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Abstract—Due to the variability and partial unpredictability of
renewable energy sources (RES), generation reserve sizing is key
for managing operational risks and enhancing grid reliability. Most
existing approaches for reserve sizing estimate the forecasting error for RES using either simple point forecasts, or probabilistic
forecasts that assume a predefined parametric model of the underlying distribution, such as a Gaussian distribution. However, these
approaches are unable to accurately model the probability of critical events that occur in the tails of the distributions, which is vital
for operational risk management. Further, they do not account for
multiple dynamic factors that may impact operational risk. In this
paper, we introduce a data-driven dynamic probabilistic reserve
sizing method based on the artificial intelligence technique of dynamic Bayesian belief networks. The method considers the actual
underlying distribution of forecasting errors from the availability of conventional generators (forecasting errors of their available
generation capacity), demand, RES, and prevailing conditions such
as weather and market prices. In addition, we introduce a new dynamic metric for calculating the reliability level of the power grid
in order to provide a real-time stochastic decision support tool for
power system operators. The proposed method is demonstrated using seven years of real historical data with a granularity of 30 min
from the power system in Australia, and has been implemented
and is currently used by the Australian system operator.
Index Terms—Dynamic Bayesian belief networks, probabilistic
reserve sizing, probabilistic forecasting, power system reliability,
data-driven model, artificial intelligence.

I. INTRODUCTION
A. Background and Literature Review
ITH the growing dependence on renewable energy
sources (RES) for electrical power generation, the
power grid has become increasingly volatile and less predictable. Renewable energy sources are weather dependent,
which can be difficult to predict accurately. Other factors
such as energy demand, consumer behavior, energy prices, and
transmission constraints further increase the uncertainties associated with demand and supply modeling [1].
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A wide range of studies have addressed the problem of power
system imbalances and relevant operational reserve requirements due to the integration of renewable energy sources [2]–[5],
ranging from deterministic to probabilistic methods, as well as
static to dynamic approaches.
In deterministic methods, reserves are usually sized in accordance with a specific event, like the largest credible contingency. However, these approaches are not adequate in the
presence of many sources of uncertainty, because they do not
model the stochastic nature of the system, the probability of
events with different severities, and the dependencies between
different sources of imbalance [2].
Hence, probabilistic reserve sizing techniques have emerged
in the literature as more effective methods. Probabilistic approaches are able to provide more information about the system
by including many sources of uncertainties for reserve sizing,
so that a required level of system reliability is met. These methods require detailed information of the sources of imbalances
in the system, their probability distributions, and their correlations, and apply the reliability level of the system as a cut-off to
assess the size of the reserve. By assuming that the sources of
uncertainties are independent, reserves can be calculated based
on the convolution of the probability density function of all independent sources of imbalances. As a result, the probability of
having insufficient operating reserve capacity can be determined
by a risk measure such as the reliability level or the probability
of loss of generation [5], [6]. Simple statistical methods such as
using the standard deviation of imbalances also belong to this
family and are widely used in power system operation [7].
Probabilistic approaches can be further categorized as
parametric or non-parametric. In parametric methods, the
sources of uncertainties are assumed to follow a predefined
family of distributions. In [8] and [9] the Gaussian distribution
is used for modeling uncertainties, while in [3], [8]–[12]
the error in wind power forecasts is modeled by Weibull,
Gamma, Levy alpha-stable, and Skew-Laplace distributions,
respectively. By assuming a predefined probability distribution
for the uncertainties, there is the risk that an inappropriate
choice of distribution will result in a poor forecast of the
tails of the distributions, which contain important information
about unexpected events [1]. In contrast, non-parametric
methods do not make strong assumptions about the underlying
distribution of the sources of the uncertainties. By not making
such assumptions, they are free to learn a much wider range of
functional forms from the training data. Among non-parametric
methods, non-parametric kernel based approaches are widely
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used to forecast wind power generation [13]–[15]. In [13]–[15],
time adaptive quantile-copula methods are used to model
conditional forecast errors for single or multiple wind farms.
As mentioned earlier, reserve sizing approaches can also be
categorized into static and dynamic methods. Static methods
typically pre-determine reserve requirements for long time periods (e.g., one year), while dynamic methods assess it for more
frequent periods, depending on the current or expected status of
the system. It is worth noting that probabilistic sizing can also
be done in a static or dynamic way, but deterministic sizing is
usually done statically. While in [5], [8], [10], [16]–[18] static
reserve sizing methods have been investigated, in [3], [11], [15],
[19] dynamic methods have been proposed. As short-term variations in the generated power by RES and the electricity demand
from gate closure through to real-time result in dynamic balancing requirements, to ensure grid reliability, a dynamic reserve
sizing model is more appropriate.
Usually, dynamic reserves are sized on a day-ahead basis using time adaptive probability density functions. Thus, when the
uncertainty associated with all the factors considered in a power
system is low, reserves can be reduced, which in turn can result
in large energy and cost savings. However, previous works on
dynamic reserve sizing either use parametric approaches like
[3], [11], [15], which do not consider the true distributions of
forecasting errors, or they use non-parametric approaches [19],
[20] in combination with convolution theory to calculate the
error distribution associated with the system. In practice, this
approach is computationally intensive, and can be impractical in large, complex systems including large volumes of data.
To address some of these challenges, one could make use of
data-driven Artificial Intelligence (AI) techniques. For example, Bayesian Belief Networks (BBNs) have been used in the
context of power systems to deal with forecasting electricity demand and RES; management, control, operation and optimization of the network; data analysis, and risk evaluation [16]–[18].
However, the power systems conditions, and thus its operational
risk, change continuously, and therefore time-varying, dynamic
methodologies are needed.
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accuracy and transparency, such as only considering the
largest generator risk. In the new proposed measure F U M ,
possible contingencies and errors from historical data are
considered and can be automatically updated. This new
measure conveys information about the uncertainties associated with the excess supply available in each region of
a power system in M W , which is easy to understand and
practical for grid operators to assess the probability of a
shortfall in the available capacity reserves in each region
of the power grid on a continuous basis.
r For the first time, we introduce the use of DBBNs for
dynamic probabilistic reserve sizing, and demonstrate their
suitability in modeling system complexity.
r To the best of our knowledge, this is the first time that
reserve sizing has been analyzed in a dynamic manner for
a real hybrid system with high complexity arising from a
wide variety of power sources, such as grid-connected and
embedded RES and conventional generators, while taking
into consideration a range of prevailing conditions, such
as market prices, weather, and time of day.
r The performance of the proposed method is validated on
real data from the Australian power system, and through
actual on-site implementation by the Australian system
operator, AEMO (Australian Energy Market Operator).
The paper paper is organized as follows: Section II presents
the relevant background on BBNs and DBBNs. Section III gives
the details of our proposed methodology by introducing (1) a
novel dynamic stochastic decision support tool for forecasting
reserve uncertainty, and (2) a novel measure of the reliability
level of the grid. Section IV shows our experimental results
based on real data from the Australian grid. In Section V we
conclude and discuss future work.
II. BACKGROUND ON BAYESIAN BELIEF NETWORKS
This section introduces Bayesian Belief Networks and their
applications, as well as their extension to Dynamic Bayesian
Belief Networks, which are the basis of our proposed method.
A. Bayesian Belief Networks Formulation

