IEEE Access

Multidisciplinary : Rapid Review : Open Access

ooooo |

Informed Prosumer Aggregator Bidding

Strategy via Incorporating Distribution Grid

Outage Risk Predictions

Mohammad Khoshjahan, Student Member, IEEE, Rashid Baembitov, Student Member,
IEEE, Mladen Kezunovic, Life Fellow, IEEE

Electrical and Computer Engineering Department, Texas A&M University, College Station, TX 77843, USA

Corresponding author: Mohammad Khoshjahan (e-mail: Mohammad.khoshjahan@ieee.org).

“This material is based upon work supported by the Department of Energy, Office of International Affairs and Office of Electricity
under Award Number DE-1A0000025.”

ABSTRACT FERC Order 2222 paves the way for aggregated distributed energy resources (DERS)
participation in the wholesale electricity market. A particular DER assumed to be widely available in the
future is the distributed prosumer (DP), also called virtual power plant (VPP), which may host PV generation,
and stationary and mobile battery energy storage systems, in addition to the on-site passive load. DP
aggregation and participation in the day-ahead market ancillary service products (ASPs) require managing
uncertainties associated with load consumption and photovoltaic generation, electric vehicle (EV) scheduling,
market-clearance prices, etc. Outages in the distribution grid may distort these energy-limited resources from
their optimal operating point, potentially impacting their ability to deliver the committed ASPs in real-time.
To address these challenges, first, we develop a machine learning algorithm to predict the risk of outages in
distribution feeders. Next, we incorporate the distribution feeder State of Risk (SoR) predictions with the
bidding model of the DP aggregator to provide an informed decision-making tool for optimal participation in
the energy and ASP markets. The simulation results demonstrate the efficacy and scalability of the proposed
model in improving the aggregator profitability and preventing penalties for the inability to deliver ASPs due
to unexpected energy capacity limits of DP assets.

INDEX TERMS Aggregator, Bidding strategy, Distributed prosumer, Outage prediction, Wholesale market.
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PV PV generation. E% E™  Traded energy in DAM an(_j RTM.
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pb Maximum BESS power limit. o Penalty for not delivering the committed SR.
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D Power output.
sr SR capacity without outage.
sr SR capacity after outage clearance.
psr Power under spinning reserve.
[th af Thermal and deferrable loads.

u Stored energy used for power generation
p during outage.
o Load loss during outage.
p? Extra PV generation stored during outage.
pe Spilled PV generation during outage.

b Binary variable for BESS operating mode
x (0: charging, 1: discharging).
b Expected stored energy at BESS at the end
€t of timestep t (weighted by risk of outages).
ob Stored energy at BESS at the end of

timestep t, without an outage.
. Stored energy at BESS at the end of

¢ timestep t, in case of outage.
6 Building temperature.
« a Active and reactive powers injected by DPs

Pl @Mn 9 node m.

vf.qf Active and reactive power in the line.

ysa Variable denoting the square of node voltage.

¢ Value-at-risk.

Y Excess of profit is scenario j over VaR.
SETS

t Set of time steps.

j Set of real-time scenarios.

a Set of DPs.

k Set of EVs.

DP, Set of EVs connected to DP a.

mn Set of nodes in distribution grid.

SUPERSCRIPTS

da, rt Day-ahead, real-time

e, sr Energy, spinning reserve (SR)

ch, dis Charging and discharging modes

a Distributed prosumer

ev Electric vehicle

b Battery energy storage

nc Non-controllable load

th, df Thermal load (HVAC) and Deferrable load
u,d Positive and negative net-load during outage

I. INTRODUCTION

A. PROBLEM STATEMENT

Distributed prosumer (DP) is a unique type of distributed
energy resource (DER) located in buildings potentially
equipped with rooftop photovoltaic (PV) generation,
battery energy storage system (BESS), and electric vehicle
(EV) chargers [1], [2]. DP owners can profit by offering
energy resources in different scenarios: a) distribution grid
support services [3]-[5], b) participation in distribution
markets with transactive energy exchanges through peer-
to-peer energy trading [6]-[9], and c) ancillary service

product (ASP) procurement for the wholesale electricity
market (WEM) through aggregation [10], [11]. The
independent system operator (ISO) may benefit from
additional energy resources acquired through ASPs to
secure reliable grid management. The Federal Energy
Regulatory Commission (FERC) order 2222 is a milestone
development that mandates the USA ISOs in the Eastern
and Western Interconnection to facilitate ASP procurement
by DER aggregators with the intent of lowering energy
costs through enhanced competition, improving grid
resilience, flexibility, and reliability, and stimulating more
innovation in DER technologies [12]. However, the DP
resources are energy-limited and subject to uncertainty
stemming from (i) the risk of outages in the distribution
grid leading to the drain of their stored energy to supply
their load, and (ii) unexpected utilization of energy
resources such as load and PV generation, EV initial state
of charge (SOC), arrival and departure times. These sources
of uncertainty, if not captured precisely, may result in the
inability of the DP aggregator to deliver the committed
ASPs resulting in monetary losses and potential penalties.

