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Abstract—Due to the low-inertia and significant renewable
generation variability in isolated microgrids, short time-scale
fluctuations in the order of seconds can have a large impact
on a microgrid’s frequency regulation performance. In this
context, the present paper presents a mathematical model for an
Energy Management System (EMS) that takes into account the
operational impact of the short-term fluctuations stemming from
renewable generation rapid changes, and the role that renewable
curtailment and batteries, including their degradation, can play
to counter-balance these variations. Computational experiments
on the real Kasabonika Lake First Nation microgrid and CIGRE
benchmark test system show the operational benefits of the
proposed EMS, highlighting the need to properly model short-
term fluctuations and battery degradation in EMS for isolated
microgrids with significant renewable integration.

Index Terms—Energy management system, short-term fluc-
tuations, battery degradation, frequency regulation, microgrid
operation.

NOMENCLATURE

Indices and Sets

be B Battery
h € H Dispatch (or long) time interval, H = {1,..., H}
t €Z  Thermal generator
j€J Short time interval, 7 = {1,...,J}
l € £ Partition for piecewise linear battery degradation
model
Parameters
1 Vector of ones of dimension J
c? Variable generation costs for generator %
Cls Load shedding costs
cn No-load costs for generator ¢
Csv,Cs?  Start-up and shut-down costs for generator i
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Average demand forecast during dispatch time
interval h

Energy capacity limit of battery b
Minimum-up and minimum-down times of
generator ¢

Wind and solar total installed capacities
Maximum and minimum power capacity of
generator ¢

Normalized average power forecasts resulting
from 1kW wind and solar plants

Maximum power capacity of battery b

Initial battery State-of-Charge

State-of-Charge depth range of battery’s b par-
tition [

Time step of dispatch time interval h

Time step of short time intervals j € J
Forecast error and regulation reserve scaling
parameters

Charging and discharging efficiency of battery
b

Frequency-droop of generator ¢ and battery b
Piecewise linear battery degradation coefficient
Expected reserve utilization of forecast error
and regulation reserves

Battery charging and discharging

Load shedding set-point for dispatch time in-
terval h

Wind and solar deployed capacities
Generator and battery average power set-points
for dispatch time interval h

Reference instantaneous powers provided to
generator ¢ and battery b

Effectively delivered instantaneous powers of
generator ¢ and battery b

Average wind and solar power forecasts during
dispatch time interval h

Vector of intra-dispatch fluctuations
Microgrid’s regulation signal

Battery State-of-Charge

ON/OFF status of generator ¢ (binary)
Start-up and shut-down of generator ¢ (binary)
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af ’,)L(’T/ ¥ Upward/downward forecast error participation
7 factor of generator 7
aly A Upward/downward regulation participation
7 factor of generator %

afy’,f’w ' Upward/downward forecast error participation
factor of battery b

af}’; arA Upward/downward regulation participation
factor of battery b

Ae; p, Change in the expected average power of gen-
erator ¢ due to reserve provision

Apfﬁ’;f’w ' Upward/downward forecast error reserve pro-
vided by generator

Apf_’l’f,’f/ v Upward/downward forecast error reserve pro-
vided by battery’s b partition [

Apf”; A Upward/downward regulation reserve provided
by generator

Ap'f”l':,’f/ ¥ Upward/downward regulation reserve provided
by battery’s b partition [

Asyin Change in the expected State-of-Charge of
battery’s b partition ! due to reserve provision

Adp1n Increase in expected battery degradation due
to reserve provision

¢ Forecast error and regulation reserve require-
ments

13 Uncertainty

Dy h Expected resulting battery degradation

Xh Average power forecast error during dispatch
time interval h

xXp? Microgrid’s net load forecast error

I. INTRODUCTION

OTIVATED by the search of cleaner and more efficient

generation sources, microgrids are now being studied
and deployed due to their potential to facilitate a reliable and
efficient integration of Distributed Energy Resources (DER).
In this context, several research efforts are presently being
made in the design of Energy Management Systems (EMS)
for isolated microgrids to enable their economic and reliable
operation, resulting in sophisticated EMS models that incorpo-
rate features such as phase imbalance, network representations,
power sharing, demand response, thermal energy resources,
voltage stability, and AC/DC connections [1]-[13].

Unlike conventional power systems, isolated microgrids
have low inertia and, more commonly nowadays, significant
renewable energy penetration, making them particularly sus-
ceptible to poor regulation performance due to generation-
load imbalances [14]. This makes it necessary to consider
short-term fluctuations (in the scale of seconds) commonly
neglected in EMS models. Typically, such models assume a
constant, albeit uncertain, renewable generation and demand
within dispatch time intervals of 5 min to 1 h, neglecting intra-
dispatch fluctuations at lower time scales (e.g., [4]-[13], [15]-
[18]). While this simplifies the computational burden thanks
to the reduced number of time intervals in the mathematical
model, it also results on a sub-estimation of the regulation
services required to counterbalance short-term power imbal-
ances stemming from the fast fluctuations, potentially leading

to insufficient reserve allocation and thus degraded regulation
performance. This issue is especially relevant for isolated
microgrids, since significant variations in renewable generation
can be observed in the time frame of seconds [19], which
can significant affect the microgrid’s frequency regulation
performance due to its low inertia [20].

Previous works on the operational impact of renewable
generation short-term fluctuations can be found in the bulk
power systems context, with the majority of these focusing on
operational security assessments rather than optimal dispatch
models (e.g., [21]-[26]). While such works provide relevant
reliability insights based on extensive simulations, they do
not address the issue of embedding intra-dispatch fluctuations
in an optimal dispatch model, especially in the context of
microgrids, which is the aim of the current paper. Within the
microgrid context, two-layer EMS models have been proposed
for the management of fast power fluctuations (e.g., [27], [28]).
These types of EMS models feature an open-loop structure and
are characterized by two decision-making levels, namely: (i) an
upper-level, in charge of determining the optimal dispatch of
DER units, and (ii) a lower-level, which uses the dispatch set-
points as references and smooths out fast power fluctuations.
However, this approach suffers the drawback that dispatch set-
points are still determined independently from the short-term
power fluctuations, i.e., in open-loop, providing no guarantees
of feasibility of the lower-level in the presence of large and
fast power fluctuations.

