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ABSTRACT

This paper propose a rolling base energy storage system
(ESS) operation strategy considering wind power forecasting
uncertainty. ESS is worked according to operational time
horizon (OTH). However, the wind power uncertainty
characteristic is changed to ahead time of forecasting. For an
effective ESS operation, ESS rolling is required. This paper
firstly formulates the optimization problem for the ESS
operation to manage the uncertainty, and presents the
operation and rolling strategies applying Lagrangian
relaxation considering OTH and rolling time horizon (RTH).
Numerical results show that the proposed method effectively
manages the uncertainty, and suggest that the OTH and RTH
should be balanced to optimal ESS operation.

Key words : Energy storage, forecast, intra-day, rolling,
uncertainty, wind power.

1. INTRODUCTION

Renewable based energy generation is steadily increasing due
to its clean and sustainable nature. In 2017, renewable power
grew by 17% contributed about 50% of the global power
generation growth [1]. It is estimated that renewables capture
more than 65% of global investment in power plants to 2040
[2]. In particular, wind power generation (WPG) leads the
expansion of renewables. WPG provided more than 50% of
renewables growth [1] and supplied about 12% of power in
the European Union [3].

WPG implies risks due to its intermittent and stochastic
characteristics. To support the system, WPG forecasting is
required for reducing the risk and increasing the utility of the
use. Various forecasting methods have been performed [4-7].
The authors in [4] reviewed very short-term WPG forecasting
techniques classified into numerical weather prediction
(NWP)-physical or statistical-artificial intelligence (Al)
methods. It is shown that statistical-Al methods has lower
prediction errors in very short-term forecasting for horizons
until 6 h ahead. An multi-model methodology blending
multiple single-algorithm is proposed with a deep feature
selection process [5]. The algorithm performs about 4%
normalized mean absolute error (NMAE) in 1 h ahead
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forecasting horizon. In [6], a NWP based forecasting method
is presented using additional domain knowledge and historical
data training. It shows about 6% NMAE in 24 hour ahead
forecasting horizon. A scalable graph deep learning based
wind speed forecasting is proposed considering the localized
first-order approximation of spectral graph convolutions and
the temporal long short-term memory (LSTM) network
features of the graph nodes in [7]. It averagely presents from
10% NMAE in 1 h ahead forecasting horizon to 20% NMAE
in 24 h ahead forecasting horizon. The accuracy of forecasting
techniques has improved. However, it is impossible to
completely resolve the uncertainty of WPG because of the
chaotic and randomness of wind.

Energy storage system (ESS) is a key technology to
manage the WPG uncertainty [8]. ESS is operated as a buffer
during the energy imbalance between actual generation and
forecasting. Larger ESS capacity manages more uncertainty,
but ESS cost is expensive [9]. Therefore, ESS techniques can
be classified into sizing and operation. The influence of WPG
forecast error is described on the EES sizing with a wind farm
in France [10]. A supercapacitor-batteries hybrid-ESS sizing
is developed using the statistical information for WPG
smoothing in [11]. The authors in [12] presents iterative
search based ESS sizing algorithms considering micro-grid
reliability and system cost. Iterative ESS sizing algorithm is
also proposed with diesel generator and its fuel cost [13]. In



Eunsung Oh, International Journal of Emerging Trends in Engineering Research, 7(11), November 2019, 708 - 714

"
o

Demand [MWh]
0 o ~N o ©

IS

Actual load
— Load forecasting

60
Time index

ESS operational time horizon, To

;|
1

L_ Rolling time horizon, Tg

14

ESS operational time horizon, T

@ L_ Rolling time horizon, Tx ,

Y
ESS operation in the 1st stage

Figure 2: Rolling-based ESS operation framework.

[14], discrete Fourier transform based ESS sizing is proposed
cutting-off high-frequency component to control the WPG
uncertainty. These studies determine the EES size in the form
of managing the forecast error within a certain range. Detailed
error management is achieved through ESS operation.

