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Abstract— Importance of aggregating distributed energy
resources (DERs) capacity to procure high-performance
frequency regulation services ensuring adequate flexibility for
renewable-rich power systems is increasing. Meanwhile,
disregarding response performance variety arising from different
technical characteristics and inherent uncertainties of DERs
managed by an aggregator adversely impacts aggregated
response (AR) from three viewpoints: technical feasibility of AR
delivery, economic profit-making and fairness of capacity
allocation. To tackle these challenges, this paper introduces a new
probabilistic flexibility response index (FRI) to integrally evaluate
DERSs’ performance considering four factors: structure, control,
communication, aggregation and uncertainties and interactions of
these factors. Also, a multi-objective stochastic bidding strategy
framework in the day-ahead energy and regulation markets is
developed, in which the DERs capacity allocation is devised using
the evaluation of their FRIs as the second objective. This
framework lies within a mixed-integer linear programming
model, considering uncertainties of resources, communication
systems, AR, and market prices. The multi-objective structure of
problem is handled through augmented g-constraint and Fuzzy
decision-making approaches. To validate the efficiency,
scalability, and generality of the developed framework, it is
implemented on three aggregators of different numbers and types
of DERs participating in the ERCOT market context. The results
show fundamental improvements regarding three viewpoints.

Index Terms— Aggregator, Frequency regulation, Multi-
objective optimization, Performance of distributed energy
resources, Performance-based capacity allocation, Performance-
based regulation market, Uncertainty of DERSs.

NOMENCLATURE
Indices, Sets, and Symbols
t,T Index and set of time intervals.
,S Index and set of scenarios.
il Index and set of DERAs.
x, K Index and set of EV group.
j.J Index and set of Pareto solutions.
max, min Maximum and minimum limits.
Imax Maximum limit of the charger power.
EM,RG,RT  Energy, regulation, and real-time markets.
EMB,EMS  Buying and selling in the energy market.
RGU,RGD  Up and down directions of regulation.
RTB,RTS Buying and selling in real-time market.
Ch,Dch Charging and discharging.
Deg Degradation of battery.
AggLim Limitation that aggregator faces with.
GLim Limitation imposed by grid.
Agg Related to Aggregator.
DERA Related to DERA.
Arr Related to arrival time of EV group.
Dep Related to departure time of EV group.
Cap Cap of the regulation capacity power per DER or EV group.

Parameters in the optimization model (non-italic and non-bold letters)
T Probability of scenario.

A Price of the market ($/MWh).
Q Capital cost of an EV battery ($/MWh).
C Capacity of an EV battery (3$).
mBat Life cycle percentage of an EV battery (%).
P Active power limitation (MW).
M Big-M number.
H Presence factor of an EV group (Number of EVs in the group).
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E Energy limitation, departure, or arrival energy of an EV group.
T Arrival, departure, AGC, propagation, activation, or ramp time.
& Charging or discharging Efficiency.

Variables and Functions in the optimization model (Italic and non-bold letters)

EAgg  Overall objective function of the aggregator ($).
gEco  Economic objective function ($).

FFRI Flexibility response evaluation function (MW.s).

X Set of all decision variables.

R Revenue ($).

C Cost ($).

FRI  Flexibility response index of a DERA (MW.s).

P Active power variable for energy, regulation, and real-time markets,
charging and discharging, and power capacity per EVs group (MW).

E Energy level (MWh).

5 Auxiliary binary variable.
Random variables in modeling FRI (Italic and bold letters)

A Probabilistic area of trapezium modeling response in Tagc (MW.S).
N Number of available DERs in a DERA.

PBid  Uncertain bid capacity share that can be offered by a DERA (MW).
T Long base of trapezium modeling response (s).
T2 Short base of trapezium modeling response (s).

H Activation time including propagation and transmission of
communication system as well as controller and structure systems (s).

Te Efficient time of full power share delivery for a DERA (5).

Tcs  Total delay of communication and service time for a DERA (s).
#P=  Delay of communication and service time for d-th DER of DERA (s).
Parameters in modeling FRI (non-italic and non-bold letters)

Tprop  Propagation time in communication system (s).

Tact  Activation time of controller system and DER structure (s).

TR Approximated ramp time considering controller time constant (s).
Tacc Duration of one AGC time interval (s).

V,p  Parameters of binomial and negative binomial distributions.

o Parameter of exponential distribution.

Uit, Zqit Performance coefficients for i-th DERA at time t. g = {1,2...,5}
Abbreviations

DER Distributed energy resource.

DERA Distributed energy resource agent.

PCE Public charging equipments.

RCE Residential charging equipments.

AR Aggregated response.

ESC Energy storage cluster equipped with PV.

HC Smart home cluster equipped with energy storage and PV.
AGC  Automatic generation control.
FRI Flexibility response index.

I.  INTRODUCTION

The increasing penetration of renewable energy,
characterized by inherent uncertainty and variability,
intensifies frequency fluctuation levels [1]. So, independent
system operators (ISOs) face more complex challenges in
enhancing power system flexibility which is defined as its
ability to adapt the operation of resources considering
uncertainty and variability through regulating generation and
demand [2]-[3]. The importance of procuring high-
performance frequency regulation capacity from eligible
resources to improve this flexibility has risen in modern
electricity markets. With a significant shift towards distributed
energy resources (DERS), including energy production and
storage, they are gaining attention for both energy generation
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and frequency regulation capacity provision. For example, the
Federal Energy Regulatory Commission enabled active
engagement of energy storage systems (ESSs) in frequency
regulation markets by new market strategies [4]. As the
performance of DERs’ response significantly influences the
overall power system stability, ISOs allow DERS’ participation
in regulation markets and remunerate their accepted bids and
delivered capacities based on performance metrics [5].
Meanwhile, the fast-response DERs are proportionally more
called to deploy the bided capacity based on their performance
[6]. The performance deficiencies stem from two critical
metrics of DERs’ i.e. response capability (Hereinafter called
Capability) and capacity. Capacity and capability represent the
maximum available megawatt-hours (MWh) of DER and the
time required to fully deliver this capacity, respectively [7].
This time incorporates activation and ramping times, both of
which are influenced by the structure and control types of
DERs and the efficiency of communication with DERs. Also,
these metrics are inevitably coupled with the uncertainties.

A. Research Motivation

Complexities caused by the possible deficiencies of DERS
along with the volatility of capacity requirements and prices of
the market decision-making strategies, have given rise to the
emergence of aggregators. They determine the optimal
capacity and offering time in the regulation market through
efficient business models, which leads to realizing an improved
economic profit for DERs and a sustainable competitive
position for the aggregator by leveraging the capacity and
capability of DERs’ scale to enhance these metrics [8]-[9]. So,
to preserve technical feasibility and economic optimality, the
aggregator must consider the uncertain technical limitations
hindering the enhancement of aggregated capacity and
capability of downstream DERs [10]. In a performance-blind
capacity-sharing scenario among DERs, the aggregator may
fail to deliver the aggregated capacity or to maximize monetary
compensation for energy delivered. In performance-based
markets, such as those for secondary frequency regulation
service, delivery performance is evaluated in consecutive 4- or
2-second time intervals, with scores assessed within a few
seconds (e.g., 4s-10s) [11]. While, reports from ISOs and
European TSOs like Danish DK2 highlight insufficient DER
responses, resulting in low-performance delivery and potential
disqualification of resources [12]-[15].

B. Research Background

Aiming toward considering DERs’ capacity as well as
uncertainties of this metric, several studies have investigated
optimal participation strategies of aggregators in the day-ahead
(DA) energy and secondary frequency regulation (Hereinafter
called regulation) markets [16]-[22]. The study presented in
[16] explores the simultaneous engagement of electric vehicle
(EV) aggregators in both the energy and regulation markets,
taking into account resource capacity while disregarding
uncertainty. Authors in [17] address the uncertainty of
available capacity for regulation, utilizing a stochastic
approach to formulate a scenario-based bidding strategy for the
EV aggregator, using auxiliary energy storage or real-time
energy purchases to offset capacity shortages. The uncertainty
of the capacity is factored into the EV aggregator bidding
strategy outlined in [18], which penalizes capacity shortages.
A regrouping scheme is developed in [19] to form virtual
capacities by aggregating EVs’ batteries, in which the

aggregator gains advantages from immediate contracts with
EVs to alleviate capacity volatilities. A multi-stage
deterministic participation modeling of EVs’ capacity in the
DA market mandates the modeling of power regulation in the
real-time market in the developed strategy in [20], suffering
from neglected complexities imposed by prediction
uncertainties of deployment rates. Authors in [21] defined the
regulation boundaries of the aggregator considering the
uncertain of availability rate of EVs and capacity limitation of
the connection point. Alternatively, the uncertainty of EVs’
capacity boundaries is eliminated by clustering EVs and
modeling a capacity loss function in [22]. None of these studies
considered the capability of DERs’ aggregated response (AR)
and the uncertainties dealing with that in the regulation market.

Some studies highlighted the substantial impact of response
capability affected by the structure, control, and
communication of DERs. The study in [23], aiming at fulfilling
ENTSO-E requirements for frequency containment reserve
(FCR), introduces a grouping method for electrolyzers and
electric arc furnaces considering structure response delays of
up to 5 and 3 seconds, respectively. The authors in [24]
revealed the failure of the capability to provide the FCR-D
service by aggregated EVs in the FinGrid market while
capturing five times higher revenue for FCR-N. The reason for
this discrepancy is the lower required capacity and longer
activation time of the FCR-N service. The utilization of an
extra real-time control layer along with the participation
strategies for smart homes in the DA regulation market in the
study [25] ensures the enhancement of tracking automatic
generation control (AGC) signals. The study in [26] explores
the influence of telecommunication infrastructure on
communication between aggregators and DERs. Using an
Internet-based framework with the OpenADR 2.0b protocol,
the study emphasizes the critical role of communication delay,
even for the ramping of rapid-response DERs like ESSs, in
delivering aFRR and mFRR services. Assessing the impact of
communication delay on the execution quality of AGC
commands through EVs in LTE communication infrastructure
in [27] reveals lower performance scores assigned by the PJIM
performance-based market. The transmission delays caused by
bandwidth limitations mainly deteriorate this quality,
escalating the AGC execution delay from 200 milliseconds to
about 10 seconds as the number of EVs increases. Highlighting
the importance of the communication factor, however, these
studies have not proposed amendments to address the critical
role of the communication and execution delays in the
aggregator’s strategy and to improve the performance of the
AR capability, and technical and economic indices.

Summing up, the abovementioned studies have not taken
into account the thorough impacts of three performance factors
including structure, control, and communication on capability
and capacity metrics in the strategic participation in the
regulation market. Additionally, a fourth factor namely
aggregation, has been completely overlooked. This factor
stems from the fact that the AR is not equal to the sum of the
heterogeneous responses of the individual DERs due to the
uncertain mutual impact of the first three factors, adding
additional complexity to assessing the sensitivity of the
performance metrics against these factors in forming the AR.
Beyond these, the heterogeneity of the two performance
metrics and the four performance factors affecting them causes



misinterpretation of them when they are individually evaluated
by the aggregator. Because individual comparison is not
insightful, accurate, and fair. To shed light on the reason behind
this, consider that the low-performance capacity of DERs is
caused by the unavailability, less availability, inaccessibility,
or less accessibility of DERs. Unavailability and less-
availability issues are caused by the insufficient number of
DERs. However, DERs are inaccessible or less accessible
when they are available, and it is either not possible or only
poorly possible to communicate with them due to
communication imperfections. Accessibility is an uncertain
parameter impacted by the uncertainty of both the availability
and communication time. On the other hand, the number of
available and accessible DERs affects the aggregated response
speed, as a higher number of DERs can enhance the aggregated
ramp rate, given that each has a certain ramp rate. So,
evaluating the performance of DERs is a complex challenge, in
which the two metrics and the affecting factors should be
integrally modeled and probabilistically evaluated. Deficiency
in modeling of DERs performance impairs improving AR
performance in practice.

The practical challenges of disregarding DERs’ performance
in existing optimization frameworks of bidding and capacity
allocation in the performance-based regulation markets can be
contemplated by their impact on three viewpoints of regulation
provision. These viewpoints include (i) Technical feasibility of
AR delivery, (ii) Economic profit-making, and (iii) Fairness of
capacity and revenue allocation among DERs. In detail,
optimal economic profit-making is not guaranteed in existing
methods because the performance of the delivered response, as
evaluated by the market, is not adequate compared to what the
aggregator ideally assumed during the bidding phase when the
optimal bidding capacity was shared among DERs. So, the
market assigns a lower score to the delivered response in the
delivery phase. Due to the disregarding DERs performance,
calling the high-performance DERs in the delivery phase is not
possible as no capacity has been allocated to them in the
bidding phase. This, furthermore, threatens the technical
feasibility of response as it is possible that the aggregator fails
to satisfy the minimum requirement for response delivery.
Also, in the case of providing an acceptable response, the
fairness of capacity allocation is not preserved. To address a
fair capacity allocation, the authors in [28] maximize EVs’
welfare by introducing a utility function based on the assigned
regulation power to each EV. Minimization of the necessary
state-of-charge (SOC) variation of each DER providing
regulation power is interpreted in [29] as a fair mechanism.
Despite the two last studies neglecting uncertainties of DERS
resources and market prices, contributed capacity is evaluated
as an index through a mechanism developed in [30] to share
capacity and revenue, suffering from uniformly regarding
uncertainties. Our recent study demonstrated that uniformly
treating different uncertainty levels of DERs while trying to
simultaneously optimize both their energy procurement costs
and the aggregated regulation capacity revenue, leads to unjust
capacity allocation in favor of high-uncertain DERs and
instigates negative unfair incentives for all DERs [31]. The
reason is that high-performance DERs, which offer low-
uncertain availability and fast response speed, despite
contributing more to realize a certain high-speed AR, are
rewarded with a similar capacity and remuneration compared

to low-performance ones. This means that high-performance
DERs are exploited in favor of low-performance ones when
attempting to increase AR performance. Whereas high-
uncertain DERs manage their resources in a way that
simultaneously decreases their augmented cost in the energy
market, which is caused by their higher resource uncertainty,
instead of adjusting their capacity in the regulation market. In
the worst case, high-performance DERs receive no capacity
and revenue.