The explicit modeling of intra-dispatch fluctuations in op-
timal dispatch models, i.e., beyond static reserve needs, is
relatively new, with [29]-[31] being the main works that have
directly studied this aspect. In general, these works integrate
short-term fluctuations by defining: (i) a master problem with
a low time resolution that determines units’ set-points, and
(ii) a sub-problem with a more detailed time resolution that
checks if enough slack capacity is left in the units to handle
intra-dispatch fluctuations. Thus, feasible dispatch set-points
are determined by iteratively solving master and sub-problems
through a constraint generation method. Although this ap-
proach has proven to be successful in handling fluctuations in
the order of 0.5-15 min, significant drawbacks can be identified
in these models that prevent their application in modern EMS
for isolated microgrids, which require the capability to manage
second-to-second fluctuations. Specifically, the dependency of
the sub-problem’s number of variables on the time resolu-
tion used for modeling intra-dispatch fluctuations leads to
the number of decision variables rapidly increasing as the
time resolution approaches a second-to-second time scale,
potentially resulting in a computationally intractable model.
Another issue is the fact that in the presented simulations,
simplified synthetic short-term power fluctuations are used to
assess the performance of the proposed models, raising the
question of whether the tested power variations are realistic,
and, consequently, if the presented analyses and results can be
applied in practice.

An additional relevant aspect to consider in EMS design
is which flexibility strategies are considered for the manage-
ment of power variations. Within such strategies, the use of
battery and renewable curtailment are of particular interest, as
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batteries can provide energy shifting and frequency regulation
services [32], and renewable curtailment can provide balancing
and regulation services [20], [33]. Accordingly, most modern
EMS models for isolated microgrids already incorporate the
capability of both aforementioned flexibility strategies for
managing fluctuations across dispatch time-intervals in the
range of 5 min to 1h [4]-[13]. However, none of these works
consider the capability of batteries and renewable curtailment
to handle second-to-second intra-dispatch fluctuations.

Another important related topic to consider for EMS de-

sign is the battery degradation resulting from their repeated
charging/discharging, which has commonly been neglected in
existing microgrid EMS models under the assumption that
degradation costs are relatively low on an operational scale
(e.g., [4]-[11]). However, various recent papers show that
battery operation can significantly impact the battery’s life
(e.g., [34]), making degradation a relevant factor in opera-
tions. Thus, more recent works embed battery degradation
within EMS models; however, most of them either employ a
fixed discharging-charging cost and thus sacrifice degradation
model accuracy [12], [13], [29], [35], or use accurate but
computationally expensive representations based on auxiliary
binary variables [28], [36]. Other works propose degradation
models that effectively balance degradation model accuracy
and computational tractability such as [37] and [38], but in
the context of bulk power systems, which significantly differ
from microgrids.

Based on the discussion above, the present paper develops

a computationally tractable centralized EMS that incorporates
intra-dispatch fluctuations and their impact on microgrid oper-
ation, while considering the flexibility that both batteries and
renewable curtailment can provide. Moreover, the proposed
EMS incorporates the effect of battery degradation stemming
from the provision of energy shifting and regulation services,
while balancing computational performance and degradation
modeling accuracy. Since directly adding more time inter-
vals to model fluctuations in the time frame of seconds
would yield a computationally intractable formulation, intra-
dispatch fluctuations are characterized here through a set of
low-dimension statistical metrics, allowing to mathematically
describe the operational impact of such fast fluctuations in a
computationally efficient way. Thus, the contributions of this
paper can be summarized as follows:

1) Precise and computationally efficient models to describe
intra-dispatch fluctuations and battery degradation are
developed, which serve as the basis for the design of an
efficient and practical EMS model.

2) Novel mathematical models to describe the impacts and
constraints associated with the provision of regulation
services are presented, namely, system reserve needs and
utilization, battery degradation, renewable curtailment,
and limitations imposed by the frequency control mech-
anism.

3) Computational experiments on two realistic test sys-
tems are presented to demonstrate that modeling intra-
dispatch fluctuations and battery degradation through the
proposed EMS enables the reduction of total operating
costs, battery degradation, and thermal-unit cycling. The

experiments show as well that modeling rapid power
fluctuations allows to quantify the economic benefits
of including a supplementary control instead of using
a simpler droop-only control. All simulations are per-
formed using actual field measurements of renewable
generation and demand, ensuring the validity of the
analyses and results.

The rest of the paper is organized as follows: Section
IT presents the mathematical models used for intra-dispatch
fluctuations and battery degradation. Section III then discusses
reserves and their modeling. Using the models of both previous
sections, the proposed EMS model is formulated in Section
IV. Computational experiments and their results are discussed
in Section V. Finally, the main conclusions of the paper and
future work are discussed in Section VI.

II. INTRA-DISPATCH FLUCTUATIONS AND BATTERY
DEGRADATION MODELS

In this section, novel computationally efficient models to
describe intra-dispatch fluctuations and battery degradation are
developed. These models serve as the basis for deriving the
mathematical expressions that describe the computationally
tractable EMS model proposed in this paper.

A. Intra-Dispatch Fluctuations Model

One of the main challenges of modeling intra-dispatch
fluctuations in EMS is computational tractability. As time
variability of renewable generation and demand is usually
captured in EMS models by defining different time intervals,
directly using a detailed time-resolution in the order of seconds
would result on a dramatic increase in the number of decision
variables, yielding a computational intractable model. Hence, a
computationally efficient representation of intra-dispatch fluc-
tuations is developed in this paper, which is discussed in detail
here, and is based on considering two different time frames:
one for dispatch (or long) time intervals h € H = {1,...,H},
and another for short time intervals j € J = {1,...,J}.
This allows splitting the generic instantaneous power vector
P, during dispatch time interval A into long and short term
components as follows:

Pr = [ﬁh =+ Xh(g)] 1+ T‘h(f) (D
long term short term

where py, = [Pr,1,---,Phjs---»Ph,g]; 1is a vector of ones of
dimension J; py, is the average power forecast; and Xy, is the
average power forecast error, which is affected by uncertainty
&. Thus, intra-dispatch fluctuations are described by vector
™h = [Thi,---,Thyjs---,Th,g], Which is also affected by
uncertainty. Note that p; and Yxj are constant during the
dispatch time interval h, and thus have a time resolution of
ATy In contrast, r;, depends also on the short time interval
j, and thus has a time step of length A7 <« ATj. Fig. 1
depicts an example in which measurements for the Kasabonika
Lake First Nation (KLFN) microgrid [39], with a resolution
of A7 = 1s, are used to build: (i) average powers py,
which are constant during dispatch time intervals of length
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AT, = 5min Vh € H; and (ii) intra-dispatch fluctuations
T, that oscillate around the average powers. In this example,
forecast errors are not present, i.e., x, = 0 Vh € H.

1.6 — Short time interval (j, At=1s)

14 —— Dispatch or long time interval (h, AT = 5min)

00:30
Time

00:15 00:45

00:00
08-Aug-14

Fig. 1. Average powers and intra-dispatch fluctuations for a 10 kW wind
plant at the KLFN microgrid [39].