ESS operation is focused on the enhancement of ESS
effectiveness within the ESS size. The authors in [15, 16]
present dynamic programming based ESS operations to shift
WPG for maximizing the daily profit. In [17], a coordinated
operational dispatch scheme for a wind farm with a battery
ESS is proposed to improve the wind farm dispatchability by
reducing the forecast imbalance. Meta heuristic approach
based algorithms such as particle swarm optimization (PSO)
[18], genetic algorithm (GA) [19], and hybrid algorithms
mixed two or three approach [20, 21] are suggested for
managing the WPG uncertainty. Most of EES operation is
considered the ESS size as a main constraint. Because the
EES size is limited the operational availability. However, with
the accumulated and propagated characteristics of the WPG
uncertainty, the operational time horizon restricts the ESS
operational availability. To reduce this restriction, rolling
based ESS operation method has been proposed considering
reliability [22] and system profit [23]. In energy management
system, the intra-day operation is applied as a rolling scheme
for effective unit commitment considering microgrid [24] and
renewables [25]. However, it is required considering both
forecasting and ESS operation [26, 27].

This study focuses on an effective rolling based ESS
operation strategy for managing the wind power forecasting
uncertainty. Firstly the ESS operation problem is formulated
considering the ESS operational time horizon (OTH) as an
optimization problem. To solve the problem, the Lagrangian
relation is applied. Using that, the ESS operation strategy is
proposed related to the ESS rolling time horizon (RTH). The
strategy is decided according to Lagrangian multipliers that
presented the characteristics of the uncertainty and ESS.
Numerical results with the actual wind power generation and

ESS operation |n the 2nd stage
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its forecasting show that the proposed method can enhance the
ESS operation performance by reducing the uncertainty, and it
is required the balance between OTH and RTH for the
effective ESS operation.

2. METHODOLOGY

2.1 Rolling-based ESS Operation Framework

The framework provides the ESS operational scheduling
according to RTH and OTH. The ESS operation is optimized
to take into account OTH longer than RTH. The solution in
RTH is applied as the ESS operational scheduling and its
residual outcome is combined with new WPG forecasting to
produce the input to the next stage re-scheduling. The rolling
based ESS operation framework is presented in Figure 2.

An ESS operation problem is solved every OTH
considering the WPG forecasting. The output of the problem
is the ESS operational scheduling such as ESS charge or
discharge quantity at each time. The subset of the solution in
RTH is then completed by deciding the operational
scheduling and applied. At each time, the ESS is operated
considering the scheduling and the actual WPG.

2.2 Operation Method

In this work, the goal of the ESS operation is to enhance the
WPG system reliability by managing the uncertainty. The
uncertainty is arisen by the WPG forecast error. Therefore, the
objective of the ESS operation problem is modeled as an error
function according to the WPG forecasting such as NMAE [5
- 7].

Let g, be the ESS operation during OTH, T, =
{1, t,-+, To}. The objective function is written as
0(qy = %Ztefo g—:—zt:—q: ) (1)
where g, and g, be the actual WPG and the WPG
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forecasting at time t. However, the information about the
actual WPG g, cannot be achieved in causal systems [28].
Therefore, the function in (1) is changed to

1 let—ael
0(qy) = EZteTo %,

)
where e, = E{g, — §.} is the expected WPG forecast error.

The function in (2) is a special case of [; norm. To apply
the mathematical operation such as differentiation, it is
relaxed as [29]

A _ 1 (ec—=qp)?
0(qv _EZteTo tzg: )

3)

The ESS size constraints the ESS operation, as follow;

—Eps < qr < Eps, tETp,
EMIN <5, <EMAX teT,

(4a)
(4b)

where s, is the ESS state-of-charge (SoC) calculated as
S¢ = q; + S;_1, and s, becomes the initial state of ESS. The
first constraint in (4a) expresses the ESS power subsystem
(PS) constraint related to power conditional system (PCS). It
limits the maximum charge/discharge power at time t as Ep;.
The second constraint in (4b) is the ESS energy subsystem
(ES) constraint. The bound of the minimum/maximum SoC,
EMIN and EMAX is decided considering the ESS
characteristics such as material of ES and life time.
Using that, the ESS operation problem is formulated as

nglitn 0(a.) ©)
s.t. (4a), (4b).

