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Abstract—Security constrained optimal power flow aims to
minimize power system operating cost while considering a defined
set of outage scenarios. Contingency selection is the process
of reducing the number of scenarios to be considered in the
problem, thus reducing the computational complexity. In this
paper we investigate whether two data-driven methods (artificial
neural networks and k-nearest neighbors) can be used to perform
extremely fast contingency selection. We demonstrate that both
methods are orders of magnitude faster than standard methods.
We show that k-nearest-neighbors works well when the algorithm
is training on only data specific to the network, while neural
networks are better when trained on multiple networks’ data.
Index Terms—Contingency selection, Neural networks, Knearest neighbors, Security constrained optimal power flow

I. I NTRODUCTION
Security constrained optimal power flow (SCOPF) extends
the traditional optimal power flow problem to a two-stage
stochastic optimization model. The problem seeks to find
the lowest cost way to deliver power to consumers, while
considering a set of pre-defined contingencies (such as a
component outage).
The pre-contingency operation (known as the base case) and
contingency cases are linked by ramping constraints, which describe the maximum change generation output can be achieved
once a contingency has been realized. The optimal base case
solution is therefore determined by solving a master problem,
which contains a set of variables for each contingency. This is
referred to as preventative SCOPF, as it seeks to find a solution
that prevents issues in the case of a contingency occurring.
For large networks, with many contingencies, the resulting
problem contains millions of variables. Given that the power
flow constraints are non-convex, it may not be possible to
reach a solution to the full problem in the required timescale
[1]. Although many methods for preventative SCOPF have
been proposed over the past decades, solving these problems
for large networks in reasonable timescales is still an active
research topic – as indicated by the recent ARPA-E Grid
Optimization (GO) competition [2].
If a contingency is not included in the master problem, then
the network performance in that contingency is constrained
by the ramping limits from the base case solution. However,
some contingencies will not impact the optimal base case
solution. Therefore, optimal performance can be achieved
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without including them in the master problem. Contingency
selection is the process of reducing the set of contingencies [3].
Many methods have been proposed for contingency selection, the majority of which involving computing an AC
power flow solution for each contingency to assess the severity.
For example, [3] computes the constraint violations using
an intermediate base case solution for all contingencies and
selects those with large constraint violations. While [4] uses
an iterative process repeatedly calculating pre and post contingency load flows. These methods have also been extended to
include distribution grids [5] and uncertainty due to renewable
generation [6]. These methods are for N-1 contingencies, i.e.
with one single component failure, however [7] proposes a
method for simplifying N-2 contingency selection such that
only the N-1 power flows must be computed.
The AC power flow equations are non-linear and there many
be many contingencies, so these methods may add a significant
computational overhead before the SCOPF can begin. This
might not be realistic, given that deterministic values for load
and generator availability are typically required, and these can
not be predicted accurately for large time horizons [8]. Other
papers use linearized forms of the power flow calculations. For
example, [9] uses the DC form of the equations, but these do
not include voltage magnitude, so not all constraint violations
can be predicted. On the other hand, [10] propose a linear
estimation for voltage drop, but these will not identify line
limit constraints. For line outage contingencies, methods based
on graph theory have also been proposed [11], [12], but the
computational burden of these methods is large for big, wellconnected networks.
Some methods avoid calculating the power flow solutions,
and directly estimate the value of including the contingency.
For example, using simple metrics based on voltage [13], or
the maximum capacity of the failed component [14], but these
heuristics have limited accuracy. More computationally complex direct forecasting methods have also been proposed, such
as using particle swarm optimization and tabu search [15].
In practice a transmission system operator would need to
implement contingency selection very quickly, so speed is
paramount. However, an operator has a wealth of experience
specific to their network, which can be leveraged to assess
which contingencies may have the most impact. Therefore,
a data-driven approach to ranking the potential component