Formulation (1) allows the formal definition of a novel
computationally efficient representation of the vector of intra-
dispatch fluctuations 7y, referred to as feature-based repre-
sentation in this paper. The key idea is that instead of directly
using the high-dimensional vector r; in the EMS model (as
in [29]-[31]), only the most relevant features of such vector
are considered, avoiding the need to define decision variables
for each short time interval j € J, thus significantly reducing
computational burden. In this paper, the standard deviation
(std) and mean absolute deviation (mad) statistical metrics
are selected as the features that characterize 7y, since these
can be linked to reserve sizing and reserve utilization, as
described later in Sections III-B and IV-A. Thus, the feature-
based representation of 7, is as follows:

o= i | @

mad(ry,)

where vy, is a vector of dimension equal to 2, which is
significantly lower than J = dim(rp,). Note that this idea can
easily be extended to incorporate other relevant features.

B. Battery Degradation Model

The lifetime of batteries depends on a number of external
stress factors that degrade its components, such as cycle
Depth-of-Discharge (DoD), cell temperature, average State-of-
Charge (SoC), and calendar time. Given that the emphasis of
this paper is on operations, the modeling here focuses on the
degradation caused by the repeated charging and discharging
of the battery, commonly referred to as cycle aging [34]. In
particular, a piecewise degradation model based on [37] is
used, as it offers a good balance between model accuracy and
computational performance, as explained next.

In general, the degradation caused by cycle aging can be
described as follows [34]:

K
Fr(p,0) =Y prTo(0k), [p, 0] = fis) (3)
k=1

where fV¢(-) € [0, 1] represents the cycle aging, I'y(-) is the
DoD stress factor model for battery degradation, and K is the

total number of cycles. Each cycle k is characterized by its
DoD @y, and count pg, which can take the value of either
1 (full-cycle) or 0.5 (half-cycle). The values of pi, 6y, and
K are determined through the cycle identification algorithm
fid(~), which is a function of the battery’s SoC profile s,
and in this paper corresponds to the rainflow cycle counting
algorithm, as in [34], [37], [38]. An illustrative example of
the application of the rainflow cycle counting algorithm for a
given SoC profile is shown in Fig. 2. The output of the cycle
identification algorithm yields a total of K = 5 cycles, with
k = {1,2,4,5} being half-cycles, and k = 3 being the only
full-cycle.

0.8

o
g

0.6

State of charge (p.u.)
<)
n

2 4 6 8 10 12 14
Time step

Fig. 2. Example of the application of the rainflow cycle couting algorithm
for a given SoC profile

Equation (3) cannot be directly incorporated in an optimiza-
tion model, since f(-) is non-analytic, and I'¢(-) is convex
but non-linear in practical settings [34]. To circumvent this,
a piecewise linear representation based on [37] is formulated,
for which the battery’s cycle depth range is split into even
partitions [ € £. Assuming that only half-cycles are identified,
the degradation of battery b € B can be described as follows:

dn1 At ( dblt)
- M Colp + —= (4a)
855 (s 4

teT lel

y(e.d) =

At < c dp t)
Spit — Sbit—1 = = | M Colt — —= (4b)
Ey ng

0< Sb,lt < Sp,i Vb € B,l eL,te T (4¢)

where 7 is a set of generic time intervals ¢ with time-step
length At; ¢y is the charging and dp;; the discharging
of battery’s b partition [ at time t; Ej,ng, and ng are the
battery’s energy capacity, charging efficiency, and discharging
efficiency, respectively; and (;Aﬁb’l is the piecewise linear degra-
dation coefficient. Note that each battery’s b partition ! has
its own SoC sy ; ¢, which is bounded by the partition’s depth
range Sy ;.

It is worth highlighting that the piecewise linear degradation
model (4) focuses on the cycle DoD as the main driver of
battery degradation, neglecting other factors such as ambient
temperature and average SoC. These other factors are omitted
due to their small impact relative to cycle DoD when proper
external controllers are in place (e.g., cell temperature control
and SoC constraints), as per [37].
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III. RESERVES AND REGULATION MODELING

Following the characterization of instantaneous power vec-
tors in (1), this section discusses the definition of reserves to
handle forecast errors and intra-dispatch fluctuations. Specifi-
cally, methods for reserve sizing and allocation are developed,
and tools for assessing the security provided by such reserves
are presented.

A. Forecast Error Reserve

Most EMS models consider reserves to handle forecast
errors, which are typically modeled as a percentage of the
expected renewable generation and demand (see e.g., [4]-[9]).
This same principle is used here to determine the forecast error
reserve needs. From (1), one can describe the microgrid’s net
load forecast error as follows:

X () = Drxi (&) — B X3 (€) =L Xi(€)  (5)

where Dy, Py, and p; are the forecast average powers during
dispatch time interval h corresponding to demand, wind gen-
eration, and solar generation, respectively. Errors associated
with each forecast are described by the normalized zero-mean
random scalars )Zz, Xy, and X3 .

Based on (5), and assuming statistical independence, the
standard deviation of the microgrid’s net load can be computed
as follows:

m N~ 2 AW ~ X, WA 2 A5 ~X,5\2 1/2
s ) = [ (D) + oy + oy
(6)

where X% = std (X§), 5X" = std (X}¥), and 6)°° = std (})
can be estimated from normalized historical samples of fore-
cast errors x& /Dy, x¥/p¥, and X3 /p;. respectively. Thus,
the forecast error reserve requirement is given by:

Gy = exstd (x,) (7)

where the confidence level can be adjusted through the param-
eter €.

B. Regulation Reserve

Typical EMS models do not explicitly represent intra-
dispatch fluctuations, nor explicitly consider these when com-
puting total reserve requirements (see e.g., [4]-[13]). However,
as discussed in Section I, properly accounting for short-term
fluctuations is important in isolated microgrids with low inertia
and significant renewable integration. Thus, unlike previous
EMS models, an especially-dedicated regulation reserve is
considered here, which aims to handle the regulation signal
stemming from fast fluctuations of demand and renewable
generation. From (1), such regulation signal can be defined
as follows:

(&) = Du () — By 7. (€) — b, 74 (€) ®

Sw

where 7, 7, and 7§ are zero-mean random vectors represent-
ing the normalized intra-dispatch fluctuations stemming from
demand, wind generation, and solar generation, respectively.

Based on (8), and following a similar procedure as in
Section III-A, the standard deviation of the regulation signal
can be computed as:

9 1/2
sa () = | (Dao )"+ o) + G| O
where &% = std (7)), 677 = std (#), and &}° = std (7).
However, note that in this case, standard deviations are
computed by concatenating normalized historical samples of
rih/ﬁh, r;‘jh/ﬁﬁ, and rih/ﬁi, since 7 is a random vector
of dimension J. Furthermore, notice that standard deviations
only depend on dispatch time interval h € H, as the short
time interval index j € J is avoided in accordance with the
feature-based approach (2).

