints: The proposed optimization problem considers
the following constraints:
Flexibility constraint: The SEH's flexibility constraint is
modeled using Equation (16):
PP (h,t,s) — PP (h,t —1,s) —
(Pse(h,t,s) — PS¢t (h,t — 1,8)) | ~ (16)
PFlexibility (h, t)

whereby the power traded between the system and the
upstream grid during time step t, in comparison with time step
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t-1, is constrained to be less than or equal to the flexibility
limitation.

P2P transaction constraint: The SEHs operate on a P2P
basis, wherein participants are able to engage in transactions
involving the purchase or sale of electrical energy based on
their respective preferences. ef' = {ef},, Vh,j€H, vt e
T} indicates the electrical energy sharing of SEH h with j on
timeslot t. If power is purchased from SEH j, e®(h,j,t) will
be positive, and otherwise if SEH h sells to j and e®(h, j,t)
is negative. An Energy Sharing Profile between S.E.s must
satisfy the following constraints:

e (h,j,t,s) +e(j,ht,s) =0 17

m, = {m,;, Vh,j € H} also specifies payments for energy
trades between SEHs. The payment among SEH h with j, must
be equal but with opposite signs, so the payment among SEHs
must satisfy the bellow constraint:

n(h,j,s) +m(j,hs)=0 (18)

The exclusion of the trading cost of energy between hubs from
the optimization (1) is justified by its negligible impact on the
overall social cost of the hubs. This factor solely involves the
transfer of payments between the hubs and does not contribute
to the calculation of the total social cost. For example, $12 is a
payment hub h makes to j, so hub j receives $12 and h pay
$12. Therefore, it follows that the aggregate cost incurred in
relation to energy sharing remains constant.

DR programs: The DR programs facilitate the energy supply
by implementing measures to regulate energy consumption
among end users via various strategies and initiatives. This
article examines a price-based IDR system for shiftable

electric loads, and two IDR programs for flexible thermal loads.

a) Shiftable electrical loads: There are two primary
programs in which the customer may participate, namely
incentive-based and price-based programs. This paper presents
an examination of price-based DR, a technique employed by
customers who adjust their energy consumption by
transferring some of their loads to alternate periods, influenced
by the pricing signal. It is noteworthy that the modeling
methodology employed in this study presents an IDR
mechanism, wherein it is possible to transfer shiftable loads
from periods of peak demand to periods of reduced activity.
The mathematical formulation of the load shifting approach is
demonstrated in equations (19) -(23).

Demand® (h,t,s) = PL(h,t,s) +

APSMUP (h, t,5) — APSHA (1, t, 5) (19)
N
Z APShP (¢ ) —
N (20)
Z APShAR(J £ 5) = 0
t=1
0 < APSh¥P (h,t,s) <
——shup (21)

AP (b, t) X PSP (R, t, 5)
0 < APShA(h,t,5) < (22)
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——sh,dn
AP (b, t) X YA (p, t, s)
1/;5”'“?’ (ht,s)+ I,IJSh'd"(h, t,s) <1 (23)

The terms APS"¥?(h,t,s) and APS"4"(h,t,s) a are positive
variables demonstrating increased and reduced loads,
respectively.

b) Flexible heating loads: The present article explicates two
distinct categories of heating loads, namely indoor heating
loads and hot water loads.

Demand”(h, t,s) = 24)

H%" (h,t,s) + HY(h,t,s)
The mathematical representation of heating loads relies on
their thermodynamic model in a manner that temperature plays
a fundamental part in determining the fulfillment of heating
requirements [27]. The proposed methodology broadens the
range of options available to SEHs for energy transactions in
meeting their heating requirements. It is worth noting that the
method in question entails a comprehensive analysis of all
heating loads, while simultaneously operating under the
assumption that the integration form of DR is utilized. the
mathematical modeling of indoor heating DR is shown in
equations (25) -(28).

HOT (b t,s) < HO (ht,s) < H (ht,s)  (25)
ﬂair (h,t,S) —H air ,forecast (h,t,S)—

) (26)
¢H (h,t) % H air forecast (h ,t ,S)
ar _ air ,forecast
H (ht,s)=H (h_,t,s)+ @
¢H (h ,t) x H air ,forecast (h ,t ,S)
0< Pty < (28)

The second type of heating load is the hot water, which is one
of the necessary consumptions. The aforementioned analysis
is also applicable to hot water modeling:
HYS(ht,s) < HYS(ht,s) <H  (ht,s) (29)
ﬂws (h,t,S) — H ws ,forecast (h,t,S) _

(30)
¢ws (h,t)X H ws ,forecast (h,t ,S)
s g ws forecast
H"”(ht,s)=H (h,t,s)+ a
¢ws (h ,t) x H ws ,forecast (h ,t ,S)
0< P (ht) <P (32)

c) Flexible cooling loads: The present study considers the
cooling load as defined by the air conditioning system, which
is dependent on the temperature of the enclosed space. The
objective of this study is to decrease the ambient temperature
within the given space through the introduction of cool air into
the surrounding environment. The identical thermodynamic
framework is utilized in the calculation of cooling loads, with
one modification in the principal equation:
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Car(ht,5) < COr(ht,s) < C (hts)  (33)
Cair(h t S) — Cair,forecast(h t S)
— ¢ (h,t) (34)

X Cair,forecast(h t S)
—air ,
I (h, t, S) = (air.forecast (l’l, t, S)

+ ¢C(h,t) (35)
X Cair,forecast(h' t, S)
0<¢pCht) < EC (36)

Energy balance at SEHSs: The expression for the balance of
electrical power at the electrical hub is presented as follows:
PELE (B, t,5) + PPV (h,t,s) + PPCU(h, t,5)
+PES (b t,5) + Z el(h,j,t,s) =
7 (37)
Demand® (h,t, s) + PS¢ (h,t,5)
+Pgks(h,t,s) + PEC(h,t,s)
Furthermore, the heat balance is expressed in the subsequent
manner:
nHRY(h) x HHRY (B, t,s) + HAB (B, t,s)
+PESc(h,t,s) = Demand" (h,t,s) (38)
+HAC(h t,s) + Pfies(h,t,s)
Moreover, the expression of the cooling energy balance can
be stated as:
CAC(h,t,s) + CEC(,t,s)
+ CHE(ht,s) (39)
= C% (h,t,s)

ESS operation constraints: In the context of the operation of
ESSs in an SEH environment, emphasis has been placed on
several limitations, which take the form of generic models, as
documented in academic sources such as [26] and [28]. It
should be highlighted that within the framework under
consideration, ESS pertains to the composite entities of EES,
TESS, and ISC.

0< PESS(h t,s)

< PESS(h) X Ughs(h,t,s)

0< P,?S‘fq ht,s)

< PESS(h) X Ugéfs(h, t,s)
Ugss(h,t,s) + Ugss(h, t,5) < 1 (42)

(40)

(41)

Egss(h,t,s) = EESS(h t—1,5s)
A £5) X nfs ) )
n (begs(h ¢, S))
nESS(h)
—EES
0 < Egss(ht,s) <E  (h) (44)
Egss(h,0,s) = Egss(h, 24,5) (45)

Generation limits for PGU and HRU: The electrical and
heating power generated by CCHP in SEHs must adhere to a
set of predetermined limits [26], [29]:

Prgy(h) < R (I, t, )

2 (46)
< Ppgu(h)

Hygry(h) < HHRU(h,i, s) @7)
< Hyry(h)

AB and AC operation limits: The heating and cooling power
produced by AB and AC are required to fall within
predetermined minimum and maximum thresholds, as shown
below [26]:

0 < HAB(h,t,s) < Hyup(h) (48)
0 < HAS(h,t,s) < Huc(h) (49)

Power limits for the transformer: The output real power of
transformers should meet the following conditions:

0< PELE(h ) <P (h) (50)

Uncertainty modeling: This section expounds on the
uncertainty models used for the output power of PVs, and
electrical, heating, and cooling demands.

Solar irradiance modeling: A common approach in
analyzing the distribution of solar irradiance at any given hour
is to employ a bimodal distribution model, which is
characterized by the linear combination of two unimodal
distributions. The Beta PDF serves as a suitable choice for each
of these unimodal distributions. The sources cited as [30] and
[31], present the following information:

Ir'(as + Bs)

—————X 0<si<1,
F@r@)” 53

£ (si) = { ¢jlas—1) (51)
’ ii —~ si)zzs_l) b2 0
0 otherwise
Us X (1 + pg)
Bs = (1 —ps) X (0—52 - 1) (52)
_ Us X Bs
RCES 49

In order to forecast the average and variance of solar
irradiance at hourly intervals, researchers refer to historical
data sourced from the neighboring meteorology station [31],
[32]. The Beta PDF is defined as a range spanning from (51)
to (53) for each hour, with respect to its respective mean and
standard deviation. Various factors, namely solar irradiance,
surface area, efficacy of PV modules, and solar collectors, are
pivotal in determining the generated power of PV and solar
collector units. The computation of the output power for both
PV and solar collector units is carried out utilizing the Beta
PDF across various conditions [30], [31], [33]:

By (si) = nP? X SP¥ X si

54
Psyg(si) = %ot x §%° x si (64)
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Modelling the electrical, heating, and cooling demands: The
modelling of uncertainty in the forecast of electrical, heating,
and cooling demands is carried out using a Normal PDF, as
follows [31], [34]:

~(-n@)?
e 204

fa(©) = P X (55)

{=zX05+ Uy

The PDF for the normal distribution of each hour is determined
by utilizing the calculated mean and standard deviation derived
from the forecasted electrical, heating, and cooling demands.

Techniques for scenario reduction: For a majority of
practical issues, the optimization problem that encompasses all
conceivable scenarios (known as the deterministic equivalent
program) is excessively extensive. In order to address the
challenges posed by computational complexity and temporal
limitations, algorithms are employed to mitigate the scenarios.
The present study employs the SENRED tool, comprising
three distinct algorithms (The Fast-Backward method, a mix
of Fast-Backward/Forward methods and a mix of Fast
Backward/Backward methods), to address the research
objective.

I11.  The mathematical model and solution

algorithm
The mathematical model for optimal operation proposed in

( Start )

A4

Defining the input data, including
upstream grid data, CCHPs data
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this study is formulated as a MINLP model. MINLP is a
mathematical optimization which encompasses problems that
entail both continuous and integer variables, but are nonlinear
in nature. The present optimal operation mathematical model
is characterized by a combination of binary and continuous
variables. The introduction of binary variables serves to
prevent the concurrent operation of charging and discharging
processes in ESSs. The variables of interest in this study are
continuous and include electrical power from CCHP, heating
power from ABs, electrical power exchanged between the
system and the upstream grid, electrical power exchanged with
EES, heating power exchanged with TESS, and cooling power
supplied by ISC and EC in each hour of operation. Non-linear
terms with the problem include compensation costs resulting
from DR programs. The application of the absolute value
function results in non-linearity of said variables [35]. The
utilization of the SCIP solver has been employed for the
resolution of the optimal dispatch model, owing to its
exceptional competence in addressing MINLP problems. The
Solver is the SCIP (implemented as C callable library and
provides C++ wrapper classes for user plugins) as a tool of the
GAMS software. The computational procedure was conducted
utilizing a PC featuring an Intel Core i7,3.9GHz CPU with 16
GB of RAM. Fig. 3 depicts the implementation flowchart of
the proposed model.