B. Paper Novelty and Contributions
In this paper, we introduce a data-driven dynamic probabilistic reserve sizing method based on Dynamic Bayesian Belief
Networks (DBBNs), which is suitable for diverse problems of
varying size and complexity, where uncertainties are inherent in
the system. Because BBNs have a simple casual graphical structure, they are one of the most effective models for representing
uncertainties [21]. In addition, BBNs are one of the best models
for simplifying conditionalization, which helps in designing the
decision making process [22]. Our contributions are as follows:
r We introduce a novel metric of reserve forecast uncertainty,
called Forecasting Uncertainty Measurement (F U M ),
which can be used to calculate the reliability level of a
power system and regulate the size of the reserve in a dynamic manner. Previous methods calculate the reliability
level of a power system by considering predefined contingency scenarios, which have limitations in terms of

Bayesian Belief Networks (BBNs) [23] are probabilistic models used in AI to reason about uncertainty [24]. They can be used
to investigate and present causal relationships between essential
components of a system in a simple and understandable manner.
They can be readily modified and used to incorporate missing
data through the application of Bayes theorem [25]. They are
also useful for calculating the impact of interventions such as
examining alternative policies or decisions. In addition, they can
be used to investigate dependencies among these casual relationships. In particular, BBNs solve problems in which uncertainty
arises due to complexity, incomplete knowledge, or stochastic
phenomena.
BBNs are probabilistic graphical models based on a directed acyclic graph that comprises nodes connected by edges
with an associated direction, and with no cycles [24]. The
nodes in the networks depict a set of random variables, V =
V1 , . . . , Vi , . . . , Vn , and directed arcs connect pairs of nodes,
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tive reasoning, from new knowledge about causes to new beliefs
about results; (iii) inter-causal reasoning, about the common
causes of a predictable result; and (iv) mixed reasoning.
For example in the above mentioned BBN, the marginal distribution P (D = d1 ) can be calculated as:
P (D = d1 ) = P (D = d1 |C = c1 )P (C = c1 )
+ P (D = d1 |C = c2 )P (C = c2 ).

Fig. 1.

Graphical representation of a BBN with parent and child nodes.