From (9), the regulation reserve requirement can directly be
defined, as follows:

Ch = erstd (1) (10)

where the confidence level can be adjusted through the param-
eter €.

C. Reserve Allocation

The reserves previously defined in Sections III-A and III-B
require the definition of their corresponding upward and down-
ward reserve constraints to ensure enough capacity margins
are kept. Assuming that reserves can be provided by thermal
generators ¢ € Z and batteries b € B, the following forecast
error x reserve constraints can be obtained:

STap?e SIS At = vhen  an
= beBleLl
where Apf’fbm/ t s the upward (1)/downward (}) forecast

error reserve provided by generator 4, and Apf ’lX,’lT/ ¥ is the

upward/downward forecast error reserve provided by battery’s
b partition [. The regulation r reserve constraints can be
defined similarly as follows:

STaplr NS Ay = vhen  (12)
i€Z beBleL
where Apf ,: s the upward/downward regulation re-

serve provided by generator 4, and Apf ’l'_‘,’:/ s the up-

ward/downward regulation reserve provided by battery’s b
partition [.

The reserve allocation defined by variables Ap indicate how
the mismatches caused by forecast errors and intra-dispatch
fluctuations are shared among generators and batteries. Specif-
ically, power sharing is dictated by the participation factors c,
defined as follows:

af e = ApZtt g (132)

ol = Apt I r (13b)

XM =N Ap T o (13¢)
lel

agr =S aprnt G (13d)
leL
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Thus, the participation factors are determined by the share
of the total reserve that is provided by each generator and
battery, analogous to the participation factors in an Automatic
Generation Control (AGC) scheme [40]. From (1) and (13),
the reference instantaneous power provided to generator ¢ can
then be defined as:

Pl = [Pl + ol T ©) — ol ()] 1
+al Tt (€) — ot () (14)

where pJ, denotes the generation set-point or average power
of generétor 1 during dispatch time interval h; and positive
and negative parts are described X9t = max{x]"9,0};
xXp?" = max{—x}'?,0}, which also applies for »™9* and
™97, Similarly, the reference instantaneous power provided

to battery b can be described by:

o) 1

appt e as)

where the battery set-point is given by ﬁb,h = ier(dyin —
¢p1,n). It is important to highlight that (14) and (15) might
violate the capacity limits of generators and batteries in the
presence of unexpectedly large power fluctuation, as later
discussed in Section III-D.

+
pbh [pbh"'af}?(TXZlg (&) -

+ alf,’h T T;Lng-i- (f)

D. Reserve Security Assessment

The reference instantaneous powers provided to generators
pJ, in (14) and batteries pf ,, 1n (15) are computed based on
estimated reserve needs, which might not be sufficient in the
event of unexpectedly large short-term power variations. As
discussed in Section I, this is especially relevant for isolated
microgrids, since it would lead to generators and batteries
rapidly hitting their capacity limits, affecting the overall
system regulation performance. Based on this observation, a
differentiation is made between: (i) reference instantaneous
powers pi ,, and pf, »» Which might violate power and energy
capacity limits, and (ii) effectively delivered instantaneous
powers p’ fﬁ , and p’ bﬁ » Which enforce such capacity limits.

The aforementioned definitions allow the design of a secu-
rity assessment metric to quantify the regulation performance
of a particular reserve sizing and allocation method, which is
referred here as limit-hit probability (LHP), and is defined as
follows:

LHP = P Kaz pi), # p'f,h) U (3?? Py, # P/fﬁh)} (16)

This metric measures the frequency (or probability) that the
capacity limits of the DER units are reached due to insufficient
reserve allocation, leading to differences between reference
and delivered instantaneous powers and thus inadequate track-
ing of the regulation signal.

IV. ENERGY MANAGEMENT SYSTEM

In this section, the definitions and expressions previously
derived in Sections II and III are used to design a computa-
tionally tractable EMS model that incorporates intra-dispatch
fluctuations and battery degradation.

A. Operational Impact of Reserve Provision

Typical EMS models assume that the impact of reserve
provision is limited to narrowing the range of feasible average
power set-points [4]-[9]. For generators, this can be modeled
by the following constraints:

B+ A+ Al T < Plugy VieTI,heH (17a)
By — Apgt = Aplyt > Plug, VieI,heH (17b)

where P{ and PY are generator i’s maximum and minimum
power; and w;; is a binary variable indicating the genera-
tor’s ON/OFF status. Similarly, for batteries, the following
constraints apply:

> (chan + Appt+ ApJTi) < Py Wb e Boh e H (189)
lel

> (db,l,h + Ay ST+ ApT ) <P)wbeB,heH (18b)
leL

where ?bﬁ is battery b’s maximum power capacity. Further-
more, based on (4), constraints to ensure enough energy is
saved for battery reserve provision, assuming the worst-case
scenario of energy requirement for the following dispatch time
interval, can be defined as follows:

ATy nt
Sb,l,h—1t E}'Lbnb (Cb,l,h + Apbﬁ;l)f,’f + Apf;l’:,’j)
AT,
M dyn <y VbeEBJleLheH (19
Eb 77b
AT,
Shih—1 = 77h (db Lh + ApyiY, pxt Apff,’f)
b
ATy n¢
+ Ehbnb coun>0 YbeBleLl,heH (19b)

In addition to the aforementioned constraints, reserves have
additional impacts on operation in practice. As discussed in
Section III-C, reserves also dictate how real-time mismatches
are shared among generators and batteries, and thus have an
impact on their instantaneous power outputs. Thus, and unlike
previous EMS models, the modeling is here extended to also
include this effect, which in turn influences the expected aver-
age thermal generation, battery SoC, and battery degradation,
as described next.

First, based on the feature-based representation (2), the
novel concept of Expected Reserve Utilization (ERU) is intro-
duced, which quantifies how much of the allocated reserve is
expected to be deployed on average. This metric is especially
relevant for forecast error reserves and regulation reserves,
which, unlike contingency reserves, are continuously being
deployed to handle real-time mismatches. In this paper, the
ERU of forecast error and regulation reserves is estimated
by computing the ratio between the mean absolute deviation
(mad) and total reserve requirements (, as follows:

©x =min {1, mad(x;"?)/¢}} = min {1, G* () )/€ex} (20a)
N)/¢r} = min {1,6" (") /e, } (20b)
where G* (-) = mad (-) /std () is the Geary’s kurtosis [41].

Note, however, that other methods for estimating the ERU can
also be used.