,ABs data, ACs data, ESSs data,
I1SCs data ,DR program data,

}

A

electricity price, and gas price

v

Setting up the SCIP software

v

Minimizing (9)
subject to (16)- (50)

Generate

new solutions

Has the
termination
condition been
satisfied?

sensitivity analyzing on flexibility
limitation

End

Uncertainty
modeling

1)Defining uncertain input data,

including hourly mean and standard
deviation of four stochastic parameters

that are solar generation, electrical
demand, thermal demand, and cooling

demand.

2)Generating the hourly PDFs of the
stochastic parameters by (51) and (55).

3) Generating scenarios using PDFs

4)Scenario reduction and calculating

the probability of the each stochastic

parameters by SCENRED

Fig. 3. Flowchart of the proposed model.
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V. Simulation result

The present study utilizes a smart grid system based on EH
as a testbed to assess the effectiveness of the proposed
mathematical model and it does not belong to any special
geographical area. However, it is noteworthy that all three
SEHs are frequently used by other researchers. The smart grid
under consideration comprises three central hubs, with each
hub featuring three sub-hubs, namely the electrical sub-hub,

the heating sub-hub, and the cooling sub-hub. The electrical
sub-hub imports electrical power from PGU and PV while it
exports to ISC, EC, and electrical demand. Besides, it
exchanges the electrical power with upstream grid and EES.
The heating sub-hub imports heating power from AB, SHE,
and HRU while it exports to AC and heating demand. Also, it
exchanges the heating power with TESS.

TABLE 2 PARAMETERS OF THE SEHS.

Value Value Value

Parameter  SEH 1 SEH 2 SEH 3 Parameter SEH 1 SEH 2 SEH 3 Parameter SEH 1 SEH 2 SEH 3
nPu 0.42 0.4 0.3 Pogy 140 0 0 Hae 300 2000 1000
nae 0.88 0.88 0.9 Preu 1050 1200 1000 Has 2300 2640 800
nbev 0.48 05 0.4 Hyry 155 0 0 Hury 1640 1500 1000
nHRU 0.82 1 0.82 KEC 0 0 4 nTRA 0.99 0.95 0.98
KAC 0.9 0.9 1.2 K's¢ 0.9 0.85 0.95 5 1000 4200 1800
Pons 470 450 500 Pro 180 450 700 ks 0.9 0.9 0.96
s, 0.95 0.9 0.96 e 3500 2850 1470
R 1300 pso! 66.6 gsot 1300 nPv 186 7p 150 aphen 250

6 0.45 Oin 0.972 ?, 0.23 pEPR 2 pHairDR 2 pFiwsDR 2

pCPR 2 5 0.2 3" 0.2 N 0.2

The cooling sub-hub imports cooling power from AC, EC, and
ISC while it exports to cooling demand.

A. Basic data
As specified, the proposed model analyzes three type of

loads Fig. 4 illustrates the electrical demand of SEHs
collectively. The combined forecast for indoor heating and
hot water consumption is illustrated in Fig. 5. 70% of the
aforementioned quantity is designated for the purpose of
heating water, whilst the remaining portion is allocated
towards indoor heating needs. the forecast cooling demand

3/5 rwsenT
3 |msem2
uSEH3

N
=
ol

15

Electrical Power (MW)
N

1 5 9 13 17 21
Time(h)

Fig. 4. Electrical demand of SEHSs.

is demonstrated in Fig. 6, Fig. 7 shows the day-ahead
forecasted electricity price for the smart grid. Each SEH has
a set price for natural gas, with SEH 1 being priced at 3.5
cents, SEH 2 at 5.5 cents, and SEH 3 also at 5 cents. The
mean of the forecasted solar generations during day-ahead
are shown in Fig. 8 standard deviation of stochastic
generations is considered 5%. The characteristics of SEHs
and grid are represented in TABLE 2

35 rwsent

2/5

1/5

[y

Heating Power (MW)
N

o
=
al

o

1 5 9 13 17 21
Time(h)

Fig. 5. Forecasted heating demand of SEHs.
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ESEH1

Cooling Power (MW)

1 5 9 13 17 21
Time(h)

Fig. 6. Forecasted cooling demand.
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Fig. 7. Electricity price of smart grid.
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Fig. 8. Solar generations.

B. Results and discussion

The present study endeavors to analyze the effects of P2P
transaction and DR programs on costs reduction, as well as the
influence of flexibility constraint on enhancing system
flexibility. To achieve this objective, three distinct cases have
been considered as follows:
Case 1: energy management of SEHs without considering
P2P transactions, DR programs, and flexibility constraint
Case 2: energy management of SEHs with considering P2P
transactions and DR programs and without considering
flexibility constraint

Case 3: energy management of SEHs with considering P2P
transactions, DR programs, and flexibility constraint equal to
300KW
The sub-hubs play a crucial role in the collection and allocation
of multi-energy. It is necessary for each sub-hub to maintain a
balance in energy flow at any given moment. Figures 9-11
show the optimal distribution of energy flows at power,
heating and cooling sub-Hubs for different cases. In figures 9-
11, the upper and lower sides of the horizontal axis represent
the energy flowing into the sub-hub and the energy flowing out
of the sub-hub, respectively.

The graphical representation of the optimal dispatch of power
flow at the electrical sub-hubs in Case 1 can be observed in the
1st row of Fig. 9 where upstream grid and PV systems supply
the electrical demand at the majority of hours. The balance
between electrical power generation and electrical
consumption is achieved at each hour in electrical sub-hubs.
For example, at hour 13, the generation outputs of PV, PGU,
and importing from upstream grid in SEH 1 are 306.8 (kW),
140 (kW), and 1528.02 (kW), respectively, while the electrical
demand is 1974.8 (kW) at the same hour. On the other hand,
in SEH 2, during hours 21-23, when PV generation is zero and
the electricity price is low, most of the electrical demand is met
by purchases from the upstream grid and less electricity is
generated by PGU. In addition, PV generation plays an
important role in supplying electrical demand in hours 8-10
and 12-14 in SEH 3. Also, due to the reduction of PV
generation at hour 19 in SEH 1, most of the electrical demand
is supplied by PGU and upstream grid. the results of power
flow in Case 2 are shown in the 2nd row of Fig. 9 While these
results are similar to those in Case 1 Since the generation of
PGU unit is specifically related to the purchase price of
electricity from the upstream grid, during hours 9-13, the role
of PGU in providing power demand is more than power traded
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Fig. 9. Electrical power flow at SEHSs.

with grid in SEH 1. In SEH 2, there exists evidence
showcasing the efficacy of EES. Specifically, EES is charged
during the first nine hours of the day that the price of electricity
is comparatively lower than the subsequent hours.
Consequently, EES unit is discharged during the period of 10
AM - 8 PM when there is a substantial surge observed in the
price of electricity. The DR program incorporated in the
proposed model operates by curbing the electrical demand in
SEH 3 during specified hours of 8, 9, 11, and 12-22, resulting
in a drop to 1750 kW, while augmenting the demand during
other times of the day to capitalize on the more cost-efficient
electricity prices. The implementation of DR strategies has
been found to result in a reduction of operational cost through
the shiftable electrical loads. Fig. 10 illustrates the energy
transfer between interconnected hubs. The utilization of peer-
to-peer transaction energy has been found to result in a notable
reduction in the production of PGU, as well as a decrease in
the need to purchase electricity from the upstream network.
This approach also leads to the improvement of energy
management within the network. As has been previously
indicated, the cost of energy exchange between hubs is not
anticipated to have an impact on the total cost.

SEH1

1800kW
V1009

$09-

SEH3

500kW

Fig. 10. Energy transfer between SEHs

the results of case 3 shown in the 3rd row of Fig. 9 indicate
that the presence of flexibility constraints increases the
flexibility of the system and thus the total cost. In the current
scenario, the ramp rate at energy is traded with the upstream
grid is limited to a maximum of 300. This limitation has
resulted in a smoother PELE diagram while increasing the
flexibility of the system. As illustrated in the figures, the
growth of PELE is limited in the first hours of the day in SEH
1, so PGU production must be increased to meet demand. This
increase in production leads to amplified operational costs and
carbon emissions. In addition, SEH 2 experiences a significant
increase in energy procurement costs during midday hours.
This escalation is due to the rigidity constraint that the EH
faces, which prevents it from immediately minimizing energy
procurement from the upstream grid. Instead, the EH resorts to
incremental reductions in energy procurement, resulting in an
incremental gradient that inevitably increases system costs.

The 1st row of Fig. 11 shows the optimal dispatch of heat flow
at the heating sub-hubs in Case 1. It can be seen that the heating
power is balanced in thermal sub-hubs at each hour. For
example, at hour 20, the discharge power of TESS and the heat
generation of HRU and AB in SEH 1 are 180 (KW), 1640 (kW),
and 1346.2 (kW), respectively, while the heat demand and AC
consumption are 2653.27 (kW) and 217.75 (kW), respectively
at the same hour. It can be seen that the heat demand is mostly
covered by HRU. However, during the hours when the
electricity price is low and PGU works less to provide the
electrical demand, the role of HRU is reduced and AB should
supply the heat demand. In addition, for SEH1 and SEH 3, the
charging/discharging TESS during favorable hours reduces
operating costs at the thermal sub-hub.in SEH 2, the HRU is
less active due to the presence of SHE.in Case 2, the 2nd row
of Fig. 11 depicts the optimal dispatch of heat flow at the sub-
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hubs. Although P2P energy transactions have not yielded so
much significant impact on the thermal balance of the system,
the DR program has successfully facilitated effective energy
management in smart hubs. As an illustration, the
implementation of the DR program within SEH 1 has resulted
in a decrease in the production of AB, thereby contributing to
a corresponding reduction in associated carbon emission costs.
the flexibility constraint has resulted in marginal modifications
in the heat flow, as illustrated in Fig. 11

The 1st row of Fig. 12 shows the optimal dispatch of cooling
flow at cooling sub-hubs in Case 1. It is observed that the AC
supplies the cooling demand during all hours. In SEH 3, the
assistance of AC alongside EC serves as a substantial
contribution to meeting the high demand for cooling and
energy supply. The implementation of the discharging process
of the ISC during 9-14 within SEH 1 is aimed at mitigating
operational costs. In the context of Case 2, the 2nd row of Fig.
12 illustrates the optimized distribution of cooling flow within
cooling sub-hubs. Similar to the phenomenon of thermal flow,
the utilization of a demand response program within the
cooling flow enhances the efficacy of energy management
strategies within the system.

