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Abstract

Emerging renewable-based transmission and distribution systems, despite many environmental and
economic benefits, due to the intermittent nature of their production resources, compared to traditional
systems, need more flexibility capacities, which necessitates the need for more suppliers of flexibility. To
deal with these challenges, a nested framework is presented to derive the required flexibility of the
transmission system operator (TSO) from distributed energy resources (DERs) and active end-users such
as smart buildings (SBs) and electric vehicle (EV) fleets at the distribution level. To this end, a novel
mechanism to design the demand response program (DRP) is introduced in which tariffs with time-varying
rewards are built based on flexibility requirements. The coordination between TSO and distribution system
operator (DSO) is initially modeled as a bi-level non-linear programming (NLP) problem, in which the
upper-level is day-ahead (DA) operational planning of DS considering the schedules received from SBs,
while the lower-level is DA operational planning of the TS. The bi-level NIL problem is transformed into
a single-level linear programming (LP) problem by Karush Kuhn Tucker (KKT) conditions, Big-M

method and Strong Duality Theory (SDT), which makes it computationally tractable. Finally, a two-stage
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interval-based algorithm solves the obtained single-level problem to secure the planning against
uncertainties where battery energy storage systems (BESSs) are responsible for dealing with extreme
conditions. The simulation results testify that the proposed interval-based nested framework has improved
the economic, technical and security aspects of the TSO-DSO coordination since it has reduced the daily
costs of the energy and flexibility markets, relieved lines congestion and improved voltage characteristics.
Keywords: TSO-DSO Coordination; Energy and Flexibility Markets; Smart Buildings; Electric Vehicles;

Strong Duality Theory, Demand Response Programs.

Nomenclature
Abbreviations
BESS Battery energy storage system
DA Day-ahead
DER Distributed energy resource
DG Distribution generation
DRP Demand response program
DS Distribution System
DSO Distribution system operator
EV Electric vehicle
EWH Electric water heater
FLMP Flexibility locational marginal price
GT Gas turbine
HVAC Heating, ventilation and air conditioning
IGDT Information gap decision theory
KKT Krush Kuhn Tucker
LDC Load demand curve
LMP Locational marginal price
LP Linear programming
NLP Non-linear programming
PAR Peak-to-average ratio
PV Photovoltaic
RG Renewable generation
RL Regular load
SB Smart building
SDT Strong duality theory
SoC State of charge
TS Transmission system
TSO Transmission system operator
TU Thermal unit
V2G Vehicle-to-grid
Sets
b SB index
dg DG index
ds Distribution-wide BESS index
ev EV index
g Transmission-wide generator index
iJ Bus index of DSs

Line Index
Node index of TS
s Transmission-wide BESS index
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1. Introduction

1.1. Background and Motivation

Climate changes caused by global warming in recent years have made it inevitable to replace fossil fuel
production sources with renewable technologies (RGs) in the electrical and transportation sectors, since
these sectors have the largest share of carbon emissions [1]. This technology change is called energy
transition, which despite the many environmental advantages, brings some technical challenges due to the
intermittent nature of RGs. On the other hand, the replacement of fossil fuel vehicles with electric ones
will make the future transport fleet directly dependent on the electric sector, which creates new technical
and security challenges for electricity grids [2]. It is noteworthy to state that EVs are like mobile loads
that are moved throughout the network and the exact time of their connection to the network is
unpredictable [3]. In general, the increase in the number of sources with stochastic behavior such as RGs
and EVs in emerging renewable-based electrical networks threatens the stability and security of their
operation. Therefore, threats caused by increasing uncertainties are one of the main challenges of
renewable-based networks, which necessitates the expansion of ancillary services such as flexibility
services to overcome stability and security threats [4].

In emerging renewable-based electricity networks, providing system flexibility is one of the serious
challenges of operators since it has a large number of renewable resources whose operating point is
unadjustable. Therefore, operators of emerging renewable-based electricity networks must provide their
required flexibility through new sources, since the share of fossil fuel production units in these networks
will be low [5]. In this regard, purchasing local flexibility services is an effective and affordable solution
[6]. Smart end-users, distributed generations (DGs) and BESSs within distribution systems are three
important sources for providing local flexibility services. For example, SBs equipped with thermostatic
loads such as heating, ventilation and air conditioning (HVAC) and electric water heater (EWH) systems
can make a significant contribution to meeting the flexibility needs of the system by changing the

operating point of these systems [7,8].



DRPs are necessary to extract maximum flexibility capacities from smart end-users [9]. These programs
are a key solution to motivate smart end-users to meet part of the system's flexibility needs. DRPs can
mitigate the mismatch between production and consumption in the system by providing incentive tariffs
in normal and emergency conditions [10]. It should be noted that the implementation of time-varying
DRPs requires smart meters and a reliable connection between end-users and operators [11]. One of the
important challenges that must be addressed to ensure the stability of emerging renewable-based networks
is how to design DRPs in line with system flexibility requirements, which is specifically addressed in this
article.

1.2. Literature Review

The increase in uncertainties caused by the high-penetration of RGs and EVs in power systems has
increased the need for ancillary services since these services greatly increase the safety and reliability of
network operation. Some studies have shown that distribution-wide DERs can meet a significant share of
system flexibility needs [12]. For example, the authors of [13] presented an optimal strategy for the
participation of DSs in the energy and reserve markets, taking into account the uncertainties caused by
RGs. This strategy is first modeled as two-stage problem where DS operation is done in stage 1 while TS
operation is done in stage 2. Then, the two-stage strategy is transformed into a single-stage LP problem
by KKT and SDT conditions and solved. The results demonstrate that distribution-wide DERs have
significantly reduced daily costs through active participation in energy and reserve markets. The studies
done in [14] show that the increase of RGs leads to congestion in the network unless the infrastructure is
developed or new flexible resources are introduced. The authors of [15] have introduced a new market-
based strategy through which TSO can provide a large part of the required flexibility through distribution-
wide DERs. The objective function of this strategy is to minimize the operating costs imposed by DSOs
on DERs. The proposed model is implemented on a DS located in Great Britain and in that scenario, the
increase in the number of DERs until 2030 is considered. The simulation results reflect that the proposed

strategy gives the priority of providing flexibility services to the DERs located in the DS. [16] proposes a



new strategy to estimate the flexibility capacities of DERs in different areas of the DS. The authors of this
research presented a methodology called Grid Structure Optimization, in which different system flexibility
areas are divided into two categories, low and medium speed response, based on their response speed.
This methodology has been implemented on both 9- and 13-node networks and the results confirm its
effectiveness in supplying flexibility capacities from DERs and also in reducing the flexibility locational
marginal price (FLMP). Furthermore, the analysis of the results proves that the flexibility of DERs is
necessary to control the frequency of the system under emergency situations. In [17], the significant effects
of optimal control of active power on improving the security indicators of electrical networks have been
shown.

The technical, economic, environmental and security effects of the EV fleets on the operation of electric
networks is one of the most important issues that should always be considered in short-term and long-term
planning [18,19]. The authors in [20] presented an optimal structure for the intelligent scheduling of the
transportation system and electric vehicles based on the exchange of information between them, which
leads to the improvement of the technical and security indicators of the system. In [21], the great
importance of communication between the EV fleets and the central control system of the transportation
network on improving the efficiency of the system has been confirmed.

Accurate modeling of uncertainties in the operational planning of emerging renewable-based power
systems is essential for their reliable, safe and cost-effective operation [22]. In this regard, the authors of
[23] presented a two-stage decentralized structure for the simultaneous management of wholesale and
retail markets in the TSO-DSO interface under the influence of a large number of RGs, in which an
information gap decision theory (IGDT)-based strategy is used to model the uncertainties of RGs output
and load demand. The first and second stages settle the wholesale and retail markets, respectively. The
simulation results prove the impact of the proposed methodology on the more optimal use of RGs capacity
and subsequently on reducing locational marginal price (LMP). [24] presented a new strategy for

aggregating flexibility from distribution-wide DERs to meet TSO flexibility requirements, in which a risk-



averse method was used to overcome operational uncertainties. In the introduced strategy, the errors
related to the forecasting of load and production of RGs, as well as contingent events are considered. This
strategy has been implemented on a coordinated TSO-DSO in Switzerland and the results confirm its
eligibility. In [25], a comprehensive structure for congestion management in transmission systems under
the influence of RGs is presented, in which chance-constrained technique is adopted to cope with
uncertainties arising from load demand and production of wind farms. Chance constraints are applied on
the network power flow equations to cover mismatches between production and consumption. The results
testify that the proposed structure has reduced the density of sensitive lines under normal operation
conditions, while under emergency situations, it has reduced load shedding by considering higher spinning
reservation.