outage may hold promise.
Data-driven methods have been previously used with the
AC power flow calculations in contingency analysis. Artificial
neural networks (ANNs) have been incorporated into contingency selection to speed up the power flow calculations [16],
[17]. Alternatively, in [18] the K-nearest neighbors (KNN)
algorithm is used to classify the result of contingency load
flows, providing a more sophisticated analysis of the results.
In this paper, we investigate whether data-driven methods
can replace the AC power flow calculations entirely in contingency analysis, and directly predict the important of including
a contingency in the power flow problem. Although (as
discussed above) previous methods have attempted to bypass
the AC power flow calculations, to the authors’ knowledge
none of these have been data-driven. Part of the difficulty
of this approach is that data-driven methods require training
data. In this case, the data needs to describe the value of
including a contingency in the master SCOPF problem for
historic scenarios, and this is difficult to quantify.
We focus on the ANN and KNN algorithms, as they have
shown success in similar cases. We will consider two specific
cases: one where the training data is specific to a single
network but with different loading and generation scenarios,
and one where the training data contains many different
networks. The first case is analogous to the problem faced by
transmission system operators, the second case is analogous
to the problem posed in the ARPA-E GO competition.
The contributions of the paper can be summarised as follows. First, that we propose a method for generating training
data describing the value of including a contingency in the
master problem. Second, that we test the ANN and KNN
algorithms in performing contingency selection on a given
network with an unknown loading. Third, that we test the
algorithms ability to perform transfer learning, where data
from other networks is used for training data.
II. SCOPF F ORMULATION
Security constrained optimal power flow (SCOPF) is a twostage stochastic optimization problem which seeks to find the
lowest cost operation mode of a network, given a set of outage
scenarios. Here we describe the standard SCOPF formulation
which was used for this study.
A. Optimal power flow
The operation of the network at a given time instant is
described by: the voltage magnitude and angle at each bus,
v, θ, the real and reactive power output of each generator,
pg , qg , and the real and reactive power of each load, pj , qj .
The objective of optimal power flow is to find the generation
outputs that meet the load at lowest cost, while satisfying
system constraints. Typically the load values are fixed, and the
voltage values are unknown. Here we consider a cost function
that is quadratic in terms of real generation output, such that
the objective can be described as:
X
min
cg0 + cg1 pg + cg2 p2g ,
(1)
v,θ,p,q

g

where cg0 , cg1 , cg2 represent the constant, linear, and quadratic
cost coefficients of generator g. The problem constraints can
be written as:
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where i represents the bus index, g the generator index, e the
line index, and f the transformer index. Constraints (2) and (3)
are bounds on the voltage magnitude and angle at each bus, (4)
and (5) are bounds on the outputs of each generator, (6) and
(7) are bounds on the capacity of each line and transformer,
and (8) and (9) ensures real and reactive power balance at
each bus. The line and transformer line flows (pe , qe , pf , qf )
are non-linear functions of the voltage magnitudes and angles
at either end of the line. Therefore, constraints (6)-(9) are nonconvex. However, there are linear approximations which can
be used which reduce the problem complexity.
B. Two stage stochastic problem
As the loading and generator availability varies with time,
we need to optimize the network over several scenarios. Consider three instances of network operation. The first stage is the
initially committed state of the network, which is the default
state of all the generators and loads. Second, we consider the
base case operation, which is the planned pre-contingency
operation. Finally, we consider the post-contingency state,
after which one of K contingencies has occurred. Figure 1
demonstrates these states, we use the subscript k0 to denote
the base case and k to denote the contingencies.
Contingency k
Initial
commitment
Time

t0

Base case
k0
t0 + δ

Contingency k
Contingency k
t0 + δ+ δk

Fig. 1. The time steps considered in SCOPF.

The base case and contingency solutions are linked by
ramping constraints. Given the time interval between the
contingency and base cases is so short, the generator outputs
can not be altered beyond reasonable bounds, so we impose:
pg,k0 − rgd ≤ pg,k ≤pg,k0 + rgu

∀g ,

(10)

where rgd is the maximum drop in generation that generator g
can achieve in the time range, and rgu is the maximum increase.
There are two stages to the SCOPF problem. The first,
called preventative SCOPF, seeks to find the optimal base

case solution given all of the contingencies. This requires
solving one large optimization problem which includes a set
of network variables for each scenario. The second, called
corrective SCOPF, calculates the optimal solution for each
contingency, given a chosen base case solution. This involves
solving kT parallel optimization problems, with one set of
network variables per problem (where kT is the number of
contingencies). The two stages are visualized in Fig. 2.

this way, complicated input-output mappings can be modelled,
where the weighting parameters of each branch is optimised
to fit the training data.
B. K-Nearest Neighbors
K-nearest neighbors (KNN) is a non-parametric method
commonly used for classification and regression. Nonparametric models are those which do not specify a specific
structure for the input-output relationship. In this case, the
algorithm finds the K data points that are nearest in feature
space to the prediction point. For regression, the predicted
value is the average of the output values associated with those
data points. The average can be either a uniform average of
the K points, or distance-weighted.

