Version of Record: https://www.sciencedirect.com/science/article/pii/S0306261922000885
Manuscript_9bd47362cc1d2669cc236072c2aec445

Multi-Service Battery Energy Storage System
Optimization and Control

Sarmad Hanif, M. J. E. Alam, Kini Roshan,
Bilal A. Bhatti, Juan C. Bedoya®

®Pacific Northwest National Laboratory, 902 Battelle
Boulevard, Richland, 99352, WA, USA

Abstract

Battery energy storage systems (BESS) have become a fundamental part of
modern power systems due to their ability to provide multiple grid services.
As renewable penetration increases, BESS procurement is also expected to
increase and is envisioned to play a systematic and strategic role in power sys-
tems planning and operation. Therefore, in this paper we present a multiple
grid service procurement and operation approach for BESS, including energy
arbitrage, reserve/regulation services, power factor correction, and demand
management. The proposed framework considers an optimal multi-temporal
dimension and is designed to be operable for both planning and real-time
operation. Moreover, the nonlinearity inherent to BESS services and the
uncertainty associated with market forecast variables are addressed using
techniques such as polyhedral norms and robust optimization approaches.
The developed model is tested using a utility-scaled BESS, and the results
show the effectiveness of the systematic BESS multi-service planning and
operation approach.
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TdaTraTh

Demand charge, regulation power, and hourly
time set

tq, t., tn Time step in the demand charge, regulation, and
hourly time set

Dd, Pes Pb Battery discharge, charge, and net injection

Dg, D1 Power import from the grid and local demand

py(t), p_ () Regulation up and down participation

0, Pt Power factor and its limits

Ars Aey Apk Reserve, energy, and peak price

A", A°, Py, Reserve price, energy price, and local demand
uncertainty set

ri/A/p Reserves/Arbitrage/Demand charge problem’s

(Crya/p, Brja/D)
Pg(t), qg(t), s4(t)
pb(t) » db (t) ) Sb(t>

pi(t), qu(t), si(t)

uncertainty budgets

Reserves/Arbitrage/Demand charge problems’ dual
variable from robustification

Total active, reactive, and apparent power seen at the
grid at each time step t

Total BESS active, reactive, and apparent power at
each time step t

Total active, reactive, and apparent load at

each time step t

Smaz Maximum apparent power rating for the inverter
Nes Nd BESS charging and discharging efficiency in per-unit
x(t) BESS state of charge at time t

At Time step in an hour

Ra Revenue from energy arbitrage in $

Rr Revenue from reserve/regulation provision in $
Ch Cost of demand charge reduction in $

Cpr Cost of power factor correction in $

Amis Penalty factor for reserve/regulation provision
Pmaz> Tmaz BESS maximum power and state of charge limit
Dpk Auxiliary variable in demand charge formulation

(T) and (A) represents the predicted and actual value of quantity (-), respec-
tively and |a 4 ¢ - b| represents the absolute value of the complex quantity as
Vva? + b?, with the real and imaginary value denoted by a and b, respectively.



1. Introduction

Due to the growing penetration of renewable resources and proactive pro-
sumers, higher grid flexibility and smart operation is required to maintain
reliability and safe operations. Under such requirements, the role of the bat-
tery energy storage system (BESS) is becoming more and more important [1].
According to [2], the penetration of BESS in power grids across the world
is expected to reach 8.6 GW and 21.6 GWh by 2022. As prime importance
for power grids is their security, the earlier applications concerning BESS
have been focused primarily on addressing grid reliability. The authors in
3] studied the effects of sizing BESS to support grid reliability. The method
outlined an approach to consider BESS within the framework of mitigative
actions from the demand response and dynamic thermal rating for higher
grid reliability. In [4], a genetic algorithm and fuzzy logic-based method are
proposed to optimize the BESS capacity and line thermal rating to increase
network reliability. Similarly in [5], the authors evaluated the use of BESS to
mitigate the intermittent nature of wind power for higher reliability. How-
ever, the main reasons for the popularity of BESS stems from the fact that
it can not only support the power grid reliability, but can also provide mul-
tiple grid services and hence financial benefits to its owners [6]. Ultimately,
which leads to the reduction in BESS acquisition costs [7]. Indeed, the most
economically beneficial operation of BESS is usually found when it is oper-
ated to provide multiple services [8, 9]. Hence, in this paper, we study BESS
which procures multiple services.

Before we present the state-of-the-art research on multiple services by
BESS, we would like to point out a few field /real-life capability demonstra-
tions of BESS to support multiple services. Early efforts to control the real
and reactive power of the 10 kVA /30 kWh BESS to provide peak load sup-
port in a laboratory setup were reported in [10] showed that utility-scale
BESS 1 MW/3.2 MWh may even be operated using a multi-layered control
architecture framework with possibilities of local (volt/var) and system-wide
(transmission grid deferral) services. In [11], multiple applications were in-
vestigated (frequency regulation and reactive power compensation) for the
BESS project of 1.2 MVA /600 kWh energy power/capacity with 900 kVar
reactive power capability from Helen Electricity Network Ltd. (Helsinki).
ComEd, a utility, conducted a first-of-its-kind community storage pilot to
demonstrate power outage mitigation and 750 kW solar power integration,
with the help of a 500 kW /2MWh BESS [12]. Adaptive PV power smoothing



is demonstrated in a field test using 130kWh/125kW BESS while avoiding
excessive battery use so that it can provide other grid services[13].

The academic research advocating multi-service procurement from BESS
has gained a lot of attention from the researchers around the world. BESS to
support multi-services have also been proposed using real-time controllers [14,
15] or considering local constraints to be included in their look-ahead plan-
ning methods in [16, 17]. In [14] autonomous real-time controllers were pro-
posed to react to grid disturbances, whereas in [15], the authors proposed
simultaneous provision of active and reactive power from BESS. These works
have not considered accounting for the planning phase of BESS which gener-
ates the economically feasible setpoints. Authors in [16, 17] proposed BESS
planning methods to include grid constraints. However, the methods do not
cover real-time control of those constraints, which is important as uncertain-
ties may exist in the actual operation. From a technical and economical per-
spective, as one may suspect, the most cognizant methodology utilizes both
the predicted (look-ahead) as well as the real-time conditions for smooth
BESS operation.

