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Abstract—Generation reserves are the key resource for balanc-
ing power system generation and consumption. Reserves are used
to mitigate any imbalances due to uncertainty and variability.
However, as a costly commodity, the amount of reserves should be
carefully assessed to maintain the cost of power system operations
at its minimum. Currently, reserve requirement determination
is based upon a posteriori methods that use the experience
of power system operators and established assumptions. While
these assumptions have been made out of a level of engineering
practicality, they may not be formally true given the numerical
evidence. The two prequels to this work presented methods
for determination of the load following and ramping reserve
requirements a priori. This paper now uses a similar methodology
to determine the regulation reserve requirement.

[. INTRODUCTION

Power balance is one of the key requirements for power
system reliable operations. To achieve this, power system
operators schedule the available generation units to meet the
real-time demand. However, certain factors, such as forecast
error and load variability, make matching the scheduled gener-
ation and the actual demand practically impossible. Moreover,
similar factors work against power system balancing in the
real-time operations. Normally, the impacts of forecast er-
ror and variability are compensated by scheduling additional
generation capacity called reserves. This paper adopts the
reserve classification as presented in [1], [2]. Three types of
reserves operating in different timescales are distinguished
in this paper, namely, load following, ramping and regu-
lation reserves. While analytical methods for determination
of load following and ramping reserve requirements have
been reported in the literature [3], [4], the determination of
theappropriate regulation reserve requirement is still an open
research question.

Currently, the industrial practice and academic literature on
reserves requirement determination follows a common theme.
According to [5], the requirement of each type of reserve
is determined a posteriori from the historical experience of
power system operations. The data for forecast error or net
load variability is used to determine the standard deviation of
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potential imbalances o. Then, the quantities of each type of
reserve are defined to cover the appropriate confidence interval
in compliance with the North American Electric Reliability
Corporation (NERC) or industrial balancing requirements.
NERC defines the minimum score for the Control Performance
Standard 2 (CPS2) equal to 90% [6], while the industry
standard is 95% [7]. Normally, the load following reserve
requirement is chosen 20 or 30, while the regulation reserve
requirement is 56 or 60 [5], [8]-[10].

The following assumptions are normally held in the in-
dustrial and academic literature when calculating regulation
reserve requirement for the next relevant period of time:

Assumption 1. Invariant Probability Density Function of
Imbalances: The power system imbalances measured over the
previous period will have the same probability distribution
shape in the next period. Usually, a normal distribution is
assumed.

Assumption 2. Equivalence of Standard Deviations: The
standard deviation of power system imbalances is equivalently
determined by either the net load variability or the forecast
error. Some studies use the variability [5], [11], [12], while
others use the forecast error [10], [13]-[15].

Assumption 3. Invariant Standard Deviation of Imbalances:
The power system imbalances measured over the previous
period will have the same standard deviation in the next
period.

Assumption 4. Non-dependence on Power System Operator
Decisions & Control: According to Assumption 2, the standard
deviation of power system imbalances does not depend on the
endogenous characteristics of the power system operator deci-
sions and control, and only depends on net load variability and
forecast error, which can be viewed as exogenous disturbances
to the power system operation and control.

While these assumptions have been made out of a level of
engineering practicality, it is unlikely that they are formally
true. Assumption | states that power system imbalances retain
normal distribution from one period to the next, which has
no numerical evidence [16]-[18]. Regarding Assumption 2, a
perfectly forecasted but highly variable load may still require
more regulation reserves than a modestly variable net load
[19]. Therefore, the regulation reserve requirement is more
likely to depend on both variability and forecast error. Also,
while Assumption 3 suggests that power system does not
evolve in a long term, variables, such as the variable energy
resource (VER) penetration level and capacity factor, forecast
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error, net load variability, and real-time balancing time step,
have the potential to change over time. The recent requirement
of Federal Energy Regulatory Commission (FERC) to change
the minimum frequency of the balancing market from 1 hour
to 15 minutes is a good example. A more detailed discussion
of the potential invalidity of these assumptions can be found
in [19].