¢p = min {1, mad(r;"
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For thermal generators, the ERU allows modeling the
change in the expected average power of generator ¢ during
dispatch time interval h due to reserve provision, as follows:

Ae;p, = (Apg X Apg:;l(,i) + o7 (Apf,’;’T _ Apfy’;’i)

2y

Note that ¢} is multiplied by 1/2 since either a positive
or negative forecast error reserve will be deployed at each
dispatch time interval h. This is not needed for ¢j, since
both positive and negative regulation reserves will always be
deployed at each dispatch time interval h.

For batteries, ERU can be used to describe the change in the
expected SoC of battery’s b partition [ due to reserve provision,
as follows:

x A Byx;T
o AT Bl pblh
Asyp = 5B Mo Apb,f,(h T

b
B, 1

Ap
PR ~ ;d”‘) @)

ATy,
+ " —= [ nf A
¥ B, ( b g

Thus, the expected SoC at the end of dispatch time interval h,
resulting from both energy shifting and reserve provision can
be described as follows:

ATy, c d
JLh = SbLh—-1 = =\ Tlp Cb,L,h —
Sb,l,h — Sb,l,h E My Cb,1,h
b

0<sp1,n <Spy

b*;’h) + Aspp (23)
My

Vbe B,le L,heH (23b)

The ERU also allows to describe the expected increase in
battery degradation due to reserve provision as follows:

" B,x,T
by o A B.x.d Apyi,
Adprp = —=T—= | ny Ap, 5" +
2 2 E b LA ng
2 8,77
o1 ATh sy APy
+ ot —= s Apy T+ — (24)
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where this equation is based on the piecewise degradation
model (4). Thus, the expected total battery degradation re-
sulting from energy shifting and reserve provision is:

AT, . dy;
bl h(nbcblh—F

Dy =

5 & >+A¢b,l,h (25)

b

B. Renewable Curtailment

Another relevant feature commonly neglected in EMS mod-
els is the use of renewable curtailment for short-term fluctu-
ation management [4]-[13]. Since intra-dispatch fluctuations
are mainly a byproduct of non-dispatchable renewable genera-
tion, renewable curtailment can be used to reduce such fluctu-
ations and thus reserve needs. To model this phenomenon, the
high correlation in the resource availability of the microgrid’s
renewable plants is exploited, which stems from the geograph-
ical proximity of the microgrid’s units. Thus, wind and solar
generation can be lumped into one equivalent renewable plant

for each, yielding the following equations for the total wind
and solar forecast average powers p;’ and p; :

VYheH
VYh e H

(26)
27
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where N and N° are the total wind and solar installed
capacities in kW; P,;” and P,f are the normalized forecast
average powers resulting from 1 kW wind and solar plants; and
ny’ and nj are EMS decision variables hereinafter referred as
the wind and solar deployed capacities. The latter are used to
control the amount of renewable curtailment in the microgrid,
which is determined based on the percentages n}’/N™ and
n; /N*® of the total available wind and solar generation to be
injected into the system.

Equation (26) not only impacts the average power injected
by renewable sources, but also the microgrid’s net load fore-
cast error ;¥ in (5) and regulation signal 7"’ in (8). Thus,
the forecast error and regulation reserve needs () and (J,
originally described by eqs. (5)-(10), are then a function of
wind and solar deployed capacities (n}’, nj ), as follows:

2 2
V7= e (Dr/7 )"+ (up By )

+ (miBpo x/rs)2]

which captures the capability of using renewable curtailment
to reduce the overall system reserve needs. Eq. (28) is non-
convex in (n},ny), and thus computationally inefficient. To
obtain an efficient convex formulation, the fact that DhaX/ md
is large in practical settings is exploited, which allows re-
placing the non-convex square root function by a linear
interpolation between points (0,0) and (N*, N*). Thus, a set
of supporting hyperplanes can be used to represent reserve
needs (X and (], which can be iteratively updated through a
cutting-planes algorithm [42].

It is also important to highlight that due to the dependence of
reserve needs (X and ¢} on (n}’, nj ), the ERUs in (20) are also
affected by (n}’,nj7). To avoid overcomplicating the model
and keep computational tractability, it is assumed that both
x;? and 7, resemble a normal distribution, and thus G* =
V/2/m = 0.8 regardless of the values of (n}’,n} ), eliminating
the dependence of the ERUs on the deployed capacities.

1/2
(28)

C. Frequency Control Mechanism

As discussed in Section II-A, intra-dispatch fluctuations
describe short-term oscillations in the order of seconds. Under
this time frame, the microgrid’s frequency control mechanism
might impose limitations on the way power mismatches are
shared, making its modeling relevant. Typically, microgrids
have a droop control which may or may not be accompanied
by a supplementary control for frequency recovery [1], similar
to AGC. In the case of a droop-only control, the intra-dispatch
fluctuations will be shared among generators and batteries
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according to their droop x, requiring the addition of power
sharing constraints Vi € H, as follows [6]:

KD
S S A = S S AT () € B x B
b lec b’ leL

(29a)
“b gb i };T/i/Pf =] APZ’}?TN/?? V(b,i) e BXT
(29b)
KO P = kG O P i) eI T
(29¢)
Cf,,u VA Ui p Zleﬁ Apﬁ’ ﬁ/i, gzglrﬁ/i = hApl A
(294d)
where g T/ * and gf T are auxiliary variables representing

bilinear terms so that the corresponding constraints can be
linearized using standard integer optimization techniques [43].

Unlike the droop-only case, if a microgrid has a supple-
mentary control like AGC, intra-dispatch fluctuations in the
order of seconds are handled by such supplementary control
and power sharing is no longer constrained. Thus, in this case
constraints (29) are not needed.

D. Other Constraints

The remaining constraints for the proposed EMS model
are presented here. Similar equations can already be found
in the existing EMS literature [4]-[10]. The power balance is
described as follows:

SN (doin = coun) + >0

beBleL i€

=Dy —nPPY —n3 Py —ls, VheH (30)

where the wind and solar average generation comes from (26);

and [s;, indicates average load shedding during dispatch time
interval h.

The logic of commitment variables, and the minimum

up/down constraints on thermal generators are described by

the following equations:

Ui p — Uih—1 = Vip — Wi p  (31a)
h—1
Z (1 = i) ATy > M v;,, (31b)
m:h—Mid"'
h—1
> wim AT, > MPw;,, VieIheH (3lo)
m:h—Miup

where v; ;, and w; j, indicate the start-up/shut-down of gener-
ators; and, M;"” and M{" are the minimum up/ down times.

Finally, an energy neutrality constraint is included to prevent
significant deviations from the initial battery SoC:

Sbl,H = Sl?,l Vb € B,l eL (32)

where SOZ is the initial battery SoC, and H is the last time
index of the set of dispatch time intervals H = {1,..., H}.