B. PRIOR RESEARCH

Different research efforts have focused on improving the
profitability of DPs through energy trading and ASP
procurement in the WEM. In [13], a distributionally robust
optimization via a scenario-wise ambiguity set model was
proposed for a collaborative DP bidding strategy in the day-
ahead market (DAM). On this basis, a robust counterpart of
the optimization problem by applying scenario-based affine
recourse approximation was presented. In [14], the
information gap decision algorithm was adopted to
maximize the aggregator risk level per a preset level of the
expected payoff. In [15], a tri-layer bidding framework for
the aggregator bidding in the energy and regulation reserve
market was developed. In this framework, bidding plans for
the superordinate 1ISO and dynamic price curves for the
subordinate DER owners were formulated. The authors in
[16] used a regrouping algorithm with scenario trees to
model the EV fleet market participation as a virtual battery.
The participation of an EV aggregator in energy and
different regulating reserve products was explored in [17].
In this model, the aggregator compensated the EV owners
based on their battery degradation costs. In [18], a robust
decision-making tool for an EV aggregator participating in
the energy and regulation reserve markets was proposed.
The aggregator participation in the demand response (DR)
programs was assessed in [19]-[25]. A quantitative
compensation mechanism to guarantee DP profitability in
DR programs considering price volatility was presented in
[19]. In [20], the regret-based approach in a bi-level
optimization was proposed for proper contribution in a DR
program, where the CVaR measure is employed for risk
management. In [21] and [22], stochastic scenario-based
provision of DR by the aggregator of DERs was discussed.
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Uncertainty in renewable generation was addressed in [23]
by implementing DR programs and EV aggregators via a
coordinated stochastic decision-making model. In [24], the
aggregator utilized the agents' load curtailment and load
shifting abilities to participate in DR programs, and the
agents were compensated based on pre-contracted
incentive programs. In [25], a spatiotemporal transfer
characteristic-based bidding strategy for participation in a
DR program was developed. The Shapley value method
was implemented to design proper incentive mechanisms
based on which agents are rewarded. A bidding strategy
model that considers the uncertainties of DP resources to
optimally offer energy and secondary reserve in DAM and
RTM was proposed in [26]. A two-stage stochastic
optimization model was developed, in which the
uncertainties of  renewable generation, ambient
temperature, load, and house occupancy were modeled
through a set of scenarios. In [27], the authors developed
the curves for price-quantity bidding of a thermal load
aggregator in day-ahead and quantity-only bids in the real-
time. They leveraged the flexibility of the thermal load in
real-time to address the load and weather-related
uncertainties. The authors in [28] proposed a hierarchical
model predictive control (MPC) to ensure the delivery of
energy under the committed ASPs in real-time. The
aggregator benefited from this MPC to control the
heterogeneous flexible resources of the DPs in real-time.
The provision of flexibility by DP aggregators was
discussed in [29]-[31]. A scenario-based optimization was
developed in [29] to exploit DP flexibility in energy and
tertiary reserve markets. The impacts of such DP
aggregators on the market operation were explored in [30].
In [31], the joint participation of an aggregator in the
wholesale energy and local flexibility markets was studied,
where a robust adjustable optimization was used to tackle
the uncertainties.

Research on the outage risk assessment offers various
approaches. Authors in [32] used remote sensing data to
enhance the performance of the outage prediction model.
Random Forest is the core Machine Learning (ML)
algorithm used in [33] to predict the number of customers
losing power during hurricanes. Neural Network (NN) that
exploits repair logs from a utility was trained to predict the
duration of outages in [34]. The Long short-term memory
(LSTM) cells captured temporal patterns in data to predict
weather-related outages in [35]. Granular modeling of wind
fields over a large area was demonstrated to improve
prediction accuracy in [36].

C. OUR CONTRIBUTION

The previous studies ignore the impacts of outages in the
distribution grid on the aggregator's ASP delivery and
energy trading. During outages, the DPs rely on their stored
energy to supply their load. If the DP is suddenly
disconnected due to an outage, the aggregator must sell the
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FIGURE 1. The risk-based approach to Aggregator bidding strategy.

surplus energy, purchased in the DAM, back in the RTM,
which is subject to high price fluctuations. More
importantly, ASP delivery by the temporarily disconnected
DPs after reconnection can be impeded since less reserve
capacity may be available due to supplying their load
during the outage.

The main novelty of this study is proposing an optimal
aggregator bidding strategy model that (i) considers the
impacts of risk of outages in distribution feeders on DP
aggregator market participation and (ii) captures the
uncertain behavior of different DP assets, which requires
adequate modeling of the risk and uncertainty. Fig.1 depicts
the general concept that distinguishes our approach. With
reference to Fig. 1, our contributions are as follows:

e The weather-caused outages in the distribution feeder

are predicted using a gradient boosting ML algorithm.
The outage State of Risk (SoR) prediction algorithm
output is incorporated into the aggregator bidding
strategy model providing a decision-making tool for
avoiding the ASP over-procurement, and excessive
energy trading.

e The aggregator bidding strategy model is formulated
as a stochastic scenario-based optimization problem
for participation in the day-ahead energy and spinning
reserve (SR) markets. The uncertainties associated
with the DP resources are captured via representative
scenarios. The aggregator profit risk is managed via
conditional value-at-risk (CVaR).

e An optimal resource management algorithm for the
disconnected DPs is proposed such that the comfort
requirements of the building occupants are met, and
the energy storage resources are minimally distorted
from their optimal operating point soon after the DPS
are reconnected.

D. PAPER ORGANIZATION

The coordination between the involved entities, i.e.,
aggregator, DP owner, 1SO, and distribution utility, is
described in Section Il. The machine learning algorithm for
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outage SoR prediction in the distribution feeders is
presented in Section Ill. The proposed bidding strategy
model is outlined in Section IV and the disconnected DP
resource management strategy is discussed in Section V.
The case studies are provided in Section VI, and
conclusions are stated in Section VII.

II. NEED FOR COORDINATION AMONG ENTITIES

The FERC Order 2222 does not specify the coordination
requirements between the 1SO and the utilities involved in the
ASP procurement by the DERs (in our case DPs) aggregators
in the wholesale market. It only mandates that such
procurements should be available through the ancillary service
bidding provisions.

We envisioned the proposed coordination shown in Fig. 2.
The ISO clears the WEM at the transmission level, the
distribution utility is responsible for maintaining the operating
conditions of the distribution grid, and the aggregator aims to
aggregate the DPs, which are the end-users of the grid services
to trade energy and offer ASPs to the WEM. The distribution
grid connection allows the physical means for the ASP
delivery by the aggregator and is highly vulnerable to weather-
caused outages. Based on the machine learning algorithm
described in Section 111, we assume the distribution utility
provides the DPs with the SoR predictions of weather-caused
outages in the distribution feeders through the customer
energy management system (CEMS). In our use case, we
assume that the CEMS receives control signals from the
aggregator and SoR data from the utility and sends energy
resource status and SoR data to the aggregator. The
aggregator, based on the DP resource status, SOR data, the
forecast of uncertain parameters in DP resources, WEM
prices, and distribution grid technical constraints, runs the
bidding strategy model presented in Section IV. Next, it
submits energy and SR bids to the market. The ISO clears the
day-ahead market where all the traded energy and rewarded
ASPs are binding.

Distribution grid Transmission grid

Outage SoR + Status |

Bid {Energy, ASP)
i Reward [Energy, ASP)

FIGURE 2. Coordination among aggregator, DPs, utility, and 1SO.