The two prequels to this work [3], [4] presented enhanced
methods for determination of load following and ramping
reserve requirements a priori with a set of assumptions that
are more closely supported by numerical evidence and ana-
Iytical models. This paper now uses a similar methodology to
determine the requirement of regulation reserves. The paper
is organized as follows. Section II provides the background
of the problem and the fundamental definitions, Section III
presents the methodology of the regulation reserve requirement
calculation and Section IV summarizes the results and presents
the future work.

II. BACKGROUND

This section introduces power system enterprise control
and the fundamental definitions necessary for the regulation
reserves calculation methodology presented in the following
section.

A. Power Grid Enterprise Control

In this paper, the power system balancing operations are
modeled as an enterprise control with three-layer, namely
resource scheduling, balancing actions and regulation service,
as presented in Fig. 1. Each consecutive stage operates at
a smaller timescale, that allows successive improvements of
power balance.
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Figure 1: A three-layer power grid enterprise control model

At the first stage, the security-constrained unit commitment
(SCUC) schedules the generation units based on the day-
ahead net load forecast Pp,(t). Due to forecast inaccuracy,
imbalances remain at the SCUC output as a difference between
the real-time net load P(¢) and its forecast:

APpa (1) = P(t) — Ppa(t) )

Power system operators also schedule load following reserves
to mitigate the imbalance (1) in the next stage:

Pres = BDA OpA 2)

where Opy is the assumed standard deviation of (1) and Bpa
is the confidence interval multiplier of Opy.

At the second stage, the real-time market implemented as a
security-constrained economic dispatch (SCED) re-dispatches
the generators based on the short-term net load forecast Py (t).
Due to forecast inaccuracy, imbalances remain at the SCED
output:

APy (t) = P(1) — Py (1) 3

Imbalances at this stage are smaller since SCED uses a more
accurate forecast and operates at a smaller timescale.

At the third stage, the regulation service operates to miti-
gates any residual imbalance. The regulation reserve require-
ment also can be presented similar to (2):

Preg = BST OosT “4)

where ogr is the assumed standard deviation of the input
imbalance (3) and Psr is the confidence interval multiplier. If
appropriate amounts of each reserve are procured, the residual
imbalance I(¢) stays within the acceptable range.

B. Fundamental Definitions

This section presents the definitions of fundamental con-
cepts used in the regulation reserve requirement calculation
methodology.

Definition 1. Penetration Level (7): The installed VER ca-
pacity P normalized by the system peak load PY cak 120]:
7= Py /PPt ®)

Definition 2. VER Capacity Factor (y): The average VER
power output Py (t) per installed capacity taken over a period

Ty (e.g. I year) [3]:

PV (1)
~

14 6

That Ty is over the duration of a planning time scale allows
the assumption that Ty is large enough to allow the analysis
of the given dataset with Ty — co.

Definition 3. Variability (A): Given the choice of the output
P(t) (e.g. the VER generation, the load, the net load), the vari-
ability is the root-mean-square of that output’s rate normalized
by the root-mean-square of that output [3], [4]:
_ rms(dP(z)/dt)
— rms(P(t))
It is known from the literature that VER and load power
spectra have distinctive shapes [21], [22]. Thus, the way to

(7



manipulate the variability of the profile while keeping its
spectral shape is temporal scaling of the profile. Assume that
a base profile Py(z) has a variability Ag and P(¢) is defined as:
P(t) = Py(at) 3
According to (7):
_ rms(dPy(ot)/dt) rms(dPy(out)/d(at))
 rms(Ry(ot)) rms(Py(t))

Thus, « is the variability of the given profile normalized by
the base variability Ao [3]:

=0aAy (9)

A
=4

Next, definitions regarding forecast error are introduced.
The forecast error indicates the deviation between the actual
and forecasted values and can be defined by various measures
such as mean absolute error (MAE), mean square error (MSE)
[23]. Often the load and VER forecast errors are normalized
by the peak load and the installed capacity respectively.

o (10)

Definition 4. Load Forecast Error (&;): The standard deviation
of the difference between the actual and forecasted load
normalized by the peak load [3]:

n AT 2
L)

n

&L =
peak
Ly L

Definition 5. VER Forecast Error (&y): The standard deviation
of the difference between the actual and forecasted VER
outputs normalized by the installed capacity [3]:
u 5V 2
X (R =F)
k=0 (12)
Py