E. Optimization Model and Architecture

Based on the equations described in the previous sections,
a novel EMS model with regulation, battery degradation,
renewable curtailment, and power sharing limitations can
be formulated. Thus, the EMS objective function F(-) is
composed by a degradation component & € [0, 1], variable
generation costs C'9, no-load costs ont start-up costs C*%,
shut-down costs C'*?, and load shedding costs C's, as follows:

T y) = Z Z Z Ey-RCYy- ‘I)b,l,h + Z OZSAT}L lsy,

heH beB leL heH

+Y > ciam, (ﬁf,h + Aei’h) +
heH i€T

Z Z (CZMAT}L U; p + Cisuvivh + Cisdwi7h)

heH i€Z
where E} is battery’s b energy capacity; RC) is the replace-
ment cost; € = [u,v,w| are the binary decision variables;
and y = [p?, Ap?,Ap” , n,s,c,d,ls, C,C]T are the continu-
ous decisions variables. This results in the following complete
EMS model:

min  F(z,y)

z,y
st. £€{0,1}",y>0
Reserves and power balance: (11), (12), (28), (30)
Thermal generators: (17), (21), (31)
Batteries and degradation: (18), (19), (22)—(25), (32)

Renewable generation: (27)

(33)

Power sharing: (29) if droop-only control

which is a Mixed Integer Linear Programming (MILP) prob-
lem that can be solved by off-the-shelf solvers.

The general architecture of the proposed EMS is described
in Fig. 3, which is based on a Model Predictive Control
(MPC) scheme, as in [4]-[10]. Under this scheme, optimal
dispatch set-points for the first dispatch time interval of each
MPC iteration are regularly re-calculated and broadcasted
to the microgrid’s controllers based on frequently updated
forecasts. Note that in the proposed EMS, participation factors
o are computed only if an AGC-like supplementary control is
available, as these are not relevant in the case of droop-only
control.

D,pv,ps
(forecasts)

Forecast

¢ S0 (battery initial conditions)
engine

I |

EMS

DER units’ parameters —»

~g o Microgrid
u,p9,pf,n",n* &
l (dispatch set-points)

Statistical metrics —

Discard No _“Suppl. \Yes
ag. aﬁ control?,

a9 af (participation factors)

Fig. 3. Proposed EMS architecture

V. COMPUTATIONAL EXPERIMENTS

In this section, computational simulations to evaluate the
performance of the proposed EMS model are presented. First,
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the general settings of the simulations are presented in Section
V-A. Then, the procedure used to calibrate reserve parameters
are presented in Section V-B. Finally, specific settings, results
and discussions, for each of the two evaluated test systems are
presented in Sections V-C and V-D.

A. General Settings

The performance of the proposed EMS is evaluated by
simulating its implementation during one full day on the
following 2 test systems [5]: a real isolated microgrid located
in KLFN Ontario-Canada, and a larger test system based on
a CIGRE medium voltage benchmark system. As in [4]-
[10], simulations are performed considering a MPC scheme
for which average power forecasts and optimal dispatch set-
points are updated every 5 min, resulting in negligible average
power forecast errors for the first dispatch time interval of
each MPC iteration, i.e., x7"?(¢) ~ 0. In each MPC run, a
24h horizon is used, alongside a variable time-resolution with
different time-steps AT},: 6 time-steps of Smin, 6 time-steps
of 15min, 6 time-steps of 30min, and 19 time steps of 1h. To
reduce computational burden, reserve requirements are only
considered for the next 5 hours, i.e., first 18 dispatch time
intervals.

In the simulations, it is assumed that set-points are deter-
mined by the EMS, and short-term fluctuations are managed
either by a droop-only frequency control, or an AGC-like con-
trol with both droop and supplementary controls, as specified
in each case. Also, it is assumed that forecast errors and their
associated reserves are only defined for dispatch time intervals
h > 2, as x1"(¢) ~ 0 in accordance with the EMS’s MPC
scheme. Furthermore, it is assumed that all controllers are
properly tuned, and thus degraded regulation performance can
only arise from insufficient reserve allocation. In the event of
reserve shortage, it is assumed that auxiliary emergency load
shedding and renewable curtailment controllers are triggered,
preventing system collapse.

For comparison purposes, three different EMS and fre-
quency control architectures are evaluated in the simulations.
The first one corresponds to the Base+Derating (B+DRT)
arquitecture, in which a conventional EMS with a droop-only
control is considered, similar to those proposed in [4]-[10]. In
this architecture, uncertain power variations are assumed to be
handled by: (i) a unique total reserve need, with no distinction
between forecast errors or regulation, which is computed as a
percentage of the forecast renewable generation and demand;
and (ii) a power capacity derating of generators and batteries,
which is computed as percentage of the unit’s rating. Note
that for this architecture, the change in the expected thermal
average power (21) and SoC (22), battery degradation (25),
the impact of renewable curtailment on reserve needs (28),
and limitations on the sharing of intra-dispatch fluctuations
(29) are not represented in the EMS.

The second and third architectures correspond to the Regu-
lation+Droop (R+DRP) and Regulation+AGC (R+AGC) cases,
where both consider the formulation described in Section IV-E
for the EMS, and handle uncertain power variations through
forecast error and regulation reserves, which are computed as a

percentage of the forecast renewable generation and demand.
In both cases, 4 even partitions with 5; = 0.2Vl € L are
considered for the piecewise linear degradation model (4). A
droop-only control is assumed in the R+DRP case, whereas an
AGC-like control is assumed in the R+AGC case. Accordingly,
power sharing constraints (29) are considered exclusively in
the R+DRP case, and are enforced only for dispatch time
intervals with a time-step equal to Smin, i.e., the first 6
dispatch time intervals.

The performance of the three architectures is evaluated by
implementing the EMS’s optimal dispatch decisions for the
first dispatch time interval, and computing the correspond-
ing reference p and delivered p’ instantaneous powers (see
Sections III-C and III-D). Delivered instantaneous powers are
then used to compute the effective average thermal generation
costs, battery degradation costs, load shedding, renewable
curtailment, and total number of start-ups and shut-downs. Fur-
thermore, security from a regulation perspective is measured
by comparing reference and delivered powers and computing
the resulting LHP (16), which indicates the percentage of time
that insufficient reserves were allocated.