I1l. PREDICTION OF THE SoR OF WEATHER-CAUSED
DISTRIBUTION FEEDER OUTAGEs

This section describes the approach for predicting outages.
The approach begins by collecting relevant data, including
historical outage records from the utility company,
geographical disposition of the distribution grid, weather
information for the area of study, and any additional datasets
that provide insight into conditions during grid operation (such
as land cover, tree canopy, and leaf index) [37]-[39]. All input
data is then preprocessed, cleansed, and transformed into a
table-like form. The resulting datasets are subjected to a
spatiotemporal correlation process, which matches the past
outage occurrences to external environmental conditions.
The ML algorithm is then trained on temporally separated
data to predict the likelihood of outages in each part of the
network. We use Catboost, a gradient boosting algorithm
based on decision trees [36]. The algorithm was
demonstrated to perform well on the task of outage
prediction [36], [40]. To estimate the performance of the
resulting prediction model, we use the testing dataset, which
was not used during the training phase. The model is then
finely tuned to achieve the best performance. The output of
the model is the state-of-risk (SoR) of weather-caused outages
in the distribution feeders.

Using weather forecasts for the future, the utility can
utilize the model to obtain the outage SoR predictions in the
grid. In our case, since the aggregator aims to participate in the
day-ahead market, we use the SoR predictions for the 24 hrs
of the next day. The utility sends SoR prediction data to the
DP CEMS. The DP shares the data with the aggregator and
aggregator incorporates the data within its bidding strategy
model. The process is depicted in Fig. 3.

We define the outage SoR as:

SoR = Hazard X Vulnerability =
P(inclemment weather)
X P(outage|inclemement weather) (1)

Here, hazard is the probability of inclement weather
occurring, and vulnerability indicates the conditional
probability of outage occurrence in the feeder if inclement
weather occurs.
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FIGURE 3. Distribution grid outage SoR prediction algorithm as a part of
the DP awareness that may affect DP aggregator bidding strategy.
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IV. BIDDING STRATEGY
We assume the aggregator participates in the DAM for energy
and SR ASPs. The assumption is that the aggregator is able to
directly manage the DP resources through CEMS. The 1SOs
in the US, such as California 1ISO and ERCOT, attempt to
procure 100% of their SR capacity requirements in the DAM.
To be eligible for SR procurement, the market participants
must be connected to and synchronized with the grid and be
able to activate the offered SR capacity in less than 10 min
when required [40], [42]. Currently, only upward SR is
procured in the U.S. markets. We assume that the aggregator
attempts to trade all its energy needs and SR capacity in the
DAM. The aggregator participates only in the energy market
in the RTM and trades the required energy to meet its real-time
demand. Note that during outages, the disconnected DPs are
excluded from delivering the committed ASPs, and their
constraints are enforced only when they are connected back to
the grid.

The aggregator's objective function is to maximize its profit
from DAM and RTM participation:

OF = max{ prof® + [E Z prof]*

= max {Z(EE“AQ + SRAFT) + Z Z( L+ psr
t
+ Z(p}e;tché ]e:tdzsé-dls))]
)

The aggregator’s total profit consists of (i) the day-ahead profit
coming from energy trading and SR procurement in DAM,
and (ii) expected profit in real-time, including extra energy
trading in RTM minus penalty for the inability to deliver the
committed SR, minus penalty for load loss of disconnected
DPs, plus profit/cost associated with charging/discharging
EVs. Note that the EV charging and discharging prices for
residential DPs are assumed to be zero, and are non-zero for
commercial DPs. The objective function (2) is subjected to the
constraints given below.

Sr
—®T —

A. AGGREGATION CONSTRAINTS
The constraints for the aggregation of DPs are given below:

Ef* + Ef; < Z PjatAar vjt 3)
SR, < Z STige vj,t (4)

a

o = pT (Z StiatUa-1 — 5Rt> Vit (®)

a

Tj¢. SRy = psrje vj,t (6)

i = p© Z Pjat Uat vjt (7)
a
®%, T, SR, > 0 vj,t (8)

Note, U,, and A, stand for the unavailability (outage SoR)
and availability of DP a at hour t, such that U = 1 — A. Based
on (3), the total energy traded in DAM and RTM must meet
the aggregated need of DPs multiplied by their availability at
hour t. Per (4), the total offered SR in DAM must be limited to
the total available SR capacity in DPs. The portion of the
rewarded SR not delivered in real-time is penalized per (5).
Parameter p*" denotes the penalty for not delivering 1 MWh
of the committed SR set by the ISO. This portion comes from
the difference of the expected SR capacity of the DPs after the
outage multiplied by their associated outage SoR and the total
rewarded SR in DAM. The expected SR called for power
generation in real-time as a portion of the total procured SR is
set in (6). Equation (7) sets the penalty for load loss of the
disconnected DPs. This constraint ensures that DPs have
enough stored energy to supply their load in case of an outage.
The non-negativity of load loss and SR shortage penalties and
SR capacities is enforced in (8).

B. INDIVIDUAL PROSUMER CONSTRAINTS
The constraints for each DP are provided below:

— th af b,di b,ch
p]qat = PVjg L;lact - l]at - l]at + p]atls p]ai“
di h . 9
23 o) var O
kEDP,
ST = STjay + STigy ™ — sig:
£ Y (o) viae 0O
keDP,
p}'lat + ﬁ}lat 2 L;Iaft + l]tt;lt PVt vj,a,t (11)
bu ev,u .
Pjat = Djar + Z Pt vj,a,t (12)
kEDP,
d ~d h ]
pjat + pjat 2 PVjat L;lcft l]tat VJ' at (13)
ev,d .
p]at p]at Z p}kt vj,at (]_4)
kEDP,
S = S + ST+ il
+ Z S\,;}g ,dis + Syjil; ,ch Vj, a,,t (15)
kEDP,
P}'lat' ﬁ}'lat' p]('iat’ ﬁ;'iat: S‘i’}%t, ]at =20 Vjat (16)

The above constraints can be divided into two cases:
¢ DP normal operation (9)-(10): the power balance for each
DP is enforced in (9). The net power injection of a DP
equals the summation of PV generation and storage
discharging power minus total load and storage charging
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power. Per (10), the total SR capacity in normal operation

is the summation of the SR capacities of DP resources.

o DP outage (11)-(15): in case of DP outage, the following
two scenarios can happen:

1) Positive DP net-load (L}, + Iff, — PVjq, = 0). In
this case, the DP uses the stored energy in its BESS
and EVs (if they are plugged in) to supply the extra
load not supplied by PV generation. Per (11), the total
power generation from the stored energy (pjq) plus
the load loss (p7;,) is equal to the DP net-load. Based
on (12), the total power generation from stored
energy equals the corresponding values from BESS
and the plugged EVs.

