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Abstract—Though many approaches have been proposed in
recent decades to solve the full AC optimal power flow (OPF)
problem, efficiently finding the solution still remains challenging
due to its highly non-linear and non-convex nature, especially for
large scale networks. Machine learning has proven to significantly
improve the computational efficiency in many problems. Thus
in this paper, a learning augmented optimization approach is
developed to solve the security-constrained optimal power flow
(SCOPF) problem. More specifically, a multi-input multi-output
random forest model is developed to first solve network voltage
magnitudes and angles of buses. Then, physics-based network
equations are employed to determine the current injection and
complex/real power injection at different buses. To evaluate the
efficiency of the proposed machine learning-aided algorithm, two
benchmark models are adopted: (i) one with the conventional
MATPOWER Interior Point Solver, and (ii) the other one with
an end-to-end pure machine learning approach. Test results on
a 500-bus network show that the proposed machine learningaided approach has significantly improved the computational
efficiency compared to the MATPOWER solver, while all network
constraints are successfully satisfied.
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I. I NTRODUCTION

I

N current deregulated electricity markets, system operators
need to produce precise dispatches and market signals to
better utilize existing resources and preserve the interests of
all market stakeholders [1]. Independent System Operators
(ISO) run optimal power flow (OPF) algorithms to get their
dispatch decisions. Due to the uncertain and variable nature of
renewable sources, these decision parameters need to be solved
more frequently to avoid curtailment. It has been reported that
alone in the U.S., a 5% increase in market efficiency, mostly
depending on OPF solvers, can save 6 billion dollars annually
[2]. Security constraints in OPF often introduce integer decision variables, which makes the optimization problem more
challenging to solve.
Machine learning has proven to significantly improve the
computational efficiency in many problems, including OPF. In
general, the utilization of machine learning approaches to solve
OPF can be broadly divided into two categories: 1) an endto-end approach purely based on machine learning, and 2) a
hybrid approach of machine learning and physics-based solver.
For example, a collection of supervised learning algorithms,
like Gaussian naive Bayes, logistic regression, decision tree,

random forest, extra-tree, and neural network were used to
solve OPF in [3]. In [4], system real power load and costs of
generation were used to predict generators real power output
and voltage of P-V buses using several machine learning
models, including multi-layer perceptron regression, gradient
boosting regression, and support vector machine with a radial
basis function kernel. Though the machine learning approach
has a fairly high degree of testing accuracy, constraint violation
was present in around 60% cases. Active OPF constraints
prediction was studied in [5]–[7] to improve the computational
efficiency of traditional algorithms. An end-to-end generator
setting prediction was performed in [7] through a constraint
violation penalty incorporated neural network approach. Similar to other work, there exist a large number of equality
constraints violations. A deep learning technique was exploited
in [8] to solve the generation real power in DC OPF, and postprocessing was performed to ensure that the generation values
are within lower and upper bounds.
Hybrid approaches were also attempted in the literature to
reduce the computational cost, focusing primarily on yielding
better warm-start points for physics-based solvers. Similar to
[5]–[7], a neural network model was used in [9] to represent
the system security boundary and add to the list of constraints
in the form of a differentiable mapping function, which was
then solved by a physics-based solver. A multi-input multioutput random forest (RF) regression method was used in
[10] to predict the real power set-point of generators and bus
voltage magnitudes, which were then passed to a physicsbased solver. An artificial neural network model was used in
[11] to only solve generator voltage and real power outputs,
which were then passed to a physics-based solver to solve the
reactive power.
The main drawback of using machine learning to obtain
direct end-to-end solutions is that there might exist a large
number of constraints violations, especially for equality constraints. It is noted in the literature that, a majority of endto-end machine learning-based OPF methods solve real power
generation of the generators and buses voltage magnitudes,
which may lead to an infeasible solution space. This is due
to that both the voltage magnitude and angle determine the
amount of power flow in branches, and the power losses
of lines are also dependent on voltage parameters. Thus the
real power generation obtained from the machine learning