Vi → Vj , representing the dependencies between variables. In
each pair of connected nodes, the parent node affects the child
node according to the direction of the arc between them. The
absence of an arc between two nodes denotes that those nodes
are conditionally independent. For example in Fig. 1, nodes A
and B are independent of each other and node C is conditionally dependant on its parents (A and B). As tables shown in
the Fig. 1, each variable has an associated prior or conditional
probability.
After assigning an appropriate topological model to the BBN,
the relationships between connected nodes should be quantified.
The relationship between a child node and all its parents is described by a Conditional Probability Table (CPT). The CPT is
defined as follows: (i) each row represents the probability of being in a state, given a combination of values of the parent states,
in Fig. 1, for children nodes C and D, each matrix presents
the probability of child node being in a specific state given the
combination of its parents states, (ii) each row must sum to one,
and (iii) a node without parents has one row corresponding to
its prior distribution (in the Fig. 1, nodes A and B). The size of
the CPT for each node is the product of the numbers of states
of the child node and all its parent nodes. For example consider
two nodes C and D in the Fig. 1. Node C has two states (c1
and c2 ) and node D has two states (d1 and d2 ). Based on the
conditional probability P (C|D), a CPT is associated with node
D in order to define probability distributions over the states of
D given the states of C as shown in Table I.
Once a problem and its uncertainty are modeled by a BBN, it
can be used to “reason” about the problem by applying new evidence, i.e., as a probabilistic inference system. Such an inference
system can compute the posterior probability distribution for a
set of query nodes, given the values for some evidence nodes.
The types of evidence can be categorized as: (i) definite evidence: definite information that variable X has a specific value
x; (ii) negative evidence: information that variable Y is not in a
certain state y1 , although it may take any other values; (iii) likelihood evidence: uncertain sources of information. The types of
reasoning using BBNs can be categorized into four categories:
(i) diagnostic reasoning, from indications to cause; (ii) predic-

(1)

As a result, a BBN can calculate the probabilities associated
with the state of a variable given the state of other variables,
providing a powerful model for complex systems.
BBNs perform probabilistic updating by incorporating new
information and evidence, and provide a combination of predictive and diagnostic reasoning by incorporating new information
and evidence through Bayes’ theorem. Bayes’ theorem defines
the conditional probability of x given y as:
p(x|y) =

p(x)p(y|x)
,
p(y)

(2)

where x and y are events, p(x) and p(y) are the probabilities
of x and y, p(x|y) is the conditional probability of x given y
and p(y|x) is the conditional probability of y given x. Thus,
BBNs can update the probabilities of a set of events based on
the observed information and the BBN structure.
B. Dynamic Bayesian Belief Networks
Most of the events that happen around us in every day life
cannot be depicted based on a fixed point in time. Instead, they
should be explained through a sequence of observations that
lead to the inference of one final event. Time is an important
dimension in the field of AI and reasoning. However, BBNs
variables are time independent, i.e., a static model that does not
model temporal relationships explicitly. In contrast, Dynamic
Bayesian Belief Networks (DBBNs) [26]–[28] consider how
variables change with time. DBBNs can reason about changes
over time by relating variables to each other over a sequence
of time steps. In this way, a user can monitor and update the
system continuously over multiple time steps.
DBBNs consist of a prior network, which comprises the prior
probabilities for all of the variables in the network at time step
t = 0, and a transition network, which encodes the probabilities for each variable conditioned on other variables for all time
steps, t = 1, 2, . . . , n. For a DBBN in each time step, the variables and their associated probabilities are the same, except for
the network in the initial time step, which has its own probability
distribution. Thus, we can express a DBBN in terms of the probability distribution function on the sequence of n hidden-state
variables X = {x0 , . . . , xn −1 } and the sequence of n observable variables Y = {y0 , . . . , yn −1 }, where n is the time of the
given event of interest. The joint probability distribution can be
formulated as:
−1
−1
P (X, Y ) = Πnt=1
P (xt |xt−1 )Πnt=0
P (yt |xt )P (x0 ),

(3)

where P (xt |xt−1 ) is the state transition pdf that defines the
time dependencies between states, P (yt |xt ) is the observation
pdf that defines the dependencies between the observation nodes
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TABLE I
CPT OF THE VARIABLE D GIVEN THE INFORMATION OF VARIABLE C

A. Problem Statement

Fig. 2.

Static BBN vs dynamic BBN.

and other nodes at time step t, and P (x0 ) is the initial state distribution that provides the prior probability distribution at the
starting point of the process. In fact, Dynamic Bayesian Belief
Networks (DBBNs) are static Bayesian networks that are modeled over an arrangement of time-series. In a Dynamic Bayesian
Network, each time slice is conditionally dependent on the previous one. Fig. 2 shows a simple static BBN (left) and a DBBN
(right). The arcs in the Dynamic BBN figure show the dependency of each time slice on its previous one. A DBBN can be
continuous, discrete or a combination of these two based on the
type of the state space of the observation and hidden variables.
Similar to a BBN with a DBBN we can perform the following
tasks: (i) Inference: estimating the pdf of unknown state variables given the known observations to initialize the probability
distribution. (ii) Decoding: discovering the best estimates of the
probability values for the sequence of hidden states that have
produced the known states of observations. (iii) Training: Estimating the parameters of a DBBN system given a number of
observed sequences to infer the best model for the system. (iv)
Pruning: applying sensitivity analysis to find out which nodes
are semantically important for inference in the DBBN structure
and removing the nodes that are not important.
III. METHODOLOGY
Our aim is to apply stochastic modeling to carefully combine
contingency scenarios (unexpected changes in network topology) with renewable scenarios (uncertainty of renewable generation outcomes) and demand side uncertainties to create a
risk-weighted analysis of grid reliability. Furthermore, we aim
to introduce a new metric that conveys information about the uncertainties, in M W , associated with the excess supply available
in each region in a power system. This novel metric should be
easy to understand, automatically updated with changing conditions, and practical for power grid control to continually assess
the probability of a shortfall in available capacity reserves that
could lead to load shedding.