= HHRU mHAB uPdisTESS = PSHE
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Fig. 11. Heating power flow at SEHSs.
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Fig. 12. Cooling power flow at SEHs.

TABLE 3 illustrates the fluctuations in total costs across
cases 1 through 3. The utilization of the DR program and the
P2P transactive energy has resulted in a reduction of the total
cost by 11.2%. In contrast, the implementation of the
flexibility constraint with the objective of enhancing the
system's flexibility has resulted in a 9.5% rise in operating
costs in comparison to Case 2. It is apparent that a decrease in
the variable " PFlexibility" regylts in an escalation of the overall
system cost. This phenomenon will be thoroughly evaluated
through sensitivity analysis in the subsequent section.

C. sensitivity analysis
The flexibility of the interdependence between the upstream
grid and SEHSs is contingent upon the smooth continuity of the

energy exchange graph, which should lack sudden fluctuations.

As illustrated in Fig. 13, a decrease in the PFlexibility yglye
corresponds to a reduction in the ramp rate of power
exchanged with the upstream grid. This subsequently
constrains the ability of energy hubs to meet their energy
demands, thereby necessitating a greater reliance on
productions from PGUs. Consequently, the cost of system
operation and carbon emission experiences an escalated
trajectory. Based on the findings depicted in Fig. 13, the
selection of PFlexibllity phy gperators should be strategically
implemented to ensure the concurrent optimization of the
flexibility and total cost of system.
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Total cost($)
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Fig. 13. Sensitivity analysis on Pflexibility

V. Conclusion

In recent years, there has been a surge in need for a variety
of energy carriers and a requisite to provide high levels of
reliability for fulfilling various energy requirements, with a
focus on achieving optimal and economically efficient
utilization of energy resources. Consequently, the concept of
multi-energy systems has emerged as a solution to these
challenges. The concept of energy hub has gained widespread
adoption as a potential solution for the utilization of multi-
carrier energy systems (MCESs) in various applications. The
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SEHs architecture proposed in this study introduces a generic
method for reducing the costs of transferring, conversion, and
saving energies and optimal dispatch in MG. Furthermore, in
this article, special attention has been paid to the flexibility of
the system by flexibility constraint. It is noteworthy that the
method adopted herein is limited to steady-state energy flow
analysis. However, it holds potential for utility in the study of
dynamic energy flow as well. In certain instances, wherein the
MGO does not possess ownership of specific equipment, such
as CCCHP, WT, PV, TESS, SPCAES, and ISC, it is imperative
to take into account the investment cost of the said components
in relation to the electricity price proffered by the equipment
owners to the MGO. The examination of the equipment matter
may be analyzed as a prospective area of research.
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Correct information about a power system’s dynamic variables is important and
necessary for protection and control issues. Today's power systems, which differ from
past systems, face new challenges due to converter-based resources. A solution to these
challenges is dynamic state estimation in short time intervals, such as the time domain.
This paper simulates a standard 68-bus system in the presence of converter-based
resources with a high penetration percentage in DIgSILENT software and compares the
performance of four Bayesian filters in estimating the dynamic variables of the
synchronous generators of the system using values in the time domain with each other.
The four types of filters used include extended Kalman filter, unscented Kalman filter,
ensemble Kalman filter, and particle filter. The MATLAB software suite was used for
the comparison of the performance of the four filter types in different scenarios, including
the presence of measurement and processing noise, extreme noise, network fault, data
missing, state estimation time by each filter, and the comparison of time domain method
with other methods such as phasor domain. At the end, the advantages and disadvantages
of each were identified.

result, the sensitivity and coordination of distance relays on the

. Introduction

Today, new power systems, including Converter-Based
Resources (CBR) and storage resources, are widespread. With
deeper penetration of these sources, the challenges related to
the stability, control, and protection of the power system have
increased for two crucial reasons: (a) the reduction of system
inertia due to the presence of CBRs, and (b) the existence of
different time scales from milliseconds or less for CBRs to
several minutes or more for synchronous generator boilers.
Therefore, it can be mentioned that the high penetration of
these sources has caused the new power system to have
features such as faster system response, ineffectiveness of
common protection logic, and having different power system
transients [1, 2]. The following is a review of some works on
CBR's presence in power networks.

CBRs in power networks have also affected network
distance protection. In [3], adaptive distance protection was
used with these CBRs in the condition of fault resistance. As a

transmission lines and the DFIG-based wind farm collector
lines were also increased. In [4], the effects of CBRs, such as
Double Feed Induction Generators (DFIGs) and Static Series
Synchronous Compensator (SSSC), on the stability of power
grids were investigated. The system’s stability was improved
by using a nonlinear controller for these sources.

Today's power systems cannot be properly protected and
controlled with these plans due to the random, scattered, and
variable nature of renewable energy sources [5].

It has been stated in [1, 6] that in the case without CBR, all
network generators are oscillating with respect to a static
reference, by using CBRs, the inertia of the whole system is
reduced and the reference point also fluctuates, and because
other generators also oscillate relative to this (non-static) point,
with the presence of CBRs, the fluctuations of waveforms
increase. The construction of the phasor by PMUs has a delay
due to the use of the DFT algorithm and they cannot follow the
fluctuations properly, so we had to use faster units such as

Copyright © A. Hesami Naghshbandy (s).
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MUs that work in the time domain [7].

On the other hand, despite this new power system, it can be
stated that dynamic models are widely used for stability,
control, and transient studies of power systems [8]. It can be
said that the solution to these new power grid challenges
should be searched in Dynamic State Estimation (DSE) [9].
DSE can estimate the state of a power system at different scales,
S0 it can be used as a versatile tool to observe the path of the
system state [10]. So far, many research works have been
conducted on DSE, some of which are mentioned below.

One of the most important state variables in power systems
in terms of stability and control is the rotor speed of the
synchronous generator, so measuring the rotor speed has
always been a fundamental issue. It can be said that estimating
the rotor speed without any mechanical connection is a great
improvement in the performance of the power system [11].
Researchers in [12] presented the use of DSE based on the
Unscented Kalman Filter (UKF) for a nonlinear system
connected to an infinite bus with measurable mechanical
torque (Tm) and excitation field (Ef) as inputs and used PMUs.
In the following, the dynamic states of a system connected to
an infinite bus were estimated by considering the transient
model (4th-order model) using the Extended Particle Filter
(EPF) [13]. In [14], the state variables were estimated by
considering the second-order generator using combined DSE
methods. A decentralized method was used in [15] to estimate
the dynamic state in the power system based on unscented
transformation used to estimate the state of the exact equations
of the generator, excitation system, and stabilizer. In [16], a
novel centralized controller based on the Kalman filter was
presented to control multi-input, multi-output industrial
processes with heavy interactions and significant time delays
and indicated that the controller performed well in tracking the
set point and was robust due to changing the system parameters.
In [17], the shortcomings of the EKF method, such as the
calculation of the Jacobian matrix and the strong dependence
on process and processing noises, were stated, and a PSO-EKF
was proposed to make an effective re-adhesion estimator. In
[18], state estimation was done with a new method called M-
estimation. In this work, the robustness of the proposed
algorithm was investigated under different conditions, such as
incorrect data in the measurement. In [19], the dynamic states
were estimated in the presence of non-Gaussian noises with
Iterative Extended Kalman Filter methods of the Generalized
Maximum similarity type (GM-IEKF). The method was
ineffective in the case of large nonlinearities. Next, DSE was
done using the UKF estimation method and H-infinity
controller, considering uncertainty in the system and the
presence of uncertain measurement noise [20]. In [21, 22],
non-Gaussian measurement noises and uncertain inputs were
considered in the network, and methods such as GM-UKF and
EKF were used. In the works that have already been done,
various situations, such as communication channel
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TABLE I. STRENCHS, WEAKNESSES, ADVANTAGES, AND
DISADVANTAGES OF THE PAST WORKS

Reference  Advantages and strengths Disadvantages and
weaknesses
Ref - Referring to the power system - Not doing simulation
[1, 2] with CBRs and stating its to prove the claim and
characteristics just reviewing past
- Expressing time domain DSE works
methods
- Expressing time domain
equations
Ref - Applying and modeling CBR - Not using time
[3-8] resources in the power network domain values and
- Examining the effects of these using phasor values
resources on challenges, such - Absence of a
as stability, control, and comprehensive
network protection method that can cover
- Improving the above all challenges together
challenges by using new - The phasor
methods construction
algorithms (DFT) used
in these references
have delays
Ref - Expressing the characteristics - Not considering CBR
[9, 10] of the power system resources in the
- Providing a complete investigated power
description of basic state system
estimation - Describing static
state estimation, which
is not applicable to
today's power system.
Ref - Estimating state variables of - Using phasor domain
[11-18] nonlinear systems with EKF values
and UKEF filters - Using the old power
- The robustness and system without the
convergence of these filters in presence of CBRs
different scenarios - Not checking
- Developing a PF method and different scenarios in
using the EPF method some references
- Using combined state - Effectiveness of
estimation methods to improve  algorithms for extreme
other methods noises
- Applying decentralized and - Divergence of state
centralized DSE methods and estimation algorithms
comparing them in some special states,
- Using state estimation such as non-Gaussian
methods in other engineering noise
sciences [16] - High calculation time
- Combining EKF with PSO to due to the use of
improve the performance of phasor construction
EKF [17] algorithms such as
DFT
Ref - Using the EKF and UKF - Divergence of the
[19-25] method based on repetition to above filters in some

estimate the parameter and
mode for non-Gaussian noises
and their robustness
- Combining UKF and H-
infinity controller in the
presence of system
uncertainties and non-Gaussian
noises
- Improving UKF against cyber
attacks, innovation errors, and
severe nonlinearities
- State estimation with a
combination of the above
methods for non-Gaussian
noises
- Estimating CBR modes

simulations
- Using simple models
of synchronous
generators like the
classic model
- Not considering CBR
in the studied power
systems
- Using phasor values
(PMU)

- Not checking the
robustness of some
algorithms in
scenarios, such as data
missing
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interruption, high nonlinearity of the system, innovation
errors, and bad and incorrect data, have been considered, and
filters, such as UKF based on repetition, developed EKF, have
been used to estimate the state variables and the parameters of
synchronous generators [23-25].

Table | shows a summary of the strengths and weaknesses,
as well as the advantages and disadvantages of the references
reviewed in Section I.

By studying past works, it can be stated that various methods
have been used to estimate the state of the power system, most
of which are methods based on the Kalman filter because
Kalman filters cover all linear and nonlinear systems and are
the best DSE tools.