&y =

This work assumes that the forecast deviation of both load
and VER have zero average:

n n

n
S (r-h)= 3 (rE-A) =% (R -H) =0 a3
k=0 k=0 k=0
Also, it is assumed that the forecast errors of load and VER
are not correlated, i.e., for any integer m:

n

Z (Plf‘_Plf) <P1Y+m_PIY+m> =0

k=0

(14)

Finally, the definitions of the perfect and forecasted bal-
ancing profiles are introduced as presented in Fig. 2. In
the real-time market, the generation units constantly adjust
their outputs to meet the actual demand. The SCED problem
determines the generator levels for the next time step based
on the short-term net load forecast. In the case of a perfect
forecast, the generation is expected to ramp linearly from its
current level to the one step ahead value of the net load.
However, the presence of the forecast error alters the actual
generation profile.

Definition 6. Perfect Balancing Profile: Given the choice
of the output P(t) (e.g. the VER generation, the load, the
net load), the perfect balancing profile is a piecewise linear

;

m— Actual net load, P(t) -

i Perfect balancing profile, P(t)
- = =Forecasted balancing profile, P(t)

Normalized Power

Time

Figure 2: Actual net load, perfect and forecasted balancing
profiles

function that connects the samples of P(t) with period T:
Bev1 — B ;
T )
Definition 7. Forecasted Balancing Profile: Given the choice
of the output P(t) (e.g. the VER generation, the load, the net
load), the forecasted balancing profile is a piecewise linear
function that connects the forecasts of P(t) with period T':

Bev1 — B

P(t) =P+ KT <t <(k+1)T (15)

P(t) =B+ t, kT <t<(k+1)T (16)

III. REGULATION RESERVE REQUIREMENT
CALCULATION METHODOLOGY

As stated in the Section II, the real-time balancing market is
implemented as a SCED problem. Due to the following factors
the real-time market never matches the generation and actual
net load:

« Forecast error. The SCED problem is solved based on
the short-term net load forecast. Since each forecasting
process has limited accuracy, the resulting forecast error
contributes to the mismatch.

« Balancing time step. While the SCED problem has a
limited time resolution, usually 5 — 15 minutes, the actual
net load changes constantly. This makes exact matching
of the generation and net load impossible.

A. The Strategy

The current paper seeks to test Assumptions 1-4 and propose
an analytical model that changes the regulation reserve require-
ment determination framework from assumptions to equations.
As the first step, an analytical expression for the standard
deviation of the potential imbalances is derived that contains
the system parameters explicitly:

G(”?Y7aL7aLa£L78V7T) (17)

This expression provides an a priori determination of how
regulation reserve requirement changes as the system evolves
and hence is sufficient to comprehensively test the validity of
Assumptions 2-4. Next, the shape of the probability density
function of the potential imbalances is studied under different
scenarios to test the credibility of Assumption 1. Such an



analysis helps to numerically determine Bsr in (4) and gives
the final estimate of the regulation reserve requirement.

This strategy gains further importance by virtue of the fact
that the major part of the derivation of (17) is carried out
in the spectral domain. Previous work in the literature has
shown that the power spectra of VER generation and load
have distinctive shapes [21], [22] which may be described by
the very same parameters as in (17). Therefore, the method
presented in this paper allows a regulation reserve require-
ment calculation which may be generalized to different VER
integration scenarios.

B. The Standard Deviation of Imbalances

This section is devoted to the calculation of the standard
deviation of imbalance.

1) The Standard Deviation: By definition, the standard
deviation of imbalance (3) is:

Ty
2 1
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Each component is calculated separately. Using (15) and (16),
o2 18 calculated as follows:
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where n =Ty /T is the integer number of T intervals in the data
set. The two terms of (19) are cross-covariances between the
forecast error term and the integral difference of the actual and
the perfect profiles. This term should be zero, since presence
of any cross-covariance can be used to enhance the forecasting
technique. This statement is also verified numerically.