The problem in (5) is a quadratic problem. Therefore, the
Lagrangian relaxation is applied to solve the problem [30],

f=0(@) - Yiter, At (@ + Eps) + Xeery AL (@e — Eps) (6)
- ZteTo ve (s — EL{TVI.S‘IN) + ZteTo v (se — EgISAX )
where A7, Af, v/, and v;* are Lagrangian multipliers that
have zero or positive values [29]. The Lagrangian multipliers
superscripted with minus (-) and plus (+) express the effect of
ESS discharge and charge operation, respectively.
The Lagrangian multipliers and the optimal solution should
satisfy the Karush-Kuhn-Tucker (KKT) condition,

L= (U )+ IR, F —v) =00 (79)
t t

Az (qc + Eps) = 0,2{(q: — Eps) = 0,t € Tp,, (7b)
vi (s, — EMINY = 0,vf (s, — EMA%) = 0,t € Tp,. (7¢)

From (7a), the optimal ESS operation g; is calculated as

* A — A T —
ac = at —Tod:(Af — A7) — To g 2,5, (vi" —v{)- (8)
Error part PS part ES part
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and, it is constructed as three parts,

e Error part: This is the part to compensate the error
between actual WPG and WPG forecasting.

e PS part: This part modifies the ESS operation
considering the PS constraint in (4a). From the
condition in (7b), the Lagrangian multipliers A; and
A} has a value only when the ESS operation touches
the PS constraint. As shown the results in [14], the
sufficient size of PS is smaller than the ES size, and a
larger size of PCS is installed in preparation for
expansion [31]. Therefore, this part by A and Af
could be neglected as zero.

e ES part (Residual part): Similar to the PS part, this
part also adjusts the ESS operation considering the
ES constraint in (4b). The feature of this part is that it
considers not only the current operation but also the
future operation. This part limits the current
operation to prepare the onward operation, so it is
said the residual part. The Lagrangian multipliers v,
and v; are recursively measured from (7c) and (8).

2.3 Rolling Method

In the rolling based ESS operation, the solution in RTH is
used for the actual ESS operation. Therefore, NMAE is
modified from (2) related to the rolling time Ty,

_1 let—a;|
0(Tz) = aZteTR tgt £ 9)
where T, = {1, t,---, T }.
Applying the optimal solution in (8), it is calculated as
—To + - To + —
O(Te) = 12 Teeqe [ (A = 20) + 807 —vD). (10

Assuming that a PCS of ESS is installed sufficient size, the
effect of PS part is neglected and NMAE is reflected from the
residual part of the ESS operation.

The summation of the residual part in (10) does a concave
function. This is because the amount of residual is reduced as
the operation progresses. In addition, the function in (10) is
divided by the length of RTH that is a linear function. It means
that NMAE in (10) has an optimal point according to RTH
[29]. The Lagrangian multipliers v, and v{* only have a value
when the ESS operation is restricted by the ES of ESS.
Therefore, the optimal RTH is determined by the ES size of
ESS and the expected error of onward operations in OTH.

3. CASESTUDY
The present study is based on wind-power plants installed in

the Columbia River Gorge in U.S. Bonneville Power
Administration (BPA) who is a federal Power Market
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Figure 3: Error characteristics according to forecast WPG and ahead
time of forecasting. The error bar in Figure 3(b) and 3(c) expresses
70% confidential bound of the value at each point.
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Authority that owns 75% of the installed transmission in the
U.S. Pacific Northwest controls 40 wind-power plants with
4782 MW capacity in 2017 [32]. BPA has announced
historical data of WPG and forecasting rolling with every
hour. In this study, the data from 2015 to 2017 were used
because a plant was added in 2014.

3.1 Estimation of Error Part

To apply the ESS operation in (8), the estimation of error part
is required. Using the historical data (the data from 2015 to
2016 in this study), it could be estimated, and the result will
apply onward operation with the current forecasting (the data
in 2017 in this study). The NMAE which is the objective
function is related to the forecast WPG and it is increasing
through ahead time of forecasting. Therefore, the error part is
estimated according to the forecast WPG and ahead time of
forecasting as shown in Figure 3.