Some researchers have shown that DRPs are an excellent solution to modify the consumption pattern of
smart end-users and extract flexibility from them [26,27]. For instance, the authors of [28] have presented
a cloud-based structure to facilitate the implementation of DRPs in SBs within a local grid. The results of
this research show that the proposed structure modifies the consumption pattern of SBs by changing the
operation time of controllable appliances and subsequently unlocks their flexibility capacity. In [29], the
authors presented a multi-level strategy to enable demand-side flexibility by proposing DRPs to SBs, in
which the available flexibility capacity of SBs is estimated for the day-ahead operational planning. In this
research, the scheduling of thermostatic loads, BESSs and EVs was done in both normal and flexible
conditions in order to estimate their flexible potential. The simulation results substantiate the impact of
the proposed DRP-based strategy on reducing the daily operating costs of the TN. In [30], the authors
have investigated the impact of DRPs and BESSs on the technical and economic indicators of distribution
systems. In this regard, different DRPs have been implemented on residential, industrial and commercial
energy hubs, and the results show that the participation of hubs in these programs has led to the release of
a lot of flexibility in peak periods. In addition, the results show that the installation of BESSs in hubs

greatly increases their potential for the flexibility provision. The authors in [31] have shown that



thermostatic loads such as HVAC, EWH, heat pump (HP), etc. have a significant potential to participate
in DRPs and subsequently provide flexibility to the network. These authors present a new strategy for
quantifying thermostatic loads within the network. Also, a new control method is presented to overcome
the synchronization problem of thermostatic loads, since this problem can affect their available flexibility.
The results reflect that this strategy has been able to minimize the power and frequency fluctuations of the
network by using DRPs. [32] presents a new structure for the precise design of incentive-based DRPs,
where the rewards paid to subscribers are determined based on their behavior and electricity price
elasticity. The proposed structure has been used to manage the energy consumption pattern of microgrids
within the DS and the results confirm that this structure has been able to enhance the economic and
technical factors of the operation.

Several studies have also evaluated the effects of dynamic thermal rating on the technical, security and
economic aspects of power systems. The dynamic thermal rating is a safe system for determining thermal
limits of network equipment according to environmental conditions. In [33], a comprehensive review on
the applications of dynamic thermal rating in TSs, DSs and transformers has been done. In this research,
the background and current state-of-art of dynamic thermal rating systems have been accurately evaluated.
In [34], the authors have shown that network topology optimization by considering dynamic thermal rating
system and BESSs reduces daily system costs, network congestion and renewable power curtailment.
Similarly, it has been shown in [35] that the simultaneous consideration of dynamic thermal rating system
and BESSs not only increases the operational reliability but also reduces network losses and congestion.
In [36], the authors declare that power systems with the simultaneous presence of dynamic thermal rating
system and DRP require smaller BESSs, which will lead to a significant reduction in system planning
costs.

1.3. Research Gap and Contribution

The literature review clarifies that most researchers have used DRPs to modify the load demand curve

(LDC) to achieve goals such as reducing operating costs, increasing reliability, minimizing peak-to-



average ratio (PAR), etc., and there is a large gap in the field of designing time-varying DRPs with the
aim of adapting the behavior of smart end-users with flexibility requirements of renewable-based
electricity networks. Also, the review of the past literature indicates that there is a big gap in the studies
of the impact of the behavior of SBs and EV fleets on the coordination between TSO and DSO, as well as
their potential to meet system flexibility requirements. Therefore, the authors of this article design a nested
framework to develop the coordination between TSO and DSO in energy and flexibility markets, in which
a new mechanism for designing time-varying DRPs based on system flexibility requirements is embedded.
In this article, we examine in detail the effects of the behavior of SBs and EV fleets on the technical,
economic and security metrics of the system, including market costs, voltage profile and network
congestion. Below are the main innovations of this article:

e Presenting a nested framework to coordinate TSO and DSO in energy and flexibility markets in
which SBs are scheduled considering occupants’ thermal comfort in a decentralized space with
minimal data sharing.

e Presenting a novel DRP design mechanism to build time-varying incentive tariffs based on TSO’s
flexibility requirements to drive flexibility capacities from smart buildings and EV fleets.

e Improving operational security by developing a two-stage interval-based optimization method to
deal with uncertainties arising from the output of RGs and load demand where BESSs guarantee
safe operation in extreme conditions.

e Using KKT conditions, SDT and Big-M method to convert the bi-level NLP problem of the TSO-
DSO coordination into a convergent single-level LP problem which makes the proposed
framework computationally tractable.

e Providing a considerable part of the system's required flexibility through distribution-wide sources
including GTs, BESSs, SBs and EV fleets, which in addition to the significant reduction of LMP
and FLMP at the coupling nodes, leads to a reduction in congestion and improvement of voltage

profile in both transmission and distribution networks.



2. Model Outline and Problem Formulation

In this paper, we have presented a nested framework to optimize the DA interactions of energy and
flexibility markets in the TSO-DSO interface by exploiting the potential of SBs and EV fleets, as its
architecture is shown in Fig. 1. As per this architecture, the proposed framework is initially modeled as a
bi-level problem whose upper level consists of three layers. In layer 1, DSOs find the DA flexibility
requirements from the TSO to design DRP tariffs with time-varying incentives based on them. At the end
of this layer, DSOs send the designed tariff to SBs so that the SBs can do their DA scheduling according
to them. In layer 2, optimal DA scheduling of SBs is conducted in a decentralized space by their energy
management system (EMS). In this layer, each SB plans thermostatic loads including HVAC and EWH,
BESS and charging/discharging of EVs according to the incentive tariffs received from DSO and then
sends its final plan including shortage/surplus of DA hourly demand to DSO. At the end of layer 2, the
load demand of DS nodes is updated according to the programs received from SBs. Afterward, in layer 3,
operational planning of DS is done with the aim of minimizing DA costs, taking into account energy and
flexibility markets. In this layer, distribution-wide GTs and BESSs participate in the flexibility market.
Operational planning of TS is done at the lower-level. Since the electricity prices at the coupling points
between TS and DSs are variable, the optimization problem of the third layer of upper-level (Operational
planning of DS) becomes an NLP problem that makes the bi-level model non-convergent. Therefore, the
third layer of the upper-level (Operational planning of DS) and the lower-level are integrated using KKT
conditions, Big-M method and SDT to form a convergent single-level LP problem. According to the
architecture, it can be seen that in the last step, a two-stage interval-based optimization algorithm is used
to solve the built single-level problem. In this algorithm, the values of all planning variables are
determined according to the fluctuations of uncertain parameters, where BESSs guarantee safe operation

in extreme conditions.
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Fig. 1. The architecture of the proposed nested framework

Each part of the mathematical modeling of the proposed nested framework is introduced in a separate
subsection below.

2.1 Upper-Level (DSO Optimization)

2.1.1. Layer 1 (DRP Design Mechanism)

The functions presented in Egs. (1) and (2) model the layer 1 of upper-level where DRP tariffs are

constructed by the DSO according the flexibility requirements of the TSO. The rewards of these tariffs

are time-varying. ARY™" is the flexibility required by TSO at time #; ARY™™ >0 refers to upward

flexibility capacity while ARY™™ <0 refers to downward flexibility capacity. These functions state that



when TSO requests upward flexibility, DSO designs DRP tariffs with the aim of motivating SBs to reduce
their load demand, while when downward flexibility capacity is requested, tariffs are designed with the

aim of increasing SBs' load demand. pS*~™* and RR~™* are respectively the maximum levels of load

increment and load decrement, which are limited to a percentage (a>" ™ /2™ of the load of SBs.