2) Negative DP net-load (L5, + {5 — PVjqe = 0). In
this case, the DP must store extra PV generation. Per
(13), the PV generation stored in batteries (p}iat) plus
the spilled PV generation (ﬁj-’at) is equal to the net-
load. Enforced in (14), the total stored PV generation
is equal to the corresponding amounts of the BESS
and plugged EVs.

Based on (15), the total SR delivered by DP after outage

clearance is equal to the summation of SR capacities of

DP resources.

The non-negativity constraints are enforced in (16).

C. BATTERY STORAGE SYSTEM CONSTRAINTS
The technical constraints associated with the BESS power
output and SR capacity are presented below:

pfa‘iw + sr;ztdls x]ath dis Vj,a,t (17)
st Sppdt < (L= xh PP Vjat  (18)
Pjat < P viat (19
prat < Bt Vj,at (20)

Constraints (17), (18) are for normal operation, and
constraints (19), (20) are for the case of outage. Based on
(17), the summation of the power output and SR capacity in
discharging mode does not surpass the maximum output
power limit. In other words, the SR capacity in discharging
mode must be limited to the extra power generation capacity
that is available. Per (18), the SR capacity in charging mode
is limited to the current power output, which is consequently
restricted to the maximum output power limit. In charging
mode, the BESS can offer SR up to the current power output.
In case of outages, the discharging or charging power is
limited to the corresponding maximum limits enforced in
(19) and (20).

The relationship between the stored energy in BESS and
power output is as follows:

sb _ b b,ch_ b b,dis ;b
ejat — Yjat-1 + (p]at Na — p}at /na)Aat

(21)
+(pinl — ppat /I Uae Vi a,t
e = 8y + DIl —Dhi S /b Viat  (22)

—phe/mt Viat (23

< E}

~ _ b,
€jat = ejlzzt—l + pjatng
Eb <&y e Vj,a,t (24)

Here, three variables for the stored energy in BESS are
defined: (i) the expected stored energy (€, at) the end of
timestep t in which the outages SoR is welghted (i) the
stored energy (e at) at the end of timestep ¢ in case of normal
operation, and (iii) the stored energy (e at) at the end of
timestep t in case of outage. According to (21), the expected
stored energy in BESS at the end of t is a function of the
stored energy at t — 1, and charging and discharging power
weighted by the outage SoR. Based on (22), the stored
energy at the BESS in the case of normal operation without
outages is a function of the expected energy at t — 1, and
charging and discharging power in normal operating mode at
t. As enforced in (23), the stored energy in case of outage
depends on the charged/discharged power during the outage,
and the energy before the outage. Per (24), the three stored
energy variables must fall within the minimum and
maximum limits of the battery storage capacity.

The connection between the SR capacity and the stored
energy is given below:

b dis

b
jat’ ]at

STer = ( €iat—1 Efz’)m'é Vj,at (25)
5:?}thls < (&jae—1 — EE)nf vj,a,t (26)
STt < sTopt vj,a,t (27)
Piat Pjac »STiat - STigt " 2 0 Viat  (28)

Ensured in (25), the offered SR in normal operation in
discharging mode must be limited to the available stored
energy. Similarly, per (26), the SR capacity after outage
clearance must be limited to the corresponding stored
energy. The SR capacity in charging mode after outage
clearance at t cannot exceed the SR capacity in normal
operation at that timestep enforced in (27). The non-
negativity constraints are set in (28).

D. ELECTRIC VEHICLE CONSTRAINTS

A set of constraints similar to the BESSs is enforced for the
connected EVs. Note that the EV constraints are applied only
for t € [¢f",tF] where ¢t and ¢;? are the arrival and
departure time of EV k, forecasted in scenario j. For the sake
of conciseness, the EV constraints are not repeated here.

E. CONTROLLABLE LOAD CONSTRAINTS

The thermal and deferrable loads account for the
controllable loads of DPs. The building temperature can vary
between the minimum and maximum comfortable
temperatures set by building occupants to offer SR capacity.
The deferrable load is defined as the load currently in use
which can be postponed to later times such as dishwasher
and laundry appliances. The thermal load and deferrable load
can be used for ASP procurement. We do not consider the
lighting loads for ASP delivery. The lighting load cannot be
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adjusted per ISO's demand for SR delivery since the SR is
used frequently which impacts the comfort of occupants. The
lighting load can be adjusted by the building occupants
during the times with low occupancy (for example during
weekends/holidays in commercial buildings) to lower the DP
demand. Our assumptions only apply to the normal grid
operation and regular ASP procurement/delivery. In cases of
high impact low frequency (HILP) events, such as infrequent
winter storms, hurricane, earthquake, and wildfire, non-
critical loads (including non-critical lighting) may be shed
for ASP delivery under demand response or emergency
reserve. Such cases are out of the scope of this study.

According to [43], the technical constraints for thermal
load are as follows:

Bjat = .Baejat—l +(1- Ba)(eﬁtmb

—CoRoliE) + Ve Vj,a,t (29)

0, <00 <0, vj,a,t (30)

0 < st < UM < LI vj,a,t (31)
Babjar—1 + (1 = Ba) (0™ — CaRa Uiz (32)

—s1ia)) + Vjar < 6, Vj,a,t

The building temperature as a function of the AC load and
building parameters is provided in (29). The building
temperature must fall within the comfort range of building
occupants set in (30). Per (31), the AC SR capacity is limited
to its current load, which in turn is limited to the AC
maximum power. Constraint (32) ensures that the building
temperature does not exceed its maximum limit when the
offered SR is activated, i.e., the AC load is called to lower its
power consumption.

According to [43], the constraints for deferrable load are:

af _ af .
Z ljat - z Ljat V]’ a (33)
t t
t

< Z Y vjat (34)
h=max(1,t—dcg)

Based on (33), the total deferrable load supplied throughout

the day is equal to the forecasted deferrable load. Constraints

(33)-(34), ensure the deferrable loads are supplied during

their duty cycle set by building occupants.

