
Adequacy assessment of a wind-integrated system using neural
network-based interval predictions of wind power generation and load

Ronay Ak a, Yan-Fu Li b, Valeria Vitelli c, Enrico Zio a,d,⇑
aChair on Systems Science and the Energetic Challenge, European Foundation for New Energy-Electricité de France, CentraleSupélec, Paris, France
bDepartment of Industrial Engineering, Tsinghua University, Beijing, China
cOslo Center for Biostatistics and Epidemiology, Department of Biostatistics, University of Oslo, Domus Medica, Oslo, Norway
dDepartment of Energy, Politecnico di Milano, Milan, Italy

a r t i c l e i n f o

Article history:
Received 23 May 2016
Received in revised form 30 June 2017
Accepted 6 August 2017

Keywords:
Adequacy assessment
Multi-objective genetic algorithm
Neural networks
Prediction intervals
Wind energy

a b s t r a c t

In this paper, a modeling and simulation framework is presented for conducting the adequacy assessment
of a wind-integrated power system accounting for the associated uncertainties. A multi-layer perceptron
artificial neural network (MLP NN) is trained by the non-dominated sorting genetic algorithm-II (NSGA-
II) to forecast prediction intervals (PIs) of the wind power and load. The output of the adequacy assess-
ment is given in terms of point-valued and interval-valued Expected Energy Not Supplied (EENS).
Different scenarios of wind power and load levels are considered to explore the influence of uncertainty
in wind and load predictions on the estimation of system adequacy.

� 2017 Elsevier Ltd. All rights reserved.

1. Introduction

Maintaining a reliable power supply is a critical issue in power
system design and operation. In general, system reliability consists
of the two aspects of system adequacy and system security. The
way in which the power system can cope with the evolution in
electric demand at any time is defined as ‘‘system adequacy”.

Assessing the adequacy of a power system is challenging due to
the uncertainties associated with energy demand fluctuations, pre-
diction of future weather conditions (e.g. wind speed, solar irradi-
ation, etc.), possible equipment (e.g. generators, lines, etc.)
unavailability, failures in electric power transactions, errors (oper-
ator errors, dispatcher and relay malfunctions), and other relevant
issues [1–3].

Considerable research has been carried out for security, econ-
omy, and adequacy assessment of power networks [4–12].
Although Monte Carlo (MC)-based probabilistic methods are still
in use, more efficient and faster methods have also been proposed.
In [11], the authors propose a two-point estimate method (TPEM)
to model the load uncertainty in optimal reactive power dispatch
(ORPD) problem. They show that TPEM is a less time consuming
technique compared to MC simulation to deal with the probabilis-

tic multi-objective ORPD problem. In [12], ORPD problem is solved
for wind-integrated power systems. Both load and wind uncertain-
ties are modeled using probability distribution functions (pdfs).

With increased wind energy production over the last decade,
greater attention is being given to the wind energy integration
benefits and issues. Intermittent and stochastic characteristics of
wind energy bring additional uncertainty to the reliability evalua-
tion of wind-integrated power systems. Therefore, it is critical to
take into account this uncertainty in reliability modeling for better
assessment of the adequacy of the power systems. In [9], seasonal
auto-regressive and moving average (ARMA) time series models
are developed to incorporate the chronological nature of the actual
wind speed. As the adequacy assessment index, Expected Energy
not supplied (EENS) is estimated. Although the authors consider
the impact of seasonal changes in wind speed on the adequacy
assessment of composite generation and transmission system,
uncertainty quantification is not performed for the forecasting
models.

Herein a modeling and simulation framework for conducting
the adequacy assessment of wind-integrated power systems is pre-
sented. As the reliability indicator, EENS is estimated accounting
for uncertainties in data and prediction model. EENS can be used
to measure the inadequate supply caused by failures in power gen-
erator components, which is one type of uncertainty that exists in
power grid operation [2–10]. When the renewable energy penetra-
tion (e.g. wind) in a power system is significant, EENS can be used
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to measure the inadequate power supply caused by both compo-
nent failures and changes in wind speed [2–10].

1.1. Contributions

The originality of the present work lies in proposing not only
point-valued results, but also interval-valued EENS results to
inform decision makers (DMs) on the uncertainty in the predic-
tions. An alternative method to estimate EENS in the presence of
interval-valued inputs, i.e. load and wind power, is proposed. Load
fluctuations, the volatile and stochastic characteristic of the wind
speed, and component failures are considered as sources of uncer-
tainties. Since very few methods have been proposed for estima-
tion of EENS as an interval, this proposed methodology
contributes to the development of a novel approach for adequacy
assessment when the renewable energy penetration is significant.
Interval analysis is one way to take the associated uncertainties
into consideration, and provide a measure of the uncertainty in
the predicted outputs. The estimated outputs are represented as
intervals. Herein, to model and include the stochastic characteris-
tics of load and wind in the adequacy assessment problem, predic-
tion intervals (PIs) are estimated. The estimated PIs for 1-h ahead
wind power and load are used as the inputs to estimate both the
interval-valued and single-valued EENS.