C. Study Aims

Taking the aforementioned view, this paper introduces an
integrated probabilistic hybrid data-driven flexibility response
index (FRI) to evaluate the AR of DERs. A high index is
assigned to the DERs presenting higher mean and lower
standard deviation of a certain fast response. This index utilizes
data-driven methods to identify parameters that describe the
uncertainty of DERs and then employs exact analytical
calculations to derive the performance coefficient valuing FRI
of DERs. To this end, the FRI is probabilistically modeled
based on a novel closed-form multivariate dependent joint
probability density function (PDF). This PDF models the
uncertainty of dependent discrete and continuous variables
associated with the four factors affecting DERs’ performance
metrics. Then, this index is used to develop a new performance-
based capacity allocation framework and a stochastic bidding
strategy model. This model decides how the optimal and fair
capacity allocation among the DERSs is so that the aggregator
can bid to realize the most technically feasible and
economically optimal aggregated capacity in the regulation and
energy markets.

The proposed method is formulated within the multi-
objective mixed-integer linear programming (MILP) handled
by the Augmented e-constrained and Fuzzy decision-making
approaches. The function calculating FRI is simply added to
the bidding and capacity allocation model, and the preferred
FRI value is imposed by a constraint in the optimization of this
model. This shows evaluating DERs’ FRI does not increase the
complexity of the solution. The technical contributions made
by the paper to the literature are listed as follows:

¢ Modeling the interactive effects of heterogeneous factors i.e.
structure, control, communication, and aggregation impacting
the capability and capacity of DERs AR;

¢ Developing an integrated analytical closed-form probabilistic
FRI to evaluate the performance of the DERSs in the regulation
market considering all affecting uncertain technical and
behavioral factors;

e Developing a performance-based capacity allocation
framework integrated into a novel bidding strategy in the
energy and regulation markets.

The following advantages are foreseen for the proposed FRI
and capacity allocation framework considering the above
contributions, respectively:

e Constructive or detrimental mutual impacts of the four
factors on each other and their simultaneous impacts on the AR
performance are modeled, helping to fair and valid
comparisons of aggregated DERS;

e Probabilistic modeling of the response of DERs helps to
effectively and accurately evaluate the effects of uncertainty of
four factors on each other and, thus, on the AR performance.
Because the uncertainty of the factors in combination with each



other can weaken or strengthen the superiority of the individual
effect of these factors on the AR. Also, the analytical nature of
the provided FRI helps to time-efficiently and accurately
evaluate the AR performance, making that easy to integrate it
into probabilistic models in power systems.

e The technical feasibility of AR delivery and the economic
optimality of participation in the regulation market are
improved. These are achieved by low-uncertain high-speed
AR, attaining a better performance score. Additionally, due to
the performance-aware capacity allocation the fairness of
capacity allocation among DERs is enhanced, which, aside
from its social welfare benefits, stimulates performance-based
incentives for DERs to maintain high performance.
Furthermore, considering the predicted deployment rates,
integrating FRI with a multi-objective method equipped with a
Fuzzy decision-making approach helps the aggregator
efficiently manage the balance between enhancing DA
economic profit and achieving higher delivery-phase revenue
through guaranteed high-performance regulation service
provision.

The remainder of the paper is constituted as follows. The
four factors affecting the performance metrics of DERs and AR
of the aggregator are discussed, and the integrated probabilistic
FRI is developed in section Il. Section Il discusses the
development of the new capacity allocation and bidding
strategy framework based on the proposed FRI. The results of
implementing the developed framework are analyzed in section
IV. Finally, section V presents the conclusion of the paper.

Il. DEVELOPING INTEGRATED PROBABILISTIC FRI

To develop an integrated probabilistic FRI evaluating the
impact of the four technical factors of DERs on forming the AR
characterized by capability and capacity metrics, it is essential
to assess how these factors affect the AR of a group of DERSs,
like EV chargers, energy storage systems, and smart homes,
offering a capacity for command-enabled flexibility services.
In this paper, a group of DERs with similar types, technical
specifications, and geographical location are deemed as a
hypothetical group, namely DER agent (DERA). The
geographical location is intended in this grouping as the DERs
close together, like those in a neighborhood, have similar
communication specifications like delay and propagation
times. Also, the criteria of similar technical specifications like
rating capacity, power, inverter efficiency, and ramp rate help
to simply aggregate DERs. A DERA can represent a public EV
charging station, a cluster of residential EV chargers, smart
homes, ESSs, and so on. The aggregator could deal with the
individual DERs like residential EV chargers or with a group
of them like public EV charging stations in the developed
optimization model for bidding and capacity allocation as well
as for establishing contracts with them, like the conventional
frameworks. Whilst DERs are interpreted as DERAS just for
evaluation of FRI in the developed framework in this paper. So,
this framework does not need to change the usual contracts and
conventional procedures in the real world. This paper considers
the secondary frequency regulation service, which is enabled
by the AGC signal. However, the developed FRI can also be
employed to evaluate the performance of DERs offering other
command-enabled flexibility services.

A. Impact of Four Technical Factors on Forming AR of a
DERA

Four main technical factors impacting the AR performance
of a DERA are taken into account, which are as follows:
e Structure: Response speed characterized by the type of
DER’s internal structure like different chemical or physical
types and the associated properties;

e Control: Specified by the speed of the DER’s control system
responding to an order for a change of output power setpoint,
depending on the converter type and control method;

e Communication: Represents the speed of communicating
with DERs considering inevitable delays in this procedure;

e Aggregation: This models the total and interactive impacts of
the three abovementioned factors, considering mutual
uncertainties, when an aggregated response from a group of
DERs, referred to as a DERA, provides AR.

Basically, in the moment of calling an AGC-based service,
the aggregator must allocate the requested power to DERs
based on the capacities settled one day before and send the
regulation commands to them. In this process, to scrutinize the
relationship between these factors and DERA’s AR, which is
the response considering all DERSs, the individual and mutual
certain and uncertain impacts are going to be assessed. Figures
1-(a) and 1-(b) illustrate the approximated response of a DERA
neglecting and considering the communication factor,
respectively. | stands for the activation time of the last DER
including delays associated with structure, controller, and
communication. Also, T is the time constant of the individual
DER’s response. The lower probabilities have lighter line
colors in this figure. Considering the uncertainty of available
DERSs’ resources, the aggregated capability and capacity of
DERA are uncertain. In a perfect communication environment,
all DERs can instantly react to the AGC power share, resulting
in a certain amount of u that is insusceptible to the number of
available DERs as shown in Fig. 1-(a). So, considering this
figure, in such an environment, the impacts are as follows:

e Larger activation times of individual DERs’s structure and
control system increases W, weakening AR capability.

e Higher communication time with an individual DER of a
DERA imposes higher aggregated delay, p, declining AR
capability.

e The higher number of DERs results in a higher aggregated
ramp rate for the DERA. This enhances its contribution to a
faster ramp rate of aggregator’s AR across all DERAs,
improving AR capability. This indicates the mutual impact of
the aggregation and control factors.

¢ A higher number of available DERs in a DERA improves the
contribution of that DERA in amending AR capacity. This
shows a certain individual impact of the aggregation factor.

¢ A higher number of available DERs in a DERA augment p
by imposing higher required communication with all
corresponding DERSs, reducing its contribution to a fast
aggregated activation time and better AR capability. This
denotes a certain mutual impact of the aggregation and
communication factors.

e Higher number of available DERs in a DERA decay
aggregated activation time associated with structure and
control system, worsening AR capability by increasing .
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Fig. 1. Impact of the four technical factors affecting AR of a DERA (a) neglecting and (b)
considering communication and service delays.

Some factors also have uncertain impacts on each other and
on the AR performance. For instance, the additional challenge
when dealing with the aggregated communication delay is its
dependency on the number of DERs which is uncertain itself.
In an imperfect real-world communication environment,
communicating with all DERs requires higher communication
operations during service requests and signaling processes
[27]. These processes, besides the number of DERS, as recently
mentioned in the case of a perfect communication environment
in Fig. 1-(a), are subjected to the protocols used to
communicate with DERs [32]. For instance, in the case of
communicating with EVs, the protocols OSCP, OCPP,
OpenADR2.0b, IEC63110, and IEC61850 demand different
communication burdens for overhead data and computations
[33]-[34]. As discussed, these processes correspond with the
inherent uncertainty of delay in the communication systems
even in the case of communicating with an individual DER. So,
considering this individual uncertainty and uncertainty of the
number of DERs that must be communicated with, the
aggregated delay time in the process of communication with all
DERs is uncertain, as depicted in Fig. 1-(b). Therefore,
respecting these dependent and heterogeneous uncertainties,
the aggregated activation time of all DERs of a DERA, |, is
uncertain, making modeling of that complex. This showcases
the impact of the aggregation on AR capability. The uncertain
individual delay time is modeled by the communication factor.
However, total delay time, considering the mutual impacts of
uncertainties associated with individual communication delay
and the number of available DERs is accounted for by the
aggregation factor. A similar assessment is valid for uncertain
mutual impacts of control and aggregation factors. The ramp
rate of a DER is fixed, while the interaction of that with the
uncertain number of DERs realizes an uncertain aggregated
ramp rate. This reveals the mutual impact of control and
aggregation factors on AR capability. Generally, aggregation
factor helps to model the AR of a DERA, which cannot be
exactly performed by simple summation of individual DERs’
responses due to the heterogeneous uncertainties imposed by
the other heterogeneous factors. Consequently, in an imperfect
communication environment, the higher number of DERSs,
along with a high likelihood, does not necessarily result in an
improved AR featuring the higher ramp rate and available
capacity captured in Fig. 1-(a). Nevertheless, a large number of
DERs, accompanied by a high probability of availability, may
enhance AR if a fast individual DER ramp compensating for
higher communication delay is provided. This, additionally,
underscores the importance of concurrently incorporating ramp
rate, number of DERs, communication delays, and activation
time in a probabilistic model of AR performance.

PDF /\ p Bt

B. DERAs’ AR Impact on Capacity and Revenue Allocations

The AR of DERAS can be deemed critical in both the bidding
and delivery phases in the regulation market. This should be

investigated from three viewpoints including technical

feasibility, economic profit-making, and fairness of capacity

allocation. These three viewpoints are presented as follows:

e Technical feasibility: The aggregator’s AR must meet the
response quality and quantity mandated by the power system
operator and ensure high-quality AGC signal tracking;

e Economic profit-making: The aggregator’s profit in bidding
and delivery phases should be optimized by considering
DERAs’ AR while the revenue of DERAs should be
proportionally maximized considering their performances.
This could be achieved by deciding which DERAs facilitate
meeting the minimum capacity requirement of the regulation
market and enhance the performance score in bidding and
delivery phases, respectively;

e Fairness: The capacity and revenue allocated to DERs should
regard the performance superiority of them over each other,
reflecting positive incentives.

To elucidate the impacts of DERA’s AR considering these
three viewpoints, consider Fig. 2 in which three typical
examples of certain capacity allocation among 3 DERAs with
various activation times and response speed, using common
approaches in the literature, are demonstrated. First, for the
sake of simplicity, it is assumed that the available capacities of
DERAs are equal and certain, and the aggregator decides to
fully offer the available regulation capacities. So, the bided
capacity is uniformly shared among DERAs. Fig. 2-(a) shows
the results for a case of one AGC time interval, tacc. DERA2
contributes more to a faster response, which is constructive to
meet the minimum ramp requirement and to increase the
regulation score in the bidding and delivery phases,
respectively. Nevertheless, the role of DERAL is deteriorative
in both phases due to its weak response in terms of activation
and ramp times. But, both DERAs are uniformly remunerated,
threatening the fairness of revenue allocation in the both
phases.

In other case studies shown in Fig. 2-(b) and 2-(c), the
aggregator decides not to bid all the available capacity. As a
worst case, there is a possibility of failing to meet the response
speed requirement and subsequent disqualification due to the
weak AR capability caused, primarily, by DERA1 and
somehow by DERA3. The performance-blind and
performance-based capacity shares are shown in figures 2-(b)
and 2-(c), respectively. Meanwhile, in the case of performance-
based bidding, the aggregator would have bid the same
capacity with higher performance by allocating it almost to
DERAZ2 and partially to DERAS3, while cutting the share of
DERAL1, as illustrated in Fig. 2-(c). This enhances technical
feasibility, economic revenue, and fairness of allocation in both
phases. Considering the comparison of both aggregated
performance-blind and performance-based responses (Yellow
dashed and solid black curves in the bottom figure of 2-(b)),
the technical feasibility is improved due to higher response
speed. Consequently, higher mileage revenue is also
guaranteed because of faster ramping up. Finally, according to
Fig. 2-(c), high-performance DERAs, DERAL and DERA2, are
proportionally allocated with higher capacity.