F. GRID CONSTRAINTS

The underlying distribution grid technical constraints must
be regarded. In this vein, a linear approximation of the
distribution grid power flow model is used as follows [44]:

P — Pl = Z Pfmne vm,t (35)
nnEm
qname — QL = Z qfmne vm,t (36)
nnEm
L
e = o (22) vmt (@)
PLn

VTTSL‘Z - V;zsi_“q = Z(Tmnpfmnt + xmanmnt) vmn,t (38)

gmn < pf mnt < Emn vYmn,t (39)
gmn < qunt < Emn vmn,t (40)
<y <V, vm, t (41)

Equations (35), (36) ensure that the active and reactive
powers injected into each node are equal to the
corresponding values in the distribution lines connected to
that node. Per (37), the reactive power of DPs follows the
same portion of the reactive to active power of other loads
connected to that node. The voltage drop across a line as a
function of line power and impedance is given in (38) where
V5% is a linear variable representing the square of node
voltage. This variable is used to linearize the power flow
constraints. Lastly, constraints (39)-(41) set the minimum
and maximum limits for the line active and reactive powers
and the node voltages.

G. PROFIT RISK MEASURE
The CVaR risk measure is implemented as follows [43]:

1
max+{ (1 — w).0F — w(¢ + mz I;v;) (42)
j

proff* + ¢ = —y; ;  0<y; vj (43)

Here, ¢ is the value-at-risk (VaR) denoting the maximum
profit the aggregator can reach for a given confidence level
a, where the probability of the profit not exceeding the VaR
is lower than (1 — «). Variable y; is the excess of profit in
scenario j over the VaR. The CVaR denotes the expected
profit if the profit falls below the VaR. Weighing factor w
provides a trade-off between the aggregator profit and the
risk management from CVaR.

H. SOLUTION PROCEDURE

The solution procedure for aggregator bidding in the DAM
is provided in Fig. 4. The aggregator, based on its historical
data of PV generation, load, EV scheduling, SR activation,
and market prices, generates real-time forecast scenarios. It
also receives the grid status forecast from the distribution
utility, and the weather-related outage SoR prediction from
DP CEMS. Based on these input data, the aggregator runs
the bidding optimization with objective function (42) subject
to constraints (3)-(41) and (43). The outputs of this
optimization are the aggregator's desired energy and SR
capacity in DAM. Then, the aggregator submits energy and
SR bids to the market. After receiving the bids from all
market participants, the 1SO clears the day-ahead market,
where all of the rewarded energy and ASPs are binding. The
aggregator controls the DP energy resources through CEMS
to deliver ASPs and comply with 1SO dispatch commands.
The disconnected DPs manage their resources through the
CEMS based on the algorithm described in Section V.
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FIGURE 4. Solution Procedure.

V. RESOURCE MANAGEMENT DURING OUTAGE

When an outage occurs and several DPs are disconnected, DP
resource management's goal is to meet DP occupants'
convenience requirements, supply the loads or absorb the extra
power generation. To do so, we propose the resource
management strategy given in Fig. 5. This algorithm is run by
the DP CEMS during outages. On this basis, first, the thermal

Algorithm: DP resource management in outages

raise temperature to maximum (6 — &)
postpone deferrable load (14)

if’ load lower than PV output (L™¢ + [t < PV)

store in the plugged EVs (p®¥®)
if more PV energy left
store in BESS (p>%)
if more energy left
set temperature (0) to normal
remaining PV energy is spilled energy (5%)
else (L"C + It = PV)

use BESS energy (pP%)
if’ more energy needed
use plugged EVs (p€¥%)

remaining load is load loss (p*)

FIGURE 5. Resource management strategy for disconnected DPs.

load is lowered to its minimum level set by building occupants
and the deferrable loads are postponed to later times. Then, if
the PV generation is greater than the remaining load, the extra
energy is stored in EVs and BESS; otherwise, the BESS and
EVs are discharged to supply the remaining load. Note that the
EVs, if connected, are charged before the BESS and
discharged after BESS. The reason is that the energy stored in
EVs is of a higher priority for the owners since they may need
to use it for trips.

VI. CASE STUDIES AND SIMULATION RESULTS

A. MAIN ASSUMPTIONS

We assume a distribution grid with 10 feeders, and 100 DPs
connected to each. Of the total of 1000 DPs, we assume that
800 are residential, and 130 are small, 50 medium, and 20
large commercial buildings. The buildings' PV generation and
electric load data are discussed in [45], [46]. Currently, 28%
of the residential PV projects in Texas include BESS,
compared to 99% in California [47]. To have a realistic
assumption, we consider that half of the buildings are
equipped with BESS (400 BESSs in residential and 100
BESSs in commercial buildings). The BESS capacity follows
adiscrete uniform distribution in the range of [5kWh, 10kWh]
in residential, and [10kWh, 25kWh] in commercial buildings.
The maximum power run-time for BESSs is randomly
selected from [2hr, 4hr, 6hr]. Since the primary source of SR
in DPs comes from energy storage, the aggregator only
contracts with the DPs that own BESS and/or EV, and would
offer their availability. Hence, we assume 500 EVs in
residential buildings and 500 EV chargers in commercial
buildings. The EV battery capacity in kWh is randomly
selected from [30, 40, 50, 60] with a maximum charging
power in the range of [7TkW, 12kW]. We also assume that the
minimum and maximum temperature comfort ranges set by
building occupants are uniformly distributed between [67°F,
75°F] and [72°F, 80°F], respectively. The deferrable load
accounts for 20% of the total load in residential and 0 in
commercial DPs. We set @ = 0.95 and w = 0.5 in the CVaR.

——F1
~—F6

P2 P F4
——F7

——F5

—-f —e-F —e-F10

SoR of Outage

Time (hr)

FIGURE 6. Outage SoR for 10 distribution feeders.
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FIGURE 7. Average traded energy and SR in DAM and RTM in UCI.

The scenario generation process for PV generation, loads,
RTM prices, building occupancy and heat gains and losses,
EV arrival, departure times and the initial stored energy is
elaborated in [26], [43]. The algorithm used for DAM energy
and SR price forecasts described in [43]. The outage SoR
predictions in the 10 distribution feeders for the 24 hours of
the next day are given in Fig. 6. According to Fig. 6, inclement
weather is expected during hours 1-3, 10, and 18-21. To
remove any biases, we assume that the aggregator participates
in 5 days of the CAISO day-ahead market from 9/5/2022 to
9/9/2022 [48]. Two use cases (UCs) are considered, and their
results are compared:

o UCI: without outage SoR prediction data,
e UCII: with outage SoR prediction data.

The simulations were conducted in the Python
programming language, and the IBM CPLEX solver was
utilized for solving the problems. The PC had 64GB of RAM
and 2GB of SSD hard drive. In the MILP model, the minimum
optimality gap was set to 0.5%. The average computation time
was 4650 s.