Roulding s the average load demand of the last ten days of SB b at time . mor” and mpy - refer to load

increment and load decrement rewards which are calculated by exponential functions according to the
upward and downward flexibility requirements. According to these exponential functions, the higher the

demand for flexible capacities, the higher the reward. A,; is a binary variable that prevents bonus

payments in hours when flexibility demands are zero.
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2.1.2. Layer 2 (Scheduling of SBs)

Layer 2 of the upper-level is formulated in this subsection. The objective function of SBs’ scheduling is
introduced in Eq. (3), while its operating constraints are modeled by (al)-(b7). As per Eq. (3), the aim of
the SBs” EMS is to minimize DA costs. Equation 3 reveals that the costs of SB consist of the cost of
purchasing power and the cost of BESS operation. This equation also expresses that the SB can earn profit

through providing V2G services and participating in DRP.
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In (al) to (a20) SBs are modeled. These buildings have rooftop solar panel (RSP), BESS, HVAC, EWH
and EV parking. Equation (al) calculates the net load demand of each SB [29]. As per this equation, the

power produced by RSP has been deducted from the load. The load demand curve of the SB after

participating in DRP (R} ) is determined in Eq. (a2). B refers to the demand curve of the SB

before participating in DRP, whereas Pb'?tR+ and Pb'?tRf , respectively, refer to the load increase and decrease

after participating in DRP. According to Eq. (a3), HVAC, EWH, BESS and EVs are participants in DRP.
Equation (a4) calculates the changes in the operating points of the mentioned devices. P* represents the
operating point of the component before participating in DRP, while P* represents its operating point
after participating in DRP. Equations (a5) and (a6) are introduced to prevent over-participation in DRP.

Eq. (a7) manages the non-simultaneity of load increase and decrease.

Loss

Equation (a8) determines the water temperature (QQ,Aft) of the EWH tank at time ¢. PthWH and Q¢ refer to

H

the power consumption and energy losses of the EWH tank, respectively; Qtf (™ is the thermal energy

required to heat the incoming cold water to the EWH tank; ng{‘k is the volume of water consumed, whereas

kand p are respectively the energy and heat conversion constants of water. Hk\)’Yt_l refers to the tank water

temperature in the previous hour. Condition (a9) sets the tank water temperature at a fixed value at the
start of operation. Condition (al0) confines the tank water temperature changes to a predetermined region.
Equation (all) determines the thermal energy required to heat the incoming cold water (9°°' ). Equation
(al2) guarantees the supply of electrical energy needed to heat the incoming water. Condition (al3)

confines electricity consumption of EWH. Equation (al4) calculates the heat losses of the tank based on

the difference between the tank water temperature (09[\)’\,/ ¢) and the ambient temperature (HtAmb) [37]. The



amount of tank losses also depends on the area of the contact surface of the tank with the outside air (
Squrface )» as well as the insulation thickness ( Ax ), heat transfer coefficient (h) and thermal conductivity (
o).

The indoor temperature (QbEft) of the SB is calculated by Eq. (al5), which is a function of the indoor

temperature the SB in the previous hour (HbEft_l), the ambient temperature in the current hour (@Amb ), and

the power consumption of the HVAC system (Pb’ftc ) [38]. By condition (al6), the indoor temperature of

the SB is set to a constant value at the start of operation. Condition (al7) shows the permissible range of
changes in the indoor temperature of the building. Condition (al8) confines the power consumption of
HVAC. Ultimately, the thermal comfort index of the SB is obtained via Eq. (a19) whereas it is limited by
(a20). Note that the operation of BESSs of SBs is based on Eqgs. (d1)-(d6) while the operation of RSPs is

according to the Eq. (c1).

Pb',\ltet = Pbl,atu”ding - Z Png)\,/t (al)
dgeQl
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eveQ?
APX = PX _pX | X E{Pb/ic,PbliWH , Pb?t,Ch'Pbi,Dis, ngx,Ch’ Pes,\"DiS} (ad)
0< RORY < poR-max| DR (as)
0< R <R ™R (a6)
0< I + I <1 (a7)
P L Q‘;EtWH T (a8)
' ' KpVoy “
g = gt (29)
etW,min < ebV\,lt < etW,maX (al())
E¥\/H _ kpvltﬁnk ( eb\/\,/t _ gcold ) (all)
REWH At > QE/M (al2)
0< PinWH < PbEWH,maX (313)
Qtll_?ss — Hl\)/Yt —QtAmb Ssurface
’ Ax 1 (al4)
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O, =(1-0® )G+ a0 ™ + 2" R At (al5)

gbB]tZO — HB,InitiaI (316)
gtB,min S gbB't S gtB,max (317)
0< R/ <pfem™ (al8)
Com" =| " Z—e_ “vat‘gb,t' es‘ +a)BZ—e_K ‘gbv‘_ebi es‘ x100 19
b t 24 t 24 (al9)
Comy" >Com/"™" (a20)
o EV fleets

EV fleets are included in the model by Egs. (b1)-(b8). In this regard, Eq. (b1) reveal that the hourly charge

(PEY.Ohy and discharge ( PEV°*) of the EV battery should be within a limited range. 154" and 15" are

respectively decision variables that determine charging and discharging states of the EV battery. Equation
(b2) states that the operation of EVs is possible only if they are present in the parking lots. Condition (b3)
does not allow simultaneous charging and discharging the EV. Equation (b4) determines the SoC of the
EV battery at time #, while Egs. (b5) and (b6) determine the SoC of EVs at the entry and exit times to/from
the parking lot, respectively. It is noteworthy to state that the SoC of the EV battery at the time of entering

EV, Initial
Cev

the parking lot ( SO ) is a random parameter between 0.35 and 0.5, which is obtained through the

uniform probability distribution function. Besides, the SoC of the EV battery at the time of leaving the

EV,Final
Cev

parking lot ( SO ) is considered equal to 95% of its capacity. Condition (b7) confines the SoC of the

EV battery during the scheduling period.

ev,t ev levt

vev, vt e[T2,T¢)  (bl)

0< PEV,Dls < yDls,maxCapeEV | EV,Dis

ev,t V ev,t
EV,Ch
Pev,t =0 a Td
PEV.Dis _ g vev, vt e[l Ty)  (b2)
ev,t =
0< ISy +154Pe <1 (b3)
pEV Dis
ChpEV,Ch ev,t
EV EV 7 Fen - n°" (b4)
SOC,} =SOC_.%_; + At
ev,t ev,t-1 CapeE\,V

ev,t=T?



SOCL 4 =sSOcg ™ (b6)
soc™" <SOC&, < soc™ (b7)

2.1.3. Layer 3 (Operational Planning of DSO)

In this subsection, layer 3 of the upper-level is modeled, where Eq. (4) provides the DSO objective
function and Egs. (c1)-(e9) provide its operation constraints. As per Eq. (4), the goal of DSO is to minimize
the DA costs of its service area. The first and second terms of Eq. (4) respectively model the costs of

purchasing power from DGs and BESSs, taking into account their participation in the energy and

flexibility markets. The third term of Eq. (4) denotes the cost of purchasing power from TSO, where PdthC ¢

and m',‘,'twp refer to the power purchased from TSO and electricity price at coupling node, respectively.

Lastly, the fourth term of Eq. (4) denotes the profit of selling upward and downward flexibility services

to TSO.

i DG DG , _GT, flex GT up GT,down
Z |:71'dg Pdg,t + g (APdg't +APdgyt )J

dgeAd

OF ¥ —min ">
d t

B B,Ch B,Dis
+ Z |:7st (Pds,t + Pds,t

dSeAgS

+gy

t

)" (ARRYP + AR |

dt

PdPtCC _ (ﬂ_(lj:I{MP,up PdPCC,up 4 7 FLMP down

PCC,down
et

(4)

e Distributed Energy Resources
Equations (c1)-(c4) formulate distribution-wide DGs consisting of wind turbines, centralized PV farms
and gas turbines (GTs). In this way, Eq. (c1) determines the generation rate of wind farms according to

the hourly wind speed (v, ). Equation (c2) states that the power extracted from centralized PV farms

), the radiation at time ¢ (G, ) and inverter efficiency (UPV ). Active and

depends on its capacity (P’ ™

reactive powers produced by GTs are respectively confined by (c3) and (c4). P, is the capacity assigned

PGT ,down

to the energy market, while APd(;Tt:‘QE and APy " are respectively the capacities assigned to the upward

and downward flexibility markets.
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W, max
Pdg s Ve SV <V
PPV _ PV Gt PPV,max 2
dg,t — n GSTD dg (C )
GT,min GT GT,up GT,down GT,max
pdg < Pdg,t +APdg,t,sc _APdg,t,sc < Pdg (03)
max GT GT,up GT,down GT max GT GT,up GT,down
_adg (Pdg,t +Apdg t,sc _APdg,t,sc ) < ng,t < adg (Pdg,t +APdg,t,sc _APdg,t,sc ) (04)

e Distribution-Wide Battery Energy Storage Systems

The operating constraints of distribution-wide BESSs are formulated in (d1)-(d6). Condition (d1) limits

that the sum of the discharged power (P2 ) and the capacity allocated to the upward flexibility market

by the BESS (APg* ) per hour. Condition (d2) similarly confines the sum of the charged power (Pg ")

and the capacity allocated to the downward flexibility market by the BESS (APZ{**") per hour. Condition

(d3) does not allow simultaneous activation of charge (15¢") and discharge (15" ) decision variables.