The key objective of the analysis is to forecast and quantify
how much excess1 power generation is available on the network
above the load demand at time t + h, where h = {1, 2, . . . , H}.
The power generation component comprises the following
three sub-components: conventional generators, solar, and wind
power generators. Note that conventional generators typically
over-forecast their capacity on extremely hot days because these
generators (coal and gas) may have to reduce their production
to keep their cooling process within safe limits. Therefore, the
mean forecast value for the “excess” supply above the demand
on the network at time t + h can be calculated as:
ˆ t+h = Ĝt+h + Ŝt+h + Ŵt+h − D̂t+h ,
RXS

(4)

ˆ t+h is the level of forecast available regional power
where RXS
oversupply at time t + h, Ĝt+h is the forecast value of the
available capacity of conventional generating units at time t + h,
Ŝt+h and Ŵt+h are the amount of predicted solar and wind
power generation at time t + h respectively, and D̂t+h is the
operational demand forecast value at time t + h.
Each of these forecasting systems has inherent errors, and
these errors also depend on the weather conditions and some
exogenous variables. Here, to demonstrate how each forecasting
system is modeled, we provide a brief explanation of the demand
forecasting system. The same method is applied for solar and
wind power generation forecasting systems as well.
Assume that we have a historical load demand data set Dt =
{D1 , . . . , Dt }, comprising t observations. The goal is to predict
the H future observations {Dt+1 , . . . , Dt+H } . Then we can
define the electric load at time t + h, where h ∈ {1, 2, . . . , H}
by producing a different model at each forecast horizon h as
follows:
Dt+h = Yh (Xt ) + t+h ,

(5)

where t+h denotes the model error, Yh (.) is the model, which
is based on the conditional expectation E[Dt+h | Xt ], and Xt
is defined as follows:
Xt = (dt , gt+h ),

(6)

where dt is a vector of lagged demand data occurring prior to
t + 1, and gt+h is a vector of exogenous variables at t + h.
Any forecasting system is associated with inherent prediction errors. As a result, forecasting the mean value of RXS
does not provide meaningful information about the uncertainty
of the future excess power generation in the network. Instead,
we need to forecast the entire distribution of the future regional
1 Excess power generation conventionally refers to the available generation
capacity above the level of demand, which can be used as operational reserve.
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excess supply and provide a meaningful measure to assess the
uncertainties associated with the excess supply available in each
region of a power system. This new measure should be easy to
understand and practical for power grid decision makers to assess on a continual basis the probability of a shortfall in available
capacity reserves, leading to load shedding in each region.
In summary, our goal is to forecast the pdf of the random
variable Errort (RXS) at time t + h, where:
ˆ t − RXSt ,
Errort (RXS) = RXS

(7)

ˆ t and RXSt are the mean forecast and the actual value
and RXS
of the regional excess supply at time t, respectively. We can also
define the variable Errort (RXS) as follows:
Errort (RXS) = Errort (G) + Errort (S)
+ Errort (W ) − Errort (D),

(8)