Uncertainties of DERASs’ capacity and capability in this
analysis further reduce the performance of AR. For instance, in
Fig. 2-(b), assume that the uncertainty of the available number
of DERs in the DERAL is high, making the uncertainty of



PSP A, high. Considering a certain ramp rate for each individual

DER in this DERA, the aggregated ramp rate of DERAL, which
is the sum of the ramp rates of all these individual DERs, is
highly uncertain compared to the high-performance DERAZ2.
So, the regulation capacity allocated to DERAL increases the
likelihood of a lower ramp rate of the aggregator’s AR
considering all 3 DERAs. This exacerbates the likelihood of
capacity shortage as the aggregator response may not satisfy
the bided capacity in the delivery phase. Regarding the bidding
phase, the AR uncertainty has to be mitigated by the low-
uncertain capacity of the other DERAs, which raises more
fairness-preserving and technical issues [31]. Also, low-
uncertain DERAs, here are DERA2 and DERAS3, have to
compensate for the capacity shortage in the delivery phase.
This is an unfair decision as DERA2 and DERAS3 are exploited
in favor of DERAL. Also, this may deteriorate the profit-
making of these DERAs in the energy market when their
unallocated capacity is exploited for this compensation. If they
lack unallocated capacity, the capacity shortage of DERAL
causes lower aggregated scores and energy delivery revenue.
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Eft., < Full energy capacity of i-th DERA in
one AGC time interval

Epera : Provided energy capacity of i-th
DERA in one AGC time interval

Fig. 2. llustration of (a) typical full aggregated and (b) partial aggregated capacity

allocation, and (c) performance-based aggregated capacity allocation among DERAs.

C. Developing FRI
To model the integrated probabilistic FRI, the general

interactions between an aggregator and its DERAS depicted in

Fig. 3 are considered. The aggregator analyzes the AR

performance of the DERAs before the devising DA bidding

strategy and capacity allocation frameworks. Contemplating

the three viewpoints and four technical factors, a high FRI is

assigned to a DERA based on the following preferences P1-P5.

P1) High collaborated capacity;

P2) Low delay of communication and control systems;

P3) High individual and aggregated ramps impacted by the
structure and control system of DERs;

P4) Low uncertainty of communication and service delays;

P5) Low uncertainty of the number of available DERSs in the
DERA,; this leads to a better aggregation factor improving
three first preferences P1-P3.

Considering assessments of sections IILA and II.B the
framework should care for the uncertainties dictated by P4 and
P5. The reasons include (i) evaluating the adverse economic
impact of high-uncertain DERAs on the exploitation of low-
uncertain DERAs, (ii) diminishing interactive impact of the
resource uncertainty with the uncertainties of communication,

PSESN : 'I\DAEXR"Anum available capacity of i-th

P24 . Aggregator bidded capacity

activation, and ramp times on the AR uncertainty, and (iii)
alleviating likelihood of lower delivery phase revenue and
technical infeasibility of aggregator’s AR delivery.

(System operator)  (Market operator)
Awarded Bids submitted to DA energy
cﬁg’e% bids l and regulation markets
Aggregator)

( Bidding and capacity allocation mechanisms)

FRIy, FRIy, ..., FRI,
Bid Evaluating FRIs

shares Profbabilistic u
erformance
e - JL A
E—

® E}
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i DER; . DER ||}
DER;2]_ i [

@r) Communication base station — Accepted bid shares

mmm--m AGC power share data packets for —> Technical, statistical and performance data
all DERsineach DERA - > AGC orders
Fig. 3. Aggregator interactions with DERAs to evaluate their AR.

AR response index of a DERA, when the assigned capacity
share by the aggregator is fully delivered by the last DER in one
AGC time interval is shown in Fig. 4. Trying toward realizing
all the preferences P1-P5 in modeling FRI, the greater the area
A with lower uncertainty, the greater FRI realization and higher
performance of the DERA. So, the FRI of the DERA is
developed based on the probabilistic area A below the curve. As
discussed, the parameters of deliverable bid power share and
activation and ramp time rate are uncertain, which are named
with pBid and p in this figure, respectively. The random
variables are shown in bold italic letters in this paper. So,
considering the known constant Tasc, area A constituted by
these parameters is subsequently uncertain and can be defined
by a random variable A. By approximating area A using a
trapezium specified with the dashed red line, the FRI is defined
by Eqg. (1) as the mean of A subtracted by its standard deviation.

FRI = E[A]-o[A] D
PDERA
PBid --------- - ___________i
//i E A |
- L8] 1 -
M=y o T; g C)
e
le T >

AGC '
Fig. 4. The AR of a DERA when the full offered capacity is delivered.
1) Quantitative example

Before finding the analytic function evaluating exact FRI,
aiming at quantitatively presenting the relationship between 4
factors and FRI, considering preferences P1-P5, 13 numerical
examples are asessed in this section. The details of the different
technical characteristics of three tested DERAs’ and the
corresponding obtained FRIs are presented in Table I. Each
example tries to assess some priorities of P1-P5 mentioned
below the example number. The values listed in this table were
calculated using the Mont-Carlo method, in which S = 2x10°
scenarios are simulated based on the process presented in
Algorithm 1. In this process, activation and communication
signal propagation times, Tact and Tprp, are assumed to be
negligible compared to communication and ramping times, Tcs



and Tgr. The linear approximation of ramp time for a DER is
calculated based on reaching the response to 95% of its final
value. The full delivery of regulation service, meaning that the
last DER in a DERA completely provides the bid share, is
modeled in this assessment. So, p represents the response

starting time of the last DER, which is realized by the
communication time with that after communicating with all the
previous ones. This table, also, presents the relationship
between the number of available DERs, their individual
communication time and ramp rate, and the total required
communication time and aggregated ramp rate of the DERA.

Algorithm 1. Monte-Carlo pseudocode for finding FRI of i-th DERA
Input: Distribution parameters for available number of DERs(pi,vi) and for
communication and service delay (a); AGC time interval duration (Tacc) and
ramping time-constant ( 7 ); bid share per DER ( P,"*)
N; < Find S random integer number following the distribution with parameters
v
For w<—p I1 toIS
Wi < Find n;, random communication and service delay following the
exponential distribution with parameter . , in which n;,, € N.
Tcs < Sum of all random delay numbers which are vector elements of [ j 4
Tr < Approximate
Tio— Tace — Tes
TZ,w - Tl,w - TR
Pfid —n i’wl:,iCap
Aw — O-S(Tl,m + TZIU)P/HBid
FRI = E[A]l— o [A] < Compute FRI using mean and standard deviation of A

In the first base example, Ex. 0, the DERAS have identic
technical parameters. In examples 1 to 5, the mean and standard
deviation of the number of available DERs, N, are assumed to
be equal. Examples 1 and 2 denote higher values of T and «
resulting in lower aggregated ramp rate and higher total
communication time, respectively. This causes high FRI which
proportionally increases for high-performance DERAs. In line
with the preference P1 preserving fairness of FRI for high-
collaborating DERA, Ex. 3 specifies higher FRI for DERA2.
Learning from Ex. 1, in case of different 7 values for DERAS,
capacity allocation of DERAs must regard these values, as
reported in Ex. 4, to maintain the total FRI value of 2.17 MW.s
obtained in Ex. 3. This highlights preferences P1 and P3
together. The higher number of DERs in a DERA, provided
that each of which offers the same 1kW capacity reported in
Ex. 0, could increase FRI by enhancing aggregated ramp rate,
as showcased in Ex. 5. However, higher uncertainty of DER
numbers leads to the deteriorated FRI values caused by the
higher standard deviations of total communication time and
aggregated ramp rates, as evidenced in Ex. 6. Ex. 7 shows that
though higher number of DERs could increase DERA3’s ramp
rate, it does not necessarily improve the FRI, as the
communication time is considerably augmented due to the
necessity of communicating with large numbers of DERs. This
dictates the joint modeling of N and T1. A similar attenuating
effect is captured for weakening the FRI by slow 7 of DERs in
large-populated DERA, DERAS3, but not much as serious as
recorded for the higher a in Ex. 7. The effect of increased
uncertainty of N from 22 to 28 on exacerbating the negative
impact of weak @ and 7 are tested in examples 9 and 10,
respectively. Despite equal mean values of communication
time and ramp rate, the standard deviation of them is escalated
in examples 9 and 10 compared to examples 2 and 1,
respectively. This intensifies the likelihood of higher total
communication time and lower aggregated ramp rate of
DERAS, requiring joint modeling of probabilities of N, T4, and

Tr. Also, these examples reveal how the aggregation factor
mentioned as preference P5 reforms the modeling of
aggregated provision compared to the individual provision.
Because higher uncertainties instigate a higher likelihood of
low performances without changing the mean value of
performance which is solely tested in examples 1 and 2.
However, none of the mean and standard deviations of FRI is
employed by conventional capacity allocation models. Finally,
examples 11 and 12 model the typical performance-blind and
performance-based capacity allocations, considering all
preferences and the impact of all technical factors, respectively.
Consequently, the total FRI of 1.9649 MW.s in Ex. 11 is
enhanced to 2.0768 MW.s in Ex. 12. This is achieved by
exploiting the high-performance DERAs more than low-
performance ones.

Considering these tests, finding accurate but simple
constraints to model all these intricacies in modeling FRI is not
possible. Because the mutual impacts of the four factors on
each other and on the performance of AR may be detrimental
or constructive, and they may compensate or exacerbate each
other. These influences were especially captured in the
examples 9 and 10 compared to examples 1 and 2. So, the FRI
function should analytically examine how much their
deteriorative or constructive effect is compared to each other
on the AR.

TABLE I. Quantitative relationships between technical factors themselves and FRI

con;gﬁ{tlson Mean Std. © a PC® Mean and Std. Mean  Std. Simulated
Ex. DERA N N (ms) (ms) (kw) |- A9Y-ramprate A A FRI

# # (ms; MW/s) (MW.s) (MW.s)  (MW.s)
0 1 228 22 60 2 1 456,53; 1.41,0.14  0.7893 0.0660 0.7233
2 228 22 60 2 1 456,53, 1.41,0.14 0.7893 0.0660 0.7233
3 228 22 60 2 1 456,53, 1.41,0.14 0.7893 0.0660 0.7233
1 1 228 22 80 2 1 456,53; 1.05,0.10  0.7832 0.0655 0.7177
3 2 228 22 40 2 1 456,53;2.11,0.20 0.7955 0.0666 0.7288
3 228 22 60 2 1 456,53, 1.41,0.14 0.7893 0.0660 0.7233
2 1 228 22 60 5 1 1141,133;1.41,0.14 0.6316 0.0397 0.5919
2 2 228 22 60 2 1 456,53, 1.41,0.14 0.7893 0.0661 0.7232
3 228 22 60 3 1 684,80; 1.41,0.14 0.7367 0.0566 0.6801
3 1 228 22 60 2 0.7 456,53;0.99,0.09 0.5524 0.0462 0.5062
1 2 228 22 60 2 1.2 456,53;1.69,0.16 0.9471 0.0793 0.8678
3 228 22 60 2 1.1 456,53;1.55,0.15 0.8681 0.0727 0.7954
4 1 228 22 40 2 1.2 456,53;2.53,0.24 0.9545 0.0801 0.8744
13 2 228 22 80 2 0.7 456,53;0.74,0.07 0.5482 0.0459 0.5023
' 3 228 22 60 2 1.1 456,53;1.55,0.15 0.8682 0.0727 0.7955
5 1 228 22 60 2 1 456,53; 1.41,0.14  0.7839 0.0660 0.7233
1,2, 2 260 22 60 2 1 520,54;1.61,0.14 0.8827 0.0636 0.8192
3 3 240 22 60 2 1 480,54;1.48,0.14 0.8243 0.0651 0.7592
6 1 228 28 60 2 1 456,64;1.41,0.17 0.7887 0.0841 0.7045
35 2 260 28 60 2 1 520,64; 1.60,0.17 0.8822 0.0807 0.8015
' 3 240 28 60 2 1 480,64; 1.48,0.17 0.8238 0.0829 0.7409
7 1 228 22 60 3 1 684,80; 1.41,0.14  0.7366 0.0567  0.6798
1.2, 2 228 22 60 2 1 456,53; 1.41,0.14  0.7891 0.0663 0.7228
3,5 3 280 22 60 5 1 1400,137;1.73,0.14 0.7029 0.0341 0.6687
8 1 228 22 60 2 1 456,53; 1.41,0.14  0.7893 0.0663  0.7230
1.2, 2 228 22 40 2 1 456,53, 2.11,0.20 0.7954 0.0669 0.7284
3,5 3 280 22 80 2 1 560,55;1.30,0.10 0.9320 0.0616 0.8704
9 1 228 28 60 5 1 1141,160; 1.41,0.17 0.6300 0.0487 0.5813
2,4, 2 228 28 60 2 1 456,63; 1.41,0.17 0.7888 0.0842 0.7045
5 3 228 28 60 3 1 684,95; 1.41,0.17 0.7358 0.0717 0.6640
10 1 228 28 80 2 1 456,64, 1.10,0.13  0.7825 0.0833  0.6691
3,4, 2 228 28 40 2 1 456,64; 2.11,0.26  0.7948 0.0849  0.7099
5 3 228 28 60 2 1 456,64, 1.41,0.17 0.7887 0.0841 0.7045
11 1 228 30 80 5 1 1141,168;1.10,0.14 0.6233 0.0501 0.5724
15 2 228 22 40 2 1 456,53;2.11,020 0.7954 0.0670 0.7284
3 228 28 60 3 1 684,95;1.41,0.17 0.7358 0.0718 0.6641
12 1 228 30 80 5 0.2 1141,168;0.21,0.03 0.1247 0.0102 0.1145
15 2 228 22 40 2 1.6 456,53;3.40,0.32 1.2729 0.1071 1.1654
3 228 28 60 3 1.2 684,95;1.69,021 0.8830 0.0861 0.7969

2) Analytic FRI

To relieve drawbacks of the Mont-Carlo method in finding
FRI like inexactness, time-consuming, and impracticality to
integrate into the optimization model of bidding and capacity
allocation, the analytic expression calculating FRI performance
coefficients is presented in this section. These coefficients are
required to be engaged in the bidding and capacity allocation
model for the calculation of DERAS’ FRI.