Equation (d4) calculates SoC of the BESS in each hour of operation while Eq. (d5) sets the SoC at both

start and end times of operation on the SOC®"" parameter. Up and down levels of the SoC are restricted

in (d6).
0< PdE:tDis +APdE:tlJp < 7Dis,maxcadeS|(;35,YtDis (dl)
0< Pd‘z’fh +APd§;f’°W” < yChmaxCaps Ist’fh (d2)
0<IgDe +155" <1 (d3)
B,Dis B,up
Ch PB,Ch APB,down _(Pds,t +Apdsvt )

N (PR + AR ) A== (d4)

SOC?, =s0Cg, , + . 1 At
Capds

SOCg (g = SOCg ;_pq = SOCB ! (d5)
SOC™" <SOC§, < SOC™ (d6)

e Linear AC Power Flow
To manage power flow in DSs, a linear AC power flow program is embedded into the model [39]. The

equations needed to calculate the flow of active and reactive powers in each branch are respectively



presented in Egs. (el) and (e2). G, and B, , respectively, refer to the conductance and susceptance of
branch /. The magnitude and angle of voltage at node i are respectively indicated by Vi, and ;. The

power loss of branch / is calculated based on the flow of its active and reactive powers, as shown in Eq.

(e3). Equation (e4) confines the flow of active and reactive powers in each branch of DSs to the maximum

Line,max

apparent power flow (S, ). Equations (e5) and (e6) are respectively provided to prevent the magnitude

and voltage angle from exceeding the safe range. To avoid the imbalance of active and reactive powers in
each node, respectively, Egs. (¢7) and (e8) are provided. These equations guarantee the equality of power
injection and extraction in each node. Lastly, Eq. (e9) applies the power flow constraint in the tie-line

between the DS and TS. Note that Egs. (e4) and (e9) are linearized by dodecagon approximation method

[40].
Plkine =G (Vi,t _Vjt)+ ( ejt) (el)
QII,_tine =B (Vi,t —Vii ) G (6’ -0 ) (e2)
. 2 2
RY™ =R, [(P.k'”e) +Qi™) } (€3)
. 2
0< (Plhlne) (QILlne) S( Llne,max) (64)
VI <y, <y (e5)
™" <6, <™ (e6)
(PPCC + PdF,,tCC’Up - PdF,,tCC'down ) - Z (Pdg t+ Apd%-rt %~ Apd(éTt ggwn)
= dgeA?
X Loss (67)
+ Z (Pst:tDIS - Pdgfh +Apd2 s Apdgfown)z Z (él .PLme ] Z PbNtet + PLtoad
dSeAds IeAd bEAb
PCC L Z ngt _ Z §|,I Llne + Z tan PNet _'_QILoad (68)
dgEAdg di) IEAL beQ(d i)
. 2
0< ( PCC ) (QPCC ) (S(Ij_lne,max) (69)

2.2. Lower-Level (TSO Optimization)
In this sub-section, the lower-level of the proposed framework is formulated where the transmission
system operational planning is done by the TSO. The objective function of the TSO is given in Eq. (5)

while its operating constraints are formulated in (f1)-(h3). Note that a dual variable is assigned to each of



the TSO operation constraints as it is needed for the dual modeling of the TSO operation problem. As per
(5), the objective function of TSO is to minimize the DA operation costs of the TS. The first and second
terms of this function respectively calculate the power purchase costs from thermal units (Tus) and BESSs

placed in TS with regard to their participation in the energy and flexibility markets.

TU pTU TU, flex TU ,up TU ,down
Z[ﬂg Pyt +7g (APQ’t +APy ¢ )]

N | 5)
t +Z |:7ZSB (PsivCh + Ps'iles )+ ﬂSB, flex (Aps‘iyup +Apsli,down ):|
s

e Generation Units
Egs. (f1) to (f4) formulate the operation of transmission-wide generation units. Wind farms and centralized
PV farms placed in the transmission system are modeled in Eqgs. (f1) and (f2). These equations are similar

to Egs. (c1) and (c2) and only their indices have been updated. Condition (f3) confines the upper and

lower levels of the operating point of TUs according to their participation in the energy (PJ V) and
flexibility (AP;{"*? / AP;Y"“"") markets. Finally, Condition (f4) expresses that the operating point of TUs

is bounded by ramp-up and ramp-down limits.

0 y Ve <V Or v 2v,
2 2
A womax | Vi —Vei
Pot =1Fg v Ve SV <V, (f1)
2 2
Ve =V
W ,max
P , Ve SV <V
PV _ PV G, PV ,max
Pg,t =1 GSTD Pg (f2)
TU,min TU TU ,up TU ,down TU ,max min  max
Py <Py +AR T — ARy <P , ( gt Yot ) (3)
RD TU ,down TU TU RU TU ,up min , max
—Fy T ARy <Pt Ry <R AR (Ug,t Yyt ) ()

e Transmission-Wide Battery Energy Storage Systems
Constraints (g1)-(g5) are presented to model transmission-wide BESSs. In this way, constraints (gl) and
(g2) respectively confine the participation of BESS in energy and flexibility markets. The SoC of BESS

at hour 1 is calculated by Eq. (g3) while at hours 2 to 23 it is calculated by Eq. (g4). Note that SoC is set



to a fixed value at 0 and 24 hours. Condition (g5) prevents BESS energy level from exceeding the allowed

range.
0< Psli’DiS+AP§'Up < PSDis,max ’ (egsr?(in, Srr}ax) (gl)
0< Ps,Bt'Ch +Apsi,down < Psch,max ' ( Snywtin, Smtax) (gz)
) (P50 + 8p5)
E&:ﬂ“m+q“mTMAﬁWM——;?E—;—m,QI Vs, vt=1 (g3)
(P50 + ap2)

Egy =Egy+| 7" (RS +APSi*d°W”)—T At, g8 Vs\Vte[2.24)  (g4)
Emin <EB < Emax ( min max)

s  — Hdsit = s v\ Tst o Tsit (gS)

e DC Power Flow
The DC power flow program executed at TS is formulated through (h1)-(h3). Equations (h1) and (h2)
guarantee energy and flexibility balances in each bus of the TS, respectively. The power passing through
the line / is confined by the condition (h3) based on the generation shift factors (GSFs) [13]. It is
noteworthy to state that production and consumption are respectively modeled with positive and negative

signs in (h3).

Zg: Pth’ + ZS:( Psli,Dis _ Psli,Ch ) _ Zn: Pnl?temand " Zd: PdP'tCC ’ QLMP -
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e Calculation of Locational Marginal Price
Equations (i1) and (i2) calculate respectively LMP and FLMP of different buses of the transmission

network according to binary variables related to equations (h1)-(h3) [41]. These equations show that the



LMP / FLMP of each bus consists of two parts. The first part of these equations is related to the hourly
price of energy / flexibility regardless of location while their second parts calculate the change in energy
/ flexibility price in different buses according to power flow constraints.

7P = P +ZI‘,[GSF|,n (e = ) | (il)

i = of M Y G, (4" - )| (i2)
|

2-5- Converting the bi-level NLP problem to single-level LP problem

As mentioned above, the introduced bi-level model is a non-convex problem since the DSO objective
function has a non-linear term (Eq. 4). Therefore, the bi-level model should be converted into a convergent
problem that can be tracked by linear solvers such as CPLEX, GUROBI, and so on. To this end, we first
convert the bi-level model into a single-level mathematical program with equilibrium constraints (MPEC)
by replacing its lower-level (TSO operational planning problem) with KKT conditions. Then we use the
Big-M technique to linearize KKT conditions, and SDT to linearize the nonlinear term of the DSO
objective function. Therefore, the final model will be a single-level MPEC problem including primal-dual
constraints.