Reserve sizing parameters were computed based on [10]
and [39]. Specifically, standard deviations of forecast errors
&% were quantified by linear interpolations using the 1h-ahead
and 24h-ahead values reported in [10] (see Table I), whereas
standard deviations of intra-dispatch fluctuations &} were
calculated using 6-weeks measurements from KLFN microgrid
with a resolution of A7 = 1Is (see Table II) [39]. Battery
degradation parameters are taken from [37], and the effective
degradation resulting from the simulations is obtained using
the detailed degradation model (3), which is then multiplied by
the battery’s replacement costs to obtain the resulting degrada-
tion costs. The reduction of the battery’s energy capacity due
to cell capacity fading is not considered in the simulations,
as such reduction is negligible within the simulated daily
horizon [37]. All simulations are performed using the Julia
programming language, JuMP package, and Gurobi solver, on
a PC with an Intel Core 17 3.20-GHz processor and 16 GB of
RAM under a 64-bit Windows 10 operating system.

B. Tuning of Reserve Parameters

To ensure a fair comparison between B+DRT, R+DRP, and
R+AGC, reserve needs and capacity deratings are calibrated
in each case study, so that the resulting load shedding and
LHP obtained in the simulations are the same for the three
architectures. In the case of load shedding, total reserve needs
for B+DRT, and forecast error reserve needs for R+DRP and
R+AGC, are determined such that a zero load shedding is
obtained in all the case studies. For both KLFN and CIGRE
test systems, this is achieved by considering one standard
deviation of the forecast errors (see Table I) when computing
the reserve needs as a percentage of the forecast renewable
generation and load.

In the case of LHP, reserve quantification required a more
delicate tuning to ensure that, for each case study, the same
LHP is obtained in the three architectures. On the one hand,
for B4+DRT, simulations showed that directly increasing the
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TABLE I
STANDARD DEVIATION OF FORECAST ERRORS [10]
Source lh-ahead [%]  24h-ahead [%]
Wind 14.70 30.92
Solar 10.20 14.02
Demand 11.62 15.78
TABLE I1
STANDARD DEVIATION OF INTRA-DISPATCH FLUCTUATIONS [39]
Source Smin [%]  15min [%] 30min [%] 1h [%]
Wind 35.43 39.90 42.35 44.58
Solar 16.69 24.54 2791 33.21
Demand 3.68 6.27 8.93 12.63

total reserve needs did not reduce the LHP, since the basic
EMS neglected the effect of droops and typically dispatched
generators at maximum power and left the provision of re-
serves to the batteries, leaving no room in generators for
handling intra-dispatch fluctuations. This in turn meant that the
generators’ maximum capacity limit was repeatedly reached,
since for a droop-only control a percentage of the intra-
dispatch fluctuations are forcedly allocated to generators based
on their droop gains. Thus, for B+DRT, LHP was calibrated by
applying a power capacity percentage derating to generators
and batteries. Specifically, the maximum (minimum) capacity
limits of generators and batteries considered in the basic
EMS where reduced (increased) using a percentage of their
installed capacity. This way, some room for handling intra-
dispatch fluctuations is always left when determining the
average power set-points in the basic EMS. On the other
hand, for R+DRP and R+AGC, LHP was directly adjusted
by increasing the regulation reserves through the parameter
€r, greatly simplifying the tuning process due to the explicit
modeling of intra-dispatch fluctuations.

C. KLFN Microgrid: Settings, Results and Discussion

The performance of the proposed EMS is first evaluated on a
test system based on the real-world isolated KLFN microgrid,
for which real generation and demand measurements are used
[39]. This microgrid is composed of 3 diesel units with
capacities of 1500kW, 1000kW, and 600kW, which are only
operated one at a time, as per the utility’s dispatch rules, and
whose parameters are extracted from [5]. For the simulated
day, the 600kW unit is assumed to be ON at the start of
the day, and a 1026kW peak demand is reached during the
evening.

Currently, the KLFN microgrid has low renewable penetra-
tion (less than 70kW installed capacity) and no energy storage
system; thus, regulation and battery degradation are not an
issue at the present time. Therefore, to better illustrate the
features of the proposed EMS for regulation and battery degra-
dation modeling, a 1000kW/1000kWh lithium-ion battery is
considered, and the renewable installed capacity is increased to
reach a 25% renewable energy share (12.5% wind and 12.5%
solar) in the simulated day. Additional details about the test
system are presented in the Appendix.

The simulation results for KLFN microgrid are shown in
Table III, for which three different regulation security levels

are defined based on the resulting LHP: low (10%), medium
(5%) and high (1%). Observe that only a small capacity
derating (<6%) is needed to reach the desired regulation
security levels for the basic EMS (B+DRT), as the KLFN test
system has a medium renewable energy share (25%), and its
generators and battery have a relatively large power capacity
compared to the system’s peak load.

The benefits of implementing the proposed EMS model
in the KLFN microgrid can be observed in the total costs,
degradation costs, and number of and start-ups (shut-downs)
reported in Table III. Note that the proposed EMS (R+DRP
and R+AGC) outperforms the basic EMS (B+DRT) for all
regulation security levels in terms of total costs (1%-9%
daily savings), battery degradation (86%-93% reduction), and
thermal unit cycling (less start-ups and shut-downs), while
keeping computational tractability (less than 1 s per MPC
iteration). Moreover, observe how the proposed EMS uses
renewable curtailment to reduce reserve needs and thus obtain
better solutions; and that for small microgrids, such as KLFN,
the difference between having a simple droop-only control
(R+DRP) and a more advanced AGC (R+AGC) is insignificant
in terms of operating costs.

D. CIGRE Microgrid: Settings, Results and Discussion

The proposed EMS is evaluated here on a more complex
microgrid based on a modified CIGRE benchmark test system
from [5]. This microgrid has a 5755 kW peak demand, and is
composed of 3 diesel generators (4700kW combined capacity)
and 2 Combined Heat-and-Power units (810kW combined
capacity). The microgrid also has multiple energy storage
systems, with a total installed capacity of 1324kW/1324kWh,
which for simplicity are modeled as a single lithium-ion
battery. Also, the renewable installed capacity is increased to
reach a 50% renewable energy share. Additional details about
the test system are presented in the Appendix.

The simulation results for the CIGRE microgrid are shown
in Table I'V. Unlike the KLFN microgrid, a significant derating
(>19%) and load shedding is needed for the basic EMS
(B+DRT) to reach the desired LHP, which in turn causes a
pronounced increase in total costs for the medium and high
regulation security levels. Furthermore, note that the basic
EMS is only able to reach a minimum of 2.3% (instead
of 1%) LHP for the high regulation security level. This
poor performance results from the large renewable energy
share (50%) of the test system, alongside the inadequacy of
the basic EMS to properly model large intra-dispatch power
fluctuations. In contrast, the proposed EMSs (R+DRT and
R+AGC) yield the desired LHP at reduced costs, since short-
term fluctuations are properly modeled in this case.