Fig. 2. The two-stage SCOPF problem.

The preventative SCOPF problem will have (kT + 1) ∗
(2nb + 2ng ) variables and (kT + 1) ∗ (4nb + 6ng + 2ne + 2nf )
constraints, where nb is the number of buses, ng the number
of generations, ne the number of lines, and nf the number
of transformers. For large networks with many contingencies,
the required computation time to solve this problem may
become impractical. Reducing the number of contingencies
in the master problem can significantly decrease the number
of variables and constraints. It is theoretically possible to
achieve this reduction in complexity without loss of optimality
because, in reality, many of the contingencies may not affect
the optimal base case solution. So, if these contingencies can
be identified, the problem complexity can be reduced without
sacrificing optimality or feasibility.
This paper proposes a method to the predict the optimal
a subset of contingencies to include that has the smallest
effect on the problem optimality. There is no guarantee that
only a small number of contingencies have an effect on the
solution, therefore the problem is framed as a ranking one –
the objective is to find the best n contingencies to include out
of the kT possible contingencies. The limit n is assumed to be
set by the users computational and timing requirements, and
a range of values are considered in this paper.
III. DATA - DRIVEN M ETHODS BACKGROUND
Data-driven modelling learns a relationship between input
and output variables based on observed data, rather than
mathematical models. Training data refers to the set of inputoutput observations used to parameterize the model, which
must be distinct from the input-output observations used to
test the model. Here we present a brief over-view of the two
specific methods used in this paper.
A. Artificial Neural Networks
Artificial neural networks (ANNs) resulted from the inspiration to model the behavior of neuron systems in the
brain. An ANN is based on a number of connected nodes (or
neurons) aggregated into different layers. Each neuron takes
the weighted sum of signals from neurons in the previous layer
and calculates the output by some non-linear function (called
propagation function) then transmits it to its following layer. In

IV. P REDICTION F RAMEWORK
The decision of whether to include a contingency is based
on both the contingency value and the computational limits. It
may be that there is value to including all contingencies in the
master problem, but not sufficient computational resources to
do so. Therefore, we frame the problem as a regression, which
allows discrimination between contingencies, rather than a
classification. We restrict our analysis to generator outage
contingencies. Although the framework could be applied to
any component outage, one of the input variables we use is
specific to generator outages.
A. Generating Training Data
In order to train a data-driven algorithm to predict the value
of including a contingency in the preventative optimization
problem, observations of the value of including the contingencies is required. It is hard to define the “value” of including a
contingency, because the chosen solution will depend on the
other contingencies included in the master problem. Here we
assign a value for contingency k by running a preventative
SCOPF optimization with the base case and contingency k
and a base-case only optimization. In each case the base
case solution is for a corrective optimization for contingency
k and the difference in objective is recorded (see Fig. 3).
The corrective optimization first tries to solve a traditional
optimal power flow, and if not feasible solution exists, solves
a recovery problem to find the nearest-feasible solution.

Fig. 3. The method for generating training data.

This effectively gives an upper bound to the improvement in
the corrective SCOPF objective function that can be obtained
by including a contingency in the master problem, given that
the master problem considers only that single contingency
and the base case. Contingencies which have no effect on
the optimal base case solution have a value of zero and any
contingency which alters the base case should get a positive