Next, 0, is calculated as follows:

oF -7 /T (P() (1) di =

!
-7 O/TQ((P%) ~PH0) - (P02 () ) o=
-z O/T (P%)ﬁL<z>)2dt+T100TO(PV<z>PV<r>)2dt
-z O/T (P~ PH@)) (P 0 7Y (1)) ot =

=035+ 03y — 203y (20

Using (15) and (16), 0,7, can be written as follows:

o5 = TIO?](PL(I) —f’L(f)>2dt: anZ.T(PL(t) —PL(z))zdt:
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ooy and opry are calculated similarly. Since Oopy consists
of cross terms between load and VER, according to (14) it
is zero. The first two terms of oy are the standard deviation
and the third term is the single lag auto-covariance of the load
forecast error. Thus, using the forecast error definitions (11)
and (12), o7 and oyy can be written as:

[2+p}
Gy = €L - SPL .PLpeak

24p}
3

(22)

. ppeak
TP

Oy =&y - (23)
where p; and py are auto-correlations of load and VER
forecast errors respectively.
Normalized load and VER profiles are used for o calcula-
tion:

k k
PH) = o - PL = pH () - @4)
PL
PV(I) Pv(t) prax k k
PV(1) = . SV pPek — Vi) .y PP 25
(t) P R ppe i p(t)vy-m-Pp (25



The same normalizations are used for PL(¢) and PY(t)
correspondingly. Drawing upon (18), the expression for o
with normalized profiles is the following:

?00
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The rest of this section is devoted to the calculations of oy,
oy and ojry. Since all three components have the same
form, the calculations are performed for a general case:

T
Glzxy:%/<p (t)f p
0

where x and y can refer to both load and VER. As mentioned
in Section III-A, the calculations of (27) is performed in the
spectral domain. According to the Parseval’s theorem:

(26)

) (PO-Po)e ey

Oy = /:’E [(P"(w) fPX(w)>*<P)'(w) ny(w))] do  (28)

The goal at this stage is to express P*(®) and P¥(®) in terms
of P*(®) and P’ (w) respectively. Since only linear operations
are used in the calculations, the variability can be incorporated
into the following expressions [3]:

P (o) :P(w,ﬁﬂ(%)) - 7 Plor(2)) @
Fw=#(o. o (2) = r(or(2)
Substituting (29) and (30) into (28) leads to:
ot = [ E[(P(5) (o ()
(P (5) (e (3)))]e(3) a1

Since the integration in (31) goes over (—oo;+o0), the substi-
tion @/ = @ can be made:
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Figure 3: Four steps of signal processing

ol :/7:E [(Pi(0) - P(aw, (@)
X (P-"(w) fﬁ(aw,Py(a)))ﬂ do

P*(w) and P’(®) are calculated similarly. Thus, only one is
considered and the superscripts x, y are omitted. The following
section is devoted to the time-domain demonstration of the
processing steps, which clarifies the logic of the spectral
domain operations later.

2) Time Domain Demonstration: Fig. 3 shows the four-step
transformation from p[n] into p[n]:
Step 1: Phase Adjustment. To construct the perfect balancing
profile (15), the last samples of each T interval need to be
captured by downsampling. Since the downsampling starts
from the first sample, the original profile should be shifted
left by N — 1 samples:

piln]

(32)

N-1)]

where N =T /T is the number of samples in T. Ty is the data
sampling period.
Step 2: Downsampling. Next, the profile is downsampled with

period T:
i ={ 0

= pln—( (33)

n=k-N;
otherwise. (34)
Step 3: Summing. This step turns single samples into rectan-
gles for each interval. Since each interval contains only one



non-zero sample, summing over N samples yields the value
of the non-zero sample for the whole interval:

N—1
n =Y paln—k
=0

Step 4: Averaging. Averaging calculates the sliding window
average of the input for one time step T to create linear ramps:

Z p3[n— (36)

The next paragraph implements these four steps in the spectral
domain.

3) Frequency Domain Calculations: The same processing
steps described in the previous section are implemented in the
spectral domain.