A two-phase framework for controlling and scheduling energy storage is
presented in [18] to provide multiple services to the grid. In the first phase,
a rolling horizon-based period-ahead planning is implemented to maximize
the storage capacity and continue the operation of the storage system. In
the second stage, the storage power is computed in real-time for each service
and superimposed on the period-ahead planning. However, non-convexities
associated with the grid constraints have not been considered, which may
challenge the computationally inexpensive method proposed in [18]. Also,
the method does not explicitly consider uncertainties in the planning phase
which may create the energy budget calculation proposed in [18] to be way-off
in the real-time control phase. A co-optimization methodology with energy
storage to consider grid constraints (power factor correction) is developed
in [19] using a McCormick relaxation optimization. However, in [19], the
authors do not consider the uncertainties associated with the planning stage
explicitly, and instead proposed a receding horizon control which may get
computationally inefficient to be solved repeatedly, as a higher number of
services are included in the framework.

To safeguard the planning stage against uncertainties, optimization meth-
ods such as (1) stochastic optimization and (2) robust optimization may be
deployed to explicitly address uncertainties. Using stochastic optimization,
[20] analyzed the integration of BESS into the wholesale market; [21] and [22]
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demonstrated sizing of BESS for demand management and outage manage-
ment in distribution grids, respectively and; [23] presented the utilization of
BESS in the expansion planning of a transmission grid. The above-mentioned
methods on stochastic optimization did not provide any treatment of the gen-
erated setpoints from the optimization in the real-time control. Moreover,
these methods do not consider multiple services in their optimization. Hence,
these works are not able to comment on the proposed methods’ scalability
and generalizability. A behind-the-meter BESS with a stochastic scheduling
algorithm to jointly optimize frequency regulation and peak shaving is pre-
sented in [24]. The method in [25], though proposed for multiple services and
catered for the real-time control, did not consider the non-convex nature of
the grid constraints, which is challenging given the number of scenarios to be
utilized with the stochastic variables increase exponentially with an increase
in the number of constraints. Because the core of stochastic optimization lies
in estimating the distribution of the uncertain variable, such method poses
some challenges for multi-service procurement of BESS, such as (1) the dis-
tribution function to characterize uncertainty may create complications in
recasting the stochastic program to be solved efficiently, (2) there may exist
a large number of scenarios to cover the uncertainty range, making the opti-
mization problem very large and/or intractable, and 3) for new BESS services
there may not be enough data to quantify the prediction of the associated
uncertain variables. Under such cases, robust optimization provides a com-
putationally friendly mechanism to include uncertainty in the optimization
problem. The authors in [26] included robust demand uncertainty sets in cal-
culating demand charge reduction from BESS. The use of price uncertainty
in the energy arbitrage of BESS is shown in [27]. The works in [28] solved
for a robust investment decision for BESS when performing peak shaving.
The works in [26, 27, 29] though utilized a computationally friendly robust
optimization in the planning of BESS for grid services, did not consider the
extension of their respective methods to multiple services as well as to the
real-time control capability. Multiple services planning and control frame-
work has been proposed in [30]. In [30], the method to optimize an integrated
PV-BESS set to provide voltage and frequency control under uncertain so-
lar irradiation, load prediction, and frequency regulation signal. As robust
optimization solves for the worst-case scenario, the associated conservatism
may be dealt with using the budget of uncertainty concept [31], making the
solution less conservative while improving the solution time. However, the
method in [30] parameterized the planning and control problem in terms of



physical signals (e.g., load profile, local generation, and frequency measure-
ments etc.), and not in terms of economic conditions (e.g., wholesale energy
price, reserve price, power factor penalty, and demand charges etc.). As mo-
tivated earlier, evaluating monetary benefits are essential for the widespread
integration of BESS in the power grid as they may hinder performance eco-
nomic feasibility of potential BESS installations.

The pitfalls of the state-of-the-art literature on BESS multi-services pro-
curement are summarized in Table 1, where it can be concluded that an
extensive, scalable and a generic multi-services framework is missing. This
paper presents such a framework which has the following novel contributions:

1. We provide a procedure to explicitly address wide-range of services
pertaining to behind-the-meter, system-wide, and reactive power ap-
plications, namely: (1) energy arbitrage, (2) demand charge reduction,
(3) reserve/regulation provision, and (4) power factor correction. More-
over, we provide a real-time correction procedure that utilizes real-time
operating conditions and explicitly includes their impact to adjust the
set points to accommodate each service. Table 1 shows that none of
the state-of-the-art literature on BESS multi-services frameworks have
explicitly addressed these wide-range of services in a common planning
and control framework.

2. We show that the presented set of services can, in fact, be gener-
alized to many more services by presenting a simplifying framework
for the look-ahead planning stage that is based on the highest-time-
resolution service (e.g., day-ahead energy arbitrage with hourly reso-
lution) and then performing real-time correction based on the lowest-
time-resolution (e.g., frequency regulation with 2-4 seconds resolution)
service.

3. In the planning stage problem, despite diverse services provision, we
provide a linear programming based framework such that the solution
can be efficiently obtained in a timely manner using a common off-the-
shelf solver. The issues addressed in this paper that hinder achieving
a linear program in the presence of selected services are: (1) multi-
ple temporal dimension, (2) non-convexity constraints, (3) min-max
structure, and (4) uncertainty related to external variables.

4. The planning stage is augmented by real-time control, where a sensitivity-
based control algorithm is utilized for timely decision of charge/discharge
for the BESS. Similar to the planning stage, the real-time control laws
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Table 1: Existing multi-service frameworks in the literature; services considered in the
literature are named as: Demand Charge/Peak Load/Load Management (LO), Energy
Arbitrage (EA), Reserve/Regulation/Primary Frequency (AS), Power Factor Correc-
tion/Voltage Support/Grid Constraints (GR); WO0-U stands for without uncertainty and
W-U stands for with uncertainty

Refs. Services Planning Control Remarks
Wo0-U W-U
(14, 15] AS + GR X X v Novel  real-time con-

trollers without demon-
strating  planning  of
set-points

[19] EA + GR v X X No explicit uncertainty
representation in  the
planning stage

[18] EA + AS vV X v Non-convexities of grid
+ LO constraints and explicit
uncertainties not ad-

dressed
[24] AS + LO X v v Non-convexities of grid
constraints not addressed
[30] AS + GR X v v Economic variables and

associated uncertain pa-
rameters not addressed
in robust optimization




are shown to be extensible to multi-services and generalizable for any
service to be procured by BESS. This is done by assigning the associ-
ated parameters and variables of each service to be included explicitly
in its control law.