By stating the above information about the new power
system and DSE, it is concluded that DSE has limitedly been
used for networks with CBRs, and it is the best tool for
protecting, controlling, and monitoring new systems.

So, the innovation of this paper is the use of DSE in the time
domain in a centralized manner with Bayesian methods for
networks with CBRs with a high penetration level. The above
operations are also implemented for different scenarios, and
the advantages and disadvantages of each of the filters are
specified.

The general structure of the paper is as follows. Section Il
describes DSE formulation in the time domain, the estimation
model, and the discretization process. Section Ill describes
Bayesian filters and how to implement them. Section IV
simulates the system and implements the filters on it. Finally,
Section V reports simulation results.

Il.  DSE Formulation

As already mentioned, a typical power system includes
synchronous generators and electromechanical transients with
a time period of several seconds. This power system also has
electromagnetic transients, which are much faster than
electromechanical transients and are ignored [1].

With the increasing penetration of CBRs and the effect of
those devices in power systems, the system’s dynamic
response is highly dependent on the dynamic response of the
power electronic devices, their control systems, and dynamic
issues related to converters [26].

Also, this equipment distorts the network signals and their
deviation from the sinusoidal state. It should be mentioned that
the time period studied for CBRs is from microsecond to
millisecond due to switching in converters. Hence, the result is
that common phasor representation is usually useful for
electromechanical studies of synchronous generators. It is
unsuitable for electromagnetic problems due to the delay in
constructing the phasor (discrete Fourier transform process or
DFT), so time domain information (sample values) must be
used.

A. Representation of Equations in the Time Domain

According to the previous section, the relationships and

measurements required for the dynamic estimation equations
should be changed.

Regardless of the time scales of different dynamics, the
system can be described with the differential and algebraic
equations (1) [1].

{)’c(t) = f(x(®), y(©), u(®), w(®)) O

0 = g(x(0), y(®), u(®), w(®))

in which x(t) is the state vector, y(t) is the algebraic state
vector, u(t) is the input vector, and f and g are nonlinear
functions.

To go to the time domain, the above equations must be
converted from continuous to discrete form, which is fully
explained in Subsection C. The important point here is that
according to [1], to obtain the equations in the time domain
after discretization, they will remain unchanged, and the only
difference is that the voltage and current signals will no longer
be in the phasor state, but they will be sampled in the time
domain and determined by the sampling frequency.

B. The Desired Model for Network Generators
This section explains the synchronous generator model
considered for state estimation and then states Euler's method
for discretization of state equations. In this paper, a sub
transient model generator with IEEE-type | exciter and Power
System Stabilizer (PSS) are implemented using Eq. (2) [27,
28].

dé
It = wolAw (22)
ddw 1 (2b)
e (T, — T, — Kph
ac —2am e” P 2
de’ 1 , .
d—td=T,—(—ed— (xq_xq){iq_
(, ,‘70) (20)
X, —x ) ) ,
'q qz(ed"'(xq_xIS)lq""qu)}
(x q= XIS)
de’ 1 , ,
—q=,—(—eq—(xd—xd){id—
dt Ty
oyt ) (2d)
e + (g — x5)ig + +E
o, = xzs)z}(e ot (ra—x5)ig %d)} fd
de,, 1 ' . (2e)
=g~ \Xgqg— X )lg —
dt Tdo(q (d l)d ‘Pw)
do, 1 (2)
q . ’ .
— = (e q— (¥ g —x5)ig— 9,,)
dt T 40 q q 2q
dE 2
et = = (Ke + Se(Era) ) Epa + Ve (29)
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dViyr 1 wo i)
——=—7V Kpgs— X
at T,y WF + Kpss o0
((Tm - Te - KDAw))
AVpss 1 11T,
= PSS (

[R— + R —
dt T, T, T,T,

(2k)

s +

T, wg
KPSST_Zﬁ (T, — T, — KpAw))

Equations (2a-2f), (2g-2i) and (2j, 2k) are related to the
generator, the excitation system, and the PSS, respectively. In
these equations, 3 is the angle of the rotor, Aw is the deviation
of the rotor speed, €, and ¢, are transient voltages of the
stator in the direction of d and q axes, ¢;4 and ¢,, are
dampers flux in the direction of d and q, Ef, is the excitation
field, Ry is the scaled output of the stabilizing transformer,
Vi is the scaled output of the amplifier, Vi, is the output
voltage of steady state eliminator filter, V,gs isthe PSS output
voltage, and i, and i, are the stator currents along d and g
axes, respectively. The parameter T,, is the mechanical
torque, T, is the electrical torque of the air gap, w, is the
nominal value of the angular frequency, H is the inertia, and
Kp is the damping coefficient. The parameters T" 45, T" g,
T 40, T'q0r Tay Tg, Tey Ty, Ty, and T, are time constants
inseconds, Kz, Kr,and K, are controller gains, and Kpgs is
the PSS gain. x, and x, are the reactances along the d and q
axes, x'q and x’', are the transient reactances along the d
and q axes, respectively. The above equations should be
written as (3-8) in order to be in the framework of state
equations.

X = fo(x,u) +w,

y =h.(x,u) + v, ©)
Elww/]=Q (4)
Elvv/]1=R ©)
x=[Awe'ge'yp,, (quEfd Vi Rp Vigr Vpss]” (6)
U= [Ty ig i Vier]” (7)
y=Ilere]" ®)

in which x is the state vector, u is the input vector, y is the
output vector, the functions f, and h. represent the state and
output equations, respectively, and the index c indicates the
continuous state.

The vectors w, and v, represent the process and output
noises, respectively, which are modeled as Gaussian (with zero
means), and their covariance matrix is defined according to Eq.
(4) and (5), respectively, where E[x] is the statistical
expectation.

In Eqg. (7, 8), er are e; the stator voltages along the R and
I axes, and i and i, are the stator currents along the R and |
axes, respectively.

To convert Eq. (2) to f. according to Eq. (3), ig4, i4, and
T, are written as Eq. (9-11) in terms of x and u.

ig = igsind — i;cosd 9)

g = i;sind + izcosé (10)

T,~P=(eg+i,xq)ia+ (g —iax'a)ig (11)
Similarly, in order to be able in h.[+] to write e; and e, in
terms of relations of x and u, Eq. (12, 13) should be used.
er = (e'q +igx'y)sind + (', — igx'q)coss (12)
e; = (e'q — igx'q)sind — (&'q — igx'q)cosd (13)
Finally, the state equations are written in terms of state
variables and inputs.

C. Discretization of Equations and its Relations
Assuming that the sampling frequency of merging unit (MU)
devices, which have the same role in the time domain as the
PMU units in the phasor domain, is f;, and the sampled time

. . 1
interval is equal to At, =< so, as a result, the values of

S
T,(At) , ix(GAY), i;(jAt), and V,..r(jAt) as input and
er(jAt)and e, (jAt) are output where j=1,2,... k, is applied to
the above state equations as the time sample, and the state
values of x = [ Aw e’y €'q 9,4 ¢, Era Vo Rr Ve Vpss]”
are estimated [1, 27]. For discretization, it should be done as
follows, where jAts becomes k.
In order to make the equations discrete, the definition of the
derivative for the variable x is used as described in Eq. (14).
. x(k) —x(k—-1) (14)
x= At,
in which At is sampling interval and k and k-1 are actually
the same as kAt and (k — 1)At,.
By placing the above relation in the state matrix relations,
Eq. (15) is obtained:

> x(k) =x(k—1) + x x Atg

x(k) = x(k — 1) + Aty X (f(x,u) + w, (15)
Finally, by simplifying, Eq. (16) is obtained:
X = fOtpm1, Up—1) X Abg + Xpq + Wiy (16)

Vi = h(xe, we) + v
The above equations show those related to the discrete state
of a system, which is in the time domain, and phasor values are
no longer used, and synchronized sample values are used.

1. An Overview of the Bayesian Filtering

Method

Along with many successes in estimating linear systems,
Kalman also made achievements for nonlinear systems.

These nonlinear methods include EKF, UKF, EnKF, and PF.
The main difference between these methods is how to calculate
the mean and covariance of the system states.

In EKF, the state equations of the system are linearized
using Taylor expansion to the first approximation, and the
mean and covariance are calculated using Jacobian matrices.

In the UKF method, mean and covariance are calculated
using sigma points and passing these sigma points from the
nonlinear function.

In EnKF, the mean and covariance are extracted using
sequential Monte Carlo methods, and the state distribution is
created by collecting these particles. In the above methods, it
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is assumed that the processing and measurement noise in
Gaussian and Bayesian methods are used, but the PF method
is not dependent on Gaussian noise, and similar to the EnKF
method, particles are used to calculate the possible distribution
of state variables [27].

In the Bayesian framework, the above algorithms are
implemented similarly. After the initialization, the above
filters receive a data sample as input in each stage. Then, two
stages of prediction and filtering are performed, and the state
variables are estimated. In the prediction stage, the mean and
covariance of states at time k are predicted based on the values
of time k-1. The predicted values are corrected with the
measured values in the filtering stage. The details of the
implementation of the filters are fully described below.

A. Extended Kalman Filter (EKF)
The EKF method linearizes the system using Jacobian
matrices and includes the following steps [27].
Prediction stage:
In Eq. (17) and (18), the state and covariance matrix of the
states are predicted.
X = f (1) Up—1) + Wieq 17)
P = Fe1Pieoi Fi_y + Qq (18)
Filtering step:
The updating or filtering stage is defined by Eq. (19-22),
respectively.

X = X + K Fie (19)
Ky = Py Hi (H Py Hi + R)™" (20)
Vi =z — h(x, wy) (21)
P = - K H )P, (22)

in which x;; and P, are the priori values of mean and
variance, respectively. They are derived from the values of the
previous step, i.e. k-1. The values of x, and P, are the
posterior values of mean and variance, respectively, which are
obtained by adding the measured values of z, to the previous
values. K, is the gain of the Kalman filter. 7, represents the
remainder between h(x;,u,) and z,. F, and H, are
Jacobian matrices expressed by Eq. (23) and (24).

e _Of (23)
o 0x Xp Uk-1
_on (24)
£ ox Xpe Uk

B. Unscented Kalman Filter (UKF)

The UKF method is the unscented transformation for taking
a set of samples to represent the probability distribution of
states and propagating these samples through functions fand g
to generate the mean and covariance of states [29]. The UKF
method is described as follows:

Prediction stage:

The prediction stage includes Eq. (25-30).

xll;r_ = f(xlic—puk—l) + W1 (25)

Xo-1 = Xp—1 (26)
Xy =X+ M+ KP_)); i=1,..,n (27)
Xt =x, — M+ K)P_)); i=1,..,n (28)

2n ' (29)
X = Z Wixi~
0
2n ‘ ‘ (30)
Pe = D WGk — ) =) + Q
0
Filtering step:
The filtering stage includes Eq. (31-37).
Xk = X+ Ki§x (31)
Ki = B Hi (Hi P Hg + Rg) ™ (32)
2n (33)
Ho= ) Wit
0
Vi = Zic — Zi (34)
2n - (35)
2 = ) Wil
0
zi- =h(x{,w) i=0,..2n (36)
Pe = (I = KxHi) R (37)

in which x{~ and W; represent the values of 2n+1 point
and their weights, and x is the scaling parameter that
determines the position of the sigma points.