score. Although this value may not be achievable once other
contingencies are also included, it provides a proxy for the
amount that a contingency can be improved by including it.
Note that, if a linearization of constraints (6)-(9) is used for
the preventative optimization then it is possible for the score
to be negative, i.e. for including the contingency to worsen
its objective in the corrective optimization. The linearization
means that the optimal point chosen in the preventative optimization is not AC feasible, so the chosen objective can’t be
reached in the corrective optimization.
B. Feature Selection
In data-driven modelling, the features of a problem and the
input variables to the prediction problem. The features used
for the prediction can have a large effect on the success of
the neural network [19]. Therefore, the features chosen should
describe the factors of the contingency thought to influence its
importance. Given a limited amount of training data, choosing
too many input parameters can prevent the network from
learning meaningful relationships. Similarly, in KNN with
too many features the euclidean distance between all points
becomes large, and it is hard to find similar points. Therefore,
here we consider three features which may have an effect on
the value of including a generator outage contingency.
1) Real power output: The committed real power output
dictates approximately the amount of power that will be lost
from the network when the generator fails (given that base case
power output is related by ramping constraints). Therefore, it is
reasoned that outage of generators with relatively large power
outputs may be more important to consider.
2) Voltage magnitude: There are constraints on the acceptable voltage magnitude at each bus. When the power injection
into a bus changes, so does the voltage magnitude. Therefore,
voltage magnitude may be an important consideration because
generators at buses whose magnitude is closer to the voltage
bounds might have a greater impact on the optimal solution.
3) Total load: The total load on the network is an example
of a global variable, it will be the same for all contingencies
within the same scenario. However, the total load provides
context to the real output of the individual generator, as well
as describing the difference between scenarios and networks.
It should be noted that all of these features are variables
of the optimization, so we can not know their precise value.
However, we have their values at the initially committed
position of the network which, given the ramping constraints
and underlying physics of the network, should provide rough
estimates of their final values.
C. Algorithm Tuning
Although the methods are data-driven, both have design
decisions to be made before they can be applied.
1) ANN: There are several decisions to be made when
building an ANN. Firstly, the structure of the network needs to
be determined. The larger the number of nodes and layers, the
more complex relationships can be captured by the network.
However, the number of parameters can grow rapidly with

additional nodes and layers, creating a danger of over-fitting
(where the parameters fit the training data very well but
performs poorly on unseen data). Given that there are a limited
number of loading scenarios and generator outages that can be
generate for a single network, limited training data is available.
Here we choose a network with two hidden layers of 4 nodes
each, giving it a structure of 3-4-4-1.
2) KNN: The K-nearest neighbors algorithm has only one
parameter: K, the number of nearest points to be considered.
Here we take the value K = 8, a relatively large value. Larger
values of K risk producing less accurate predictions, but make
the algorithm less sensitive to bad data. There is also choice
whether to use a uniform or weighted average of the closest K
points. Here we select a distance-weighted average, such that
the closer points have a stronger effect on the predicted value.
This was chosen because the higher value of K means that
some of the eight closest points might not be strongly related to
the predicted contingency. The KNN algorithm is implemented
using the k-d tree method in sci-kit, which structures the data
during training resulting in faster predictions.
D. Evaluation Metric
There are standard metrics that evaluate how accurately
algorithms predicts their numeric target. For this use case
however, it is not the numerical accuracy of the predicted
scores that matters, but how well the algorithm performs
contingency selection. Given that the contingency selection
algorithm picks the highest value n contingencies to include,
it is the relative size (or ranking) of the predicted scores
that is important. Therefore, we define the accuracy of the
contingency filtering algorithm to be:
n
1X
yi yˆi ,
(11)
Accuracy =
n i
where yi is a binary variable which is 1 if contingency i
is in highest scoring n contingencies, and yˆi is a binary
variable that describes whether contingency i has one of the
n highest predicted scores. Therefore, the accuracy is the
percentage of the highest value n contingencies which are in
the highest n predictions. This metric is a function of n, the
number of contingencies that can be included. For example,
if all contingencies can be included then any contingency
selection algorithm will have an accuracy of 100%. Therefore,
it is important to evaluate the performance of the algorithm
over a range of values of n. Additionally, we will consider
the expected performance of a random contingency selection
algorithm, which can be expected on average to have an
accuracy of KnT where kT is the total number of contingencies.
A contingency selection algorithm an only be regarded as
successful if it consistently beats the performance of the
random algorithm for various values of n.
V. R ESULTS
The proposed algorithm was tested on a 617 bus synthetic network from the ARPA-E Grid Optimization Competition [20].The network has 405 loads, 94 generators, 723 lines,

130 transformers, and 50 shunts. In the dataset 30 scenarios
are provided, with the demand and generator cost information
varying between scenarios. An additional 30 scenarios were
generated by randomly scaling the generator and load bounds
by factors between 95% and 105%. In each scenario there
are 94 generator outage contingencies, one for each of the
generators. Voltage bounds of 0.95 to 1.05 are used. We
consider two applications of the learning algorithms: trying
to learn a contingency filtering strategy specific to a single
network, and trying to create a network invariant strategy.
A. Single network learning
In the single network case, we are training an algorithm
using only data from other generation and loading scenarios
of the 617 bus network. A total of 60 loading scenarios are
used, 1 for testing and 59 for training. We include 94 data
points per scenario, one for each generator on the network,
such that there are 5546 training data points.