The rest of this paper is organized as follows: Section II presents system
setup and considered services for the novel approach. Sections III and IV
describe the proposed day-ahead and real-time methodologies, respectively.
Section V details the simulation results of the proposed strategy.

2. System Setup & Considered Services

2.1. Organizational and Functional Framework of BESS

In power grids, BESSs can be owned by residential users [32], a utility
company [33], and a third-party company [34]. The BESS ownership model
is dictated by the relevant services to be offered by the BESS. For example,
participating in the energy wholesale market for exploring arbitrage oppor-
tunities requires a minimum capacity to be purchased/sold, which is usually
much higher than the residential BESS (a few kWs) [35]. Note that, aggrega-
tion of multiple small-scale residential consumers may be done to meet such
conditions, however, such models are subjected to further scrutiny by the
regulators and require careful administration. With the advent of the FERC
Order 2222 [36], these aggregation services are destined to get more advanced
and their adoption in the ownership models may become widespread. Hence,
in the current grid realm, utility-scale BESSs (100s of kWs to MWs power
capacity) are explored to provide grid services [37]. Hence in this paper, to
explore multiple services and bypass addressing the barriers existing in the
regulatory framework, we adopt a utility-scale BESS ownership model. The
operational assumptions of the chosen ownership models are:

1. The BESS is assumed to be either operated by the utility or a com-
pany for the utility such that it provides certain services based on its
contractual agreement.

2. It is assumed that the relevant data for optimizing services for the
grid, the appropriate battery management system to monitor BESS
SoC, and proper regulation of BESS strings to achieve the requested
charge/discharge setpoints is overseen by the BESS owner.

3. The services to be procured by the BESS are supported by the current
market rules.



4. If multiple BESSs exist in the system, the BESS owner aggregates
them to a common point, and hence the proposed method of this paper
considers them to be operable as a single BESS.

5. The utility has already performed hosting capacity analysis for the
installed BESS in the grid, such that the maximum charge/discharge
of the BESS does not cause any major voltage violation across the
network, as well as does not cause any alarming levels of contribution
in the fault current.

Gri
I Sg =PgtJdy
| sb=pb+ia Isi=pi+ija
pC—_AC
Load
Battery

Figure 1: System setup with physical connection shown with black lines and power flow
directions with blue arrows

2.2. Operational Models

Figure 1 shows the power flow configuration of the assumed setup of this
paper. With this configuration, the total active p, and reactive g, power seen
at the grid at each time step ¢ is given as

py(t) = pu(t) + pu(), (1a)
99(1) = (1) + qu(?). (1b)
The reactive ¢(t) and active p;(t) power loads are considered to be fixed

(measurements/historic forecast), whereas the active p,(t) and reactive power
q(t) are assumed to be controllable and can be related as

Sp = |pb + in| < Smazx (2>

where s, is the apparent power injection/withdrawal by ESS and is con-
strained because of the inverter rating s,,,,. The battery (active) power p, is



the combination of its charging/discharging power p./py and efficiency factor
Ne/Ma, such that:

(t)

pb(t) = - ncpc(t)‘ (3>
N
The ESS energy level as a state-of-charge x can be obtained as:
x(t+1) = x(t) + po(t) At, (4)

where At is the time step in an hour, with p, given in kW and SoC in kW h.
To conclude the apparent power, s, seen at the grid can be shown as:

g = |pg + gy (5)

2.8. Services Provision
To enhance the value obtained from the ESS, it is assumed that it can
provide multiple services, as described below.

Energy Arbitrage. ESS attempts to improve its monetary benefit by charging
(buying) when prices are low and discharging (selling) when prices are high.
For the purpose of arbitrage, an ESS owner forecasts the hourly price Ae
based on the chosen charge/discharge strategy.

Ba=3" (Aelt)palt) — pelt))) (6)

teTy,

Reserves/Regulation Provision. ESS can respond to regulation up or reg-
ulation down signals in real-time, and therefore can help balance system
generation and load. However, ESS needs to plan for reserving part of its
capacity to provide such a service. This can be done by optimizing for the
ESS capacity to be reserved for future hours, given the forecast of hourly
balancing price A and error penalty minimization, represented by a penalty
factor \,,;s multiplied by the difference between the forecast regulation power
request signal p,(¢,) and a battery response py(t,) = pa(t,) — pe(t,). The reg-
ulation signals are sampled at a faster time scale (2-4 seconds), which is
represented by t,. € T,, where T, is the time set of the forecast horizon of
the regulation signal.

Rp = Z (5\7'(2%>(p+(t) —|—p,(t))>

teTy

tr-€Ty
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Demand Charge Reduction. The ESS can be utilized to reduce the monthly
demand charge A, which is estimated using the maximum demand that
occurs in a month. The detailed method of calculating demand charge will
vary from one utility to another. In this paper, it is assumed that the peak
value recorded in the 15-minute interval of the load (in kW) for each month
is considered to be charged for peak demand,

Cp = Apk (gle%(pg(td)n (8)

where t; € T, is the resolution (usually 15 minutes) for the demand charge
calculation and T, is the time set of the forecast horizon of the facility load
profile.

Power Factor Correction. The power factor shows the utilization of total
energy transmitted to loads, i.e., a lower power factor indicates a higher
total power needs to be transmitted in order to supply a given load, which
in the case of a higher power factor would be satisfied through less power
transmission. From (2), the inverter technology can be utilized to maintain
reactive power and thus the power factor at the point of common coupling.
The cost of the power factor seen by the grid can be calculated through the
power factor penalty A,, which is imposed by the utility as:

Cpr = )\p%naX(O’ p(ta) = py), (9)
€Ty

where p(t4) is the power factor at time step t4:

pg<td)
|py(ta) + iqy(ta)l’

p(ta) = (10)

and p. is the power factor limit imposed by the utility. From above, one may
notice how charge/discharge power from the battery, power drawn from the
grid, and the power demand at the load are recorded changes from one service
to another. At each hourly time-step, the average power drawn to/from the
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grid and the battery charge/discharge power can be calculated as:

t treTh t tdETh
d
pa(t) = 7 D palts) + - Y palta) + paltn), (11a)
h =1 h =1
" t €Ty, 4 tqy€Th
pelt) = 75 D pelte) + - Y pelta) + pe(tn). (11b)
h tril h td:1
td tg€Ty,
py(t) = T, Z pq(ta); (11c)
h tg=1
td tg€Ty,
o) =15 3 ). (114)
tg=1

With the above substitution, the system setup shown in (1) — (4) becomes
a viable way to track the inter-temporal energy evolution of the ESS and its
impact on the grid and load variables.