C. Ensemble Kalman Filter (EnKF)

In the EnKF method, samples are used to extract the
probability distribution of the state variables and their
covariance, and the algorithm execution steps are as follows
[27, 30].

Prediction stage:
The prediction stage includes Eq. (38-41).

xXio = f(X}_p Ueq) + Wieq =
7 = h(Xf(_. uk) i=0,..,Ngukr (39)
NEnKF (40)
NEnkF &
1 NEnKF . (41)
Zy = Z oy
K NEgnkF = ‘

Filtering step:
The filtering stage includes Eq. (42-46).

X = xi + K (24— 20) (42)
Ky = P Hi (H P Hi + R)™" (43)

1 NEnKF . . (44)
POHE = —— > Wi =5 = 7"

Nenkr —
NEnNKF ' ' (45)

HePeHE = —— ) WG = ) = 70)

NEnkF e
zt =z, + vl (46)

Here ng.kr is the number of particles. It should be noted
that it is no longer necessary to calculate the error covariance
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matrix Py alone.

D. Particle Filter (PF)

The particle filter method, first proposed by Nicholas
Metropolis, is suitable for systems with a high degree of
nonlinearity. In fact, the particle filter method is resistant to
severe nonlinearities while it has a high computational load.
This method, also known as sequential Monte Carlo, will be
explained further [27, 31].

First, N random state vectors with the initial probability
density distribution function P(x0) are generated, which are
represented by xg; (i = 1,..,N). Then, for each time step of
k, these particles are published from the nonlinear equation of
fk, and their value is calculated for the next sample using Eq.
(47):

Xei = i Wie)  (i=1,...,N) (47)
in which wi_, is the noise of the process and is calculated
from the probability distribution of wy,.

After the measurement is received at time k, the relative
conditional probability (P(yk|x,;i)) for each particle x;; is
calculated. This value can be calculated when the noise
probability density function (pdf) and the output matrix are
known.

For example, if the measurement function is y, = h(x;) +
vy, then assuming x,, = x;; and also the relative probability
of q; is equal to the value of y*, then q; is calculated using
Eq. (48) as follows:

ai =P[Ok = y)|(xic = xic))] = P[vic =y —h(xi;;)]  (48)
which is equal to:
q; = % x (49)
(2m)z|R|?
exp (— [y - h(x,;i)]TRZ_l[y* — ()]

For all particles, the relative probability must be calculated
and normalized using Eq. (44) so that the sum of probabilities
equals one.

4 (50)
?]=1 q;

In the next step, the resampling step is performed to
calculate a new set of particles x;;. This new set of particles
is calculated randomly based on gq;. There are different
resampling methods. Here, the standard method is used as
follows:

i) The random number r is chosen with a uniform
distribution between zero and one.

ii) The set of probabilities g; are calculated such that they

q; =

are greater than the value of r, i.e., an_zll q, <T, but when we

reach the data j, the condition anzl q,>T1 is established,
the new particles x;; will be equal to the set of particles x;;.

V. Simulation and State Estimation

3

-

Fig. 1. The 68-bus system simulated in DIGSILENT

This section first describes the simulated system, along with
the CBRs. In the following sections, different scenarios are
applied in the network, and the above state estimation
algorithms are used to estimate the network variables.

A. Simulated System and Results

Fig. 1 is the simulated system in DIgSILNT software, which
is the new system of England, New York, and three other
geographical regions where the equivalent circuit is available.
It has 68 buses, 16 generators, and 83 transmission lines.

It is worth mentioning that the inverter-based resource used
in a wind farm includes six two-feed induction generators
connected to the 40 bus and a photovoltaic panel connected to
the 17 bus. For more information, refer to [31, 32].

The state estimation considered for this article is done
centrally and for each generator separately, and the estimated
information is sent to the main control center (Fig. 2).
Considering that the simulation step must be the same in all
generators, the sampling time is also considered to be 1

millisecond.
GPS
Satellites

GPS Synchronization l N

i ~
< To Local /Cerftralil Control Center >

4 I
Estimated Local States I

N
Estimated Local States®.

N
| Dynamic State E3timator16 |

(ir, it for G16) N
Genrator .I MU 16
Unit16 | _Tefq Tm for G16
(VR, viI for G16)
CVT

i
| Dynamic State Estimator 1 |_’ .
1

|
(ir, it for G1) I

Genrator
Unit 1

Efd ,Tm for G1

(VR, vi for G1)

< Transmission Network + Load >

Fig. 2. The estimation of the state of the network in a
centralized way
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To obtain the initial state of each generator (xo), the equation

x = 0 in Eq. (2) should be solved for the input values at the
initial moment [27].
For all generators, process noise wy~ (0, Qq) with covariance
Q4 = diag([0.04742 0.00422 0.02892 0.01372]) and
measurement noise v,~(0,Rq) with covariance R4 =
diag([0.012 0.012]) are considered according to [27].

In the following, the simulation results are presented to
evaluate the performance of the relationships and the state
estimation algorithms of the dynamic variables for the
following four scenarios.

B. The First Scenario

In a simple scenario, considering the process and
measurement standard noises, the state variables of 16
synchronous generators are estimated.

Figs. 3 to 6 show the state variables estimated by the four
filters described in Section Il and their actual values related to
generator number five (G05). As it is clear from Figs. 3 and 4,
in EKF and EnKF filters, after a time of about 2 seconds from
the start of state estimation, tend to their real value (black
color). The amount of fluctuations and changes for the PF filter
(pink color) in the four state variables is less than that of the
rest of the filters.

According to Fig. 4, it is clear that the state estimation output
for the speed deviation variable tends to its true value, but the
amount of changes and the time to reach the true value are
more for EKF and EnKF.

It is clear from Figs. 5 and 6 that the amount of changes for
UKF and EnKF is more than the others.

60,
50f
2 |
o i
AU
@ 0
f —&-UKF
e F ——EnKF
E 20 B
W oeseeeseeseewess 00000 [ True Value
0 - 4
_]0 | | | | | | 1
0 2 4 6 8 012 4 16 18 20
Time (Second)
Fig. 3. The dynamic estimation of rotor angle with four studied
filters
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Fig. 4. The dynamic estimation of speed deviation with four
studied filters

0.9

q-axis transient voltage (Pu)

2 4 6 8 10 12 14 16 18 20
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Fig. 5. The dynamic estimation of g-axis transient voltage with
four studied filters

In order to show that the state estimation for other
synchronous generators works correctly, the maximum
deviation index (MDI) is defined for some state variables,
which is in the form of (51).

MDI = max |(Xestimatea (K) — Xactuai (k)| (51)
k=mm+1,..20/0.001)

in which X,gtimatea 1S the output state of the estimator,
Xqcruar 1S the actual state of the system, m is the number of
samples in that the estimator has reached a stable state, the
number 20 is the simulation time, and 0.001 is the sampling
interval.

d-axis transient voltage (Pu)
A s s

W

wn

05 I I I I I I I I J
0 2 4 6 8 10 12 14 16 18 20

Time (Second)
Fig. 6. The dynamic estimation of d-axis transient voltage with
four studied filters
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TABLE Il. COMPARISON OF MDI FOR ALL GENERATORS
WITH ALL FOUR FILTERS FOR PROCESSING AND
MEASUREMENT NOISE

Generator MDI. MDI. MDI. MDI.
EKF UKF EnKF PF
G0o1 4 5 6.8 2
G02 2.9 4.1 6 1.9
G03 2.8 4.7 5.6 3
Go4 4 44 6.7 2
G05 3.9 4.1 5.6 2.9
G06 4.1 3.7 6 1.9
G07 4 5.1 5.8 2
G08 3.1 5.2 5.9 2
G09 3.3 5.2 5.1 1.9
G10 3.2 4.1 5 2
G11 3.8 4.2 4.8 2
G12 4 4.3 5 2.7
G13 3.8 4.3 53 3.1
G14 3.7 4.1 55 3
G15 52 3.8 5.8 25
G16 4.3 34 4.9 2.7

Table Il shows the amount of MDI for four types of filters
after reaching the steady state for the rotor angle variable for
16 synchronous generators. Clearly, the amount of MDI for the
PF filter is lower than that for other filters.

C. The Second Scenario

In this case, the noise level of the process and
measurement is 10 times of the standard noise. In other
words, the measuring devices and the system have suffered
a severe disturbance, and the first scenario is repeated. Figs.
7 to 10 show the state variables estimated with the four
studied filters. It is clear that the noise on the PF filter has
almost no effect and causes more changes in other filters for
the estimated values compared to the previous states.

It is also clear here that the amount of changes in the
estimated values in EKF, EnKF, and UKF is more than the PF
filter.

7]
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=
>

[
=)

Rotor angle (deg)
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0= 1 | 1 |

Time (Second)
Fig. 7. The dynamic estimation of rotor angle with four studied
filters for extreme noise
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Fig. 8. The dynamic estimation of speed deviation with four
studied filters for extreme noise

Figs. 9 and 10 show the transient voltages along the d and
g axes for intense noise, respectively.
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Fig. 9. The dynamic estimation of g-axis transient voltage with
four studied filters for extreme noise

Table 111 shows the amount of MDI for all four types of
filters after reaching the steady state for the speed deviation
variable for 16 synchronous generators. Clearly, the amount of
MDI for the PF filter is lower than other filters.

d-axis transient voltage (Pu)

0 2 4 6 8 10 12 14 16 18 20
Time (Second)

Fig. 10. The dynamic estimation of d-axis transient voltage with
four studied filters for extreme noise
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TABLE Ill. COMPARISON OF MDI FOR ALL
GENERATORS WITH ALL FOUR FILTERS FOR
PROCESSING AND MEASUREMENT EXTREME NOISE

Generator MDI. MDI. MDI. MDI.
EKF UKF EnKF UKF

G01 0.021 0.01 0.02 0.005
G02 0.02 0.011 0.03 0.004
G03 0.019 0.013 0.015 0.008
Go4 0.022 0.012 0.018 0.005
G05 0.021 0.011 0.02 0.004
G06 0.023 0.02 0.021 0.004
G0o7 0.024 0.019 0.021 0.006
G08 0.022 0.02 0.022 0.007
G09 0.022 0.014 0.021 0.006
G10 0.02 0.015 0.02 0.005
G11 0.021 0.02 0.022 0.004
G12 0.018 0.017 0.02 0.005
G13 0.019 0.018 0.019 0.004
Gl4 0.02 0.021 0.019 0.005
G15 0.025 0.016 0.021 0.005
G16 0.027 0.013 0.02 0.004

D. The Third Scenario

In this scenario, a three-phase fault occurs on line 65-66 in
the third second, and after 150 milliseconds, the breakers on
both sides of the line open and the fault is cleared. Fig. 11
shows the estimation of the dynamic state of the rotor angle
with four types of filters with negligible noise.