2.5.1. Dual Constraints of the TSO’s Optimization Problem

The dual formulation of the lower-level problem is presented below. In this way, Eqgs. (j1)-(j8) present the
first-order partial derivative of the Lagrange function of the lower-level problem. It should be stated that
the constant value of the right-hand side (RHS) of the dual constraints are the coefficients of TSO objective

function variables.
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2.5.2. KKT Conditions
In (k1)-(k12) complementary relaxation constraints are modeled for inequality constraints to embed KKT
conditions in the model [42]. In the proposed formulation, we assume that all the binary variables of

inequality constraints are positive. Note that the perpendicular symbol ( L) refers to the complementary

condition.
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2.5.3. Linearization of the KKT Conditions

Egs. (11)-(13) make the above nonlinear complementary conditions linear by Big-M method [42]. In this
method, an auxiliary binary variable (g) is defined. The value of the binary variable g is determined
according to the fulfilled complementary condition. In order to use the Big-M method for linearization, it

is necessary to write all inequality constraints with a positive sign, as done in constraints (k1)-(k12).

0<alb>0 (11)
0<a<gM (12)
0<b<(l1-g)M (13)

2.5.4. Strong Duality Theory

In this subsection, SDT is used to linearize the non-linear term of the DSO objective function (referring
to Eq. 4) where energy / flexibility price and power / flexibility exchange rate at coupling nodes are
variable. According to SDT, the value of the lower-level objective function (TSO objective function) must
be equal to the dual objective function [43]. Eq. (m1) is provided to model this rule. Then, Eq. (m2) is
built by embedding Egs. (i1) and (i2) in Eq. (m1). As can be seen, the non-linear term of the upper-level
objective function (DSO objective function) is extracted and written at the left-hand side (LHS) of the Eq.
(m2), while its equivalent linear relationship is presented at the RHS. Therefore, the nonlinear term can
be replaced with its equivalent linear relation in the upper-level objective function. In this way, the
objective function of the single-level MPEC model (m3) is built by replacing the non-linear term of the
upper-level objective function (Eq. 4) with the linear term obtained in (m2). Lastly, all constraints required
to solve the objective function (m3) including KKT conditions, and primal and dual constraints are shown

in (m4).



Z[ TU PT%J +ﬂgu,flex (Apg‘l"?,up +AF,ngJ,down )]

Z -

: +Z|: (PB ,.Ch i PB D|s)+7Z_SB,erx (Apsa,up +Apsli,down ):|
TU, mm mm TU ,max, _max RD m|n RU max
+ZZ(P —F T e — Ry oge Ry gy )
B, Initial _B min _min max _max Dis,max zmax Ch,max ~max
+ZZ(ES gs,t + Es Z's,t - Es z-st - P, é:s P )
t S

S st

Z[GSFI ) (PDemand +APDemand ):|
+ZIZ +Z|:GSFI ] ( PCC n PPCC up PdF?tCC,down ):|_ SILine,max ﬂmm
Z[GSFI ) (PDemand +APDemand )j|

237 -

+Z[GSF|,(1 (PdF”tCC + PdP’tCC,up _ PdF,)tCC'down )J 4 gLinemax
d

oS e o
t n -

+Z[[Z APn?tEmand + Z( PdP'tCC,up _ PdthCC,down )] thLMP]
t n -

ZZ[ pPcc LMP (PPCC up FLMP up PPCC downﬂ_(;:%MP down )}
t

d
Z TU PT TU flex( PthtJ up +APngJ,down )]
z g9
: + PB Ch " PB Dis )+7z_sl3,flex (Apsi,up n Apsi,down ):|
s

TU, mln mln TU,max, max RD m|n RU  max
ZZ Ry = RO — R
t g

|:>
ZZ EBImtlaI B +Em|n m|n Emax max PDIS maxémax PCh max max)
t

st
S

Z[GSFI . (PnDtemand I APnDtemand ):|

z - ' ' )ulrjwtin

| SILme max

M

Z[GSFI ] (PDemand " APDemand ):|

max
+Z n Ayt

t | SILine,max

speeafpe

n

(ml)

(m2)



GT, flex GT,up GT, flex GT ,down
D (76 RS + gy ARG + gy ARG

dg
OF MPEC _ minzz foea?
B B,Ch B,Dis B, flex B,up B flex B,down
d t +Z |: P(Pdst +Pdst )+ Tgs APds 7 APdst :|
dSeAgS

Z[ TU PT%J +ﬂ‘glj'U,flex (AP;? up +APngJ ,down )J

: +Z[ (PB ch Psli,Dis)_,’_ﬂ_sB,flex (Apsli,up+APS?t,down )J
T3
22

t S

TU, m|n mln TU,max, max RD m|n RU max
P, P, g2 —PPog — P ol

B, Initial min m|n max max Dis,max gmax Ch,max ~max
= g +Es gy —EgTrgy — Ry St —Fs St )

Z[GSF‘ ) (PnDtemand 4 APnDtemand )j|

_ZZ 3 o | ay"

t o1 _SILine,max

Z[GSFI ) (PDemand +APDemand ):| .

+ZZ " Mg

t | +S|Lme,max

_Z{Z pDemand } Z{z ARDETENG FLMP:|

t n n

s.t.
(c1-c4),(d1-d6),(e1-€9),(f1-f4),(g1-g5),(h1-h3),(j1-i8),(k1-k12)

2.6. Two-Stage Interval-Based Optimization Algorithm

(m3)

(m4)

To secure the proposed nested framework against the uncertainties associated with RGs output power and

load consumption, a two-stage interval-based optimization algorithm is used. The advantages of the

interval-based technique include a smaller computing space compared to the stochastic technique and

achieving more optimal results than the robust technique due to minimizing the interval of the objective

function instead of considering the worst-case scenario [44]. In stage 1 of the proposed interval-based

model, the single-level MPEC problem constructed in the Section 2-5 is solved in an iteration-based

process to determine the final values of the variables of the single-level MPEC problem, except the

variables related to BESSs. Then, in Stage 2, the final operating points of BESSs are determined by

considering extreme conditions, so operational planning will also be applicable for the worst conditions.



Equations (n1)-(n3) are needed to model the aforementioned process. Equation (nl) divides the variables
and parameters of the problem into three categories. x refers to all variables of the single-level MPEC

problem except BESSs variables; y refers to BESSs variables; u refers to uncertain parameters including

load demand, solar radiation and wind speed. In Eq. (n2), an uncertainty interval is determined for each
of the uncertain parameters. Note that the upper and lower limits of this range are set to 0.8 and 1.2 of
expected values for wind speed and solar radiation, while they are set to 0.9 and 1.1 of expected values
for load demand. Eventually, Eq. (n3) shows the general form of solving single-level MPEC problem by

the proposed interval-based optimization technique.

x e { Variable of single-level MPEC problem except distribution- and transmission-wide BESSs}

y € {Variables of distribution- and transmission-wide BESSs} (nl)
u e {Wind speed, Sun irradiance, Load}

umn <y < ym (n2)
ngiyn[ml?x or muin F(xY, u)}

st. (1’13)
G(x,y,u)=

H(x y,u)<0

3. Solution Method

Figure 2 depicts the implementation process of the proposed nested framework. First, it should be
mentioned that the proposed nested framework is coded in the GAMS environment where the CPLEX
solver is used to solve it. According to Fig. 2, after submitting the input parameters to the GAMS, the first
layer of the upper-level, which is the design of time-varying DRP tariffs, is modeled. Then the designed
tariffs are sent to EMS of SBs to do their DA scheduling in the second layer of the upper-level. After
scheduling SBs, their DA hourly load demand is determined and sent to the DSO to plan the operation of
the DS in the third layer of the upper-level. After the DA planning of the DS, the upper-level is completed
and the DSO sends its obtained schedule to the lower-level. In the lower-level, TSO performs the DA
operational planning of the TS. Since the objective function of DSO is non-linear, the third layer of the

upper-level and lower-level are merged to form a single-level MPEC problem.



According to the flowchart, the process of converting the NLP bi-level problem to the single-level MPEC
problem is done in four steps; In step 1, the dual form of the lower-level problem is written. In step 2,
complementary relaxation constraints are modeled to embed KKT conditions in the formulation. In step
3, the nonlinear complementary conditions are linearized via the Big-M method. Finally, in step 4, the
non-linear term of the DSO objective function is linearized using SDT.