3. Proposed Methodology

The proposed method follows a sequential approach. First, at each hourly
time step, a look-ahead plan (e.g., day-ahead) is constructed, i.e., BESS
charge/discharge levels are obtained for the look-ahead horizon (e.g., 24 hours
for 1 day). This schedule is then updated every hour based on the most
updated real-time information, which is revealed at each hour mark. This
section explains these procedures in detail.

3.1. Look-Ahead Plan Formulation

Co-optimization of the above-presented services in the previous section
in their most detailed form can be represented as:

maximize Rjq+ Rr—Cp — Cpp (12&)
Pg:P+,
p77pg

subject to 0 < pa(t) < Pmax (12Db)

0< pc(t) < Prmaz (120)

Tmin < l'(t) < Tmaz (12d)

—(p+) = pg(t)/54(t) = p+ (12e)

(1) — (5), (11),\775 € Ty, Vt, € T,.,Vtg € Ty
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The above optimization problem maximizes the revenue (minimizes the cost)

from procuring the services subject to internal (battery) and external (ser-
vice) constraints. The variables in the objectives and constraints are ex-
plained in detail in Section 2. Next, we show how the problem (12) in its
most comprehensive form is challenging to solve.

3.1.1. Multiple Temporal Dimension

Multi-time-steps involved with multiple services increase the size and thus
the computation requirements. For example, the regulation service is per-
formed for every 2 — 4 seconds. This makes each variable in the daily look-
ahead optimization problem have a large dimension of 21,600 time steps,
considering a regulation signal of 4 seconds. Along with the inter-temporal
SoC constraints, these time steps become coupled, making it a very large
problem to solve. Moreover, some services have a higher look-ahead dura-
tion compared to others. For example, demand charge is determined on a
monthly basis, whereas the energy arbitrage is performed on a daily basis.

To mitigate this, service with the longest hour is chosen as the base time-
step. For the case of this paper, we use the energy arbitrage service that
is performed on an hourly basis. Also, the look-ahead period is adjusted
to only cover look-ahead a day in advance. With these changes, the other
services (reserves/regulation participation and demand charge reduction) are
adjusted accordingly.

The reserves/regulation provision is first split into an hourly calculation of
capacity to be reserved and then is adjusted in the real-time reserve market.
The BESS then receives a regulation signal that is scaled with its contracted
capacity in the subsequent real-time scenario. In the day-ahead reserve mar-
ket, the benefit of procuring reserves is then represented by (7) without the
second term. To assure that enough energy is available in BESS to account
for contracted power, the following constraints are implemented:

P—(t) < Pmaz — (pe(t) — pa(t)) (

P (t) < (pe(t) — pa(t)) + Pmax (
0 < 2(t) — (na/ne)p-(t) < Tmax(t) (13c

0 < 2(t) + nenap+(t) < Tmaa(t) (
Similarly, simplification is done for the demand charge as follows. The
demand charge reduction is simplified to be representable with hourly reso-

lution load values and a horizon of 1 day. However, once the peak load to be
imported from the grid is calculated for a day, it is maintained in real-time
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with the actual load measurement. In this way, the peak load is updated for
each day and compared with all the days of the month, and eventually the
highest peak load for the month is subjected to demand charge. With these
assumptions, (11c) is redundant because py(t) is assumed to be averaged over
demand charge intervals.

3.1.2. Non-Convezr Constraints

The constraints (12e), such as power factor correction, introduce non-
convexity in the optimization problem. This is difficult to solve with com-
monly available, efficient off-the-shelf solvers, increases the solution time sig-
nificantly, and could generate multiple solutions.

The complex apparent power equations related to inverter/grid constraints
(2)/(5) can be linearized using a polyhedral norms — first proposed in [38]
and then utilized for volt/var control problem in [39]. For the case of this
paper, these equivalent linear approximations for inverter apparent power

sp(t) = po(t) +igs(t)| < Sman ave:

l%) + qb(t)sin(l%) < Smaz

for  I=1,... k. (14)

—Smazx S Pb(t)COS(

3.1.3. Min-Max Structure

We utilized the approximations from the previous section to address the
final hurdle in efficiently solving the optimization problem—the min-max
structure of objective function introduced due to the demand charge reduc-
tion and power factor penalty. Along with the assumption on average power
over the hourly time-step, for the demand charge calculation we reformulated
the problem by introducing an auxiliary variable p, as:

pg(t) < DPpk, (15&)
Ppk >0 (15b)

which achieves the objective to minimize the term A,;ppi. Similarly, the
difficult maximization term of (9) is reformulated using the linearization
of the complex apparent term shown in (14). The resultant set of linear
equations for power factor correction come out as:
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0(t)
0(t)

Mo
p(pgt
for l:{l,...,k

0, (
Ao <> 34(1)p+) (
o(t)co (zZ) Jng(t)Sin(l%))er) <0(t) (16¢
(1) + ag(O)sin(i7))py) > - 0(t) (

)

i

>
>

p(t) —
) —

S
t cos

which achieves the objective for power factor correction by minimizing

A 0(1).

3.1.4. Uncertainty Inclusion

The look-ahead problem invariably consists of uncertainties in the form
of price (energy/regulation) and load (facility /feeder) predictions. Appropri-
ate procedures for mitigating uncertainty must be implemented; otherwise,
severe over/under approximation of service revenue in the look-ahead plan
will be observed.