As it is clear, changes in the PF filter are less than other
filters.

A. The Fourth Scenario with Missing Data

The goal of this scenario is to evaluate all the algorithms
when the MU measurements are corrupted by missing data.
Missing data may result from temporary communication
failures and is often identified via error detection schemes
associated with communication protocols.

To model missing data, it is assumed that the amount of
measured data has reached zero, the zeroing of this data is
detected by telecommunication protocols, and with the
detection of missing data, the modified state estimation

Rotor angle (deg)

0 2 4 6 8 10 12 14 16 18 20
Time (Second)

Fig. 11. The dynamic estimation of rotor angle with four studied
filters for the three-phase fault on line 13-14
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oo
n

Rotor angle (deg)
o

1
0 2 4 6 8 10 12 14 16 18 20
Time (Second)

Fig. 12. The dynamic estimation of rotor angle with four studied
filters for the data missing in the time of 7 to 8 seconds

algorithm is replaced instead of the original state estimation.
As soon as a missing data is detected, the sampling frequency
is reduced by about 8 times for higher accuracy, and the
pseudo-measurement values obtained by linear interpolation
between the samples before and after the event are replaced
[27]. In this scenario, the sampling rate is increased from 25
sample/cycle to 200 sample/cycle.

The process noise covariance Qd is reduced to 1/8 and Rd
remains the same as in scenario previous. The. All the other
setup remains the same as that in previous scenarios.

The full description of interpolation is given in [27].

To simulate missing data, all measurement data between the
7 to 10 seconds is zeroed.

Fig. 12 shows the estimation of the rotor angle generator one

(G01) with the above methods with missing data in 7 to 10
seconds.

As itis clear in Fig.12, with the linear interpolation method,
almost all filters are resistant to data missing, and PF filter
works better than other filters.

B. The Fifth Scenario

One of the most important issues in DSE is the computation
time of each state estimation iteration. For this, the tic
command is typed at the beginning of the for loop, and the toc
command is typed at the end of the for loop in the MATLAB
program. Then, the time obtained is divided by the number of
repetitions of the loop, and the execution time of each filter is
calculated for one state estimation. Fig. 13 shows the
calculation execution time.

As is known, the execution time of the PF and EnKF filters
is much longer than that of the EKF and UKF filters, and it is
worth mentioning that EKF has the shortest possible time.
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Time of Simulation (Mili second)

EKF UKF EnKF PF
Method of DSE

Fig. 13. The computation time of each state estimation iteration

C. The Sixth Scenario

In most previous works, the phasor domain method and
PMU have been used for DSE. The purpose of this scenario is
to compare the time domain method with the phasor domain
method.

In the phasor domain method, the data obtained from the
voltage transformer (VT) and current transformer (CT)
installed in the generator terminal are first converted into
discrete values, and then using the discrete Fourier transform
(DFT), the phasor values are extracted from Eq. (52), and these
phasor values are used as inputs to state estimation filters.

_ . V2 > 2nm ~ 2nm (52)

X=X +jX;, = WZ(X,LCOST +]xnsmT)
i=1

It should be mentioned that the third scenario (fault on 55-
56 line) is repeated in this part.

Fig. 14 shows the performance of four desired filter types
with the PMU.

By comparing Figs. 11 and 14 that scenario is the same in
both cases, as it is clear, due to the long time of the phasor
construction stage by PMU in the phasor method, the accuracy
of the phasor method during extreme transients is lower in all
filters compared to the time domain method.

By performing this scenario, it is observed that the time
domain method performs better in transient states than the
previous methods. It should be noted that almost the same
results were obtained for other generators.

l. Conclusion

The contribution of this article is the use of DSE algorithms
in the time domain with the presence of CBRs, which has not
been done in the past. A 68-bus network with CBRs was
simulated in the DIgSILNT software. Then, the current and
voltage data in the time domain (sample values) related to each
generator were extracted with MATLAB software format for
six scenarios, including standard noise, extreme noise, network
fault, execution time of state estimation, missing data, and
comparison with previous methods, and four filters mentioned

were implemented on these data. Finally, the related state
variables of each generator were estimated. The results are
summarized below.

e EKF

-+--UKF
EnKF

——PF

= =True Value

Rotor angle (deg)

Il
2 4 6 8 10 12 14 16 18 20
Time (Second)

Fig. 14. The performance of four desired filter types with the
phasor domain method

Almost all filters detected the state variables correctly, but
among them, PF had fewer changes in the steady state of the
estimator, and the time to reach the steady state (true state) was
shorter. Extreme noise had a lower effect on PF performance.
Among the above filters, the duration of PF and EnKF was
much longer than that of other filters, which is considered a
defect. All filters were resistant to the data-missing scenario,
and PF and EnKF performed better than the other filters. The
execution time of EKF was shorter than all filters, and it had
relatively good performance, which is considered an
advantage. Finally, the new DSE was validated by comparing
the time domain method and the phasor domain method. The
simulations showed that the time domain method performed
better in severe transients.

By stating the advantages and disadvantages of each filter
and considering the cost required to build each estimator, a
balance should be established between these features. For such
large networks where CBRs are available, the most favorable
filter should be selected by placing MUs in it, so that all state
variables related to the generator are properly available.

Future work

What is intended as a new work in the future is the use of state
estimation algorithms along with machine learning in
distribution and transmission networks.

Another future work is eating is using improved state
estimation algorithms.

Another work that can be considered for the continuation of
this article is to compare the performance of state estimation
methods with control strategies.
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This paper aims to present, study, and analyze a novel non-isolated high step-up SEPIC-
based DC-DC converter for photovoltaic applications. The proposed structure is drafted
from the SEPIC converter. A two-winding coupled inductor and an improved voltage
multiplier cell are utilized to achieve a high voltage conversion ratio. Moreover, a passive
voltage clamp is employed to recycle the stored energy in the leakage inductance of the
coupled inductor and reduce the voltage stress on the switch. Hence, a switch with low
on-resistance could be used. Since all diodes turn off under ZCS conditions, their reverse
recovery problems are alleviated. High efficiency, continuous input current, and low cost
and size are the other merits of the presented structure, making it a promising solution
for photovoltaic systems. At the end, the proposed converter is compared with several
DC-DC structures to prove its advantages over the converters presented before. To verify
the performance of the designed topology, a 200-W laboratory prototype is implemented
and experimental results are depicted. The Results validate the practicability and
functionality of the proposed structure for photovoltaic applications.

l. Introduction

the interfacing DC-DC converters with high voltage gains are

Nowadays, a large proportion of electricity used around the
world is generated by burning fossil fuels. However, their
sources are limited and over-consumption could lead to severe
environmental damages such as air pollution and greenhouse
emissions. The aforementioned problems along with the
capability of renewable energy sources (RESs) to generate
clean electricity have led governments and researchers to
increase their contribution to electric production [1], [2].

Thanks to energy policies for supporting low or zero-carbon
infrastructures, the deployment of photovoltaic (PV) systems
has increased significantly in the last decades. High reliability,
low maintenance cost, long life span, environmental
friendliness, zero or low emissions, and noise are some unique
properties of PV systems [3], [4]. However, the voltage
provided by PV panels is relatively low in amplitude. Hence,

utilized to link PV panels to grid-connected inverters [5]- [7].
The other essential requirement in designing DC-DC
converters for PV applications is draining continuous current
with minimum ripple. Otherwise, the maximum power point
tracking (MPPT) algorithm might not operate efficiently [8],
[9]. To this end, authors in [10] and [11] have presented a
couple of ripple-free non-isolated DC-DC converters for RES
applications. In both presented structures, an inductor is in
series with an input voltage source to achieve the minimum
input current ripple. However, they suffer from low voltage
gain which makes them unsuitable for PV applications.
Generally, DC-DC converters which are employed in PV
applications could be categorized in two classes including
isolated and non-isolated structures. Isolated configurations
are mainly based on multi-winding transformers. However,
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utilizing the power transformer reduces the efficiency and
increases the converter weight and volume [12], [13].
Compared to isolated structures, non-isolated converters share
a common ground between the input source and the load.
Moreover, they are not isolated electrically. Non-isolated
converters are derived from either conventional structures like
buck, boost, and buck-boost converters or developed
configurations such as Single-ended primary-inductor
converter (SEPIC), Cuk, and Zeta converters [14], [15].

The power circuit of the SEPIC topology is depicted in Fig.
1. Continuous input current and shared common ground
between the input source, the load, and the main switch are
outstanding characteristics of the SEPIC structure. However,
the voltage gain is still low for PV applications.

In literature, a few techniques have been addressed to
enhance voltage gains of DC-DC converters. Switched
inductors and capacitors, Z-source and quasi Z-source, voltage
lift, and voltage multiplier cells are some of the well-known
methods [16]- [19]. Another method that researchers use to
increase voltage gains of DC-DC converters is utilizing
coupled inductors (CIs). In [20], a SEPIC-based DC-DC
structure with a Cl is studied. Continuous input current and
high voltage gain are significant characteristics of the
presented topology. Moreover, the energy stored in the leakage
inductance of the CI is recycled by a passive voltage clamp.
Authors have presented another Cl-based converter in [21].
Output voltage level is boosted by using a Cl and a voltage
multiplier cell. Since a switch is in series with the input voltage
source, the input current is not continuous. Hence, it might not
be a practical solution to achieve MPPT in PV applications.

In [22], another high step-up DC-DC converter based on ClI
and switched inductor is presented. The converter benefits
from a high voltage conversion ratio. However, regarding the
total numbers of components, achieved voltage gain is not
suitable. Moreover, the input current ripple is high which
makes it unpromising for PV applications.

According to Fig. 1, the main features of a high gain SEPIC-
based DC-DC structure could be summarized as: 1) High
voltage gain could be obtained by utilization of a Cl, 2) Thanks
to the presence of two inductors in SEPIC structure, input
inductor could be utilized to guarantee that input current is
continuous and the inductor L, can be converted to a ClI, 3)
Due to low current ripple in the primary section of the
converter, the root mean square (RMS) value of current that is
flowing through the switch is significantly reduced, 4) As the
average current of second inductor L, is low, the average
current of the replaced CI will be low and as a result, a small
core could be chosen.