Finding FRI involves Data-driven analysis and Analytic
calculation of the FRI performance coefficients, as shown in
Fig. 5. In the first step, data of the available number of DERs
and data of time required for communication with an individual
DER and for service by this DER are used to calculate
corresponding PDFs. To estimate these PDFs, the method
employs data-driven approaches like maximum likelihood
estimation (MLE). Then, the parameters defining these PDFs
are extracted. These parameters include time-dependent p and
v for PDF of the available number of DERs and o for
communication and service time PDF. The number of available
DERs is estimated by binomial or negative binomial PDF
respecting the relationship of mean and standard deviation of
Ni: Afterward, these parameters are employed to analytically
calculate the performance coefficients of FRI, besides the other
certain parameters of control system and AGC time interval.
The analytic calculation aiming at finding FRI performance
coefficients is presented in the following. Note that using the
detailed procedure in Fig. 5 is not fully required, and the
aggregator just needs to find the performance coefficients by
substituting the v, p, and a in equations (9), (21)-(22), (24)-(26)
or (9), (27) (31) based on the type of distribution of Ni.

Obtain Communication and Obtain
service time recorded data for | structure and
sending order to DERs of | control system

Obtam DERs availability|
data in DERA; for each
time intervals

2 DERAj parameters

% L E: i PDF of

c N | stimate T

s Estimate PDFs of Nit| individual communication '

g I and service dela Tac

3 L, |Approximate]

g ifi2- PR individual
Extraction of distribution Extraction of mean| ramp time

parameters p and v for each parameter o for

time interval for DERA| DERs of DERAj T

Y {piavi) (pi2vid--PiTViDH Joi ¢ N
Use Eq. (17) to calcuTIitSietjoint PDF of Nj ¢ and E%
{(Pi,lvVi,LOli)v(Pi‘2,Vi‘Z,ai)x---v(ypi‘TvVi‘Tvai)}¢ *
Calculating performance coefficients Z1 i, Z2,it Z3,it, Z4iu Zs,it and
Ui using equation sets {(9),(21),(22), (24)-(26)} or {(9).(27)-(31)}
1 based on type of distribution function of N;
Fig. 5. Illustrative flowchart for generating FRI and performance coefficients for a DERA.
Focusing on one DERA and considering the uncertain number
of available DERs, N, the probabilistic area A can be calculated
by Eqg. (2) using random variables T1and T.. Equations (3)-(5)
declaring random variables to form Eq. (2), represent the
preferences P1-P3 for increasing area A, respectively. Also,
preferences P4 and P5 are going to be preserved by probabilistic
modeling of the preferences P1-P3 using dependent random
variables P B4, T, and T. The activation time, u, described in

Eqg. (4) includes the time required for propagation of AGC
signal to the base station (BS) covering all DERs of a DERA in
a certain geographical area of the grid (See Fig. 3),
communicating and serving this signal between all DERs and
aggregator, and activation of the deliverable power by the last
DER, which are modeled by Tprop, Tcs, and Tac, respectively.
Also, Trdenotes the linear approximation of ramp time for an
individual DER, whose combined effect with the uncertain
height of trapezium, P B, represents the uncertain ramp rate of
the AR. Propagation and activation times are considerably less
than the ramp time, Tg, and communication and service time,
Tcs. Also, the propagation times for all DERAs are almost
equal. So, the uncertainty of these parameters is seen as
negligible, and their uncertainty is neglected.
A=05PBd(T, +T,) 2
p Bid _ = NPpCap (3)
Ti=Tac— 4 4

TAGC

Analytic calculation of
FRI performance
coefficients

T, =T, —Tg (5)

M= TProp +TCS + TACI (6)

Deriving from equations (2)-(6), the random variable A can

be calculated using equations (7)-(9). In these equations, Tgis

the efficient time of full power share delivery, which is reduced

compared to the time duration of ideal response, Tacc. Also, a

constant delay parameter, namely u, models the ideal response

time deducted by times required for signal propagation,

activation, and ramp. According to Eq. (7), the higher number

of DERs, efficient delivery time, and capacity assigned to

DERs, result in a better performance for the DERA. P “® can be
either regulation up or down capacity share for each DER.

A=NTegpCa (7)
Te =(U —Tcs) (8)
U=Tacc — Tprop — Tac —0.5Tr 9)

Considering the susceptibility of the time required to
communicate with all DERs to the number of DERS, the random
variable A in Eq. (7) is constituted of the dependent random
variables. This necessitates determining how Tcs depends on
the number of DERs, N. N is a discrete random variable and can
be modeled by a negative binomial or binomial PDF, based on
the relation of its mean and standard deviation. Here, we assume
a higher standard deviation than the mean, and the similar
derivation for the opposite case will be similarly derived. So, N
follows a negative binomial PDF with parametersvand p
denoting the number of successes and probability of success in
one trial, respectively.

N ~ fN(n;v,p):(”+nv'1)pv(1—9)” (10)

If we have N DERs, the delay that the last DER in the service
queue for a DERA, N-th one, receives the command and
responds to the bid power share is the sum of communication
and service times for all the DERs before and including itself.

Tes = BRER +BRER +...+ PR = SN goer (11)

Assume communication and service time delay for each of
DERs in a DERA are independent and identically distributed
random variables, each of which follows the exponential
distribution with the parameter a [35] as in Eg. (12). Knowing
that the sum of random variables, whose number is also a
random variable, follows a gamma distribution, the distribution
of Tcsfor N DERS can be described with Eq. (13).
¢[?ER ~ f¢dDER (t,(l) e o
n

(Tes|N) = Frgn (t]; 0, o) =e 0t tr(n)
But this represents a conditional distribution describing the
random variable Tcs providing that N DERs should be served.
So, the closed form for joint PDF of random variables Tcsand
N using Bayes theorem of Eq. (14), is derived as in Eg. (15).

(12)
(13)

fres,n (t s av,p) = Frogn (I n, o) v (s v,p) (14)
n 1 n
chs N (t n; av,p) =g tr(n) (n +r¥-1)pv(1_p)n (15)

By taking the marginal distribution of the joint PDF, the PDF
of communication and service time of all DERSs, fr n, IS
calculated in equations (16) and (17). In Eq. (17), a form of
generalized hypergeometric function, ,7,, with parameters a
and b equal to 1, results in the confluent hypergeometric
function, 7.

chs(t 0.) . atzoo th-1g n(n+nv 1) v(l_p)n

n=0 r‘(n) (16)



fr. (o) =ap¥v(I—p)e ™ 1 F1(v+ 12 a(l—p)t) (17)
Using equations (8) and (17) the efficient time duration of full
power share delivery can be derived as Eq. (18).

fr. (o) = ap¥v(1—p)e @V 7y (v+1;2;a(1—p)(u-t))  (18)

Having the joint PDF and marginal PDFs of Tcsand N, the
integrated probabilistic FRI can be calculated by Eq. (1). Using
equations (7)-(9) accompanied by the derived joint PDF,
fres,n, the mean and standard deviation can be calculated

according to equations (19) and (20).
E[Al=PC® (uEIN]-E[NT]) (19)
1

olAl=(Ela2]-(&[Al)’)?

1
= pCap (U2E[N2]+1E[(NTCS)2]—ZUE[NZTCS]—(E[A])Z)Z (20)
In these equations E[N™] and E[N™T¥] for various m and
ware individual and cross moments of concerned random
variables, respectively. The individual moments of N can be
calculated using equations (21) and (22).
BIn1=Y1=P) 1)

E[N2]= (22)

Considering that the random variables N and Tcs are not
independent, the derived joint PDF is employed to calculate the
cross moments based on the Law of the unconscious statistician

36]in Eq. (23
[ L':T qg. (J')twe atz mtn 1,0 (n+v-1) V(]_— )ndt 23
cs n=0 F(n) n P " ( )

By solving Eq. (23) for different required m and w, the closed
form of the cross moments is derived as equations (24)-(26).

P
v(1-p?)
2

EINTes = ap™v(1 ) 2F1(v+1,2151=p) (24)
EIN?Tes]=atpv(i—p) sF2 2v+1L2LL1-p)  (25)
E[(NTes)?] =2 a2pv(1-p) s F2(2v+13LL1-p)  (26)

In the opposite case of N with a lower standard deviation than
the mean, which realizes binomial distribution, the closed-form
individual and cross moments are as follows.

E[N]zvp (27)
E[N 2]=vp(2—p) (28)
E[NTes] = atpv(l—p)"" 2 F1 (1 -v.2:Lp(p— 1)71) (29)

EIN2Tes]=apv(1—p)V! 37, (2,1—v, 2;1,1;p(p—1)_1) (30)

E[(NTes)2] =2 a2pv(1—p)¥! 3F> (2,1—v,3;l,1;p(p—1)71) (31)
Replacing derived individual and cross moments in the
equations (1), (19), and (20), the closed-form FRI can be
calculated for each DERA. This derivation is made upon the
regulation up service depicted in Fig. 4 and can be similarly
performed for regulation down service. Since the number of
DERs, the subsequent parameters of PDF (i.e. vand p), and
different parameters of uncertain delay vary considering
various DERASs and time intervals, the FRI is evaluated for
each DERA for each time interval. To ease of developing
equations based on the derived moments, E[N2], E[(NTcs)?2]
E[N2Tcs], E[N], E[NTcs]. as well as the constant delay
parameter are hereinafter modeled as the performance
coefficients Z1it, Z2,it, Z3,it, Zait, Zs,it, and uit for i-th DERA at
time t, respectively. So, substituting these values in (1), (19),
and (20) gives the FRI of Eq. (32) for i-th DERA at time t.

c
FR|it:Pitap(UitZ4it—25it )

(U|t(zl|t Z4|1)+22|t Z5|1_2U|I(Z3|t Z4|125|t))) (32)

The FRI Eq. (32) considers the uncertain N as a general
inclusive case, and the full performance coefficients were used.
For a special case, in which the number of DERs is fixed like a
home cluster, N is certain, and the following equations hold.

EIN]=N (33)
E[NTes] = NE[Tes] (34)
E[(NTes) 2] = N2E[T&] (35)

The right-hand side of equations (33)-(35) are simplified forms
of Zyit, Zait, andzs;y, denoted by zsi¢, zii¢, andzg;y,

respectively. Substituting these values in (1) and (7)-(9) results
in the FRI value expressed in Eq. (36).

FRI;j =RYP UutZ4|t—an—(Zz|t (Zé,i,t)z)) (36)

Eg. (36) models the FRI for DERAs with a fixed number of
DERs and is a special form of the general FRI equation in (32).

I11. PERFORMANCE-BASED BIDDING STRATEGY AND CAPACITY
ALLOCATION FRAMEWORK

The aggregator managing multiple DERAs tries to optimize
stochastic bidding strategy in energy and regulation markets.
Keeping the generality of developed FRI for evaluating all
types of DERSs, this paper focuses on aggregating EVs being
charged by public charging equipments (PCEs) or residential
charging equipments (RCEs), while also intending to provide
the regulation service.

A. Multi-objective Optimization Model

To leverage the aim of the aggregator, the stochastic multi-
objective optimization model including economic and FRI
parts is employed, as declared in Eg. (37). This enables the
aggregator to adjust the allocated capacity to DERASs based on
the evaluation of their probabilistic performance, following
both economic, FE*, and aggregated FRI, F™®!, objectives. The
optimization variables are shown in regular italic letters in this
paper, while the parameters are in regular letters. The economic
objective function models the revenues in the regulation market
and costs associated with energy and real-time markets as well
as the degradation cost of EVs’ storage. This function takes into
account the uncertainties of energy and capacity prices, and
uncertainties coupled with EVs including, the number of
available EVs in the DERAs, arrival and departure times, and
arrival and final requested SOC.

Eco _ RGM EM Deg RTM
Max FAgg . FEe© _Ziel,mes (Rl 0) C C C ) (37)
' FRI _ .