As the above-mentioned subsections demonstrate, the proposed planning
stage of this paper attempts to include the desired services from the BESS,
while either simplifying or recasting them to exclude their non-convexity and
multiple time step complexities. We follow the same philosophy while han-
dling uncertainty associated with the planning stage, by deploying a robust
optimization framework [31]. The following reasons explain this framework
adoption in detail:

1. A robust counterpart keeps the same complexity as the original prob-
lem, i.e., a quadratic program stays quadratic, and a linear program
stays linear. For the given framework, as we have recast the planning
problem as a linear program (see Section 3.1.2 and Section 3.1.3), this
will make the robust counterpart also linear. This has a tremendous
positive impact on the practical implication of the planning problem,
as most of the off-the-shelf solvers can solve linear programs very effi-
ciently. See [40, 41] and [42] as an example of efficient linear program-
ming solving commercial and open-source solvers, respectively.

2. Robust optimization may not need to quantify the distribution of the
uncertain parameter, allowing it to be more flexible to be included for
a variety of BESS services. This is especially important for future grid
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services, where there may not exist enough data to quantify the un-
certain parameter associated with their respective services. This is an
advantage of robust optimization, as compared to stochastic optimiza-
tion [43, 44]. The success of stochastic optimization relies on identi-
fying plausible scenarios for describing uncertain parameters [45]. For
the proposed framework of this paper, as the number of services in-
creases, scenarios to identify uncertain parameters may become very
large, causing computation intractability. Techniques associated with
scenario reductions may be adopted, which may get very complex as
the coupling of uncertain parameters may not be easily determined, till
enough data has been generated from the field/experiments

Note that a robust optimization framework is known to be conservative in its
solution. This is because the aim for robust optimization is to provide a feasi-
ble solution for any realization of the uncertainty, and an optimal solution for
the worst-case realization of the uncertainty. To manage this conservatism,
we utilize the concept of uncertainty budget to tune the conservatism of the
robust optimization solution, while defining uncertainty using a compact set
(e.g., a polytope) [46, 47]. Hence, the proposed robust optimization frame-
work provides a computationally friendly method to include uncertainties,
while providing sufficient modeling flexibility. B

The uncertainty in the price variable forecast \; is accounted for by us-
ing the classical robust optimization methodology of accounting for uncer-
tainty using uncertainty budget method [31, 46] as: A® = {\.(') € R, A.() €
Ao @), AE@)], X perWE () = AZ (') < Ta}, which shows that Ae(t') is in fact
a polytope contained in [A;,\}]. Furthermore, the uncertainty set also as-
sumes that the forecast price’s maximum deviation is only allowed for up to
['4 time periods. Meaningful to this context, I'4 then takes on values in the
integer interval [0, 23], where 0 means no price deviation and 24 amounts to
price deviation for the whole 24 hour time horizon. The dual from the robust
optimization used to account for the uncertainty budget comes out as [31]:

Ry =" Ca(t) + TaBa+ Ae(1)(pa(l) — pe(1))

t'eT
+ (A O@a) = pele) (172)
el
Ca(t') >0, Ba>0, ¢ €{2,...,T}, (17b)

where the price at the current step (1) is known. For reserve price, un-
certainty is defined as: A" = {A\.(t') € R, A\ (t)) € M- ('), N ()], Yo per N () —
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A (') < T'r}, which yields its robust variant as (only shown for reserve up vari-

able):

Rp = Z Cr(t') +TrBr + Ar(1)(p4(1))

t'eT
+ (A @)@t (182)
t'eT
Cr(t') >0, Bp>0, t' €{2,...,T}, (18b)

where the price at the current step A\.(1) is known. Similar equations exist for
reserve down and are omitted here for brevity. Finally, for the facility demand to
be uncertain and similarly defined in an uncertainty set as Py, = {p;(t) € R, p;(t) €

By ().5 (O], Xper () (1) = () <Tp}:

Cp = _Co(t) +TpBp + kP (19a)
teT

Cp(t) + Bp > (B (t) — by (1)) (19b)

CD(t) >0, fp >0, tE{l,...,T}. (190)

3.2. Final Model

Finally, the proposed day-ahead model can be written as

maximize — — 20a
p—7p97<D7
Bp,CR,BR,

Ca,Ba

subject to (1), (3), (4), (12b) — (12d), (13) — (19) (20D)

3.3. Eztension of Service Selection

Note that we presented the above four use cases in the spirit of covering the
most diverse types of services in one portfolio. That is, multiple services may be
derived from the above-mentioned service with little or no change in the formula-
tion. Therefore, the presented services are comprehensive in this sense.

3.3.1. Service Extension Framework

The general guidance on extending the proposed framework to more services
is as follows.

1. Economic objective of the new service is identified in its full form. For
example, see the original objective functions of the arbitrage (6) and reserve
revenue (7) services.
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2. The intended time-step of the new service, its constraints in full form and
their impact on ESS constraints are identified. For example, see the non-
convex power factor constraints identified for power factor correction in (10),
and multiple time steps of different services identified in (11).

3. For the services identified with the linear constraints and objectives, the
intended service can directly go into the proposed framework. However, for
the services containing non-convex constraints and different time steps than
the identified planning horizon’s granularity, they would need to be reworked
to be adopted in the proposed framework. Such issues can then be mitigated
using the methods described in Section 3.1.1-Section 3.1.3, in detail.

4. Uncertain parameters associated with the respective service are identified
and then a robust optimization framework can be adapted to include them,
without increasing the optimization problem complexity (see Section 3.1.4)

3.3.2. Services Extension Examples
Examples of the direct extensions from the proposed services of this paper are:

Wholesale Market Services Extensions. The reserve/regulation service modeled
using (18) and energy arbitrage service modeled using (17) can be directly ex-
panded to represent other types of services of the wholesale market such as 1)
capacity bidding in the ancillary service markets, 2) optimizing for primary regu-
lation, and 3) secondary frequency (load frequency) signals.

Behind-The-Meter Services Fatensions. The demand charge reduction service pro-
curement shown in (19), is intended as a local (behind-the-meter) service and can
be easily extended to demonstrate as a peak shaving and/or demand shaping ser-
vice. To implement this extension, rules to incorporate specific shaping/shifting
requirements from the net load (facility load minus local renewable generation)
can be inputted along with the cost parameters in the objective function and local
renewable utilization.