According to the right side of the flowchart, in order to secure the operational planning of TSO-DSO
against uncertainties, the obtained single-level MPEC problem is solved by using an interval-based two-
stage optimization algorithm. According to the flowchart, in the first iteration, all variables of the single-
level MPEC problem are calculated by setting the uncertain parameters on the deterministic values. Then,
the single-level MPEC problem is solved by fixing all the variables on their values obtained in the previous
step, and considering the uncertain parameters as variables in both pessimistic and optimistic fashions. In
the next step, the stop criterion is checked, if it is satisfied, the solution process is stopped, otherwise, the
uncertain parameters are set to the values obtained from pessimistic programming, and then the solution
process enters the next iteration. It should be noted that after satisfying the stop criterion, all variables of
the problem are fixed on their results obtained in the last iteration except the BESSs' variables, and the
single-level problem is solved in stage 2 for extreme conditions. In this stage, the values of BESSs
variables are determined according to extreme conditions. To facilitate the simulation of the proposed
nested framework, a pseudocode is presented in Table 1, in which each part of the proposed framework is

described separately.
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Table 1. Pseudocode to implement the proposed nested framework

Upper-Level

DR Design
(Layer 1)

For each SB b, Do:
For each hour ¢, Do:
If flexibility requirement is Positive, Then:
Define maximum load decrement rate [Eq. (1)].
Define incentive tariff based on upward flexibility requirement [Eq. (1)].
Else,
Define maximum load increment rate [Eq. (2)].
Define time-varying tariffs based on downward flexibility requirement [Eq. (2)].
End
End
Return Designed DRP with time-varying tariffs for SB b.
End

SBs Scheduling
(Layer 2)

For each SB b, Do:
Set Maximum load increment and decrement rates for SB b [Eqgs. (a5)-(a6)].
Set thermal comforts based on desired temperatures for indoor space and hot water [Egs. (al0),(al7),(al9)-(a20)].
Solve the objective function of SBs [Eq. (3)].
Return Schedule obtained for SB b.
End

DSs Operation
(Layer 3)

For each SB b, Do:
Update demand curve of SB b based-on its obtained schedule.
End
Define Linear AC power flow to manage power transfer in DSs [Egs. (e1)-(e9)].
Solve the DSOs objective function [Eq. (4)].
Return Energy/Flexibility market participation of DSOs.

Lower-Level

TS Operation

For each DS d, Do:

Set energy shortage/surplus and flexibility coverage level.

Define DC power flow to manage power transfer in TS [Egs. (h1)-(h3)].
End
Solve the TSO objective function [Eq. (5)].

Dual Constraints
of Lower-Level

Set dual variables for active constraints in TSO optimization problem [Egs. (j1)-(38)].
Define dual constraints based-on variables in TSO optimization problem and their coefficients in the objective function.

For each dual variable and its corresponding primal constraints, Do:

]
=
E 5 KKT Conditions Define a complementary condition [Eqgs. (k1)-(k12)].
< J';‘ End
% E For each complementary condition, Do:
i E Big-M Define an auxiliary binary variable g.
Eﬂ Linearization Replace each complementary condition with its linearized equivalent using Big-M Method [Egs. (11)-(13)].
7 End
Strong Duality Define dual objective function of lower-level problem [Egs. (m1)-(m2)].
Theory Solve the strong duality condition to extract non-linear term of the upper-level objective function [Egs. (m3)-(m4)].
For each uncertain parameter u, Do:
Define upper and lower limits.
End
While 1, Do:
£ If it’s the first iteration, Then:
= Set the counter number it to 1.
'g Set uncertain parameters # in their deterministic values.
=0 Else,
: Increase the counter number it by one unit.
£ Set uncertain parameters # in their pessimistic obtained results.
g End
E Stage 1 Free up decision variables x and y.
2 Solve single-level MPEC model.
2 Set variables x and y on their obtained values.
2 Free up uncertain parameters u.
a Solve optimistic form of the single-level MPEC model.
= Solve pessimistic form of single-level MPEC model.
g If stopping criteria reached, Then:
= Break.
s, End
s End
Vé Return final result of variables x.
5 Define extreme condition by setting following adjustments:
us" - Set to minimum values.
wéemand - Set to maximum values.
Stage 2

Set variables x at their results obtained from stage 1.
Solve extreme form of the single-level MPEC model.
Return operating points of BESSs.




4. Simulation of the Proposed Framework

4.1. Studied System

Figure 3 shows the structure of the studied system on which the proposed nested framework is
implemented. This system consists of a 57-bus TS coupled with two 33-node [41] DSs. In this system,
energy and flexibility markets are cleared in a coordinated structure based on interactions between TSO
and DSOs. The TS has traditional TUs, wind farms and Solar farms, while DSs are equipped with GTs,
wind turbines and centralized PV plants. It should be mentioned that RGs at both transmission and
distribution levels are integrated with BESSs. There are two categories of DS’ loads; A) Regular loads
(RLs) B) SBs. The components of SBs are also shown in Fig. 3. Thermostatically-controlled components
of SBs are HVAC and EWH. It can also be seen that SBs have RSP and BESS. Besides, SBs are equipped
with smart metering and communication system that enables their direct connection with DSO and their
participation in DRP. The figure also reflects that SBs have smart parking lots for charging/discharging

residents' EVs. Lastly, it should mention that the gray nodes of the TS do not have a load.
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4.2. Input Data

Table 2 shows the design of different cases on which the proposed nested framework is implemented. As
per this table, the impact of the two-stage interval-based optimization algorithm, distribution-wide DERs
participation in the flexibility market and the proposed DRP design mechanism on the results will be
evaluated in detail. In Tables 3-5, the information of network components, SBs and simulation parameters
are respectively tabulated. The load demand curves of TS and DSs are shown in Figs. 4a-4c, while the
TSO flexibility demand is shown in Fig. 4d. The load demand curve of SBs is depicted in Fig. 5a, while
the ambient temperature is shown in Figs. 5b. Figure 5S¢ demonstrates the hot water demand of the SB,
based on which the EWH adjusts its operating point. Note that the desired indoor temperature of SBs is
24 degrees centigrade. Figure 5d depicts the 24-hour electricity price curve based on which SBs performs
their DA scheduling. It is assumed that this curve is the average price of the last ten days. Finally, the
curves of solar radiation and wind speed can be found in Figs. 6a and 6b, respectively.

Table 2. Structure of studied cases.

Flexibility Options in Implementing Proposed
Case | Deterministic TW“'Staff I“fflrlval'Based Distribtuytiog-wme DRI;’ Design l\g/[echfll)nism
gorithim DGs BESSs SBs EV Fleets
1 v X X x x x
2 X v X x X X
3 X v v x X X
4 x v v v x x
5 x v v v v x
6 x v v v v v
Table 3. Information on components of TS and DSs
TS Components
Components (Bl}:);;::l?ger) Capacity (MW) El(lgfl\g/[}"g;;ce Fle)((;;l;ll\l/ll&ll:)nce Type
1 1 300 16 - Wind Farm
2 2 100 14 - Solar Farm
3 3 150 22 30 Thermal Unit
4 8 60 25 34 Thermal Unit
5 9 200 19 - Wind Farm
6 42 100 30 34 Thermal Unit
DS Components
Location Capacity | Energy Price Flexibilit
Components | g Number) (I\I/)[W)y ($/1\g/IyWh) Price ($/MV)\77h) Type Owner
1 12 1.5 12 19 Gas Turbine DS1
20 1.5 14 16 Gas Turbine DS 1
3 22 1.5 13 18 Gas Turbine DS 2