F _Ziel teT FRIi

PEMS PRGU PRGD §AEM,DERA

X

— Ch Dch EMB
X _{Pl,rc,t,w 1 Pl L AROR] Rt

EM,Agg RGU,min RGD min
2l Ot o

Subject to (38)-(70)

CiEC[\)/I:Z AEM (PFMB P‘EMS) Viel;Voe$S (38)

ch Deh 39
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Equations (38)-(40) model the costs of the DA energy
market, degradation cost of EVs storage, and real-time market,
respectively. The revenue of offered capacity in the regulation
market considering up and down services is modeled by Eq.
(41). Equations (42) and (43) impose the limitation of either
buying or selling energy by the aggregator. Similar constraints
are made for each DERA in equations (44) and (45). Equations
(46) and (47) model the power provision considering DA
energy and real-time markets for satisfying the charging and
discharging power requirement of EVs in each DERA. Eq. (48)
limits the charging or discharging power to the rating power of
the bidirectional charging equipment. To alleviate the
complexity of the optimization model being capable of
managing a large number of EVs, a presence factor, namely
Hi xtw, is developed in this paper. This factor presents the
number of EVs with identical arrival and departure times in a
group with index x in i-th DERA at the time t in scenario w,
without necessarily identical SOC data. For unavailability time
intervals of the group, this factor is zero. Utilizing this factor,
the maximum and minimum energy for each identical group of
EVs are cared for with equations (49) and (50), respectively.
The energy stored in each identical group is calculated using
equations (51) and (52). The final required energy at departure
time is enforced by Eqg. (53).

Regarding regulation up and down, the available capacities
are modeled by equation sets (54)-(55) and (56)-(57),
respectively. In these equations u[.] stands for the Heaviside

step function, the result of which indicates the availability
status of a certain identical EVs group in the DERA.
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The minimum regulation capacity requirement obliged by
the market is placed for up and down directions using an
auxiliary binary variable in equations (58) and (59),
respectively. The activation of regulation in each direction
requires the satisfied coupled constraints of equations (60) and
(61). Finally, the total power limitations associated with the

aggregator considering regulation up and down are modeled in
equations (62) and (63), respectively. As the developed model
does not consider the grid details, the uncertainty of these
limitations is not included in the model. Limitations and
associated uncertainties at the grid assets level, which the HV
and MV system operators are responsible for to facilitate the
procurement of ancillary services, cannot be considered as the
factors affecting the performance of the aggregated DERs. So,
the developed FRI evaluation method and capacity allocation
framework could be used in more developed bidding models
considering the uncertain limitations of the grid assets level.
Devising these models is aimed by the authors in future studies.

The allocated capacity for each DERA should also be
evaluated by implementing the developed FRI using equation
set (64)-(69) in terms of the individual performance of that
DERA, to determine the extent to which this capacity
allocation can improve the aggregated performance and

preserve fairness aspect. Given the RFCY and RRCP | the

stochastic power capacities RF°® and RF®“® per DER
within i-th DERA in time interval t, which was defined in Eq.
(2), are calculated for regulation up and down according to
equations (66) and (67) considering the stochastic number of
available DERs, respectively. Eventually, regarding each
DERA, the performance coefficients are used to quantify

FRIRCY and FRICP by equations (68) and (69) for regulation
up and down, respectively. The certain performance
coefficient, uit, is modeled by Eq. (70).
F FRI =Zie| teT FRIi't !

FRI; = FRIZ®V + FRIRCP,

vteT (64)
Viel;VteT (65)

pRGU.Cap =3 on RSV Viel;vteT (66)
= © , ;
1t weS ZKEK lectw
PRGD .
RREDCa _ 3 < To S S— Viel;vteT (67)
. we ZK‘EK lect(u

Z1it —Zf,i,t)+ 22t
, Viel;VteT (68)

RGD,Ca
FRIFCO=RE (U241 ~25.1—(u?,

2t —23;, )+ 2200

N — Nl —

—Zsz,i,t—Zui,t (23,i,t_z4,i,t25,i,t)) , Viel;VteT (69)
Uit = Tace — Teropis — TActj —0.5Tr; Viel;VteT (70)

While the ISO/TSO and corresponding performance-based
market, in which the developed method is implemented, is not
limited to a specific structure, the aggregator should employ the
AGC time interval parameter, Tagc, associated with that market.
Mileage scoring methods of ISOs are designed in such a way
that the more accurate the AGC signal following, the higher the
score will be assigned to that DER, increasing mileage revenue.
To align with this firm logic in all performance-based markets,
the developed framework tries to exploit the potential high-
performance response of the aggregated DERs.

B. Multi-objective Augmented e-constraint Approach

To tackle the multi-objective function in Eq. (37), the
augmented g-constraint method [37] is used as formulated by
the constituted model as follows. This method discovers the
solution space to find all Pareto-solutions.
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To characterize the Pareto-front, the objective function of this
method expressed in Eq. (71) is iteratively implemented for

J times, in which 7 is the predefined number of solutions.

Furthermore, F™ and F ™' are the minimum and maximum
of performance evaluation objective function and are specified
by individually maximizing FE® and F™! respectively.
Besides, s§P°,re*, and y are an auxiliary positive variable,

the difference between Ff* and F® , and a predefined
parameter laying in [10°,10%], respectively.

It is worth mentioning that formulating the problem as a
multi-objective optimization using the g-constraint method does
not add much complexity to the solution method and just uses a
constrained single-objective economic optimization problem.
So, the aggregator can enforce its preference comparing
economic and FRI objectives using a preferred j to make a
constraint on FRI satisfying the chosen value during the single-
objective economic optimization, ensuring Pareto-optimality of
the solution.

C. Fuzzy Decision-making Approach

Aiming at a structured decision-making, after obtaining the
Pareto-front, Fuzzy decision-making approach presented in
equations (74) and (75) is used. This approach, considering
membership degrees assigned for each solution of the Pareto-
front by Eq. (74), determines the preferred optimal solution

associated with highest 6/ of Eq. (75). The preference vector,

4Y, indicates the aggregator’s preference considering economic
and performance objective functions. This, furthermore, allows
the aggregator to more adaptively apply its predictions of
deployment rates in the framework. If the probability of
deployment rate is high the FRI objective should be prioritized
by increasing the preference value of FRI, g™ while
decreasing the preference value of DA economic revenue, /3 E°.
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IV.CASE STUDIES AND RESULTS DISCUSSION

To validate the efficiency, scalability, and generality of the
developed framework, it is implemented on three aggregators
of different types and scales as three different studied systems.
These aggregators are named (i) Base aggregator, (ii) Large-
scale aggregator, and (iii) Multi-type aggregator.

A. Implementation on the Base Aggregator System

The Base aggregator system manages 5 DERAs including 3
PCEs and 2 RCEs, each serving several EVs. The uncertain DA
energy and capacity prices and real-time energy prices data
were extracted from the ERCOT market, averages of which are

shown in Fig. 6 [38]. Each PCE or RCE encompasses similar
charging equipments with a common geographical location in
a public entity or residential neighborhood, respectively. The
hourly mean and distribution of available EVs, data of which
were extracted from the National Household Travel Survey, for
each DERA in 24 hours are illustrated in figures 7 and 8,
respectively [39]. The procedures of creating scenarios for the
optimization model and calculation of FRI performance
coefficients, using full data set of EVs and market prices, and
reducing to 10 scenarios by Fast forward selection method [40]
are presented in subsection 1VV.A.1. The PCEs and RCEs are
connected to the grid which imposes power limitations of
4AMW and 1.5MW in the point of common coupling (PCC) with
the grid for PCEs and RCEs, respectively. Additionally, the
distribution of the initial and required departure SOCs is shown
in Fig. 9 estimated by truncated Beta PDFs. The DERAs
possess different technical characteristics of storage, charging,
and communication equipment as listed in Table 11 [41]-[42].
The average delay for the communication and service time is
reported to be below 50ms [42]. So, considering the
advancements in communication technology, we selected more
optimistic individual delay times in the range of a few
milliseconds, higher than which more solidly proves the
necessity of taking that into account in the aggregator model.
As the propagation and controller activation times are
negligible [43] for all PCEs and RCEs, they are disregarded in
the FRI calculations.
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Fig. 6. Daily mean prices of capacity in the DA energy and regulation (Left) and RT energy
markets (Right).
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Table I1. Specifications of charging equipment and EVs storage in PCEs and RCEs

Parameter PCE1 PCE2 PCE3 RCE1 RCE2
Charger Equipment
Time constant of response t (ms) 40 60 80 40 60
Communication and service delay 2 5 g 2 5

parameter (10°%Y) (ms)

Charger rating power (kW) 7.2 (Level 2)
EVs storage
Capacity (kWh) 50
Capital cost ($/MWh) 300
Life per cycle (mB®) (%) -0.003
Maximum and minimum allowable SOC 0.9,0.1
Charging/discharging efficiency 0.95

1) Scenario preparing procedures

Due to the different accuracies required, two compatible
overlapped procedures are employed to generate scenarios for
the calculation of FRI and the optimization model of bidding
and capacity allocation. These procedures are illustrated in Fig.
10. To obtain FRI scenarios, the full raw data of individual EVs
of DERAs including PCEs and RCEs are used to form ¥ raw
scenarios, O; s, in Which &={1,2,..., ¥}. Rows with the same
number considering all time intervals and all PCEs and RCEs
belong to a certain scenario &' i.e. O; g=¢+. All EVS are sampled
into these scenarios, and in each scenario, the existing EVs
labeled with their unique tags contain corresponding features.
To from this, raw data are explored to define which EVs are
available in a time interval. These tags are required to connect
the scenarios generated for the FRI calculation and
optimization model. Then, using the arrival and departure
features of all EVs in each sample (Each row), the distribution
of the number of available EVs in each DERA in each time
interval is defined. This data is needed for FRI generation as
continued in Fig. 5. So, considering all samples or rows of O; 4,
the availability uncertainty of individual EVs is reflected in the
uncertainty of the available number of EVs in DERAs.

To generate scenarios for the optimization model of bidding
and capacity allocation, the raw scenarios O, for PCEs and
RCEs are used again. Using data of the same EVs identified by
their unique tags in O, «,; for the scenario generation procedure
of the optimization model ensures compatibility of generated
scenarios with the scenarios generated for FRI calculation. In
this procedure, besides the number of available EVs, other
features, like arrival and departure energy levels, are also
employed. Then, considering the hourly number of available
EVs and aggregated arrival and departure energy levels, the
scenarios of each PCE or RCE are reduced using Fast forward
selection method, while preserving original row indices of
O:e,~ This method tries to find the best representative scenarios
resulting in minimized Kantorovich distance. Finally, the
reduced scenarios, wr, present selected row indices of O; . So,
individual EVs’ data are retrieved using their tags in the
selected rows. Therefore, since individual EVs’ data can be
recognized with their tags, the individual uncertainties of the
available number and arrival and departure energy levels are
reflected in the final reduced scenarios. Due to the including
different EVs presenting various features, different
uncertainties are captured from the aggregated point of view.
Finally, reduced scenarios containing individual EVs’ data are
sent to the optimization model as required in Fig. 11.

To assess the efficiency of this method to reduce and find
the appropriate number of representative scenarios used in the
optimization model, a two-phase iterative process based on a
rolling window is utilized. In the first phase, the raw scenarios

are reduced to a candidate number of scenarios, plus two
additional ones further than that. In the second phase
optimization model with the objective function of FEC - FFRI
is solved, and the sensitivity analysis of objective value versus
number of scenarios is conducted considering three sets of
scenarios. The rolling window, in which the candidate number
is increased in each step, examines if this number is adequate.
Variation of the objective value damps off after 9 scenarios,
denoting adequacy of 10 numbers to represent the case studies
in the developed model. However, employing a larger number
of scenarios could slightly change the results at the expense of
marginally increasing the computational burden, which can be
decided by the aggregator if a rational trade-off is valid. Our
assessments revealed that due to the linear and solid multi-
objective model, the computational burden does not increase
much and could be handled by the usual hardware
specifications even if a larger number of scenarios are intended.

To obtain raw data of the available number of DERs, the
aggregator can use the same data needed for the optimization
problem of conventional energy management and bidding
optimization, the ways for acquiring or predicting which are
already available and used by the aggregators. Also, the data for
the communication system can be obtained using the response
performance monitoring infrastructure. The systems operator
mandates installing this infrastructure by the aggregators or
DERs. For instance, some system operators like PJM, ERCOT,
and National Grid of Great Britain introduced more stringent
rules in this regard for scoring, qualification, and
disqualification for providing ancillary services. DER
aggregators willing to provide ancillary services must monitor
their performance considering frequency and power
measurements [44]. Regarding hardware requirements, some
devices like distribution phasor measurement unit (PMU), p-
PMU, frequency disturbance recorder, and mobile DPMU,
which are approved by the North American Electric Reliability
Corporation. Also, certain parameters like the time constant of
the controller can be obtained from the DER specifications.
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Fig. 10. Scenario preparing procedures for FRI calculation and optimization model.
2) Case studies and implementation settings

To convey the efficiency of the proposed model, two case
studies, namely Casel and Case2, are conducted as follows.




Casel : Aggregator bidding strategy and capacity allocation
framework without considering the AR performance of DERs;

Case2: Aggregator bidding strategy and capacity allocation
framework evaluating the AR performance of DERs by FRI.

To find the optimal values of F E°© and F R, the multi-
objective optimization procedure depicted in Fig. 11 is
employed. First, scenarios data for PCEs and RCEs as well as
performance coefficients for them are fed to the multi-objective
model. To perform Casel, the FRI calculating equations (64)-
(70) are not considered for optimizing FRI, and just the
economic objective function of Eq. (37) is maximized.
However, constraints (64)-(70) are still considered to calculate
the minimum or worst FRI which is needed to form the Pareto
solutions using the g-constraint method. Then, the maximum or
best total FRI required to constitute the Pareto solution is
obtained by solving FRI optimization model. This model
ignores optimizing economic objective function of Eq. (37) and
just uses that for calculating the minimum economic revenue to
be used in forming the Pareto curve. Having maximum and

minimum FRIs,F™ and E™ | the solution difference is
divided into Jsections and the -constraint method explained in
section I11.B is implemented to find all Pareto optimal solutions.