B. BIDDING STRATEGY

The total procured SR in the DAM and traded energy in the
DAM and RTM for the five-day case study for UCI and UCI|I
are shown in Fig. 7 and Fig. 8. Ignoring the risk of outages in
UCI, the aggregator has over-purchased energy in the DAM
and as aresult, it has traded higher amounts of energy in RTM.
This imposes energy trading profit risks on the aggregator
since it will be exposed to highly uncertain prices in the real-
time energy market. Considering the risk of outages in UCII
assisted the aggregator in accurate energy need estimation
leading to less energy trading in RTM. In addition, the
aggregator has committed to less SR capacity in UCII
compared to UCI. The total procured SR for five days in UCI
is 55.1 MW and in UCII is 49.4 MW. The reason is that by
having the outage risk predictions, the aggregator acts more
conservatively in SR bidding and avoids excessive SR
capacity commitment and subsequent penalties associated
with capacity unavailability. Another point worth mentioning
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FIGURE 8. Average traded energy and SR in DAM and RTM in UCII.

TABLE |
ENERGY & SR COST/PROFIT FOR 5 DAYS IN UCI & UCII
Energy Energy SR
Cost Cost Profit Peisl t Eootgl
DAM RTM  DAM Y
UCI $61,808 $9,315 3,397 $1,334  $69,060
UCII  $59,063 $9,968 $3,012 0 $66,019

is that during hours 7 to 16, the aggregator has barely procured
SR in both use cases. Since the DP load and energy price were
high during these times, the aggregator used the stored energy
in BESSs and EVs to supply a portion of the load.

Total energy costs in DAM and RTM, SR procurement
profit and penalties for the inability to deliver the committed
SR capacity in real time for the two use cases are provided in
Table 1. In UCII, the aggregator has purchased less energy in
the DAM, leading to less DAM energy cost than UCI. The
aggregator RTM energy cost in UCII is higher than UCI since,
in the latter, the aggregator over-purchased energy in the
DAM that is traded in the RTM. Note that the traded energy
in the RTM imposes high profit risks on the aggregator due to
high RTM price fluctuations. The total energy cost in UCII is
$69,031, roughly 3% lower than UCI. In UCI|, the aggregator
has made less profit from offering SR in the DAM. However,
it has managed to deliver all the committed SR and has faced
no penalties. On the other hand, the aggregator has offered
excessive SR capacity in UCI, which was unable to deliver in
real-time and has faced penalties accordingly. All in all, the
total cost in UCII is ~4.5% lower than UCI, demonstrating the
effectiveness of the proposed informed bidding strategy model
in the aggregator profit securement.

C. DISCONNECTED DP RESOURCE MANAGEMENT
The performance of the disconnected DP resource
management algorithm in terms of load loss and PV
generation spillage is depicted in Fig. 9.

The total critical load of the disconnected DPs for the 5-day
case study was 6.65 MWh and the total load loss was 0.026
MWh. These numbers for the total PV generation and spillage
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FIGURE 9. The DP resource management algorithm’s performance in
load loss and PV power spillage prevention for the 5-day case study.

were 13.81 MWh and 7.61 MWh. The algorithm’s
performance in load loss mitigation was more significant than
PV generation spillage. The reason is that PV generation is
high during the day when the residential building occupants
are away. During these times, the residential electric load is
low, and EVs are usually unavailable. Hence, there is a limited
capacity to store or consume the extra PV generation during
outages. That being said, the load loss is of higher importance
for customers, and in our case study, the load loss was trivial.

VIl. CONCLUSIONS AND RECOMMENDATIONS

A significant challenge for DP aggregator participation in the
WEM is the high risk of weather-caused outages in the
distribution grids impacting the delivery of ASPs. We
incorporated the outage SoR prediction with the aggregator
bidding strategy model to avoid penalties for not delivering
the committed ASP. We also developed an algorithm for
optimal energy resource management of disconnected DP so
that they are minimally distorted from their optimal
operating point. The significant findings of this research are:

1) Considering the outage SoR prediction, the total SR
delivery profit increased by 46%, from $2,063 (w/o
outage prediction) to $3,012 (with outage prediction).

2) The total energy cost decreased from $71,123 (w/o
outage prediction) to $69,031 (with outage
prediction). The aggregator avoided ASP penalties
and reach the highest rewarding market participation.

3) By implementing the disconnected DP resource
management algorithm, we supplied 99.6% of the
critical electric load and stored/consumed 45% of PV
generation during outages.

4) The algorithm's performance for PV generation
storage/consumption was weaker since the total PV
generation in the disconnected DPs (with a peak of
3.6 MW) was comparatively higher than the load
(with a peak of 0.78 MW).

The outage SoR predictions can be used for other purposes
such as peer-to-peer energy trading schemes, retail market,
and back up services for the distribution grid. These topics
are recommended for the future work.

ACKNOWLEDGMENT

This work is supported by the Department of Energy, Office
of International Affairs and Office of Electricity under Award
Number DE-1A0000025.

REFERENCES

[1] L Dukovska, H. Slootweg and N. G. Paterakis, “Decentralized
coordination of a community of electricity prosumers via distributed
MILP,” IEEE Transactions on Power Systems, vol. 36, no. 6, pp.
5578-5589, Nov. 2021.

[2] Q. Yan, B. Zhang and M. Kezunovic, “Optimized operational cost
reduction for an EV charging station integrated with battery energy
storage and PV generation,” IEEE Transactions on Smart Grid, vol.
10, no. 2, pp. 2096-2106, March 2019.

[3] H. Nasiri et al., “Networked-constrained DER valuation in distribution
networks,” |IEEE Transactions on Smart Grid, vol. 11, no. 6, pp. 4809-
4817, 2020.

[4 Y. Liu, J. Li and L. Wu, “Coordinated optimal network
reconfiguration and voltage regulator/DER control for unbalanced
distribution systems,” IEEE Transactions on Smart Grid, vol. 10, no.
3, pp. 2912-2922, May 2019.

[5] N. Amjady, A. Attarha, S. Dehghan and A. J. Conejo, “Adaptive
robust expansion planning for a distribution network with DERs,”
IEEE Transactions on Power Systems, vol. 33, no. 2, pp. 1698-1715,
March 2018.

[6] R. Haider, S. Baros, Y. Wasa, J. Romvary, K. Uchida and A. M.
Annaswamy, “Toward a retail market for distribution grids,” IEEE
Transactions on Smart Grid, vol. 11, no. 6, pp. 4891-4905, Nov. 2020.