where Errort (G), Errort (S), Errort (W ), and Errort (D)
are the errors produced by each forecast at time t. As shown
in Equation (8), the Errort (RXS) depends on the forecasting
systems’ error for the demand, wind, solar and conventional generators. It is worth mentioning here that all forecasting systems
are also dependent on weather conditions and some exogenous
variables such as price and time of day.
Next we show how we infer the error distribution of the
regional excess supply by considering all the above mentioned
uncertainties in a dynamic manner by using a DBBN.
B. DBBN Model to Forecast Available Reserve Uncertainties
We use a Bayesian Belief Network to understand the conditional dependency of the uncertainties in the system and provide
information to decision makers in the form of an Excess Generation Reserve value. This value determines, with a certain probability, how much excess generation over demand is available
in each region. In practice, in the implementation carried out
by AEMO, this information is produced from every 30 minute
trading interval for the next 8 days.
To achieve this aim we need to understand the current level
of uncertainty in the power system when a forecast is made.
DBBNs can be used to assess the conditional interdependence
of forecasting uncertainty from various forecasting systems. In
addition, DBBNs provide an estimate of how these uncertainties
vary given the prevailing conditions, like the temperature at the
time the forecast is executed. For example a 6 hour-ahead forecast that is executed at 38 degrees may have greater uncertainty
than a 6 hour-ahead forecast that is executed at 18 degrees. In
this study, the DBBNs are designed so that, given the prevailing
weather and reserve conditions of the network, they can compute the probabilities associated with the historical forecasting
errors in M W .
Fig. 3 introduces the DBBN structure for forecasting the error distribution of regional excess supply. In this framework,
we have included the forecasting errors associated with both
conventional and intermittent generators, as well as generation
prevailing conditions like temperature and market prices. Each
system has a forecast and an associated forecasting error for each
30 minute trading interval. The network is trained on all of the
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available historical error forecasts and the associated prevailing
conditions at the time of the forecast. In this network, the parent nodes are named: Demand Forecast Error, Wind Forecast
Error, Solar Forecast Error, Temperature, Temperature Forecast, Reserve, and Price, which represent the prevailing conditions that existed just prior to the forecast run. The other nodes,
namely Error(RXS)nHAhead represent the child nodes or
forecasting error for each of the next 30 minute trading intervals n ∈ {0.5, 1, . . . , 5.5}. The black horizontal bars represent
the probability associated with each of the corresponding bins.
For example, in Fig. 3 the highlighted horizontal bar shows
that the probability of having a forecasting error between 100
and 200 MW, at 5.5 hours in the future from the forecast run
is 13.0%.
C. Sensitivity Analysis
Once a DBBN network has been trained it is possible to statistically assess the impact that each of the prevailing conditions
(input nodes) has on the forecasting errors. Using just the link
structure of the net, it can be determined which nodes are completely independent of other nodes. However, dependence is a
matter of degree and once the net has been trained it can be
used to assess how changes in the prevailing conditions change
the probabilities or uncertainties in our forecasting error nodes
(output nodes). From this analysis, in the case study applications carried out (see Section IV) it has been determined that,
for forecast lead times below 8 hours, the most significant prevailing conditions (the conditions that cause the largest change
in forecasting uncertainty) are: (a) Temperature forecast, (b)
Wind forecast, (c) Last operational demand error (i.e., the error of the demand forecast from the previous 30 minute trading
interval). In addition, prevailing conditions that were assessed
and determined to not have a significant impact on the forecast
error include: (i) Price, (ii) Last wind forecasting error (i.e.,
the error from the wind forecast from the previous 30 minute
trading interval), and (iii) Current actual RXS.
D. Lack of Reserve Conditions
The output of the DBBN is the probability distribution of the
excess generation reserve available in each region in the power
system. The next step is to apply the reliability level of the
power system as a cut-off to regulate the size of these reserves
and provide information for decision makers. To this end, three
reliability levels are defined in the Australian system based on
Lack Of Reserve (LOR) conditions.
Lack of Reserve (LOR) conditions [29] indicate that there
is a likelihood that the system may not have sufficient reserves
to meet demand if there is a major, unexpected event. A typical
practice in grid management to assess lack of reserve conditions
is to consider different scenarios based on the risk of credible
contingencies, such as the loss of the largest generator, or interconnection, in any region. Three levels of LOR are defined
as follows: LOR1 is declared for a region(s) when consecutive
occurrences of both the largest and the second largest relevant
credible contingency events would result in load shedding occurring as a result of a shortfall of available capacity reserves;
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Fig. 3.
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Sample DBBNs using seven years of historical data (2010-2017) in South Australia.

LOR2 is declared when the occurrence of the largest relevant
credible contingency event would result in load shedding; and
LOR3 is the highest level of alert, which indicates the balance
is so tight that load shedding is imminent or has begun.
E. Forecast Uncertainty Measure (F U M )
The definition of LOR has not adequately taken into account
the range of risks to reliability that now exist, given the changing
nature of the power grid. In addition, it does not take into account
any forecasting uncertainties when the reserve assessment is
calculated.
In this section we therefore introduce a revised definition
for LOR that also takes into account a measure of the reserve
forecast uncertainty. As predictions are made further into the
future about forecast excess supply, the uncertainty of those
predictions increases due to weather-related changes that affect
the levels of demand and the availability of RES output. In order
to ensure that adequate reserve capacity is available, we need to
define a reasonable upper limit on the forecast error. We do this
by defining a measure called the Forecast Uncertainty Measure
(F U M ), which quantifies a confidence limit on the forecasting
error of a probabilistic forecast of the excess supply.
Consider the forecast of excess supply for a given time, region
and expected conditions. The DBBN model provides an estimated probability distribution for the error in the mean forecast
of regional excess supply Error(RXS). The system operator
needs to know an upper confidence limit on the random variable
Error(RXS), so that they can ensure that there is an adequate
power reserve. For a given confidence level α (e.g., α = 95%),
we define F U M as follows:
F U M : P (Error(RXS) ≤ F U M ) = α,

(9)

Thus F U M provides an upper bound on the forecast
Error(RXS) with confidence level α. Intuitively, the higher
the required confidence α in the prediction error, the higher