Finally, using the preference vector g of objective functions,

the optimal value is selected.
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3) Results discussion of Base aggregator

According to the selected preference vector in the Base
aggregator, solutions for FE® and F™! are obtained as shown in
TABLE Ill. The FRI is noticeably improved compared to its
minimum value at the expense of a negligible reduction of DA
profit. However, according to the Pareto-front curve depicted in
Fig. 12, the aggregator could select other solutions presenting
high FRIs while preserving the maximum profit. Furthermore,
the assessment of the results in the continue shows the
maximum DA economic revenue does not ensure maximum
energy delivery or mileage revenue, decreasing total achievable
revenue considering both DA bidding and delivery phases.
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Fig. 12. Pareto-front curve of the solution space.

TABLE Ill. Individual and multi-objective results of Augmented e-constraint

Comparison point Maximum Minimum Selected solution
F Eco 289.1 -191.5 276.3
F Rl 300.7 245.5 289.7
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for FE<and F™Rand corresponding decision variables set, x, using Fuzzy decision-
| making approach of equations (74)-(75).

e

Fig. 11. Illustration of the solution method for Casel and Case2.

All of the optimization problems in the assessed case studies
are based on MILP models and were solved by the linear
optimization tool of the Gurobi optimizer v11.0.0 in Python
framework. The optimality gap was set to zero, resulting in
global optimal solutions. The e-constraint method ensures
sweeping the solution space to find all Pareto solutions
conformed to solution intervals specified by the predefined
resolution. To constitute the Pareto solutions, the predefined
resolution of solutions, 7, is selected to be 10, which yields in
the Pareto-front curve illustrated in Fig. 12. Also, for economic

and FRI, the preference vector elements for Fuzzy decision-
making are specified to 0.7 and 0.3, respectively.

The capacity bidding and allocation strategy of the aggregator
in the regulation and energy markets for Casel are illustrated in
Fig. 13. The aggregator allocates almost bidding capacity in the
regulation market to PCE3 offering a high mean of EV's number
and resultant available capacity as can be seen in Fig. 7. Also,
the lower required charging energy of PCE2, which can be
investigated by figures 9 and 13, pushes the aggregator to put
more share of bided capacity to that in compare with the PCEL.
A similar comparison can be made to RCEs, denoting a high-
capacity share of RCEZ2, though that does not surpass RCE1’s
share.

6
= "RCE2
g ] =RCE1| 4
23 PCE3| ¢
52 = WPCE2 |
21 | anilt |7 - WPCEL| 7y
2, LUNN l-; HiEcs - %
135779

11 13 1517 19 21 23 135 7 9 111315171921 23
Time Time

Fig. 13. Casel : (Left) Power provision shares in the DA energy market (Solid bars) and RT
market (Dashed bars); (Right) Capacity shares in the regulation market.

The drawbacks of aggregator bidding and capacity allocation
strategy in Casel are revealed from economic profit, allocation
fairness, and technical feasibility points of view if the
performance of the PCEs and RCEs are assessed. According to
Fig. 8, the available EVs number uncertainty of PCE3 is higher
than the other PCEs and is lower for PCE1 compared to PCE2.
Regarding RCEs, the RCE1 represents lower uncertainty.
PCE3’s energy need is substantially met in early time intervals
8-11. This renders a lower energy cost for PCE3, benefiting
from lower prices in the energy and RT markets. So, the high
uncertain capacity of PCE3 in the energy market should be
tolerated and alleviated by the capacity of low-uncertain high-
performance ones, i.e. all the other PCEs and RCEs, in the
performance-blind approach of Casel. This, besides realizing a
lower energy cost for PCE3, enables that to afford higher
regulation-up capacity in the time intervals ahead, thereby
obtaining higher regulation capacity revenue. This issue, as can
be seen in Fig. 13, was experienced for PCE3. So, better PCEs
and RCEs, are exploited in favor of PCE3 by the aggregator. In
addition to this unfair approach, disregarding appropriate
modeling of capacity uncertainty leads to technical and



economic deficiencies. TABLE |1 relates the lowest technical
characteristics for PCE3 in terms of ramp time and
communication and service delay. Although it is fair to be in
line with preference P1 mentioned in section 11.C, which
mandates allocating higher capacity share to PCE3, the lower
technical performance accompanied by the higher uncertainty
of this PCE weakens the aggregator’s AR. To investigate the
combined impacts of the uncertainty of the available number of
EVs and performance of aggregated communication time
derived in Eq. (15), consider the joint and marginal PDFs of Tcs
and N for PCE1 and PCE3 in the sample time interval 10, shown
in Fig. 14. Comparing fr., n renders that the higher capacity,

which is afforded by the higher available number of EVs of
PCE3 in comparison with PCE1, provokes the longer Tcs
required by all DERs of this PCE to respond. Moreover, the
higher uncertainty of N exacerbates the likelihood of longer Tcs
and even passing the 4-second order time interval of AGC,
Tacc, for PCE3. While PCEL could have responded in a very
reasonable time if the aggregator devised performance-based
capacity allocation. Similar arguments on the affecting the
aggregator’s AR performance are also valid for other PCEs and
RCEs, highlighting the importance of the response performance
evaluation for PCEs and RCEs. Fig. 15 shows hourly FRIs
calculated by Eqg. (64) in Casel. This figure exhibits the
declining values as the available regulation capacity increases
in the midday time intervals due to the higher number of EVs.
The first rationale is the low share of regulation capacities
allocated to high-performance PCEs and RCEs despite their
better performance coefficients. Second, DERAS representing
weak performance coefficients are rewarded with a high share
of regulation capacity. For instance, the allocated capacity for
PCEL1 in time interval 12 is zero which is caused by ignoring its
capacity to be potentially offered in both the regulation up and

down directions and replacing that with the PCE3 instead.
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Fig. 14. Joint and marginal PDFs of Tcsand N of PCE1 (Left) and PCE3 (Right) in the
sample time interval.
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Fig. 15. Hourly FRI of PCEs and RCEs in the regulation market for Casel.
TABLE IV. Total daily capacity and revenue allocation and FRI for PCEs and RCEs

Comparison Casel Case2

point PCE1 PCE2 PCE3 RCE1 RCE2 PCE1 PCE2 PCE3 RCE1 RCE2

Reg. up (MW) .72 9.70 23.39 15.78 10.48 11.64 10.95 17.22 16.45 9.81

Reg. down (MW) 243 391 11.29 11.24 824 6.61 6.49 4.70 12.19 7.76

Total Reg. (MW) 9.15 13.6134.68 27.02 18.72 18.25 17.44 21.92 28.64 17.57

Reg. revenue (3)116.3154.7370.0 276.8 203.9 186.4 180.8 278.0 289.0 194.6

Net revenue (§) 1.2 48.0 122.8 226.4 168.6 69.1 70.6 21.6 236.8 156.0

FRI'(MW.s) 30.8 35.7 20.6 97.2 612 614 453 22.34 103.1 57.5

The numerical results of capacity and revenue allocation and
FRIs for both case studies are listed in TABLE IV. The
performance characteristics and associated uncertainties with
PCEs and RCEs reported by TABLE Il and Fig. 8 denote that
PCEZ1 has the highest performance with lower uncertainty, and

PCE2 is better than PCE3. Also, RCE1 outperforms RCEZ2.
Based on TABLE 1V, owing to incorporating the FRIs into the
aggregator framework, the allocated capacities to the high-
performance PCEs and RCEs are amplified for both regulation
up and down directions. The daily total regulation up and down
capacity shares, capacity revenue, and net revenue are
proportionally optimized to account for the relative
performance superiority of PCEs and RCEs considering the
energy and regulation markets. Note that it is not the case that
the aggregated revenue is distributed among the DERAs, but
the individual revenue of the DERAs is calculated based on the
capacities allocated to them and the price of the regulation
service. Therefore, the more a DERA provides better
performance of AR, the more profit it gets due to being
rewarded with more capacity. The captured change is high for
PCEs providing a higher mean of the aggregated capacity and
better technical performance. This conformed to the preferences
P1-P4 evaluating the probabilistic performance of DERAS by
including the mean of DERAs’ AR in FRI. Also, due to the
modeling standard deviation of AR performance in FRI to
conform to the preference P5, the increment for PCE1, which
represents lower uncertainty compared to PCE2, is high. For
instance, PCE3 provides the highest total up and down
regulation capacity of 34.68 MW with FRI of 20.6 MW.s in
Casel, while the corresponding values for PCE1 are 9.15 MW
and 30.8 MW.s. This indicates that PCE3, despite being
rewarded with higher capacity, cannot provide good FRI
compared to PCE1 offering lower capacity and high FRI. To
amend this issue, PCE1 is rewarded with more capacity in
Case2, enabling that to increase the individual and overall FRI.
Also, the capacity share for PCE3 decreased in Case2, while its
FRI increased. Because this PCE cannot provide higher
capacities with high FRI and acceptably performs in providing
lower capacities. Consequently, due to a higher capacity share
of PCEL, its revenue increased, while the revenue of PCE3
decreased because of the lower allocated capacity to that. So,
besides the increment of higher capacity provided by PCEL,
despite decreasing PCE3’s capacity, the sum of FRIs for these
two is increased. Therefore, considering this amendment for
other PCEs and RCEs, the total FRI of the AR listed in TABLE
V is improved. Note that the aggregator has no energy arbitrage
as it imposes a higher degradation cost and limitation of energy
buy decision. So, the battery degradation cost for just satisfying
the charging need of EVs is equal in both cases and was not
considered in the economic results comparison.

The mentioned improvements imply that leveraging the
evaluation of DERAs performance within the aggregator
framework prevents the adverse impact of the high-uncertain
low-performance capacity of DERAs on the capacity and
revenue allocation in the regulation and energy markets, as well
as on the technical performance of regulation capacity delivery
in the regulation market. The results of capacity allocation in the
regulation and energy markets in Case2 are depicted in Fig. 16.
In this case study, the technically deteriorative and unfair
approach of Casel is ameliorated, and the high-performance
DERA:s are rewarded with high capacity, as can be seen in time
intervals 7-15, using developed capacity allocation framework.
The higher capacity share is specified for two high-performance
DERAs, PCE1 and PCE2, instead of PCE3. Also, due to the
performance superiority regarding technical and uncertainty
attributes of PCE1, it obtained more capacity share increment
compared to PCE2. This results in the enhancement of FRI



listed in TABLE IV. The FRI of all PCEs and RCE1 are
boosted, leading to a better aggregated FRI. The DERAs’ FRIs
in Case2 and the aggregated FRI comparison for both cases are
demonstrated in figures 17 and 18, respectively. Fig. 17 shows
a more rational FRI-driven capacity allocation. Since, the better
the performance of a DERA, the more potential FRI is released
for enhancing the aggregated FRI, despite Fig. 15 for Casel.
This comparison points out more improvement in the
availability hours of PCEs in midday, stemming from the higher
number of EVs in all PCEs and RCEs, greater possibility of
capacity allocation manipulation, and better potential of
exploiting the performance impact on the response. In other
time intervals, also, employing the high-performance capacity
of RCE1 instead of RCE2 elevates aggregated FRI as is
recorded in hours 2, 6, 20-23, when the capacity price of

regulation down is higher.
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Fig. 16. Case2: (Left) Power provision shares in DA energy market (Solid bars) and RT
market (Dashed bars); (Right) Capacity shares in regulation market.
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Fig. 17. Hourly FRI of PCEs and RCEs in the regulation market for Case2.
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Fig. 18. Hourly aggregated FRI in the regulation market for Casel and Case2.

The technical and economic comparisons of both cases at the
aggregated level are outlined in TABLE V. This enhanced
aggregated FRI brings technical and economic advantages for
the aggregator. The aggregated capacity and revenue in the
regulation market are almost kept equal in Case2 compared to
Casel. Nevertheless, the performance of the contributed
aggregated capacity to the power system, represented by FRI, is
augmented by 20%. Since the aggregated regulation capacity is
provided by high-performance DERAS, and these DERAs offer
a better FRI in providing a certain amount of capacity, the
aggregated FRI, which is the sum of the individual FRIs, is also
enhanced. This improved contribution is obtained by
manipulation of the SOC level and the hourly capacity of EVs,
aiming at providing high-performance aggregated capacity.
This imposes a negligible 12.9% reduction in the net revenue in
both the energy and regulation markets. Nonetheless, assuming
any deployment rate, and even the lowest estimation in the
delivery phase, the subsequent mileage revenue can robustly
compensate much more than this reduction and compellingly
justify the applied manipulation in the DA capacity allocation.