[71 A. Yu, C. Zhang and Y. A. Zhang, “Optimal bidding strategy of
prosumers in distribution-level energy markets,” IEEE Transactions
on Power Systems, vol. 35, no. 3, pp. 1695-1706, May 2020.

[8] M. Khorasany, A. Najafi-Ghalelou and R. Razzaghi, “A framework
for joint scheduling and power trading of prosumers in transactive
markets,” IEEE Trans. Sustainable Energy, vol. 12, no. 2, pp. 955-
965, April 2021.

[9] Y. K. Renani, M. Ehsan and M. Shahidehpour, “Optimal transactive
market operations with distribution system operators,” IEEE
Transactions on Smart Grid, vol. 9, no. 6, pp. 6692-6701, Nov. 2018.

[10] X.Duan,Z.Huand Y. Song, “Bidding strategies in energy and reserve
markets for an aggregator of multiple EV fast charging stations with
battery storage,” IEEE Transactions on Intelligent Transportation
Systems, vol. 22, no. 1, pp. 471-482, Jan. 2021.

[11] A. Attarha, P. Scott, J. Iria and S. Thiébaux, “Network-secure and
price-elastic aggregator bidding in energy and reserve markets,” IEEE
Transactions on Smart Grid, vol. 12, no. 3, pp. 2284-2294, May 2021.

[12] Participation of Distributed Energy Resource Aggregations in Markets
Operated by Regional Transmission Organizations and Independent
System Operators. Federal Energy Regulatory Commission. [Online]
Auvailable: https://www.ferc.gov/sites/default/files/2020-09/E-
1_0.pdf

[13] A. Hajebrahimi, I. Kamwa, M. Abdelaziz and A. Moeini, “Scenario-
wise distributionally robust optimization for collaborative intermittent
resources and electric vehicle aggregator bidding strategy,” IEEE
Trans. Power Systems, vol. 35, no. 5, pp. 3706-3718, Sept. 2021.

[14] B. Li, X. Wang, M. Shahidehpour, C. Jiang and Z. Li, “DER
aggregator’s data-driven bidding strategy using the information gap
decision theory in a non-cooperative electricity market,” IEEE
Transactions on Smart Grid, vol. 10, no. 6, pp. 6756-6767, Nov. 2019.

[15] Z. Yi, Y. Xu, H. Wang and L. Sang, “Coordinated operation strategy
for a virtual power plant with multiple DER aggregators,” IEEE
Transactions on Sustainable Energy, vol. 12, no. 4, pp. 2445-2458,
Oct. 2022.

[16] S. Han, D. Lee and J. -B. Park, “Optimal bidding and operation
strategies for EV aggregators by regrouping aggregated EV batteries,”
IEEE Trans. Smart Grid, vol. 11, no. 6, pp. 4928-4937, Nov. 2020.

[17] M. Sarker, Y. Dvorkin and M. Ortega-Vazquez, “Optimal
participation of an electric vehicle aggregator in day-ahead energy and
reserve markets,” IEEE Transactions on Power Systems, vol. 31, no.
5, pp. 3506-3515, Sept. 2016.

10



IEEE Access

Muktidisciplinary : Rapid Review : Open Access Journal

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

R. Habibifar, A. A. Lekvan and M. Ehsan, “A risk-constrained
decision support tool for EV aggregators participating in energy and
frequency regulation markets,” Electric Power Systems Research, vol.

185, pp. 106367, August 2021.

F. Wang, X. Ge, K. Li and Z. Mi, “Day-ahead market optimal bidding
strategy and quantitative compensation mechanism design for load
aggregator engaging demand response,” IEEE Transactions on
Industry Applications, vol. 55, no. 6, pp. 5564-5573, Nov. 2019.

H. Rashidizadeh-Kermani, M. VVahedipour-Dahraie, M. Shafie-Khah
and P. Siano, “A regret-based stochastic bi-level framework for
scheduling of DR aggregator under uncertainties,” IEEE Transactions
on Smart Grid, vol. 11, no. 4, pp. 3171-3184, July 2020.

M. Di Somma, G. Graditi and P. Siano, “Optimal bidding strategy for
a DER aggregator in the day-ahead market in the presence of demand
flexibility,” IEEE Transactions on Industrial Electronics, vol. 66, no.
2, pp. 1509-1519, Feb. 2019.

B. Vatandoust, A. Ahmadian, M. A. Golkar, A. Elkamel, A.
Almansoori and M. Ghaljehei, “Risk-averse optimal bidding of
electric vehicles and energy storage aggregator in day-ahead
frequency regulation market,” IEEE Transactions on Power Systems,
vol. 34, no. 3, pp. 2036-2047, May 2019.

P. Afzali, M. Rashidinejad, A. Abdollahi and A. Bakhshai, “Risk-
constrained bidding strategy for demand response, green energy
resources, and plug-in electric vehicle in a flexible smart grid,” IEEE
Systems Journal, vol. 15, no. 1, pp. 338-345, March 2021.

M. Ostadijafari, R. R. Jha and A. Dubey, “Demand-side participation
via economic bidding of responsive loads and local energy resources,”
IEEE Open Access of Power and Energy, vol. 8, pp. 11-22, 2021.

X. Lu et al., “Data center aggregators’ optimal bidding and benefit
allocation strategy considering the spatiotemporal transfer
characteristics,” IEEE Transactions on Industry Applications, vol. 57,

no. 5, pp. 4486-4499, Sep. 2021.

J. Iria, F. Soares and M. Matos, “Optimal bidding strategy for an
aggregator of prosumers in energy and secondary reserve markets,”
Applied Energy, vol. 238, pp. 1361-1372, March 2019.

S. Chen, Q. Chen and Y. Xu, “Strategic bidding and compensation
mechanism for a load aggregator with direct thermostat control
capabilities,” IEEE Transactions on Smart Grid, vol. 9, pp. 2327-
2336, May 2018.

J. Iria, and F. Soares, “Real-time provision of multiple electricity
market products by an aggregator of prosumers,” Applied Energy, vol.
255, pp. 113792, Dec. 2019.

J. P. Iria, F. J. Soares and M. A. Matos, “Trading small prosumers
flexibility in the energy and tertiary reserve markets,” IEEE
Transactions on Smart Grid, vol. 10, no. 3, pp. 2371-2382, May 2019.

S. Wang, X. Tan, T. Liu and D. H. K. Tsang, “Aggregation of demand-
side flexibility in electricity markets: negative impact analysis and
mitigation method,” IEEE Transactions on Smart Grid, vol. 12, no. 1,
pp. 774-786, Jan. 2022.