PIs are provided using multi-layer perceptron artificial neural
networks (MLP NNs) trained by the non-dominated sorting genetic
algorithm-II (NSGA-II) [13]. The NSGA-II training procedure gener-
ates Pareto-optimal solution sets, which include non-dominated
solutions for the two objectives- prediction interval coverage prob-
ability (PICP) and prediction interval width (PIW).

The wind speed data used in the case study has been collected
for a 9-year period for the region of Regina, Saskatchewan, Canada
[14]. Then, hourly mean wind speed values are used to determine
the time-dependent wind power output of a wind turbine genera-
tor (WTG) using its power curve parameters. For load demand,
hourly load fluctuations are modeled using the chronological
annual load curve of the IEEE Reliability Test System (RTS) [9,15]
with the scaled annual peak load value. The generating units in
the power system are represented by two-state models, describing
operation and failure, and models are sampled by sequential
Monte Carlo simulation.

In order to clearly illustrate that the proposed interval-valued
EENS estimation method is capable of providing reliable results
as an alternative to MC simulation, EENS estimation using a MC
simulation method is also discussed in Section 4. In [11,12], the
load and wind are modeled as random variables with known prob-
ability distributions- normal pdf and Rayleigh pdf, respectively.
The method proposed in this paper, instead, does not rely on the
assumption that the load and wind data are drawn from given
probability distributions, since an empirical approach is used to
estimate the PIs. This empirical approach is preferable when distri-
butional assumptions are not met, or cannot be verified, in the data
at hand. Note that a comparison between TPEM [11] and the pro-
posed PIs model is feasible, however it is beyond the scope of the
present paper.

1.2. Paper organization

The paper is organized as follows. Section 2 briefly introduces
the definition of PIs and the use of NSGA-II for training a NN to esti-
mate PIs. In Section 3, the methodology for interval-based estima-
tion of EENS is given. In Section 4, experimental results on the case
study are given, and EENS estimation using MC simulation is dis-
cussed. Finally, Section 5 concludes the paper with a summary
and discussion for future work.

2. Methodology to estimate load and wind power PIs

In the following sub-sections, the main phases of the methodol-
ogy are described. The application of the framework is shown on a
case study taken from the literature [9]. In Fig. 1, a flowchart of the
methodology proposed for the adequacy assessment of wind-
integrated power systems is depicted.

2.1. Wind power generation

Hourly wind speed data have been collected for the region of
Regina, Saskatchewan, Canada for a 9-year period (1 Jan. 2003 to
31 Dec. 2011) [14]. Since wind power is a function of wind speed,
forecasts of power are generally derived from wind speed. To con-
duct the adequacy assessment over one-year time horizon, for each
hour in the year (8736 h) the hourly means are calculated over
9 years of wind speed values. The so obtained one-year time series
of wind speed VðtÞ; t ¼ 1; . . . ;8736, are then transformed in wind
power PðtÞ values using a quadratic characteristic curve (power
curve) taken from the literature [16,17]. Fig. 2 shows a typical
power curve of a WTG. Vci, Vr, and Vco denote the cut-in speed, rated
speed, cut-off speed, respectively, whereas Pr is rated output
power. When the wind speed is less than a threshold minimum,
known as the cut-in speed, the power output is zero. Between
the cut-in and the rated speed, there is a rapid growth of power
produced. A constant output (rated power Pr) is produced when
the wind speed is between the rated speed and the cut-off speed,
whereas beyond the cut-out speed the WTG is shot down for safety
reasons, hence, it produces zero power. For the mathematical
expressions of the power curve, the reader is referred to [16,17].

2.2. Load modeling

The load duration curve (LDC) on an annual basis (8736 h) is
created by manipulating the hourly load values from the IEEE-
RTS [12]. One year (8736 h) load data, i.e. a load value LðtÞ for each
hour t ¼ 1; . . . ;8736, have been generated with the following for-
mula [18]:

LðtÞ ¼ LðtÞ þ LðtÞ r
100

� �
Xnorm ð1Þ

where LðtÞ is the expected value of load for hour t, calculated using
the following equation.

LðtÞ ¼ PwðtÞ � PdðtÞ � PhðtÞ � Lmax ð2Þ
where Lmax is the peak load in a year, PwðtÞ is the weekly peak load
as a percentage of the annual peak, PdðtÞ is the daily peak load as a
percentage of the weekly peak and PhðtÞ is the hourly peak load as a
percentage of the daily peak. The system peak load Lmax is set to
185 MW [9]. r is the load forecasting uncertainty error (standard
deviation) expressed as a percentage of the hourly peak load, and
Xnorm is defined as [18]:

Xnorm ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�2lnðR1Þ

q
cosð2pR2Þ ð3Þ

where R1 and R2 are two random numbers drawn from the standard
uniform distribution on the open interval (0,1), and Xnorm is a nor-
mally distributed random number [18,19]. The load forecasting
error r is set to 5%.

2.3. Estimation of NN-based PIs

Based on the hourly wind power and load values over a 1-year
horizon, a data-driven strategy to perform short term (1-h ahead)
prediction of both load and wind power with uncertainty quantifi-
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