Distribution Grid Services Extensions. The linear power factor correction service
constraints implemented using (16) utilize the reactive power capability of the
inverter to compensate for the poor power factor. There exist grid services of
Volt/Var optimization and conservative voltage reduction (CVR) services that
also utilize reactive power injection/absorption [48]. Similar to power factor cor-
rection, the objective of such services can be included in the objective function
of the proposed framework, and their constraints can be modeled either using a
linearization approach of this paper (16) or by using a linear sensitivity factor of
the grid location [49, 50].
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4. Real-Time Control

Algorithm 1 shows the real-time control sequence of the proposed real-time

control algorithm. Once updated information is available, the main part of the
real-time control sequence will be implementing the real-time correction rules to
incorporate the change in real-time conditions.

Algorithm 1: Real-Time Control Sequence

Input : Base set-point p (charge/discharge) for the hour
Output: Modified set point p (charge/discharge) for each real-time
step.

1 while Simulation runs do

2
3

10

11
12

13

if at beginning of the hour then

update base set points (charge/discharge) for the current
hour using the look-ahead plan for the next day;

else

for each service s in total services Ny do

for the forecast variable u affecting the service, find its
updated conditions @ — either through measurement or
an updated forecast;

create a rule for a particular service mg that directly links
to the changing condition ;

update the set points using the rule Apy = mg(a — @) ;

end for

calculate real-time set point for BESS:

ﬁ = ]5 + Zi\il Aps ;

Modify set point if the rules violate the maximum power and
energy requirement of the BESS ;

end if

14 end while

From the chosen services, the following variables external to the BESS are

measured in real-time; (1) actual active power demand p;, (2) actual reactive
power demand §;, (3) real-time energy price A¢, and (4) real-time reserve price

Ar.

In addition to these measurements, real-time market variables such as real-

time energy price and reserves price must also be forecast for shorter time-steps
(5 minutes).
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Note that the accuracy of the real-time updates for forecasts affects the real-
time control of BESS because they are directly connected to the decisions. De-
signing a forecaster for both day-ahead and real-time quantities is out of scope for
this work, and interested readers are referred to [33] for forecasting technologies
deployed related to BESS applications. Algorithm 1 shows the utilization of up-
dated information in the real-time control algorithm. More specifically, the control
is organized around the development of rules to modify in real-time the base set
point from the day-ahead planning.

4.1. Real-time Rules

We explain the part Algorithm 1 plays in updating the base set point in real-
time in this subsection, as it relates to each specific service. From Algorithm 1, it
can be seen that the generic real-time update is done through the equation:

p=D+ Aps (21)

where Ap, is the change in the base set point for each service s - calculated using
a sensitivity rule mg, which relates the change in actual conditions @ to predicted
conditions %, which is calculated using rules calculated from sensitivities:

Apy = my(it — ). (22)

The next subsection demonstrates the calculation of these sensitivities mg for each
considered service s, as adopted in Section 2. The variable ¢’ represent all time
steps in the look-ahead horizon where the time-step 1, i.e., x(1), represents the
value of variable x for the current hour of the real-time instant ¢.

Demand Charge. At time step t, the real-time rule for modifying the battery set
point with respect to demand charge service is calculated as:

max(pp(t)) —fﬂin(ﬁb (")

) ,

Mde = S (e) mingay " 0 € U VY (23a)
(i (1))

Apge = mae(pir(t) — pr(1)). (23b)

The demand charge rule is implemented through the sensitivity factor mg., which
attempts to capture the influence of the battery set points output py(¢') from the
optimization problem [1], given the predicted demand variation p;(¢'). Once the
real-time demand is revealed p;(t), the real-time demand charge correction rule is
obtained as Apgc.
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Power Factor Correction. At time step t, the real-time rule for modifying the
battery set point with respect to power factor correction service is calculated as:

max(qp (t’))jmin(lfb )

B Std(G () ,

Mpfe = max(ql(t,))_mm( 1) WVt e {1,...N} (24a)
td(q; ()

Agppe = mdc(fﬂ( ) —a(1)). (24b)

The power factor correction rule is implemented through the sensitivity factor
My fe, which attempts to capture the influence of battery reactive power set point
output g(¢') from the optimization problem [1], given the predicted reactive power
demand variation ¢(t'). Once the real-time reactive power demand is revealed
qi(t), the real-time power factor correction rule is obtained as Agy., which is the
required reactive power set point for the battery. In this way, Ag,s. represents
the extra reactive power to be injected/absorbed using the BESS inverter. This
local supply of reactive power by the BESS helps to improve the power factor at
the PCC, as it counteracts the reactive power imports from the grid.

Energy Arbitrage. At time step t, the real-time rule for modifying the battery set
point with respect to a real-time energy market opportunity is calculated as:

max(py(t'))—min(py(t'))

std(Pp(¢)) '
" = Vi e{l,...N 25
m max( e(t ))—mln()\e(t’)) { } ( a)

std(Ae ("))
Apea = Mea(Ne(t) — Ae(1)). (25b)

The real-time energy market arbitrage rule is implemented through the sen-
sitivity factor me,, which attempts to capture the influence of battery power set
point output py(t') from the optimization problem [1], given the day-ahead en-
ergy price variation A.(t'). Once the real-time energy price is revealed A.(t), the
real-time arbitrage rule is obtained as Apeq.

Reserve/Regulation Placement. At time step t, the real-time rule for modifying
the battery set point with respect to a real-time reserve market opportunity is
calculated as:
maX(ﬁb(t’)()—?liS(ﬁb(t’))
o std(pp (t/ /
Mres = max (A (#))—min(A-(¢')) VE € {17 e N} (26&)
std(An(¢))

Apres = mres(j\r(t) - 5\7"(1)) (26b)

The real-time energy market arbitrage rule is implemented through the sensi-
tivity factor m,..s, which attempts to capture the influence of the battery power
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set point output py(t') from the optimization problem [1], given the day-ahead
reserve price variation S\T(t’ ). Once the real-time reserve price is revealed Xe(t),
the real-time reserve market rule is obtained as Ap,.s. The regulation signal is
scaled by this capacity Ap,es, and the BESS is made to follow it for each real-time
step.