To assess the justification of applied capacity allocation
regarding mileage revenue in the deployment phase, a 10-
minute snapshot of the following AGC regulation signal at the
sample time interval was simulated for the investigated
aggregator in MATLAB® R2023b/Simulink with 10ms resolution
considering communication and service, activation, and ramp
times. This simulation employed the technical parameters of

FRI (MW
w o ©

TABEL Il to emulate first-order control systems for each
charging equipment receiving the delay-included AGC signals
in an uncertain communication environment. The results of this
simulation depicted in Fig. 19, show the AR of the aggregator
in Casel is not able to follow the requested power by the AGC.
Because the higher capacity allocated to the low-performance
DERAs attenuates the AR. To quantify the performance of the
AR in the performance-based markets, we applied the PJM
regulation scoring framework. This framework evaluates three
performance aspects of response including accuracy, delay, and
precision, details of which can be found in [45]. Despite the
studies in the literature trying to approximately model the
mileage revenue by the explicit equations, we used the exact
method to calculate three performance aspects using the official
tool established by the PJIM ISO [46]. As listed in TABLE V,
these calculations result in the performance score enhancement
from 0.890 in Casel to 0.979 in Case2. These scores are out of
1 and show an 8.9% improvement in Case2 compared to Casel.
The mileage revenues for just a 10-minute window of time
interval 10 for both cases indicate a 7.32$ improvement,
meaning a 10% revenue increment, the extending of which to a
whole day considering even much higher mileage energy prices
and greater AGC powers in the other time intervals can
significantly increase the overall revenue of the aggregator. So,
including the mileage revenue can strongly justify and surpass
the reduction of net revenue of the DA market. This creates
enhanced total revenue encompassing DA capacity and energy
revenue in the regulation market. All the scoring frameworks in
the performance-based markets are designed in a way that the
more accurate the AGC signal following, the higher score will
be assigned to that DER. To align with this firm logic, which is
consistent in all performance-based markets, the developed
framework in the paper tries to exploit the maximum possible
response performance of the aggregated DERs. Note that
regardless of the market-specific score calculation method, the
score assigned in any market is the highest possible one using
the developed method. So, the developed performance-based
capacity allocation framework secures the maximum possible
mileage revenue without the need for explicit modeling of the
mileage scoring. This framework outperforms the methods in
the literature, which require the explicit market-specific mileage
scoring model. Thus, the developed model can be employed in
any regulated performance-based market structure.
TABLE V. Technical and economic results in aggregated level

Comparison point Casel Case?

Aggregated regulation capacity bid (MW) 103.18 103.8
Aggregated regulation capacity revenue ($) 1121.7 1128.8
Net DA aggregated revenue in the markets ($) 567.0 554.1
Aggregated FRT (MW.s) 2455 289.64

Sample 10-min deployment mileage revenue (%) 73.42 80.74
Sample regulation score 0.890 0.979
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Fig. 19. Performance comparison of aggregated responses tracking AGC signal in Casel
and Case2 for 10 min in the sample time interval in Base aggregator.

The enhanced AR obtained in Case2 is also superior from
the technical feasibility point of view. The magnified plot in
Fig. 19 shows the AR in Casel delayed more than 2 AGC time

Power (MW)




intervals causing more than 10 seconds of delay in some time
intervals. This cultivates the likelihood of response inadequacy
and consequent disqualification in the regulation market.
Considering Fig. 14 the low-speed response of higher capacity
allocated to PCE3 imposed this deficiency. While the delay is
diminished in Case2 owing to the developed performance-
based capacity allocation framework.

B. Implementation on a Large-scale Aggregator

To validate the efficiency and scalability of the framework
in case of more DERAs with a large number of DERs, an
aggregator managing 7 PCEs and 4 RCEs is studied in this
subsection. The hourly mean and standard deviation of the
number of available EVs in these PCEs and RCEs as well as
the associated technical specifications are listed in TABLE VI.
Some similarities and differences of this data are intentionally
chosen to investigate the efficacy of preferences P1-P5 to
improve technical, economic, and fairness viewpoints,
considering four factors. The successful implementation of the
developed for a large number of DERs showed feasibility of
the framework for large-scale studies. The numerical results of
capacity and revenue allocations and achieved FRIs for Casel
and Case2 are reported in TABLE VII. For a straightforward
investigation, the following perceptions are focused.

e PCE1 receives higher regulation capacity and revenue
compared to PCE2 due to providing more EVs with lower
standard deviation and better T and a, resulting in increased
total FRI of these PCEs from 72.92 MW.s in Casel to 99.46
MW.s in Case2. (P1-P5)

¢ Although PCE3 provides higher regulation capacity due to
the higher NEV, it presents higher t and delay, persuading the
aggregator to decrease this PCEs’ capacity and revenue shares
in Case2 to enhance total FRIs of PCEs to 210.20 MW.s in this
case compared to 287.9 MW.s in Casel. This means that higher
collaborated capacity does not necessarily add to FRI if the
technical specifications do not support it. (P1-P3)

e PCE4 presents better technical specifications compared to
PCE2. Also, PCE4 provides a higher N BV with a lower standard
deviation. Capacity and revenue shares of PCE4 increased a lot
in Case2 (P1), while they rose slightly for PCE2 which is
required to compensate adverse effect of PCE3 as noted before.
This signifies higher capacity realized by higher NEV with
lower standard deviation has a more constructive effect in
improving FRI while delay is low (P1 and P2). However, very
high NEV, as experienced in PCE3, deteriorates this effect.

e The combined constructive effect of NEY with T may surpass
the combined deteriorative effect of that with delay in case of
facing lower NEV. RCE2 and RCE4 have the same t, while the
mean delay parameter and NV are high for RCE4. However,
RCEA4 has been able to provide better FRI in Case2, resulting
in increased capacity and revenue for that compared to RCE2.
Because the delay time rise imposed by higher NV is slight and
could be compensated by a higher ramp rate facilitated by
combined impacts of higher N8V and equal 1. (P1-P3)

¢ PCES5 and PCEG6 have the same technical specifications and
almost close mean for NEV. However, the standard deviation of
NEV in PCES5 is high, increasing the likelihood of higher delays.
Thus, while exploiting both for compensating the worse effect
of low-performance PCEs in Case2, the capacity and revenue
rises for PCEG are higher than those for PCES5. (P2 and P5)

e PCE3 and PCE7 present the same delay parameters, while
NEY and 7 are higher for PCE3. So, the aggregation effect of the

higher ramp rate of EVs and lower N BV of PCE7 could prevail
over the effect of the lower ramp rate of EVs and higher N EV
in PCE3 on improving total FRI. Note that the total delay is
also less for communicating with all EVs of PCE3. These show
the aggregation factor regarding t and delay. Accordingly, the
total FRI for both PCEs is elevated. The FRI increment for
PCE3 is realized while lower regulation capacity is allocated to
that in Case2 compared to Casel. Because negative FRIs were
cut down as can be seen in Fig. 23. (P3, P2, and P5)

TABLE VI. Mean and standard deviation of available number of EVs in PCEs and RCEs
as well as the technical specifications for large case study

Hour PCE1 PCE2 PCE3 PCE4 PCE5 PCE6 PCE7 RCEl1 RCE2 RCE3 RCE4
1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 151;1 124,77 1366 1335
2 0,0 0,0 0,0 0,0 0,0 0,0 0,0 I50;1 124;7 1356 1335
3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 150;2 124;7 1356 1335
4 0,0 0,0 1,1 0,0 11 11 1,1 150,2 1237 1356 1325
5 5.3 5,2 10,3 53 8,3 8,3 74 1462 120,7 1326 1305
6 205 17,4 3977 185 296 30,7 257 1374 113;7 1247 1227
7 66,10 56,10 133;16 62,9 96,12 101,14 84,12 1116 94,8 102;8 100;7
8 146,16 130;22 300,30 139;16 218,22 225,20 188,22 83,6 73,8 78,9 76,8

9 196;19 174;28 400;39 186;18 292;26 300;25 249,26 64,6 58,8 62,9 59,8

10 222,20 198,31 465,50 210,20 337,31 347,29 286,29 50,6 46,8 49,9 47,8

11 238,25 211,33 484,47 225,22 355,32 364,29 301,29 42,6 41,8 438 418

12 228,22 205,32 463,43 217,20 339;30 349;26 290,29 40,6 38,7 40,8 39,8

13 220;21 199;31 453;42 210;21 332,29 341,26 284,29 41,6 37,7 40,8 38,8

14 209;20 187,30 426,41 198,22 312,27 323,25 267,29 43,6 39,7 42,8 40,8

15 169;17 151;25 356;39 160;19 259;26 267;22 219;26 51,6 458 49;8 47,8

16 126,16 112,19 264,32 119;17 191,21 198;21 162,21 64,6 57,8 61,8 59;8

17 76,10 70,14 177;36 73;14 124,21 128,21 104,18 80,6 68,7 758 73;8

18 46,8 42,9 99,15 4510 71,10 73,12 60,11 97,6 81,8 898 87,8

19 30,6 27,6 62,10 29,8 44,9 47,8 39,8 112;6 94,8 102;8 101,8

20 20,6 185 47;14 20,6 32,8 3511 27,8 1265 105;7 115;7 112;7

21 135 124 25,7 135 185 20;7 165 138;4 114;7 1256 122;7

1453 120;7 129;6

22 5,2 6,3 28,18 63 147 179 126 131,6

23 2,2 2,1 5,4 2,2 4.3 4.3 2,2 150;2 124,77 1356 1335

24 0,0 0,0 0;0 0;0 0,0 0,0 0;0
Technical specifications

152;1 1257 1376 1345

T (ms) 40 60 80 40 60 60 60 40 60 40 60

¢ 2 5 8 2 5 5 8 2 5 4 8

TABLE VII. Total daily capacity and revenue allocation and FRI for PCEs and RCEs

Comparison Reg.up Reg.down Total Reg. Reg. Net revenue FRI
point (MW) (MW) (MW) _ revenue ($) $) (MW.s)
PCEL 7.38 4.04 1141 134.29 13.04 38.26

PCE2 9.46 2.47 11.93 142.17 4412 34.66

PCE3___ 23.39 7.1 31.10 362.16 123.49 21.58

PCE4 1.01 0.58 1.58 20.95 -13.73 16.89

PCE5 9.59 3.34 12.93 160.76 35.69 36.99

Casel _PCE6 8.04 3.92 11.96 146.74 23.25 37.71
PCE7 4.08 191 6.00 80.56 -7.38 24.13

RCE1 __ 16.40 12.27 28.66 285.77 235.20 101.85

RCE2___ 12.65 9.68 22.33 223.61 186.84 70.42

RCE3 4.87 3.94 8.81 89.83 72.35 65.68

RCE4 6.20 4.73 10.93 110.39 89.29 66.28

PCEL __ 12.37 6.40 18.77 202.50 78.40 63.08

PCE2 9.66 2.87 12.53 146.07 48.34 36.38

PCE3 857 3.81 12.38 194.07 -42.65 22.49

PCE4 2.66 1.54 4.20 44.60 7.48 43.56

PCE5 10.96 2.86 13.82 168.45 44.03 39.67

Case2 _PCE6 1174 413 15.87 183.79 57.39 48.31
PCE7 6.98 2.43 9.41 112.11 212 34.41

RCEL _ 16.45 12.42 28.87 286.93 235.04 102.59

RCE2 ___11.84 9.61 21.45 218.63 180.02 67.74

RCE3 5.27 4.12 9.39 93.28 74.62 69.96

RCE4 ___6.54 5.01 11.56 114.25 92.48 69.99

According to the hourly FRIs of PCEs and RCEs depicted in
Casel and Case2 in Fig. 20, high-performance PCEs and RCEs
like PCE1, PCE2, PCE6, and RCE4 provide higher FRIs in
Case2 compared to Casel. While low-performance ones like
PCE3 and RCE2 are exploited in a way that negative FRIs are
relieved and positive FRIs are possibly improved, respectively.
These improvements are yielded by the capacity adjustments
observed in Figs. 21 and 22 for Casel and Case2, respectively.

The total hourly FRI of Casel and Case2 demonstrated in Fig.
23 shows improvement of FRI in almost all hours while
capturing noticeable response performance enhancement in
midday time intervals when a higher number of EVs are
available. The discussion around the details of this comparison
is like the discussion of figure 17 and 18 for Base aggregator.
From aggregated economic and technical points of view,
consider TABLE VIII. The total FRI is improved to 598.18
MW.s in Case2 compared to 504.44 MW.s in Casel, denoting



an 18.6% increment. While, the net DA economic revenue
decreased slightly, which can be completely amended by the
regulation capacity deployment revenue. As similarly discussed
about in the Base aggregator system, the deployment revenue is
increased 9.94% just for 10 minutes, enhancement of which for
a day with the rate of 14% could highly benefit the aggregator
using the developed framework compared to the other
performance-blind aggregators. Also, the aggregator could
deliver a full regulation score i.e. 1.00 in Case2 compared to the
weaker score of 0.877 in Casel. Fig. 24 is used to inspect the
reason for performance score improvement. The AR could
almost perfectly track the AGC signal in Case2, while failed in
Casel. This, besides the enhanced economic profit-making,
shows the better technical sufficiency of the AR evaluated by

the performance-based regulation markets.
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Fig. 20. Hourly FRI of PCEs and RCEs for Casel (Left) and Case2 (nght) of the Large-
scale aggregator.

13 5 7 911131517192123

7 = 8 = RCE4
6 - 6 RCE3
S - _ 4 = RCE2
= y 2 RCE1
3 =0 : PCE7
FARHE I 2 PCES
o = H RE -4

0 = —-IE II'.-:_‘;f—**— -6 .P8E4

- PCE3
1 3 5 7 9 11131517 19 21 23 135 7 911131517192123 mpCE2
Time Time mPCE1l

Fig. 21. Large-scale aggregator - Casel: (Left) Power shares in the DA energy (Solid bars)
and RT markets (Dashed bars); (Right) Capacity shares in the regulation market.