As also noted for the KLFN microgrid, the proposed EMSs
show overall better performance for the CIGRE system in
terms of battery degradation and thermal unit cycling, while
keeping computational tractability, and also use renewable
curtailment as a reserve management mechanism. However,
and unlike the small KLFN microgrid, the use of an AGC
(R+AGC) instead of a simple droop-only control (R+DRP)
may yield significant savings in terms of operating costs for
the more complex CIGRE microgrid (3%-18% cost reduction).
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In summary, the proposed EMS model outperforms the
conventional EMS model, achieving reduced operational costs,
battery degradation, and thermal unit cycling in both test
systems for a wide range of regulation security levels, while
maintaining computational tractability. This overall better per-
formance is the result of explicitly modeling intra-dispatch
fluctuations and their impact on reserve needs, battery degra-
dation, and renewable curtailment.

VI. CONCLUSIONS

Second-to-second power imbalances stemming from renew-
able generation can severely hinder the regulation performance
of sustainable isolated microgrids, as these are typically char-
acterized by a high renewable energy penetration and low
inertia. Motivated by this, the present paper develops a com-
putationally efficient and practically implementable EMS that
models the operational impact of intra-dispatch fluctuations
and battery degradation. The proposed EMS was evaluated
on two realistic test systems, showing the benefits of includ-
ing intra-dispatch fluctuations and battery degradation in the
decision-making process of the EMS. Such benefits include,
among others, the reduction of the microgrid’s total operating
costs, battery degradation, and thermal unit cycling.

The results presented in this paper substantiate the need to
incorporate the impact of fast power dynamics and primary
frequency controllers in microgrid operational models. Future
work will focus on developing computationally efficient mod-
els that describe the impact of short-term power imbalances
on frequency dynamics, so that a computationally tractable
frequency-constrained EMS can be designed.

APPENDIX

Additional test system parameters are presented in this
appendix. For both the KLFN and CIGRE test systems,
Li(NiMnCo)Os-based batteries are considered, which have the
following cycle depth stress function:

Ty(0) = (5.23 x 107%) 9203

with battery replacement cost of 300 USD/kWh [37]. Fur-
thermore, the considered batteries have an initial SoC of
50%, and corresponding limits of 10% and 90%. For the
KFLN test system, a charging and discharging efficiency of
Ny = 77,‘]1 = 95% is used [37]; on the other hand, for the
CIGRE test system, an efficiency of ny = 173 = 86% is used
[5].

Generator parameters for the KLFN and CIGRE test sys-
tems are presented in Tables V and VI, respectively. These
parameters are based on [5], with the only difference that
the fuel costs have been linearized to speed-up simulations;
note that this linearized version is highly accurate, having a
coefficient of determination greater than 95%. A load shedding
cost of 12 USD/kWh, as per [44], and droop x = 3% for all
units, as per [40], are used in all simulations.
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TABLE III
COMPARISON FOR KLFN SYSTEM WITH 25% RENEWABLE ENERGY SHARE
Regul. EMS Derating [%] LHP  Total Costs Thermal Degrad. Load Renew. Start-ups Comp.
Secur. Model or €p [%] [USD] Costs [USD]  Costs [USD]  Shed. [kWh]  Curt. [kWh]  (Shut-downs)  Time [s]
B+DRT 2.0% 9.9 3081.6 2886.8 194.8 0.0 0.0 6 (7) 0.3
Low R+DRP 0.215 9.6 2809.8 2782.8 27.0 0.0 118.2 1(1) 0.7
R+AGC 0.220 9.7 2813.3 2800.8 12.5 0.0 118.2 0 (0) 0.6
B+DRT 3.0% 5.0 2906.2 2692.3 2139 0.0 0.0 34 0.3
Medium | R+DRP 0.500 5.1 2809.9 2794.2 15.7 0.0 118.2 0 (0) 0.7
R+AGC 0.600 4.9 2808.8 2794.4 14.4 0.0 118.2 0 (0) 0.6
B+DRT 6.0% 0.9 2846.4 2679.6 166.8 0.0 0.0 4 4) 0.3
High R+DRP 1.500 1.0 2810.8 2793.9 16.9 0.0 118.2 0 (0) 0.7
R+AGC 1.300 1.1 2796.4 2785.4 11.0 0.0 118.2 0 (0) 0.6
TABLE IV
COMPARISON FOR CIGRE SYSTEM WITH 50% RENEWABLE ENERGY SHARE
Regul. EMS Derating [%] LHP  Total Costs Thermal Degrad. Load Renew. Start-ups Comp.
Secur. Model or €, [%] [USD] Costs [USD]  Costs [USD]  Shed. [kWh]  Curt. [kWh]  (Shut-downs)  Time [s]
B+DRT 19.0% 10.2 8596.6 8436.6 160.0 0.0 78.7 19 (17) 0.5
Low R+DRP 1.130 10.1 8732.2 8596.1 136.0 0.0 2263.3 17 (15) 3.6
R+AGC 1.000 10.4 8481.1 8423.4 57.7 0.0 1643.8 12 (10) 2.5
B+DRT 28.5% 4.8 11583.6 8917.1 249.1 201.4 416.2 22 (20) 0.5
Medium | R+DRP 1.500 5.1 9151.4 8983.4 168.1 0.0 4211.3 12 (10) 4.8
R+AGC 1.300 49 8433.7 8359.5 74.2 0.0 2094.6 12 (10) 2.8
B+DRT 30.0% 2.3f 60888.1 8761.7 331.5 4316.2 3300.6 20 (17) 0.2
High R+DRP 3.000 0.8 10665.5 10533.7 131.8 0.0 10401.7 12 (9) 7.5
R+AGC 2.500 0.9 8705.4 8633.9 71.5 0.0 3622.2 12 (10) 3.0
1% LHP could not be achieved. Instead, the minimum achievable LHP is indicated
TABLE V
GENERATOR PARAMETERS FOR KLFN TEST SYSTEM
Unit [ P} (kW] PY [kW] C7 [USD/KkW-min] C7! [USD/min] C7“ [USD] C?? [USD] M, [min] MZ™ [min]
1 1500 600 0.021017 -0.3184 83.60 13.464 30 30
2 1000 400 0.008333 1.4678 36.90 7.304 30 30
3 600 180 0.003088 0.5891 13.20 4.664 30 30
TABLE VI
GENERATOR PARAMETERS FOR CIGRE BENCHMARK TEST SYSTEM
Unit [ P [kW] PY [kW] C7 [USD/kW-min] C?! [USD/min] C7% [USD]  C3? [USD] M, [min] MZ™ [min]
1 2500 1000 0.003797 0.2493 83.60 13.464 60 60
2 1400 600 0.003767 0.3740 39.60 7.304 60 60
3 800 350 0.004217 0.1100 13.20 4.664 30 30
4 310 60 0.004217 0 6.47 1.267 30 30
5 500 100 0.001067 -0.1067 0.83 0 30 30
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