Finally, these rules are aggregated to obtain the final real-time battery set
point for both active and reactive power as:

ﬁb(t) = ﬁb(t) + Apdc + Apea + Apres (27&)
a(t) = @(t) + Agpye (27b)

4.2. Real-Time Control Implementation

Algorithm 1 contains simple rules to adjust the base set-point from the planning
optimization, and hence continues to run for each real-time step till the end of the
simulation. This means that the real-time control is meant to be operable with
an actual BESS, where the setpoints are autonomously changed throughout its
operation in the direction of improving the BESS revenue, as depicted in rules (23)
— (26). Because real-time control is implemented through rules, it may not end up
violating physical and market constraints, which need to be manually implemented.
First, the real-time set points generated by (27) must be verified against the BESS’s
energy, power, and inverter capacity limitations. In case of violation, they are
manually adjusted using system power balance equations (1)-(4). Second, for an
efficient real-time energy market, participants must oblige to their bid/cleared
quantities. To this end, we limit the charge/discharge quantity of BESS, based
on whether it will violate the real-time energy market commitment. For example,
if a BESS commits to dispatch at 5 kW of discharge power (selling energy), then
the algorithm sets this as a threshold for discharge power commitment. That is,
if the real-time rules for services other than arbitrage cause the BESS to violate
this threshold of the discharge power, then those service violations will be limited
using such thresholds. Finally, the real-time control (actual seconds-to-seconds
implementation) violations due to uncertainties are penalized to demonstrate the
realistic operation of increase in cost due to non-compliance of market service. For
example, for regulation service, we implement a penalty factor, which penalizes
BESS if it does not follow the regulation signal. That is, we use (7) to calculate
the actual revenue, where M,;ss is set as 0.8 [51]. This means that for every
MW deviation from the instructed regulation dispatch, 80% reduction in revenue
is assumed [52], which is a simplification of ISOs’ ancillary services performance
model, as pointed out in [53]. The demand charge reduction and power factor
corrections do not really have any consequences of not meeting the contracted
values and are therefore not implemented as binding services.
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Figure 2: Impact on individual service optimization with an increase in the uncertainty
budget—demonstration of peak load minimization.

4.3. Real-Time Modeling Extension

From Algorithm 1 and (23)-(27), it can be seen that the real-time adjustment
algorithm consists of simple rules and thus can incorporate higher-fidelity SoC
modeling of the BESS, such as in [54]. Even though this is out of scope for
this work, this feature may be desirable for studies evaluating operation losses of
BESS to incorporate multiple services. A suitable approach for including such SoC
models is as follows. The look-ahead plan can include the approximation BESS
model, while the real-time control can then include a higher-fidelity model [54] of
the same approximation deployed in the look-ahead stage.

5. Simulation Results

The proposed setup is tested with a utility-scaled BESS that has an en-
ergy/power capacity of 1,500 kWh/750 kW. The power factor limit of 0.95 at
PCC is used—to support that, a 1,000 kVA inverter rating is assumed. This gives
the BESS the ability to provide 665 kVar at the rated power. The load data from
one of the large commercial buildings in the north pacific region of the USA is used.
To generate energy and reserve prices for both day-ahead and real-time markets,
historical data from a real ISO is used [55]. The look-ahead optimization time
horizon is chosen as 24 hours with 1-hour resolution, whereas the real-time market
signals are updated every 5 minute, and then eventually the real-time control is
implemented every second. We use zero mean with fixed variance random vari-
ables to generate day-ahead and real-time market variable forecasts. However, to
run the parametric simulations, the seed functionality for Python is used to dupli-
cate the random variables for fair comparison. Similarly, the historical regulation
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Figure 3: Impact on revenue normalized to maximum value (y-axis) as the budget uncer-
tainty I'() (x-axis) changes.

signal from [55] is used as the actual regulation instruction so that fair comparison
between real-time adjustments is obtained. To simulate a realistic utility oper-
ation where the BESS helps provide power during outages, we keep 20% of the
energy as the reserve for the possibility of the outage event. The planning prob-
lem’s optimization problem is implemented using PYOMO [56] with GLPK as an
open-source solver [42].

5.1. Tuning Robust Optimization Based Planning Problem

Before the look-ahead model is set up, budget uncertainty parameters need to
be tuned. This is done to select uncertainty budget parameters such that they
provide a right balance between the conservatism of the solution and handling
uncertainty. Figure 2 shows the impact of increasing the budget of uncertainty on
the selected peak load threshold picked by the optimization problem. As expected,
with a higher value of the demand charge uncertainty budget, the optimization
picks a more conservative solution, accounting for higher peak load optimization
for the day-ahead period. For a fair comparison, the results of Fig. 2 are produced
with the fixed load forecast values.

Figure 3 presents the influence on the individual service revenue/cost because
its uncertainty budget is varied from 0 to N (N=24 hours), while keeping the other
services in the co-optimization at a fixed uncertainty budget at: (1) 1 (top most
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subplot), (2) N/4 (top middle), (3) N/2 (bottom middle), and (4) N (bottom most
plot). From Fig. 3, demand charge and energy arbitrage services are influenced
by the uncertainty budget of not only their own services, but also of the other
services. This is because the term related to reserve/regulation energy dominates
the objective function. This can also be seen for the revenue degradation of re-
serve/regulation services as its uncertainty budget increases. To strike a balance
for mitigating future uncertainties and assuring revenue in the day-ahead market,
we select a budget uncertainty of (N/4) 6 hours.