F U M needs to be. In this way, we can convert the output of the
DBBN into a meaningful concept that decision makers can use,
i.e., a measure of the Error(RXS), in M W , of the forecasting
error distribution at a given time in the future.
The confidence level α for determining F U M should be set
at a level such that the system operator reasonably expects to
achieve an appropriate balance between: (i) reducing the chance
of a situation where load shedding arises as a result of reserve
forecasting error, and (ii) increasing the likelihood of unnecessary declarations due to an overly conservative confidence level.
The confidence level should also decrease monotonically with
increasing forecasting horizon, and be consistent across regions
for the same forecasting horizon.
Based on our proposal for F U M , we now introduce a new
formulation for calculating a revised LOR threshold to assess
the probability of a shortfall in available reserve capacity that
could lead to load shedding in each region:
LOR1 = max(LCC2 , F U M )

(10a)

LOR2 = max(LCC1 , F U M )

(10b)

where LCC1 is the size in M W of the single Largest Credible Contingency event (LCC), and LCC2 is the size in M W
of the two largest credible contingencies, assuming they occur
consecutively with sufficient time to return the power system to
a secure operating state prior to the second event. In Fig. 4 we
show how the proposed LOR thresholds are able to effectively
reflect the impact of extreme F U M values.
In summary, the prevailing conditions at the time of each
forecast are provided as input to the DBBN network, so that the
DBBN’s inferred probability distribution of the Error(RXS)
of the forecast can be used to generate the Forecasting Uncertainty Measure (F U M ) in M W for each 30 minute trading
interval. Note that the F U M value is associated with a predetermined confidence level. The impact that the prevailing conditions have on each of the error distributions of each forecasting
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Fig. 4. LOR notices in the national electricity market in Australia, using the
revised formulation of LOR based on F U M .
TABLE II
FUM VALUES FOR THE HORIZON OF 6 hrs AND 24 hrs AHEAD
IN VICTORIA FOR A RANGE OF SCENARIOS

system is automatically accounted for within the trained DBBN,
and only the final result is reported. As an example, Table II provides the likely F U M values for a range of different scenarios
for a major region in Australia.
IV. CASE STUDY APPLICATIONS
This study is intended to: (i) Describe how a power grid
operator continually assesses the probability of capacity reserves
being insufficient to avoid load shedding; (ii) Describe how the
probability assessment applies in relation to different periods of
time; (iii) Specify at least three probability levels at which the
power grid operator will declare a corresponding lack-of-reserve
condition in relation to a specified period of time, indicating an
increased probability of load shedding (other than the reduction
or disconnection of interruptible load).
A. Input Data
The Australian Energy Market operator (AEMO), is responsible for operating the power grid for the National Electricity
Market (NEM), which serves the eastern and south-eastern regions of Australia, as well as the Western Australian South West
Integrated System. The performance of our proposed method
has been validated with real data provided by AEMO, which
has also implemented our method over the five states of the
NEM, namely, Tasmania, Victoria, New South Wales, South
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Australia, and Queensland. Seven years of historical data (Actual and forecast data for demand and different types of supply)
with a granularity of 30 minutes has been used for training
the DBBN model for each of these regions using the NETICA
software, which is a powerful, easy-to-use, and comprehensive
program for working with belief networks and influence diagrams [30]. The experiments are run on an AZURE cloud using
∼ 20 CPUs and 128 GB RAM.
The input data into the model can be divided to ten types of
data as follows:
1) Forecasts (at multiple horizons) and current observations
of weather data, which includes precipitation, wind speed,
temperature, cloud cover, relative humidity and solar radiation, as well as the temperature forecast differential
between different forecast providers at multiple horizons.
2) Current generation level across each generation type: gas,
coal, hydro, battery, solar farms, solar roof tops, and wind
farms.
3) Forecasts of RES generators at multiple time horizons.
4) Demand forecast error data: Demand forecast error for
the most recent complete trading interval, comparing the
forecast generated one interval prior to the trading interval
to the actual. This captures recent demand forecast errors
and the sensitivity analysis indicates the importance of
this input for the first 6 hrs of the horizon.
5) Regional reference price ($/M W h).
6) Prior trading interval forecast of Reserve Error.
7) Forecasts of reserve levels at multiple horizons.
8) Forecasts of inter-connector flow at multiple horizons.
9) Time of day (daytime/night-time forecast): For example,
a 6 hour ahead forecast that was run at 22 : 00 for 04 : 00
(overnight forecast) would have less uncertainty associated with the error than a forecast run at 10 : 00 for 16 : 00
(daily peak forecast). These prevailing conditions/input
data are used as predictor variables in the model. The aim
is to train the model in order to forecast the target variable
(Error(RXS) in M W ) for each of the next 144 trading intervals using the predictor variables. We used seven
years history of forecast and actual data (all generation
types and demand) in each region in Australia to produce the Error(RXS) distribution for each of the next
144 trading intervals. Then the model is trained using the
predictor variables and target variable (Error(RXS)).