4 26 1.5 11 17 Gas Turbine DS 2
5 2 0.8 12 - Centralized PV Plant DS1
6 10 1 10 - Centralized PV Plant DS1
7 15 1 10 - Centralized PV Plant DS1
8 29 0.8 11 - Centralized PV Plant DS1
9 14 1 11 - Wind Turbines DS1
10 26 1 12 - Wind Turbines DS1
11 11 0.8 12 - Centralized PV Plant DS 2
12 16 1 11 - Centralized PV Plant DS 2
13 24 1 13 - Centralized PV Plant DS 2
14 27 0.8 11 - Centralized PV Plant DS 2
15 1 1 11 - Wind Turbines DS 2
16 9 2 12 - Wind Turbines DS 2
17 32 1 10 - Wind Turbines DS 2
Table 4. Information about the location and components of SBs
Smart Buildings (B;OIS;::::;H) g:;zgg;z RSP Capacity (kW) | Number of EVs Owner
1 6-7-8 420 300 180 DS 1
2 16-17-18 200 100 60 DS 1
3 21-22 150 100 60 DS 1
4 23-24-25 870 600 350 DS 1
5 30-31-32 500 300 150 DS 1
6 2 95 100 50 DS 2
7 4-5 170 150 70 DS 2
8 6-7 245 200 130 DS 2
9 12-13-14 220 150 100 DS 2
10 17-18 140 150 70 DS 2
11 19-20-21 250 150 110 DS 2
12 29-30-31 440 250 180 DS 2
Table 5. Information on simulation parameters
TS-DS Information
Parameter GSTP \/ min \/ max 77PV At
Value (Unit) 1000 (W/m?) 0.95 (p.u) 1.05 (p.u) 98 (%) 1 (h)
BESSs Information
Parameter 7/Ch,max Dis,max SO B Initial goC min sOC Mmax 77Ch nDis
Value (Unit) 30 (%) 30 (%) 50 (%) 30 (%) 95 (%) 95 (%) 95 (%)
SBs Information
Parameter AX T a /T d 9C0|d ‘98, Initial QW ,Initial Vi v,
Value (Unit) 0.035 (m) | 17:00/7:00 (h) 15 (C°) 24 (C°) 45 (C9) 3 (m/s) 15 (m/s)
Parameter Veo b a’ B oV «B WV
Value (Unit) 25 (m/s) 0.9 11 0.5 0.5 0.25 0.25
(C°/MWh)
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4.3. Results of Case 1 (C1) and Case 2 (C2)

CI and C2 are designed to investigate the effect of the two-stage interval-based optimization algorithm
on the operation results. In C1, the proposed nested framework is solved in deterministic mode, while in
C2 it is solved via the proposed two-stage interval-based optimization algorithm. Tables 6 and 7,
respectively, tabulate the numerical results of C1 and C2. As per these tables, the application of the two-
stage interval-based technique in C2 has relatively increased the operating costs of TS and DSs compared
to C1, which is due to the determination of an interval for each uncertain parameter and performing the
operational planning with a pessimistic viewpoint. Note that the values of uncertain parameters in the

proposed two-stage interval-based technique are determined after solving an iteration-based process.



Figures 7a-7e show the curves obtained for uncertain parameters in C2 where the interval of each
parameter is also shown. These figures reveal that the obtained curves for all parameters in C2 have worse
conditions compared to C1 (deterministic mode), so that the wind speed and solar radiation are lower
while the load demand is higher. On the other hand, the comparison of the curves obtained for uncertain
parameters in C2 with their upper and lower levels shows that the worst condition is not considered for
any of them, which is an important point to keep the planning within the optimal range.

As mentioned, in the proposed two-stage interval-based technique, BESSs are responsible for covering
extreme conditions, where their operating point is determined according to the worst-case scenario. In this
light, Figs. 8a-8d are presented to analyze the performance of BESSs, before and after the implementation
of the proposed two-stage interval-based technique. In these figures, the operating points obtained for
BESSs in stages 1 and 2 are compared. As can be seen, considering extreme conditions in stage 2 has
changed the operating points of BESSs almost throughout the operation period compared to stage 1. Figure
9 is provided to study the impact of uncertainties on the hourly cost of the system, where the daily costs
obtained in deterministic, proposed two-stage interval-based technique, pessimistic and optimistic modes
are compared. As per this figure, the lowest and highest costs are respectively for optimistic and
pessimistic modes. It can also be observed that the system cost in the interval-based mode is between

deterministic and pessimistic curves, which is due to our pessimistic-oriented planning.

Table 6. Numerical results obtained from the implementation of C1

Operation Costs ($) . .
- - Trading with Customers ($)
. Exchange in Coupling Node
Entity | Fee Paid to sum 5 oo
Components ihili ounous Pal
p Energy Flexibility for DRP SBs RLs
TS 264727.89 -3157.90 261569.99 - - 321939.72

DS1 1357.68 1789.29 3146.9734 0 2931.62 1908.81
DS?2 1540.29 1368.61 0 2908.8993 0 2122.03 2598.53
Total 267625.86 331500.72




Table 7. Numerical results obtained from the implementation of C2

Operation Costs ($) . .
- - Trading with Customers ($)
. Exchange in Coupling Node
Entity | Fee Paid to sum Bounous Paid
Components ibili unous Fal
p Energy Flexibility for DRP SBs RLs
TS 277515.86 -3520.29 273995.56 - - 335139.25
DS1 1315.52 1967.00 3282.5132 3045.96 1985.16
DS 2 1491.05 1553.30 3044.347 2205.85 2702.47
Total 280322.42 345078.70
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4.4. Results of Case 3 (C3) and Case 4 (C4)

C3 and C4 are designed to investigate the impact of distribution-wide DERs participation in the flexibility
market on the technical and economic aspects of the system. The results presented in Tables 8 and 9 reveal
that the total daily costs of the system in C3 and C4 have decreased by 410.33 $ and 611.57 $, respectively,
over C2, which is due to the provision of part of the upward and downward flexibility capacities through
distribution-wide DERs instead of expensive transmission-wide TUs. Figures 10a and 10b illustrate the
contribution of system components in providing flexibility capacities in C3 and C4, respectively. As per
these figures, GTs and BESSs of the DSs have a considerable contribution in providing upward and
downward flexibility capacities. Figures 10a and 10b also demonstrate that the rest of the flexibility
capacities are provided through TUs, and BESSs of the transmission system.

The analysis of the numbers in Tables 8 and 9 clarify that the participation of distribution-wide DERs in
the flexibility market brings profits of $969.56 and $1147.59 to the DSs in C3 and C4, respectively. On
the other hand, the results reveal that the costs of DSOs in the energy market in C3 and C4 increased by
1.61% and 1.67%, respectively, compared to C2, which is due to the allocation of a significant part of the
their DERSs to the flexibility market and as a result their less participation in the energy market. However,
total system costs have decreased in C3 and C4 compared to C2, because the reduction in flexibility market

costs has been greater than the increase in energy market costs.



Figures 11a-11d, respectively, depict the LMP and FLMP of coupling points in C2 to C4. Figures 11a and
11b reflect that the LMP level of the coupling points in C2 is lower than C3 and C4, which is due to the
purchase of more power by DSs. In contrast, Figs. 11c and 11d reveal that the participation of DERs in

the flexibility market has significantly reduced the FLMP at the coupling points.

Table 8. Numerical results obtained from the implementation of C3

Operation Costs ($) . )
- - Trading with Customers ($)
. Exchange in Coupling Node
Entity | Fee Paid to sum 5 oo
Components ihili ounous Pai
p Energy Flexibility for DRP SBs RLs
TS 276586.36 -3577.19 969.56 273978.73 - - 342177.18

DS1 1556.58 2044.84 -528.56 3072.8695 0 3112.97 2024.87
DS2 1769.14 1532.35 -441.01 2860.4877 0 2249.97 2759.23
Total 279912.08 352324.21

Table 9. Numerical results obtained from the implementation of C4

Operation Costs (%) . )
- - Trading with Customers ($)
. Exchange in Coupling Node
Entity | Fee Paid to sum 5 oo
Components ibili ounous Pal
p Energy Flexibility for DRP SBs RLs
TS 276412.14 -3579.31 1147.59 273980.42 - - 347309.84
DS1 1557.30 2035.52 -608.28 2984.53 0 3162.77 2059.29
DS 2 1741.41 1543.79 -539.30 2745.90 0 2290.47 2806.13
Total 279710.85 357628.50
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4.5. Results of Case 5 (C5) and Case 6 (C6)

In C5 and C6, the impact of the behavior of SBs and EV fleets on the technical and economic factors of
the system is studied in detail. In this light, we have presented a new mechanism for designing DRP tariffs
with time-varying incentives to take advantage of SBs and EV fleets to deal with flexibility challenges. In
CS5, this mechanism is implemented where the EMSs of SBs perform the operating point of their
controllable components including HVAC, EWH and BESS based on time-varying incentive tariffs. The
results of Table 10 testifies that the implementation of the proposed DRP design mechanism in C5 not
only reduces the costs of DSOs in the energy market by 9.17%, but also increases their profit by 23.74%.
In addition, the numerical results clarify that the implementation of the proposed DRP design mechanism
in C5 has reduced the daily costs of TSO by 80.14 $.