Fig. 4. The accuracy of the proposed methods compared to the expected
performance of a random contingency selection for the single network case.

Figure 4 shows the accuracy of both the ANN and KNN
algorithms described in Section IV-C. Also shown is the
expected performance of a random selection algorithm. The
KNN algorithm outperforms the random selection algorithm
consistently, achieving above 60% accuracy once more than
25% of contingencies are included. At this level of accuracy,
the KNN algorithm would accurately identify many of the
valuable contingencies to include, although not the ideal
subset. On the other hand, the ANN algorithm does not out
perform the random selection algorithm.
It may be that the KNN algorithm performs better because
it focuses on the most similar training data points. Given that
the dataset contains only contingencies from the 617 network,
those closest related are likely to give a good indication of the
test contingency score. Meanwhile, ANNs attempt to develop a
model that maps inputs to outputs, with the training data used
to build the parameters. For the single network case, there
may not be a diverse enough set of training data available to
parameterize such a model.
The times taken for each algorithm to evaluate a single
contingency compared to calculating a load flow are shown
in Table I. We consider both the 617 bus network and a much
larger network. It can be seen that both ANN and KNN are
several orders of magnitude faster than calculating an AC load

TABLE I
T IME TAKEN TO EVALUATE A SINGLE CONTINGENCY.
No. buses
617
31777

ANN
0.00021 s
0.00027 s

KNN
0.00067 s
0.01081 s

AC Load Flow
0.37 s
37.15 s

flow solution. It can be seen that the low flow computational
time grows substantially with network size, such that it may be
infeasible to evaluate all contingencies in time. The ANN evaluation complexity is the same for the larger network, although
it takes slightly longer to read in the network data. KNN
prediction complexity grows logarithmically with training data
size, and for the larger network the number of possible outages
is higher. However, even for the 31k network, the prediction
time is extremely fast.
B. Cross network learning
For the cross network learning case, we aim to train a
network invariant model that can perform contingency filtering
for any network. We consider two distinct cases. In the first,
other loading scenarios for the 617 bus network are included in
the training data, such that the testing network has been “seen”
before. In the second case, no training data from the 617 bus
network is included, so the testing network is “unseen”.
In the “seen” network case there were 13307 training
data points, representing generator outage events from various
loadings of seven different networks. The number of buses
of these networks ranged from 500 to 768 – similar sized
networks were chosen to maximize relevance. Figure 6 shows
the accuracy of both training algorithms in this case, compared
to the expected performance of a random selection algorithm.

Fig. 5. The accuracy of the proposed methods compared to the expected
random performance using cross network learning for a “seen” network.

In this case the ANN algorithm performs relatively well,
while the KNN algorithm performs badly. This is likely
because the KNN is no longer only using directly relevant data,
and the linear method to define the distance between points
is too simple to determine how relevant other networks’ data
is. Additionally, because KNN uses an average of the relevant
data, the value of a single training point can drastically effect
the predicted values if it becomes included in the closest K
points. Whereas, the ANN’s improved performance is likely
due to the larger and more diverse training data set – which

TABLE II
AVERAGE ABSOLUTE ERROR FOR EACH CASE AND METHOD .
Case Study
Single network
Cross network (seen)
Cross network (unseen)

ANN
13.69
13.75
28.73

KNN
1.13
10.28
17.86

allows it to determine a more complex relationship mapping
between input and output values. Lastly, Figure 6 shows the
same results, but with all data from the 617 bus removed from
the training dataset. Although an unlikely situation in practice,
performing contingency filtering on an unseen network was
required in the ARPA-E GO competition. In this case, both
algorithms perform similarly, offering a modest improvement
from the random selection case.

reasonable ranking of the contingencies when only given
network specific data, while ANN performs poorly in this case.
However, when a mix of different networks’ data was used,
the performance was reversed. This is likely because the ANN
can capture more complex relationships but requires a large
and diverse set of training data to achieve a good performance.
When only data from the 617 bus network is included, the
relationship to be learned is less complex and the training data
set limited. Therefore, KNN is more appropriate in this case.
We also demonstrated that neither algorithm performed well
when data from the 617 bus network was not included in the
training set. Of the three cases considered, the first is the most
practical, as transmission operators only have a single network
on which to operate. Therefore, KNN could be a promising
method for speeding up SCOPF in practice.
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