This study is devoted to presenting, studying, and analyzing
make it a promising solution for PV systems. High voltage
gain is attained by utilizing a Cl along with an improved

L]_ Cl D
I >t
+
R.< Vo

Vi g L, Co l
|

Fig. 1. The Power circuit of the SEPIC structure

voltage multiplier module. Capacitors of the voltage multiplier
module are charged by both the primary and secondary sides
of Cl. Meanwhile, to recycle stored energy in the leakage
inductance of the Cl, a passive voltage clamp is used. Hence,
the voltage across the switch is reduced remarkably, and a low
on-resistance (Rps-on) switch could be utilized. As a result, the
structure’s cost and conduction power dissipation will be
reduced and the efficiency of the proposed converter will be
increased. Besides, thanks to the soft switching performance
of all diodes at turn-off instant, their reverse recovery problems
are eliminated.

Il.  Operating Principles and Steady State
Analysis of the Proposed Converter

Fig. 2 shows the equivalent circuit of the designed high step-
up SEPIC-based DC-DC converter. As illustrated in this figure,
the presented structure includes a switch S, an input inductor
Lin, one CI with a turns ratio of n, three capacitors C;-Cs, an
output capacitor Co, and three diodes D;-Ds. The capacitor C,
along with the diode D; form the passive voltage clamp.
Moreover, an improved voltage multiplier module is employed
to enhance the voltage conversion ratio of the presented
converter. As depicted in this figure and unlike most
conventional DC-DC converters in which the voltage
multiplier cell is charged only by the secondary side of the ClI,
the capacitor Cs is charged by both primary and secondary
windings of the CI.

To simplify the steady-state analysis of the structure, the CI
with a turns ratio of n=N¢N, is modelled by an ideal
transformer that its primary winding is in parallel with
magnetizing inductance L, and in series with the leakage
inductance L. Moreover, it is assumed that: 1) All capacitors
and inductors are large enough without any ripple in their
voltages and currents, respectively. 2) All semiconductor
components are ideal without parasitic components.

The operating principles of the studied structure in
continuous conduction mode (CCM) include five time periods.
Current flow paths and main waveforms of operating modes
are illustrated in Fig. 3 and Fig. 4, respectively. Operating
modes and relative steady-state analysis are explained as
follows.
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Fig. 2. Equivalent circuit of the presented structure

Mode | [to-t1]: The first mode begins when the switch S is
turned on under the ZCS condition at t=t,. Due to the leakage
inductance of Cl, the diode D is still conducting. While diodes
D; and D3 are in off-state. Meanwhile, the input voltage source
charges the input inductor Li, through the switch S. Since the
diode Ds is biased reversely, the output capacitor Co supplies
energy to the load. Meanwhile, the capacitor C; and both sides
of the CI charge capacitors C, and C3 through the diode D..
This mode ends when currents flowing through leakage and
magnetizing inductances of CI are equal at t=t;. The following
equation could be given for the current flowing through the CI.

iy = i"‘(vcz Ve +:::_L3nj dt ()

As the voltage across the Cl is high and L has a low value,
the slope of this current is sharp. Hence, the duration of this
mode is too short. The relative current-flow path of this mode
is depicted in Fig. 3(a).

Mode 11 [ti-t2]: This mode begins when diode D, turns off
under ZCS condition at t=t;. During this mode, the switch S
remains on. Meanwhile, input current increases linearly like
mode 1. Furthermore, the capacitor C, charges both the
capacitor C; and the CI through the switch S. Energy stored in
capacitors C, and Cs along with the CI are transferred to the
output capacitor Co and the load through the diode Ds. This
mode ends when the switch S is turned off at t=t,. Fig. 3(b)
shows the relative current-flow path. The following equations
could be obtained for this mode.

Viin = Vin )
Vim =Ver = Ve €))
iy =i, +ig 4)
n(ch _Vc1) =Vo —Ve2 —Ves ®)

Mode 111 [to-ts]: As depicted in Fig. 3(c), the switch S is
turned off at the beginning of this mode and the clamp diode
D, is forward biased simultaneously at t=t,. Consequently,
voltage across the switch S is equal with the voltage of
capacitor C,. Moreover, the clamp diode D, provides a path to
recycle the energy stored in the leakage inductance of the CI.
During this mode, the diodes D, and D; are off and on,
respectively. Meanwhile, the energy of input inductor Li, is
transferred to both the Cl and the capacitor C,. The secondary

Study on a Non-Isolated High......... / M. Elmi, et al

side of the CI along with the capacitor C3 supplies energy of
the output capacitor Co and the load. This mode ends when the
current which is flowing through secondary side of the CI
reaches zero at t=t;. Hence the diode D3 will turn off under
ZCS condition. The following equation could be achieved for
the current of the CI.

Iy = ﬁj[% _V01Jdt (6)

Since the voltage across the Cl is high and Lk has a low value,
the slope of this current is sharp. Hence, like mode I, the
duration of this mode is too short.

Mode IV [ts-ts]: At the beginning of this mode, the diode D3
is reverse-biased under the ZCS condition. Hence, its reverse
recovery problem is eliminated. During this period, diodes D1
and D, are in on-state. Meanwhile, switch S remains off. The
energies stored in both input inductor Li, and the CI are
transferred to capacitors C, and Cs. The output capacitor Co
supplies the load. This mode ends when the current which is
flowing through the clamp diode D; reaches zero at t=t4. Fig.
3(d) shows the relative current-flow path of this mode. The
following equations could be formulated for this mode.

Viin :Vin _ch (7)
Vim =V(:1 (8)
Ves
—_C3 9
= ©)

Mode V [ta-ts]: The last mode begins when clamp diode D,
is reverse-biased under ZCS condition at t=t,. During this time
interval, the switch S and the output diode Ds are in off-state
as well. Meanwhile, the diode D, is conducting and energy of
both sides of the CI is transferred to the capacitor Cs.
Furthermore, the output capacitor Co supplies the load. The
current of input inductor L, declines linearly like in mode IV.
Fig. 3(e) shows the relative current-flow path of this mode.

To simplify the steady-state analysis of the proposed
structure, short time durations that happen in one complete
switching cycle are neglected. Moreover, the voltages of
capacitors are presumed to be constant without any ripple.

Employing principle of volt-second balance on inductors
in different modes, following equations could be obtained.

Vin
<VLin> =0 :>Vc2 = 1-D (10)
DV.
(Vin)=0=V, =DV, =V, = D I':”) (11)

Where <vii»> and <v > are the average voltage values of
input inductor L, and magnetizing inductance of the CI in one
complete switching cycle, respectively. Substituting (11) into
(9), the voltage of capacitor C; could be obtained as:

_(n+3)ov, W

C3 1_ D

Substituting (10), (11) and (12) into (5), yields to:
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Vo _n+1+D
V, 1-D

n

Meew = (13)
It’s worth mentioning that since the current that is flowing

through the Cl is low, influence of leakage inductance of the

Cl on the voltage conversion ratio is low and ignorable [20].

I1l.  Design of Proposed Converter
Determining voltage and current stresses on semiconductors
is crucial in designing the converter. According to Fig. 3,
voltage stresses on semiconductors could be formulated as:

DV,

Vs,Peak =VD1, peak =VC2 zj (14)
(n+D)V,

VDz,peak =V|33, peak =Vo —Ve, = T (15)

Current which is flowing through the capacitor C; could be
given by:

i I, +ni 0<t<DT

ICl =1 L D3 S (16)

DT <t<T;

By utilizing the principle of amp-second balance on the
capacitor Cy, average current of magnetizing inductance of the
Cl could be calculated as follows.

<iCl>:0: DILm+(n+l)Io—(1—D)Im:O an
=1,=1

It could be proved that the average current values of all
diodes are equal to the load current lo. Thus, by neglecting
mode 111, the duration of mode 1V can be achieved as follows.

IindA _
5 =

lob=>d, =

(i) =10 = (18)

CCM
Where dj is the time length of mode V. Maximum current

values of diodes D, and D5 could be given by:

. I3, peak D . 21
<|D2>=|O:>%:|o:>|m,peak=30 (19)
i 1-D+(1-D-d
<ioz>=|o:>ID2'peak( ;( 4))zlo
20
N 0
D2, peak 2(1_ D)—d4

According to Fig. 3(b), the following equation could be
achieved for the current stresses of switch S and diode D;.

iDl, peak = iS,peak = iin,peak + iLm,peak + niDS, peak (21)
Substituting (17) and (19) into (21), yields to:
_ 2n+(2-n)D

' lo (22)

D1, peak = IS,peak = D(l— D)
According to [20], operating a converter in discontinuous
conduction mode has major drawbacks including slow
dynamic response, high current stress of semiconductors, the
dependence of the converter on switching frequency, output

power, and inductors. Hence, in order to guarantee the CCM

Cs
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Fig. 3. Current-flow path of operating modes in one switching
time interval at CCM operation. (a) Mode I, (b) Mode I, (c)
Mode 111, (d) Mode IV, (e) Mode V.

operation of the proposed structure, the average current
values of inductors Li, and L have to be more than half of
their ripples. Current ripples of inductors could be given by:
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. V,,D
Al = (23)

L,
. D v,D
Al = ( )
I‘m fS I‘m fS
To guarantee the CCM operation of the presented structure,

the following inequalities have to be satisfied:
A, L s R

(24)

1> 02— (25)
2 fS M CCM
R
2=l >—
n L2 g — (26)

IV.  Comparison Study

The proposed converter and some other structures presented
before are compared in terms of the type of switching,
continuity of input current, number of elements, voltage gain,
and voltage stresses on semiconductors in Table 1. Moreover,
voltage gains of some structures in Table 1 as a function of
duty ratio are depicted in Fig. 5. As shown in this figure, when
duty ratio D is less or equal to 0.62, the voltage gain of the
designed topology is more than other structures. For duty ratios
of more than 0.62, converters presented in [5] and [17] have
higher voltage gains. However, hard switching performances
of converters in [5] and [17] result in higher switching losses
and lower efficiency. Meanwhile, voltage stresses on the
switches of both converters are higher than the proposed
converter.

In addition to normalized voltage stress on switches and diodes,

the other method to evaluate voltage stresses on
semiconductors is component stress factor (CSF) analysis.
This procedure is similar to component load factor (CLF)
analysis. However, they differ in how total and individual
component factors are calculated. The CSF method considers
the maximum voltage on components of the structure and root
mean square (RMS) values of currents flowing through them
in a specific set of conditions and output power. Consequently,
it gives a quantitative measure of converter performance [23].

To apply CSF analysis, it is assumed that the converters
under study have the same resources of silicon, magnetic
winding area, and capacitor volume. Hence, CSF analysis
consists of three different parts: Semiconductor component
stress factor (SCSF), winding component stress factor
(WCSF), and capacitor component stress factor (CCSF). These
parameters could be formulated as follows [24].