B. Pre-Processing, Training, and Testing Model
The aim is to forecast the Error(RXS) in M W for different
time horizons using the input data as the predictor variables. In
the pre-processing step, we need to clean the data by imputing
any missing data and removing any outliers. We processed a
huge volume of data (approximately one billion records) to
generate the error distribution. Specifically, every 30 minutes
we receive a new data record and we have 144 time horizons
for forecast, trained on historical values of the different input
variables since 2011. This data was cleaned and pivoted into a
form that can be fed into the DBBN. Overall, data pre-processing

2288

IEEE TRANSACTIONS ON POWER SYSTEMS, VOL. 34, NO. 3, MAY 2019

TABLE III
THE ORDER OF INPUT VARIABLE IMPORTANCE FOR EACH TIME
HORIZON OF TARGET VARIABLE (Error(RX S))

Fig. 5.

and cleaning required two months of effort, while only two
minutes is needed to train the model.
The next step after data cleaning is the sensitivity analysis.
A sensitivity analysis of each of the proposed predictors was
conducted to determine which inputs lead to the largest shifts in
the distribution of RXS for each region. The results from the
sensitivity analysis for each region were used to guide the selection of a consistent set of input predictors with consideration of
the maximum number of nodes that can be compiled in a DBBN
(too many nodes cause the network to fail to converge). For example, solar radiation forecast inputs indicate to the model the
expected solar irradiance influencing rooftop PV generation and
generation from large scale solar farms. This input is prioritised
given the current penetration and continued growth of rooftop
PV, and the predicted ramp up of large scale solar generation.
So, in the sensitivity analysis step we identify the input variables
that have the most impact on the target variable (Error(RXS)).
Table III shows the top five most important input variables that
are detected by the DBBN for NSW region and for different
time horizons of the target variable (Error(RXS)).
As shown in Table III, the amount of coal generation and
demand error at the run time have the most impact on the short
term forecast error (6 hours ahead). In general, using the generation type in the model is very important for short term risk
assessment. For example, if you have a large availability of wind
relative to gas, you should expect the larger error than if you
have a large availability of gas relative to wind. It also concludes
that if there is low demand then you should not expect a large
error because you need less generation capacity in the network.
For 24 hours and 48 hours ahead, solar radiation can have a
large influence on error, which is expected because Australia is
experiencing rapid growth rooftop solar, and solar radiance influences generation from rooftop PV and large scale solar farms.
This input is prioritized given the current penetration and continued growth of rooftop PV, and the predicted ramp up of large
scale solar generation.
The variables selected in the sensitivity analysis step are used
as inputs to train the DBBN model. In fact in the training step,
by feeding a number of sequences of observations to the model,
we try to estimate the parameters of the DBBN model such that
they best fit to the observed data and provide the best model
for the system. In Fig. 5 the structure of the training model
for 3 hours ahead forecast horizon is shown. The model was
trained using the TAN (Tree Augmented Naive) Bayes method

Architecture of forecasting model for NSW for 6 hours ahead.

[31] to construct the appropriate link structure between nodes.
Netica has two options for defining the link structure between
nodes: manually and automatically based on the TAN method.
In this study because of the wide variety of input variables to
the model, we used the automatic option of the Netica software
for defining the link structure.
After training the model for different target time horizons, the
trained model was saved for use in the test step. In the test step
we apply the saved trained model for the period of interest and
use it to predict the target variable (Error(RXS)).
C. Dynamic Forecasting Uncertainty Measure
In this study we used 7 years historical data of forecast and
actual measured demand, RES generators supply and conventional generators supply over all five regions in Australia for
every 30 minute trading interval since January 2010 to July
2017. Then, by using our DBBN model we produced the probabilistic forecast value of RXS for the next 384 trading intervals
up to 8 days ahead. Each 30 minute forecast is assessed against
the actuals for each of the next 144 trading intervals. For example, a forecast run at 01-01-2017 01:00 would have forecasts
for each 30 minutes interval from 01-01-2017 01:30 to 04-012017 01:00 and an Error(RXS) distribution can be created
for each of these forecasts.
In Fig. 6 the top graph shows the error distribution associated with the 12 hours ahead forecast of intermittent generators, conventional generators and load demand in all five
regions in the NEM. In absolute terms the RES generation has
a small materiality but high frequency of error. The distribution of the error associated with the demand forecast has a
lower frequency, but higher materiality in MW, and is symmetrically distributed. The errors in conventional generation
availability was biased towards an over-estimate of the availability by generators for a day-ahead. These generators provide
information about their dispatch for the next 24 hours based on
the weather forecast and in real time they usually reduce the
amount in generation that they had expected because of the hot
weather they cannot work as efficiently. The bottom graph in
Fig. 6 shows the joint distribution of imbalances, Error(RXS),
which is inferred by a DBBN learned on the inputs from the
top figure.
The graphs in Fig. 7 show the error distributions for the
demand forecasts, intermittent generation forecasts and regional
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Fig. 8. Comparison of actual FUM value with the dynamic FUM (produced
using DBBN) and the static FUM (produced using deterministic method) in
three consecutive run times in New South Wales, Australia.
TABLE IV
CONFIDENCE LEVELS FOR DETERMINATION OF FUM VALUES

Fig. 6. Top graph shows the distribution in M W of forecasting error across all
the regions in Australia including the error produced by intermittent generation
forecast, conventional generators maximum availability forecast, and regional
demand forecast for the 12 hrs ahead forecasting error. Bottom graph shows the
joint distribution of the top distributions extracted from the DBBN for 12 hrs
ahead forecasting error.