C. Correa-Florez, A. Michiorri, G. Kariniotakis, “Optimal
participation of residential aggregators in energy and local flexibility
markets,” IEEE Transactions on Smart Grid, vol. 11, no. 2, pp. 1644-
1656, March 2020.

F. Yang, D. Cerrai, and E. N. Anagnostou, "The effect of lead-time
weather forecast uncertainty on outage prediction modeling,"
Forecasting, 2021, vol. 3, no. 3: Multidisciplinary Digital Publishing
Institute, pp. 501-516. Available [Online]:
https://www.mdpi.com/2571-9394/3/3/31
S. D. Guikema, R. Nateghi, S. M. Quiring, A. Staid, A. C. Reilly, and
M. Gao, "Predicting hurricane power outages to support storm
response planning," IEEE Access, vol. 2, pp. 1364-1373, 2014.

A. Jaech, B. Zhang, M. Ostendorf, and D. S. Kirschen, "Real-time
prediction of the duration of distribution system outages,” IEEE
Transactions on Power Systems, vol. 34, no. 1, pp. 773-781, 2019..

M. Abaas, R. A. Lee, and P. Singh, “Long short-term memory
customer-centric power outage prediction models for weather-related
power outages," IEEE Green Energy and Smart System Systems
(IGESSC), Nov. 2022, pp. 1-6.

R. Baembitov, M. Kezunovic, K. A. Brewster, and Z. Obradovic,
"Incorporating wind modeling into electric grid outage risk prediction
and mitigation solution," IEEE Access, vol. 11, pp. 4373-4380, 2023.

[37]

(38]

(39]

[40]

[41]

[42]
(43]
[44]
[45]

[46]

[47]

(48]

M. Kezunovic, P. Pinson, Z. Obradovic, S. Grijalva, T. Hong, and R.
Bessa, "Big data analytics for future electricity grids," (in English),
Electric Power Systems Research, vol. 189, p. 106788, 2020, doi:
10.1016/j.epsr.2020.106788.

M. Kezunovic and T. Dokic, "Big data framework for predictive risk
assessment of weather impacts on electric power systems," Grid of the
Future, CIGRE US Nat. Committee, Atlanta, Nov. 2019.

T. Dokic and M. Kezunovic, "Predictive risk management for dynamic
tree trimming scheduling for distribution networks," IEEE
Transactions on Smart Grid, vol. 10, no. 5, pp. 4776-4785, 2018.

R. Baembitov, M. Kezunovic, and Z. Obradovic, "Graph Embeddings
for Outage Prediction," North American Power Symposium (NAPS),
Nov. 2021, pp. 1-6.

Business Practice Manual for Market Operations. California
Independent System Operator. [Online] Available:
https://bpmcm.caiso.com/BPM Document Library/Market

Operations/BPM_for_Market Operations_V65_redline.pdf

ERCOT Business Practice. ERCOT Public [Online] Available:
www.ercot.com/content/wem/key_documents_lists/89328/BusinessP
ractice_ AS_MarketSubmissions_Versionl_4.doc

M. Khoshjahan and M. Kezunovic, “Robust bidding strategy for
aggregation of distributed prosumers in flexiramp market,” Electric
Power Systems Research, vol. 209, pp. 107994, August 2022.

M. Baran, F.F. Wu, “Optimal sizing of capacitors placed on a radial
distribution system,” IEEE Transactions on Power Delivery, vol. 4,
no. 1, pp. 735-743, 1989.

Auvailable [Online]: https://openei.org/datasets/files/961/pub/
Available  [Online]:  https://www.ncei.noaa.gov/pub/data/uscrn/
products/hourly

Texas solar is booming, but batteries are not included. Available
[Online]: https://pv-magazine-usa.com/2022/04/21/texas-solar-is-
booming-but-batteries-are-not-included-2/

Auvailable [Online]: http://oasis.caiso.com/mrioasis/logon.do

MOHAMMAD KHOSHJAHAN  (Graduate
Student Member, |EEE) received the B.Sc. and
M.Sc. degrees in electrical engineering from
Amirkabir University of Technology, Tehran,
Iran, and Sharif University of Technology,
Tehran, Iran, in 2015 and 2017, respectively. He is
currently a graduate research assistant and is
pursuing the Ph.D. degree with the department of
Electrical and Computer Engineering, Texas
A&M University, College Station, TX. He was a

recipient of the 2021 Texas A&M Energy Institute Graduate, and the 2019,
2021, and 2022 Thomas & Powell Industries fellowships. He also served as
the technical chair at the 2021 IEEE Texas Power and Energy Conference
(TPEC 2021). His research interests include electricity market design,
power grid operation, smart grid, system flexibility and reliability.

RASHID BAEMBITOV (Graduate Student
Member, IEEE) received the B.Sc. and M.Sc.
degrees in electrical power engineering and
economics and business administration from the
Moscow Power Engineering Institute, National
Research University, Moscow, Russia, in 2014
and 2016, respectively. He is currently pursuing
the Ph.D. degree with Texas A&M University. He
is also a graduate research assistant at Texas A&M
University. His research interests include big data,

artificial intelligence, machine learning for power system applications,
power system risk assessment, and grid integration technologies.

11


https://www.mdpi.com/2571-9394/3/3/31

IEEE Access

Multidisciplinary ; Rapid Review : Open Access Journal

MLADEN KEZUNOVIC (Life Fellow, IEEE)
received the Dipl.Ing. degree from the University
of Sarajevo, Sarajevo, Bosnia and Herzegovina, in
1974, and the M.Sc. and Ph.D. degrees in
electrical engineering from the University of
Kansas, Lawrence, KS, USA, in 1977 and 1980,
respectively. He has been with Texas A&M
University, College Station, TX, USA, since 1987,
where he is currently a Regents Professor, an
Eugene E. Webb Endowed Professor, and the Site
Director of the ‘‘Power Engineering Research Center’” Consortium. He is
also the Principal Consultant at XpertPower Associates, a consulting firm
specializing in power systems data analytics. He has authored over 600
papers, given over 120 seminars, invited lectures, and short courses, and
consulted for over 50 companies worldwide. His expertise is in protective
relaying, automated power system disturbance analysis, computational
intelligence, data analytics, and smart grids. He is a member of the U.S.
National Academy of Engineering. He is CIGRE fellow, Honorary member
and Distinguished member.

12