Where Ns, Nw, and Nc¢ symbolize numbers of
semiconductors, inductors, and capacitors, respectively. To
reduce the complexity of the analysis, it is assumed that: 1)
capacitors and inductors are large enough without any ripples
in voltages and currents, respectively and 2) there is no power
dissipation in components of the converter.
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Fig. 4. Typical current waveforms of presented structure at
CCM operation

SCSF, = 2, ’i .—ma; o (27)

WCSF, = W 'i ?72 (28)

CCSF, = Z W .V"kalzfzms (29)

SCSF = ) SCSF (30)
Ng

WCSF = ) WCSF, (31)
Ny

CCSF = ) CCSF 32)

Ne

In Fig. 6, the normalized voltage stress on the switch of the
presented structure is compared with other structures. As
depicted in this figure, voltage stress across the main switch of
the presented structure is less than all other topologies.
Moreover, only converters presented in [12], [16] and [20]
utilize ZCS switching beside the presented structure. Hence,

the designed structure will have lower switching losses in
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comparison with the converters mentioned in Table 1. In Fig.
7, the total amount of normalized voltage stresses on the diodes
of the designed structure and some of the converters in Table
1 are compared. As illustrated in this figure, converters
presented in [10], [16] and [17] have lower values than
designed topology. However, the converter in [16] utilizes two
switches that enhances complexity, cost and volume of the
structure. Moreover, converters in [10] and [16] suffer from
low voltage conversion ratio using same number of elements.

In Fig. 8, the SCSF of the proposed converter and some of
the structures mentioned in Table I are compared. The SCSF
of each structure is calculated with the same weighting factor.
For simplicity, the weighting coefficient ;W is assumed to be
unit and distributed equally between the semiconductors of
each converter. As illustrated in this figure, the designed
topology has lower SCSF than the others.

Regarding the comparisons, the presented converter is a
promising solution for PV applications. Simple structure, high
voltage gain, continuous input current, and soft switching
performance of semiconductors are main advantages of the
proposed structure. In case higher voltage gains are required,
other structures could be utilized. However, higher voltage
gains result in an increased number of employed components
or higher voltage stresses on semiconductors. Moreover, if the
designed converter will operate in duty cycles lower than 0.5,
the structure in [19] could be a better solution.

V.  Efficiency Analysis

Major parameters in power losses of the converter are
related to the switch, diodes, capacitors, and magnetic devices.
Supposing that currents of inductors have no ripples, RMS and
average values of inductor currents will be equal. In
calculating efficiency and power losses of designed structure,
short time modes | and 111 are neglected.

Switch losses include switching and conduction losses. The
current of the switch S could be given by:

- iS peak
i, ==t 0<t<DT 33
* DT, ) (33)

Where Ts is the switching period. Utilizing (33), the RMS
value of the switch current could be obtained as:

2n+(2-n)D

I |\ J=
"™ J3D(-D)

The second element in power loss calculation is the diode.
Currents that are flowing through three diodes could be
formulated as follows.

(34)
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TABLE 1 COMPARISON OF PRESENTED STRUCTURE WITH SOME HIGH GAIN DC-DC CONVERTERS PRESENTED BEFORE

Low
Number of Components
Input Voltage Stress on . 2 /
Ref. Current Switch(es) Voltage Gain D
D S C 1/CI T Ripple
M +1
PC 3 1 4 11™ 10 YES  YES M+, n+1+D [ZM A Jvm
n+2 1-D n+1
B] 4 1 3 1% 10 NO  NO My LD 1, p) My,
D+1 1-D D+1
M(n-1) 2n-1 M(@3n-1)
g 2w V. R — 7\
B 3 1 4 11 10 NO  VES o g Vi -DE-D) Vi
1+D 3D +1
MV, .
91 3 2 3 20 10 NO NO . S S
M 2
0] 3 1 4 20 10 NO  YES =V, £ 15MV,
2 1-D
M +n n(M -1
mj 2 1 3 112 8 NO  YES M, nb+1 [44i4) 3 MM
n+1 1-D n+1 M +n
M (2n+1
M2] 3 1 4 11%% 10 YES  YES My n+l M(n+1),
n+1 - n+1
6] 2 2 3 30 10 YES NO M3, 1+3D (M +3)V,
2 1-D
M (1- D) 1 2-D, [ZMQ—D) 2
2R m- v, M-V,
[17] 3 2 3 2/0 10 NO YES ( 2_D 1— D) in @1- Dl)(l— Dz) 2-D 1-p) "
- 2M
[19] 3 1 3 3/0 10 NO YES Mvin i (ZM -1+ jvm
2 1-2D M +1
200 3 1 3 01" 8 YES NO M “fy, Len+(np-n)D - (M0, —n)E+n+n,),
1+n, 1-D 1+n,
R 3 1 3 o™ 8 NO NO My LS 2MV,,
n+1 1-D

D: Diode, S: Switch, C: Capacitor, I: Inductor, Cl: Coupled Inductor, S.S: Soft Switching, P.C: Proposed Converter

. . t

oy = 1oy, pea Ll—— DT, <t<(D+d,)T, (35)
d4 s

) ) — DT, <t<(D+d,)T,

To2 = lozpeac | Ya's (36)

1 (D+d,)T, <t <T,

. . t

Iy = ID3,peak E 0<ts< DTs (37)
S

By utilizing (35), (36), and (37), the RMS values of currents
flowing through diodes could be achieved as:

d, (2n+(2-n)D
IDlrms: _4 ( ) Io (38)
' 3 D@-D)
4 M
| = 1-D-—— e 39
D2,rms 3M (n+D—1j o ( )
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Assuming that all diodes are similar, power dissipations in
diodes could be formulated by:

(40)

3
PDIDSS = rD Z Itz)k,rms + 3\/F IO (41)

k=1
Where Ipk ms represents the RMS value of each diode current,
and rp and Ve are the conduction resistance and voltage drop
of each diode, respectively. The RMS values of capacitor and
inductor currents could be given by:

2
M.__D+2\ 2n+(2-n)D
lems = 1o (CW )( (2-n) j+M2 (42)

3 D(1- D) e

2
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Icz,rms =1, (_) + Mécm (43)
3 D(1-D)

2
ICSrms = IO 1_ D_ 4 ( MCCM ) ‘|‘i (44)
' 3M, /\n+D-1) 3D

C

/ 4
Ico,rms = Io 1+3_D (45)

The RMS values of currents flowing through input inductor
Lin and CI could be given as follows.

I =Ml (46)

Lin,rms o]

C (MCCMD+ZJ(2n+(2—n)Dj2
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4 M ’
+1,,]|1-D~ ( )+M;M
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According to [25], power dissipations in each component
and total power losses in the presented converter could be
calculated. Regarding [25], the efficiency of the proposed
structure could be calculated as follows.
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Fig. 11. Experimental prototype of presented structure
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Where r, rc, and Ry represent the resistance of each inductor,
the ESR of each capacitor, and the output load, respectively.
Moreover, A; and A; are coefficients given by the following.

A =D(Ry o +21, 41, )+ |v|2

(L+r.+r) (49

[elellY]

Azz[l—D— h j( Meou j (50)
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The theoretical efficiency of the designed topology versus
duty ratio for some output power is shown in Fig. 9. As shown
in this figure, the efficiency of the presented structure is more
than 93% for duty ratios of more than 0.5 and output power up
to 250 W. As the duty ratio increases, the efficiency of the
structure gets higher as well. This trend continues for duty
ratios less than 0.84.

In Fig. 10, the measured and calculated efficiency of the
presented topology has been depicted. According to this figure,
the converter has a maximum efficiency of 95% at the output
power of 75 W.

VI.  Experimental Results

To confirm the practicability of the proposed converter and
theoretical analysis of the presented configuration, a 200-W
converter operating at a switching frequency of 30 kHz is
implemented. Fig. 11 shows the laboratory prototype of the
presented structure. Different components of the converter are
illustrated in this figure. Meanwhile, the specifications of the
proposed prototype are listed in Table 2. As mentioned in this
table, the winding turns ratio of CI is 2. Meanwhile, the duty
cycle of the main switch is chosen to be 0.65. Thanks to the
low voltage across switch S, a low Rps.on MOSFET switch
IRFP260 is selected. Furthermore, voltage and current
waveforms of components are obtained and illustrated in Fig.
12. Comparing waveforms in Fig. 4 and Fig. 12 proves that the
analytical and experimental results are the same. Fig. 12(a)

TABLE 2 CIRCUIT PARAMETERS OF THE PROTOTYPE

Specifications Values

Input voltage (Vin) 20V
Output voltage (Vo) 200V
Output Power (Pow) 200 W
Capacitors (C;-Cs) 47 uF
Output capacitor (Co) 180 uF
Input inductor (Lin) 320 pH
Magnetizing inductor of CI (L) 100 pH

Turns ratio of ClI (n) 2

Switching frequency (fs) 30 kHz
Power switch (S) IRFP260
Diodes (D;-Ds) MUR1560
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Fig. 12. Experimental result of prototype structure. (a) input current iin, currents of diode D1 and the primary side of Cl, (b) voltage and
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represents input current and currents flowing through diode D1
and CI. As depicted in this figure, the input current ripple is
relatively low. Hence, the presented converter is a promising
solution for PV systems. According to this figure, diode D; is
turned off under ZCS conditions. Fig. 12(b) shows the voltage
across switch S along with switch S and diode D3 currents.
According to this figure, the voltage stress of switch S is
clamped to the voltage of capacitor C,. Moreover, it is shown
that diode D3 is turned on and off under ZCS conditions. Fig.
12(c) illustrates voltage stresses on diodes D; and Da.
Meanwhile, voltages of capacitors C;, C, Cs along with output
voltage is depicted in Fig. 12(d).

VII. Conclusions

In this paper, a non-isolated high step-up SEPIC-based DC-
DC converter has been presented and studied. The proposed
converter has outstanding merits such as continuous input
current and high voltage conversion ratio that make the
structure a promising and functional solution for PV
applications. Meanwhile, the stored energy of the leakage
inductance of the CI has been recycled by a passive voltage
clamp. Hence, power losses of the presented topology and
voltage stress on the switch have been reduced. As a result, a
switch with low on-resistance (Rps.on) has been employed.
Since all diodes of the presented converter are biased reversely
under ZCS conditions, their reverse recovery problems have
been eliminated. Moreover, Thanks to the low voltage across

switch S, the steady-state analysis of the proposed converter
has been discussed and the design procedures of different
components have been carried out. Specifications of the
presented converter and some other structures presented before
have been compared through various methods. The
comparison has proved the advantages of the proposed
converter over them. Furthermore, the efficiency analysis of
the converter has been studied thoroughly and results have
been depicted. In the end, experimental results have been
added to validate the feasibility of the proposed structure. The
results have confirmed the practicability of the proposed
converter for PV applications.
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