6
4
2

Power (MW)
OoORrNWhUITON
0

0

- 2

alUEE mataldy .

ST 1T 1 1T — . - PCE3

1357 911131517192123 135 7 9111315171921 23 mpCE2

Time Time = PCE1

Fig. 22. Large-scale aggregator - Case2 : (Left) Power shares in the DA energy (Solid
bars) and RT markets (Dashed bars); (Right) Capacity shares in the regulation market.

o 42 +—Casel o .
3 o Case2 ry °
§30 o . . o ¥ .
< 4 L "o oo
Z 18 *—e P . 00‘0 hd *—9
w —0—¢ A4
6

12345617289 101112”%31415161718192021222324
Fig. 23. Hourly aggregated FRI for Casel and Case2 of the large case study.

TABLE VIII. Technical and economic results at the aggregated level for Large-
scale aggregator

Comparison point Casel Case2
Aggregated regulation capacity bid (MW) 157.64 158.25
Aggregated regulation capacity revenue ($) 1757.24 1764.67
Net DA aggregated revenue in the markets ($) 802.15 797.27
Aggregated FRI (MW.s) 504.44 598.18
Sample 10-min deployment mileage revenue ($) 70.9 80.84
Sample regulation score 0.877 1.00
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Fig. 24. Performance comparison of aggregated response tracking AGC signal in Casel and
Case2 for 10 min in the sample time interval for Large-scale aggregator.

C. Implementation on a Multi-type DER Aggregator

This subsection investigates the application of the developed
FRI evaluation framework for capacity allocation of other DER

types. As a newly designed system, a Multi-type aggregator, in
addition to 3 PCEs and 2 RCEs of the Base aggregator,
manages 3 PV-equipped energy storage clusters (ESCs) and 3
ESS-PV-equipped smart home clusters (HCs). Statistical and
technical specifications of these ESCs and HCs are listed in
TABLE IX. The daily profiles of HCs’ load and PV available
power are illustrated in Fig. 25. The PV profiles of ESCs obey
the similar profile of this figure while differing in the nominal
capacity. As denoted in the table, the number of available PV-
ESSs and PV-ESS-homes are fixed, indicating a special case of
the FRI evaluation derived in Eg. (36). So, the performance-
based bidding and capacity allocation framework uses this
equation to calculate FRI of regulation up and downs directions
instead of equations (68) and (69), respectively.
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Fig. 25. Daily profile of Ioad and PV available power of HCs in Multi-type aggregator.

Table 1X. Technical specifications of interface converter of ESCs and HCs and
number of ESSs and homes in multi-type aggregator case study

Parameter ESC1 ESC2 ESC3 HC1 HC2 HC3
7 (ms) 40 50 60 50 40 70
103.aT (ms) 2 3 5 4 5 6

Aggregated storage rating power (MW) 0.8 1 1.4 3.30 4 4,53
Aggregated storage capacity (MWh) 1.6 2 2.8 530 6.40 7.25
Aggregated initial energy (MWh) 008 01 014 053 064 0.73
Equipped PV capacity (MW) 1.2 1.6 2.2 2.6 3.1 3.5
Number of DERs 80 100 130 500 600 680
Daily capacity and revenue allocation for PCEs, RCEs,
ESCs, and HCs are presented in TABLE X. The hourly capacity
share of all DERAs is depicted in figures 26 and 27 for Casel
and Case2, respectively. Since ESCs are primarily utilized to
participate in the energy and regulation markets and their
technical specifications outperform other DER types, the FRI
provided by them is higher in both Casel and Case2. Looking
at detailed results for these DERs in TABLE X indicates that
ESC1 and ECS2 gain higher capacity and revenue shares in
Case2 compared to ECS3 which obtains decreased capacity and
revenue shares in Case2. The regulation revenue for ESC1 and
ESC2 shows increments of 9.92% and 9.87%, respectively. The
difference in growth rate of ESC1 compared to ESC2 is caused
by better T and a of ECS1. However, this difference is not high
as ESC2 is better in terms of the capacity provided compared to
ESC1. This higher capacity compensates the deteriorative
impact of ESC2’s lower response speed, which prevents
reducing its capacity share by aggregator. Because this capacity
still outperforms capacity shares of ESC3 and ESC1 regarding
response speed and maximum available capacity, respectively.
Consequently, the FRI realized for ESC1, ESC2, and ESC3
changed to 7.27 MW.s, 6.33 MW.s, and -10.44 MW.s,
respectively. This results in a 7.6% improvement in total FRI
for ESCs. Note that the FRI decrement of ESC3 is caused by its
lower capacity share in Case2, and it is not due to its weak
performance deteriorating overall FRI. Because the deducted
capacity from ESC3 is allocated to high-performance DERs
which could provide this capacity with higher FRI. In terms of
net revenue, ESC1 and ECS2 gained higher amounts, while
ECS3 is remunerated with lower amounts in Case2. These net
revenues are obtained considering energy sold by PVs
associated with these ESCs in the energy market, yielding
higher amounts compared to PCEs, RCEs, and HCs. Although
HCs are equipped with PVs, they rarely engage their solar
generations in the energy market as they need energy to improve




their self-sufficiency. Regarding these DERs, the good
performance of HC1 brings more regulation capacity in Case2
compared to Casel. While the capacity allocated to HC2 and
HC3 is decreased in Case2. The higher number of homes in
HC2 in comparison with HC1 instigates higher aggregated
delay, which yields lower performance even combined with
lower 1. So, HC1 outperforms HC2, and the allocated capacity
to that is significantly increased in Case2. In contrast, the
capacity allocated to HC2 and HC3 decreased, showing a
dramatic decline for HC3. Because HC3, generally, imposes
negative FRI on the aggregated regulation capacity of the
aggregator, while augmenting its net revenue in the cost of
reducing high-performance DERs’ capacity share. This, besides
deteriorating aggregated response speed and score, forces the
aggregator to take advantage of high-performance DERAS in
favor of HC3 in Casel. So, the economic revenue of this HC is
unjustly high in this case, which is acquired from higher
regulation service. This unfair approach is ameliorated in
Case2, where more regulation capacity is allocated to other
high-performance DERs, augmenting their regulation capacity
and revenue shares. Subsequently, HC1 also earned higher net
revenue. Because of this capacity adjustment, FRIs of HCL1,
HC2, and HC3 changed 52.5 MW.s, -6.62 MW.s, and 6.51
MW.s, respectively, showing 116% improvement in total for
HCs. The reduction of FRI for HC2, like ESC3, stems from the
lower regulation capacity allocated in Case2. The decrement
decision for HC3 lowers its negative FRI, meaning the absolute
FRI value of this detrimental HC is diminished.

TABLE X. Total daily capacity and revenue allocation and FRI for PCEs, RCESs, ESCs,
and HCs in Multi-type aggregator

Comparison Reg.up Reg. down Total Reg. Net FRI
point (MW) MW)  Reg. (MW) revenue ($) revenue ($) (MW.s)
PCE 9.42 4.41 3.83 55.34 23.81 47.47
PCE 7.97 3.00 0.97 17.83 2.39 30.31
PCE 20.54 10.07 0.60 36.44 63.21 18.96
RCE. 1449 10.95 25.47 265.82 208.54 89.84
RCE. 1177 8.42 20.19 212.45 171.23 65.34
Casel ESC 7.58 17.32 24.90 216.42 408.85 95.95
ESC 8.93 21.47 30.39 255.38 493.67 114.32
ESC 14.94 30.44 45.38 404.39 738.91 160.06
HC! 10.60 9.42 20.03 243.46 115.55 36.91
HC: 6.87 12.88 19.75 128.93 -13.04 16.27
HC:! 21.15 3.89 25.05 361.87 236.11 -8.29
PCE 10.57 5.69 16.26 173.60 41.29 55.76
PCE 8.04 4.12 12.16 126.14 10.04 33.42
PCE 19.32 7.69 27.01 311.21 37.78 20.95
RCE 16.42 11.94 28.37 286.44 229.21 100.37
RCE 9.84 7.48 17.32 192.03 150.44 56.23
Case2 ESC 9.11 17.68 26.79 237.88 42454 03.22
ESC 10.04 22.04 32.08 280.61 517.33 20.65
ESC 12.82 29.60 42.42 360.58 696.38 49.62
HC! 28.59 19.92 48.51 579.98 445.46 89.41
HC: 6.08 5.63 1171 109.80 34.06 9.65
HC:! 4.48 0.89 5.37 52.66 74.40 -1.78
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Fig. 26. Multi-type aggregator - Casel: (Left) Power provision shares in DA energy (Solid
bars) and RT markets (Dashed bars); (Right) Capacity shares in the regulation market.
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Fig. 27. Multi-type aggregator - Case2: (Left) Power provision shares in DA energy (Solid
bars) and RT markets (Dashed bars); (Right) Capacity shares in the regulation market.

In a general view of hourly capacity allocations illustrated

in figure 26 and 27, besides the recently mentioned amendment

for PCEs and RCEs, the capacities allocated to HC1 and ESC1

are augmented in Case2, especially in mid-day time intervals.
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Generally, engaging ESCs and HCs helps to enhance total
hourly FRI. Because, in addition to better technical
specifications of these DERAs, they have a fixed number of
DERs and, thus, do not enact a higher likelihood of higher
aggregated delay which was captured in Base and Large-scale
aggregators. According to Fig. 28, FRIs of ESCs and HCs are
increased in Case2 in almost all hours, in which the HCL,
ESC1, ESC3, PCE1, and PCE2 contributed more. Among these
DERAs, HC1, ESC1, PCEL, and PCE2 could provide better
technical specifications, while ESC3 could provide higher
capacity realizing a faster aggregated ramp rate. Also, the
negative FRI value of HC3 and PCE3 is successfully
diminished. Finally, the total FRI of the aggregator is improved
in Case2 compared to Casel in all hours, as depicted in Fig.
29. According to TABLE XI total daily FRI is enhanced by
70.36 MW.s, showing a 10.5% increment. This enhancement
is yielded while a negligible reduction in DA net revenue is
realized. However, as discussed in detail in previous studied
systems, the amount of enhanced revenue in the delivery phase
is significantly higher than the amount of this reduction.
Besides, the aggregator can select other Pareto solutions
without loss of DA revenue, while considerably improving the
FRI. This proves that aggregators of any type of DERs using
the developed framework can improve their technical
performance in the regulation market by a feasible change in
resource scheduling and subsequent participation in the
regulation and energy markets. This, also, does not incur a
notable impact on its revenue in these markets. From the
technical point of view, the performance score of aggregators
in Case2 is increased from 0.96 to 1.00, resulting in increment
of the mileage revenue of 3.23$ in just a 10-minute simulation
of regulation power delivery, showing 4.2% improvement in
delivery phase revenue. The enhanced revenue, technical
feasibility of AR, and performance score are obtained by the
superior tracking of the AGC signal in Case2 compared to
Casel, as depicted in Fig. 30.
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Fig. 28. Hourly FRI of PCEs and RCEs for Casel (Left) and Case2 (Right) of Multi-type
aggregator.
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Fig. 29. Hourly aggregated FRI for Casel and Case2 of Multi-type aggregator.

The escalated capacity harnessed from high-performance
DERAs allows efficient following of the AGC signal.
Concerning the concept of smart grids and required control and
communications, besides the inherent uncertainty of resources,
experiencing these uncertain complex delays is inevitable. So,
developed aggregation methods must address this challenge
feasibly and properly. The performance-based framework
developed in this paper guarantees an enhanced functionality of
any types of aggregators considering three viewpoints including
economic profit-making, technical feasibility of AR, and
fairness of capacity and revenue allocations among DERs.



TABLE XI. Technical and economic results at the aggregated level for Multi-type

aggregator
Comparison point Casel Case2
Aggregated regulation capacity bid (MW) 266.53 268.00
Aggregated regulation capacity revenue ($) 2698.32 2710.92
Net Aggregated revenue in the markets ($) 2449.23 2444.01
Aggregated FRI (MW.s) 667.14 737.50
Sample 10-min deployment mileage revenue ($) 77.60 80.84
Sample regulation score 0.96 1.00
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Fig. 30. Performance comparison of aggregated responses tracking AGC signal in Casel
and Case2 for 10 min in the sample time interval for the Multi-type aggregator.
V. CONCLUSION

The importance of the DERs response performance on AR
of a DER aggregator participating in the energy and regulation
markets, which affect economic profitability, technical
feasibility of delivery, and fairness, was explored in this paper.
To address this importance, four interactive factors impacting
AR, including structure, control, communication, aggregation,
and individual and mutual uncertainties dealing with all, are
taken into account to develop an integrated probabilistic FRI.
By devising a new performance evaluation scheme based on
the developed FRI, a multi-objective stochastic framework for
bidding strategy and capacity allocation of the aggregator in the
DA energy and regulation markets, considering performance
and price uncertainties, was proposed. The developed
framework was tested by implementing that on three studied
systems including Base, Large-scale, and Multi-type
aggregators, denoting efficiency and scalability of the
framework for different types and sizes of DER aggregators.
The comparison of results with the performance-blind
frameworks indicated that the proposed framework could
relieve the unfair regulation capacity allocation between DERs
and the technical infeasibility likelihood of AR delivery.
Besides preserving economic revenue in the regulation market,
this could enhance mileage revenue in the deployment phase,
realizing higher economic profitability. These are achieved by
allocating response-aware regulation capacity based on the
performance superiority of fast-response low-uncertain DERS.
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