Figure 12 provides the incentive tariffs designed by the proposed DRP mechanism. As you can see, the

rewards are time-varying, and their amount alternates based on the flexibility demand of TSO. The effect



of implementing the proposed DRP design mechanism on the operating point of the controllable
components of a SB is analyzed through Figs. 13a-13c. According to Figures 13a and 13b, after
implementing the proposed DRP design mechanism, the EMS of building has changed the operating points
of HVAC, EWH and BESS where they are in line with the upward and downward flexibility requirements
of the system. It is clear from Figs. 13a and 13b that the implementation of the proposed DRP design
mechanism lowers the operating points of HVAC and EWH during high-demand periods. Figure 13c
shows that the BESS placed in the SB in C4 is operated according to the energy market price, so that it is
charged in cheap hours and discharged in expensive hours. On the other hand, it can be seen that the
provision of incentive tariffs to the SB has changed the pattern of BESS operation in CS5, so that it is fully
in line with system flexibility requirements. The performance of controllable components shows that the
proposed DRP design mechanism is able to use the potential of SBs to improve the technical aspects of
the system while reducing the operating costs.

Figures 14a and 14b indicate the indoor temperature and the EWH’s output water temperature of a SB in
C4 and C5. Figure 14a illustrates that the indoor temperature of the building deviated by about 1.5 degrees
from the residents’ desired temperature in two periods, which is due to the participation of the building in
DRP. Similarly, Fig. 14b shows the deviation of the outlet water temperature from the desired temperature
of the residents in some periods. Examining these figures reveals that the EMS of the SB has not exceeded
the permitted thermal comfort range despite the deviation from the residents’ desired temperature.

In Figs. 15a and 15b, the effect of implementing the proposed DRP design mechanism on the system
voltage is investigated. These figures clear that the average magnitude of the voltage of DSs during the
entire operation period in C5 was at a higher level than C4, which leads to the improvement of operation
security. Figures 16a-16f indicate the effect of the proposed DRP design mechanism on the congestion of
TS and DSs. These figures are plotted for 19:00 o'clock (Peak hour). As can be seen form Figs. 16a-16f,
the power flow level of most lines of the DSs in C5 has decreased compared to C5, which is due to the

significant reduction in the load of SBs in peak hour. On the other hand, the analysis of Figs. 16e and 16f



shows that the congestion in lines 11, 19, 20 and 23 of the TS has been relieved in C5 compare to C4,
which is due to the reduction of the load of DSs 1 and 2 in peak hour. It should be noted that in Figs. 16e
and 16f, only the lines whose capacity is filled more than 70% were plotted.

Figures 17a-17d depict the LMP and FLMP obtained for the coupling points at C4 and C5. As you can
see, the LMP and FLMP curves in C5 have not only decreased significantly in high-demand periods, but
also become smoother. These curves prove that through the implementation of an effective DRP
mechanism, it is possible to reduce the clearing price of energy and flexibility markets in high-demand
periods. Note that the reason for the reduction of FLMP is the supply of a larger part of the system
flexibility demand by distribution-wide DERs in C5 compare to C4.

Figure 18 compares the flexibility capacities provided by distribution-wide DERs in C4 and C5, according
to which DERs have provided more flexibility in C5 than C4. Note that with the implementation of the
proposed DRP design mechanism in C5, the load demand of SBs has decreased during peak periods of the
upward flexibility market, which has led to the allocation of a larger portion of DERs capacity to this
market. On the other hand, DRP implementation has increased the load demand of SBs during the peak
periods of the downward flexibility market, which has led to a higher operating point of DERs and
subsequently more participation in the downward flexibility market.

Table 10. Numerical results obtained from the implementation of C5

Operation Costs ($) . .
- - Trading with Customers ($)
. Exchange in Coupling Node
Entity | Fee Paid to sum 5 oo
Components ihili ounous Pal
p Energy Flexibility for DRP SBs RLs
TS 275731.24 -3251.03 1420.07 273900.29 - - 337932.47

DS1 1607.08 1867.10 -813.59 2660.59 270.01 2706.37 2003.69
DS 2 1750.37 1383.93 -606.49 2527.81 216.90 2050.02 2730.37
Total 279088.69 346935.99
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Fig. 12. Incentive tariffs built by the proposed DRP design mechanism
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Table 11 presents the results of C5 where the EV fleet also participates in the proposed DRP. From the
analysis of the results in Table 11, it can be found that the participation of EVs in DRP has lowered the
costs of SBs, and energy and flexibility markets as well. It should be mentioned that these EVs belong to
the residents of SBs and are charged / discharged in the parking lot of the building. Figures 19a and 19b
compare the scheduling of EV fleets in C5 and C6. The analysis of the curves reveals that the participation
of EV fleets in DRP aligns their schedules with network requirements so that they are discharged during
the peak periods of energy and upward flexibility markets, while they are charged during the off-peak
period of downward flexibility market. This performance has a positive effect on the LMP and FLMP at
the coupling points, as shown in Figures 20a-20d. These figures reveal that the provision of V2G services
by EV fleets not only smoothed the LMP and FLMP curves, but also lowered their levels in high-demand
periods. Figure 21 is presented to analyze the impact of V2G services on network congestion, where the
filled capacity of lines of the system in C5 and C6 are compared. This comparison illustrates that the
provision of V2G services not only reduced the filled capacity of lines in DSs 1 and 2, but also reduced
the congestion of lines 11, 19, 20 and 23 of the TS. Overall, the results testify that the provision of V2G
services along with the participation of SBs in DRP has positive effects on voltage profile, lines’
congestion and system operating costs.

Table 11. Numerical results obtained from the implementation of C6

Operation Costs ($
& - _( ) Trading with Customers ($)
. Exchange in Coupling Node
Entity | Fee Paid to sum Bounous Paid
Components ibili u
p Energy Flexibility for DRP SBs RLs
TS 275351.15 -2963.45 1450.31 273838.00 - - 331849.69

DS1 1589.24 1697.42 -785.99 2500.66 450.02 2489.86 1967.62
DS 2 1776.74 1266.03 -664.32 2378.46 361.51 1886.02 2681.22
Total 278717.12 340062.87
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S. Conclusion
In this work, a nested framework for TSO-DSO coordination under the influence of a high number of RGs
was presented, taking into account the active participation of SBs and EV fleets in scheduling. Moreover,
a time-varying DRP design mechanism was introduced to align the scheduling of SBs and EV fleets with
flexibility requirements of the system. The coordination of TSO and DSO was initially modeled as a NLP
bi-level problem, and then it was transformed into a single-level MPEC problem using KKT conditions,
Big-M method, and SDT. The impact of the proposed nested framework on the economic, technical and
security aspects of the system was evaluated through the implementation of several case studies, the
important results of which are as follows:
e A two-stage interval-based algorithm was used to deal with uncertainties. The results testified that
the proposed algorithm determined the operating points of BESSs with the aim of ensuring safe

operation during extreme conditions. Analysis of the numerical results revealed that the interval-



based technique, despite the 4.74% increase in total costs, determined a safe interval for the
fluctuation of the parameters, which increased the security of operation.

e The results showed that providing the flexibility required by TSO through the distribution-wide
DERs including GTs and BESSs instead of transmission-wide TUs, reduced the total daily costs
of DSs by 3.84%.

e The results of the implementation of the proposed DRP design mechanism confirmed that this
mechanism aligned the schedules of SBs and EV fleets with the flexibility requirements of the
system. The results showed that the proposed DRP mechanism, by motivating SBs and EV fleets
to change their scheduling, reduced LMP and FLMP at coupling points. The numerical results
mirrored that the implementation of the proposed DRP mechanism not only reduced the costs of
DSOs in the energy market by 9.17%, but also increased their profit from participating in the
flexibility market by 23.74%.

e The simulation results also proved that changing the operating point of thermostatically-
controllable loads and BESSs along with providing V2G services through the implementation of
the proposed DRP design mechanism, released a significant part of the capacity of distribution-
wide DERSs in high-demand periods and subsequently increased their contribution in the flexibility
market. Moreover, the results testified that the peak-shaving resulting from the implementation of
the proposed DRP mechanism not only reduced the congestion in TS and DS lines, but also
improved the voltage profile.

Overall, the results clarified that the proposed interval-based nested framework, which is computationally
tractable by linear solvers such as CPLEX, GUROBI, etc., was able to improve the technical, economic
and security aspects of coordinated TSO-DSO operational planning by utilizing the potential of SBs and
EV fleets through a powerful DRP design mechanism.
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