5.2. Quantitative Results Comparison

Figure 4 shows the results from a 1-month run with both the predicted day-
ahead (DA) values and their actual realized real-time (RT) values. The BESS’ SoC
(bottom plot) stays within the reserve SoC for the entire duration while the BESS
supports the grid by minimizing the peak load (middle plot). In the middle plot,
the “total load” is the facility load target of which a portion is contributed by the
BESS discharging (top plot). Notice that around times “2019-01-13 — 2019-01-17”
the real-time load became higher than the predicted peak load; however, it was
decreased by the BESS discharging and thus supporting the local load. Moreover,
due to allowing for a higher load (robust optimization) in the look-ahead opti-
mization and utilizing the real-time conditions to adjust set points in real-time,
the actual peak load is less than the predicted DA peak load. One day from the
month-long run is presented in Fig. 5, with the reference peak load for that day.
Notice that the BESS flattens the grid load imported to the facility. It also places
commitments for other services (arbitrage/reserves) in the DA market and then
provides corrections based on real-time measurements (load/actual regulation sig-
nal) and market (energy/reserve) signals. Also, the day-ahead predicted peak load
is higher due to robust optimization incorporation. The reactive power supplied
by the BESS and the resulting power factor at the PCC for the month-long run
is shown in Fig. 6. During times of high mismatch between the predicted and the
actual facility load, the reactive power drops (e.g., around 2019-01-17). This is
because of the higher need for active power to assure that financial revenue during
these times reduces the available reactive power capacity. However, throughout
the simulation, it stays within the prescribed limit of 0.95. The overall revenue ob-
tained from the BESS operation of Fig. 4 and Fig. 6 is shown in Table 2 where the
importance of including real-time (RT) adjustment is shown as an improvement
of 3.7% from the DA economic estimation. Almost all individual service revenue
(negative cost) improves. The primary savings comes from reserve/regulation ser-
vice. Also, note that this improvement is due to real-time adjustment (3.7%) and
should be seen as an addition to the already estimated positive revenue expected
in the day-ahead look-ahead planning stage. Now, the real-time adjustment not
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Figure 4: Battery set points (top), resulting grid power flows load import (middle), and
resulting BESS SoC (bottom).

only attempts to maintain this increase, but also improves upon it.
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Figure 5: Battery set point with individual services set points, the individual services set
point (top), and the net grid load import and peak load (bottom)

Table 2: One-month revenue for different services with planned (DA) and its improvement
through real-time (RT) correction.

H Service DA (3) RT ($) Improved (%) H
Demand Charge 303.04  301.81 0.40
Reserve/Regulation 1175.53 1203.30 2.36
Energy Arbitrage 23.89 28.22 18.1
Total 896.38  929.71 3.71

5.3. Implementation Remarks

Finally, we present remarks on the scalable, modular, and computationally
efficient nature of the proposed method. Table 2 lists the solution time taken by
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Figure 6: Reactive power dispatch (top) and the resultant power factor measured at PCC
(bottom)

the implemented program to include service in the proposed framework. That is,
the time it takes to perform a day-ahead planning stage and the real-time control
for the particular service. It can be seen from Table 2, that the planning problem of
the proposed framework, scales well, as more and more services are included. Even
with all services included, the planning problem takes approximately 1 second to
complete. The largest increase in the planning problem solution time is seen by
the addition of power factor correction constraints, as it has the highest number
of service-specific constraints (16). For power system services scheduling (e.g.
day-ahead energy procurement), resolution of hourly or half/hourly is sufficient.
Hence, the proposed framework can easily be included in such a time frame to
support BESS services procurement.

For the RT control implementation, since they are calculated using a sensitivity
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factor, which is calculated at the top of the hour, the increase in solution time due
to increase in number of control laws is almost negligible. One of the fastest known
BESS services can be the primary frequency regulation, which is performed on a
2-4 seconds basis. Even for such fast service delivery requirement, the proposed
real-time control framework can be easily integrated with real-time service requests
of power grid. In Table 3, a slight increase in the real-time control implementation
can be noticed when power factor correction rules are included. This may be due
to the extra conditions related to inverter sizes and available reactive power supply.
The results presented in Table 3, were verified for multiple simulation instan-
tiating. For the same uncertain parameter sets, the initial conditions and random
variable generation (using Python’s seed functionality), the same results were ob-
tained for all instances. This is because 1) the final optimization problem is a
linear program, which has a global minimum, and 2) the control laws follow the
planning stage’s result, similar real-time sensitivity factors were obtained.

Table 3: Solution time with addition of services using the proposed Framework. The
notation used in the table are as follows: Demand Charge (DC), Energy Arbitrage (EA),
Reserve/Regulation (RR), Power Factor Correction (PFC).

H Service DA Time (sec.) RT Time (sec.) H
DC 0.32 3.1e-3
DC + RR 0.61 3.1e-3
DC + RR + EA 0.72 3.1e-3
DC + RR + EA + PFC 1.08 3.2e-3

6. Conclusion & Future Works

In this paper, we presented the multi-service procurement framework of the
BESS. The novelty of the proposed framework was that it was able to handle
complications arising from multiple time scales of planning and operation phases,
as well as service dependent requirements. This was achieved using linearization
and robustification techniques which mitigated non-convexities and uncertainties
in the formulation so that all services can be cast in a unified framework. In
doing so, it was also shown that the proposed framework can be extended to many
more services and BESS operation techniques. Simulations were carried out to
demonstrate the efficacy of the proposed framework. It was shown the method
takes advantage of a two-step (planning and operation) procedure to improve the
BESS revenue. Moreover, it was demonstrated that the proposed method scales
well, i.e., it appropriately handles the computational burden of including multiple
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services. Hence, the proposed method can be integrated into the current power
systems planning and operation phases.

Since the focus of this work was towards multiple service procurement through
the planning and control of BESS, the presented work assumed a relatively sim-
ple model for 1) the BESS ownership, 2) the electric grid connections, and 3) the
battery chemistry. Hence, we recognize a few interesting future works to further
improve the proposed multi-service procurement framework. First, multiple own-
ership models of the BESS (e.g., residential owner versus an aggregator) may be
explored. The choices of privacy considerations, market rules/regulatory barri-
ers in the ownership models, and its implications for the proposed multi-service
framework may be explored. Second, the placement of BESS in the various portion
of the grid (transmission or distribution) impacts the relevant electric grid con-
straints in the multi-service framework. Future work may explore such constraints.
Finally, the last recognized future work is the exploration of suitable battery chem-
istry models to be represented in planning and real-time control of the proposed
framework. As both planning and real-time control have different time granularity,
the models may need to be adjusted to achieve a trade-off between accuracy and
computational efficiency.
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Highlights

e Novel method to explicitly address services pertaining to behind-the-
meter, system-wide and reactive power applications, with demonstra-
tion of multiple services procurements of i) energy arbitrage, ii) demand
charge reduction, iii) reserve/regulation provision and iv) power factor
correction.

e The proposed look-ahead optimization handles difficulties such as: i)
multiple temporal dimensions, ii) non-convexity constraints, iii) min-
max structure and iv) uncertainty related to external variables, arising
due to multiple services procurement

e The real-time control using sensitivity-based rules is proposed for timely
modification of charge/discharge signal for the BESS.