Step 1: Phase Adjustment. Using the translation property of
the Fourier transform, (33) takes the following form in the
spectral domain:

P () :P<g)  JON=1)T; :P(g) JO(T-T))

Step 2: Downsampling. The spectrum of the downsampled
profile has the following form:

(35)

pln] = paln) =
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(38)

where exp(j27n) =1 is used.
Step 3: Summing. Using the linearity and translation prop-
erties of the Fourier transform and the formula for the sum
of geometric progression, (35) takes the following form in the
spectral domain:

= Pz(a)) — =

=Y no —
FEFG )

Step 4: Averaging. Similar to the previous step, in the spectral
domain (36) takes the following form:

—jonT, 1—e JOVE
e

1—e™ JjoT joT
[—eJoT ¢
(39)

. 1 1—e /o7
P(0) = Pi(0) = 5P (0) {—— =
S [ (2 (o 2) o] (=) o
N2 = o T (1—e—JoT)?
(40)

4) Simplifications: Since accurate calculations require a
sampling rate that is small enough to capture slightest vari-
ations of the data, it can be assumed that for proper calcula-
tions the data sampling rate should be much higher than its
variability. Since the variability is also related to the spectral

width of the data [3], this assumption implies that the spectral
width of the data is much smaller than the sampling rate. As a
result, the spectrum has negligible values at @ 2 1/T;. Thus,
the following approximation is made using the Taylor series:

e T 1 1)

The same applies to all shifted spectral copies and (40) can
be rewritten as:

(1 —e /wT)2

8 (s o))

= Y JoT (42)
Also, the multiplier 1/ (1 —e~/®%s) in (42) is a periodic func-
tion that resembles 1/@ at low frequencies. Its multiplication
by the sum of the shifted spectral copies makes the copies far
from the center appear very small. Thus, it can be replaced by
1/w. Moreover, since 1/® decays monotonically, it mitigates
all the copies outside the range and, hence, the summation
can be done over infinity. This also makes the final expression
independent of the sampling frequency:

() =

Finally, making the substitution /o = o discussed in (31)
and (32) leads to the final expression:

_ —joaT\2
ety Bl BT

Accordmg to (44), the variability and the real-time market step
appear everywhere as multipliers. This means that the impact
of increased variability on the regulation requirement can be
effectively mitigated by reducing the real-time market step.
Substituting (44) into (32), the regulation reserve requirement
depends on the following components:
2wm
_ aT)J
45)

eIT  (43)

0 o ) _glp (02 p (o
P ar’ al )~ aT
for all values of m and n, which are the samples of the spec-

trum correlation function. The correlation happens between
mixed copies of VER and load spectrum.

C. The Probability Distribution Shape Consideration

Once the standard deviation of imbalances has been calcu-
lated according to (17), the paper returns to the determination
of Bsr found in (4). To that end, the probability distribution
of (3) is studied, which also allows revising Assumption 1.
The probability density function of imbalances is measured
for different values of penetration level, forecast error and
variability. Changing the capacity factor and the real-time
market step would have similar impact as the penetration level
and the variability respectively. Fig. 4 depicts the obtained
probability density functions normalized to a unit standard
deviation. The apparent large differences of the probability
density profiles invalidate Assumption (1).

However, what is more important for the regulation reserve
requirement calculation is confidence intervals for the given
probabilities. Therefore, the associated family of cumulative
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tions for different values of 7, € and o

distribution functions is also drawn in Fig. 4. Although there is
still a visible difference between them, only the 90% and 95%
confidence intervals are interesting for the reserve requirement
calculation. As Table I shows, 90% and 95% confidence
intervals generally agree for the wide ranges of penetration
levels, forecast errors and variabilities. The inaccuracy is
defined here as the ratio of the standard deviation and average
value. Thus, it can be concluded that the regulation reserve
requirements for these two confidence intervals are:

P, ~ 196 (46)
PSS, ~2.40 47)

where o is calculated according to (18).

Table I: 90% and 95% confidence intervals

Percentage | Min Max Inaccuracy
5% -1.8998 | -1.5761 | 0.032
95% 1.3142 | 1.5495 | 0.033
2.5% -2.4324 | -1.9922 | 0.036
97.5% 1.7565 | 1.9624 | 0.020

IV. CONCLUSIONS AND FUTURE WORK

The framework, established in this works allows an as-
sessment of power system regulation reserve requirements. It
is based on analytical derivations of the standard deviation
that shows that the reserve requirements depends on non-
dimensional parameters of the power system and the net load.
This results are contrary to the assumptions in the existing
literature. As future research, a set of simulations will be
performed to validate the proposed method more profoundly.
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