Fig. 7. Typical error distributions for a range of forecasting horizons in
Victoria using almost seven years of historical data (January 2010-July 2017).

value of FUM at consecutive time intervals of every 30 minutes.
As shown the dynamic FUM is able to reflect the actual FUM in
the system much more accurately in comparison to static FUM
(deterministic method).
It is worth noting that any changes to forecasting systems
that result in a change in any of the error distributions (for
example, an upgrade to the forecasting system resulting in an
improvement in forecasting accuracy) can be reflected in the
DBBN and subsequent F U M values.
The output of the DBBN is a measure of the Error(RXS)
in M W for each of the next 144 trading intervals. As we are
dealing with a forecasting error distribution, the “At Risk” M W
of F U M is associated with a confidence level. The DBBN
outputs a M W value for each of the forecasts, associated with
the fixed confidence level.
D. Selection of Confidence Level

aggregate availability of conventional generation over the seven
year period ending July 2017 for errors in the range −800 MW
to +800 MW for different time intervals of forecasting. In these
graphs a positive sign means that the forecast value is greater
than the actual value.
Based on the inferred Error(RXS) distribution, the F U M
value (in M W ) can then be calculated. In the dynamic version
of F U M the error distributions are updated by using a DBBN
based on the current prevailing conditions when the forecast
is produced. The difference between the dynamic and static
version of F U M is shown in Fig. 8. In this figure the Dynamic
FUM shows the amount of FUM produced by proposed DBBN
method, the static FUM is produced by deterministic method
and the dotted line shows the Actual FUM in the system at the
time of the run. Each graph shows the static, dynamic, and actual

The final step of our analysis is selecting the M W values
associated with the required confidence level. In order to determine the associated M W value for the given confidence level,
all the probabilities are accumulated until they exceed the specified confidence level, and the associated M W value in that
bin becomes the F U M value. The appropriate confidence level
used for the forecast uncertainty measure, F U M , used in determining LOR conditions needs to achieve a balance between
reducing the chance of a situation where load shedding arises
due to lack of action by system operators as a result of a reserve
forecasting error, and increasing the likelihood of unnecessary
declarations due to an overly conservative confidence level. The
confidence levels are selected based on a sensitivity analysis of
the number of LOR declarations to changes in the confidence
level. The proposed confidence levels are specified in Table IV.
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TABLE V
THE NUMBER OF LOR2 CONDITIONS DECLARED BY FUM AND LCC1
CRITERIA. NOTE THAT FOR ALL REGIONS THE FUM DECLARED BY LOR2
WAS ONE DAY EARLIER THAN LCC1

region shares network capacity with an inter-connector then
an un-forecast reduction in the availability of this generator
unit could result in an un-forecast increase in inter-connector
support. Under the current RXS definition this scenario is not
considered and may result in an overly conservative distribution
of RXS errors. Future work is proposing and redefining the
RXS.
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[16] A. Lehtilä, P. Silvennoinen, and J. Vira, “A belief network model for forecasting within the electricity sector,” Technol. Forecasting Social Change,
vol. 38, no. 2, pp. 135–150, 1990.
[17] C. A. Rocha et al., “Decision support in power systems based on load
forecasting models and influence analysis of climatic and socio-economic
factors,” Proc. SPIE, vol. 6383, 2006, Art. no. 63830I.
[18] H. Bevrani, F. Daneshfar, and T. Hiyama, “A new intelligent agentbased AGC design with real-time application,” IEEE Trans. Syst.,

FAHIMAN et al.: DATA-DRIVEN DYNAMIC PROBABILISTIC RESERVE SIZING BASED ON DYNAMIC

[19]

[20]

[21]
[22]

Man, Cybern. C, Appl. Rev., vol. 42, no. 6, pp. 994–1002, Nov.
2012.
D. Jost, M. Speckmann, F. Sandau, and R. Schwinn, “A new method for
day-ahead sizing of control reserve in Germany under a 100% renewable
energy sources scenario,” Elect. Power Syst. Res., vol. 119, pp. 485–491,
2015.
M. Bucksteeg, L. Niesen, and C. Weber, “Impacts of dynamic probabilistic reserve sizing techniques on reserve requirements and system
costs,” IEEE Trans. Sustain. Energy, vol. 7, no. 4, pp. 1408–1420, Oct.
2016.
M. Borunda, O. Jaramillo, A. Reyes, and P. H. Ibargüengoytia, “Bayesian
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