Figure 3 shows error characteristics according to forecast
WPG and ahead time of forecasting. Figure 3 presets the
expected error measured using the historical data. In Figure
3(b) and 3(c), the circled lines mean the average value and the
error bar expresses 70% confidential bound of the value at
each point. As shown in Figure 3(a), the expected error has the
randomness in forecast WPG and ahead time domain.
However, it is observed some trend in Figure 3(b) and 3(c). In
Figure 3(b), the error variance illustrated by the error bar is
increasing with longer ahead time of forecasting, i.e., about
150 MWh at 1h ahead forecasting to 300 MWh at 72h ahdaed
forecasting. This is because BPA’s WPG forecasting is
recursively updated using the latest information [33]. In
addition, the error has negative values with longer ahead time
of forecasting. It means that the forecasting method over
estimates WPG. In Figure 3(c), the error variance also grows
with increasing forecast WPG, but it is not significant when
the forecast WPG is larger than 1500 MWh. Therefore, the
relative error normalized forecast WPG is reduced increasing
forecast WPG. It means that the amount of WPG forecasting
is less effect to the error part than the ahead time of
forecasting.

The error part is directly measured using the historical data
as the value in Figure 3, but, for dynamic ESS operation, it can
be modified considering the characteristics,

& =a(t, g,) x e, 9)
where a(t, g;) is the compensation factor considering the
error characteristics. A simple example design of the factor is
determined related to a reciprocal of the error variance in
Figure 3(b) and 3(c).

3.2 Case Study

It is considered 450MWh ESS that is about 10% of total
WPG capacity. ESS characteristics are assumed as 90%
round-trip efficiency and 90% deep-of-death such as Lithium-
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Figure 5: NMAE enhancement compared to that without ESS. It is

calculated as percent-point because NMAE is a relative value.

lon battery that is the state-of-art

in-front-of-the-meter side [34].

Figure 4 shows NMAE with changing RTH. The lines with
circle, square, and diamond presents the value when OTH is
24h, 48h, and 72h, respectively. The black dashed line is the
NAME without ESS shown for comparison. In all cases,
NMAE has the lowest value with the shortest RTH as 6h. This
is because, in more frequent rolling case, the newest forecast
WPG is used that has less NAME. For the similar reason, the
NAME increases with the longer OTH. However, at the case
of short-term OTH, the risk of future cannot be properly
reflected as shown in the black dashed circle. In this case, the
NMAE with 48h OTH has less value than that with 24h OTH.
NMAE is calculated not only the current ESS operation but
also the onward ESS operation. The case with 48h OTH more
considers the onward ESS operation as the residual part than
that with 24h OTH. It means that OTH and RTH should be
relatively determined considering the characteristic of the
WPG forecasting.

ESS applying
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Figure 5 shows NMAE enhancement compared to that
without ESS that is the black dashed line in Figure 4. NAME
is a relative value, so the enhancement is calculated as
percent-point [35]. As discussed above, the maximum NMAE
enhancement is relatively determined to OTH and RTH.
When the short OTH such as 24h, it is maximized with the
short RTH of 6h. This is because the residual part for the
onward ESS operation is small in this case, so the frequent
rolling for using the recent information enhances the NMAE.
Increasing OTH to 48h, the NMAE enhancement is
maximized at longer RTH of 12h. It is the point balanced
between the current ESS operation and the onward ESS
operation. However, in the 72h OTH case, the maximum
enhancement point is reduced to 9h RTH. Because of the
longer OTH, the residual part restricts the current operation,
thus the rescheduling by rolling is required. It shows that the
OTH and RTH is decided related to the operability for the
current ESS operation and the onward ESS operation.

4. CONCLUSION

This paper proposed the rolling based ESS operation strategy.
The goal of this study is to solve the ESS operation problem
considering OTH and RTH for managing the wind power
forecasting uncertainty. The proposed strategy suggested the
solution using Lagrangian multipliers according to the
characteristics of the uncertainty and ESS. Numerical results
with the actual wind power data show that the ESS applying
the proposed strategy effectively manages the wind power
uncertainty with about 10% performance enhancement.
Moreover, the relationship between OTH and RTH for the
effective ESS operation is presented.
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