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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 learning-
aided approach has significantly improved the computational
efficiency compared to the MATPOWER solver, while all network
constraints are successfully satisfied.

Index Terms—OPF, random forest, supervised learning, con-
straint violation

I. INTRODUCTION

IN 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 deci-
sion 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 end-
to-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. Sim-
ilar 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 post-
processing 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 multi-
output 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 physics-
based 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 con-
straints. It is noted in the literature that, a majority of end-
to-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



model may not be useful, since it may contradict the injection
values calculated from predicted voltage parameters based on
network equations. While hybrid approaches can ensure the
convergence, they still need physics-based solvers. Thus the
computational efficiency improvement of hybrid approaches
is still limited.

To address the challenges in both machine learning-based
end-to-end approaches and hybrid approaches, this paper
develops a machine learning-aided approach that does not
need to run any physics-based OPF solvers. To address the
issues of constraints violation, our machine learning model
solves the voltage magnitudes and angles, instead of real
power generation. Once the voltage magnitudes and angles
are obtained, physics-based power flow equations are used to
calculate other operating parameters, such as power generation
settings.

The rest of the paper is organized as follows. In Section
II, the proposed machine learning-aided approach is discussed
along with AC OPF formulations. Section III describes the
multi-input multi-output RF model for solving OPF. In Sec-
tion IV, descriptions on a 500-bus network case study and
dataset generation are presented, followed by detailed results
discussion. Finally, the paper is concluded in Section V.

II. METHODOLOGY

A. The OPF Problem

The OPF problem deals with determining the optimum dis-
patch of generators to minimize the cost of generation, while
satisfying the engineering and physical constraints. In this
work, the OPF formulation of the ‘Grid Optimization (GO)’
competition [12] is adopted and modified, where switched
shunt related security constraints are incorporated. A security
constrained AC OPF problem is formulated as follows.

min
v,θ,p,q,bcs

G∑
g=1

cg

s.t.
vi ≤ vi ≤ vi, ∀i ∈ N
θi ≤ θi ≤ θi, ∀i ∈ N
p
g
≤ pg ≤ pg, ∀g ∈ G

q
g
≤ qg ≤ qg, ∀g ∈ G

bcsk ≤ bcsk ≤ b
cs

k , ∀k ∈ B

piinj − pid =
∑

(i,j)∈E

pi,j(v, θ), ∀i ∈ N, ∀(i, j) ∈ E

qiinj − qid =
∑

(i,j)∈E

qi,j(v, θ), ∀i ∈ N, ∀(i, j) ∈ E√
p2i,j + q2i,j ≤ sf , ∀(i, j) ∈ E

(1)

where N , E , B, and G are the set of bus, branch (both line
and transformer), switched shunt, and generator, respectively.
cg represents the generation cost of generator g, which is
calculated from an individual piece-wise linear cost function.

vi and θi are the voltage magnitude and angle at bus i,
respectively. Generator active and reactive power is denoted
by pg and qg , respectively. The shunt susceptance is denoted
by bcs and limited by their MVAR limits. piinj and qiinj stand
for the real and reactive power injection at bus i, whereas,
pid and qid are the real and reactive power demand at that bus,
respectively. The net real and reactive power injection pi,j and
qi,j to a branch can be represented by the difference between
injection and demand at the connected buses. At every branch,
the real and reactive power flow is limited by its rating. A
feasible solution ensures that these constraints are not violated.
Constraints (e.g., equality) are derived from physical laws like
Ohm’s law and Kirchhoff’s law, which have zero tolerance
for violation. The constraints that are related to engineering
practice could be relaxed during contingency events.

B. Machine Learning-Aided OPF Methodology

Figure 2 shows overall framework of the proposed machine
learning-aided OPF algorithm. With a given load condition
(i.e, real and reactive power load), we first solve voltage
magnitude and angles of buses using a multi-input multi-
output RF regression model. The slack bus angle is excluded
from the response variables since it is regarded as a reference
point in the OPF problem. The collected sample dataset is then
split into training and testing dataset. The RF model is trained
based on the training dataset and later used for making voltage
magnitude and angle predictions.
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Figure 1. The proposed machine learning-aided OPF algorithm

After solving the voltage parameters, network equations are
employed to determine the current injection Iinj at different
buses, based on a bus admittance matrix Y that is usually
calculated from line parameters.

Iinj = Y ∗ v (2)

Once current injections are known, the apparent power S
is calculated from the product of bus voltage and current
conjugate.

S = v × Iinj∗ (3)

Finally, the complex bus power injection Sinj is calculated by
subtracting the bus power demand Sd from the apparent power.
This is inspired from the repetitive adjustment of system
voltage parameters to produce a zero mismatch in complex bus



power injection, which is typically used in traditional power
flow algorithms.

Sinj = S − Sd (4)

The real part of the complex bus power injection at the
generator bus is then fed into the piece-wise linear cost
functions of individual generators to calculate the overall
cost of production. The integration of machine learning and
network equations ensures that all the constraints related to
physical laws are satisfied.

III. MULTI-INPUT MULTI-OUTPUT RANDOM FOREST
MODEL

RF is adopted in this study due to its multi-input multi-
output regression capability. RF is a combination of bagging
[13] and random feature subspacing [14], both of which
are ensemble techniques trained with a particular prediction
scheme [15]. There exist many decision trees in a random
forest model to make their predictions separately. Then these
predictions are averaged to minimize the error. The trees are
base learners and near-independent, which reduces the risk of
biased decision or overfitting.

A. Training Random Forest Model

To train the RF model, bootstrap samples are drawn from the
input dataset (i.e., the system load Pd and Qd), and for each
sample, an unpruned regression tree is grown. At every node,
input variables are sampled randomly and splitting is done in
the variable space. The best split is ensured by minimizing the
residual sum of squares (RSS), given by:

RSS =

L∑
l=1

∑
m∈Rl

ym − ŷRl
(5)

where, ŷRl
is the average of the observations in the lth non-

overlapping region, L is the total number of regions of the
predictor space, and ym is the predicted value.

The training process continues until the number of grown
trees is equal to the preset number. The model outputs (v and
θ) are generated by aggregating the prediction of all the grown
trees. Here, the average solution of all trees are considered as
the final solution, which ensures zero random prediction errors
of the trees (forest) to zero and preserves the true relationship
between predictors and responses.

Unlike other machine learning algorithms, cross-validation
is not required in RF since out-of-bag (OOB) error estimation
is used during the tree construction [13].

B. Parameter Setting

Main hyperparameters in the RF algorithm are the number
of trees, the minimum number of samples for splitting, and
the maximum depth of the tree. An asymptotic relation exists
between the number of trees and prediction accuracy. The
number of trees need to be optimized to balance the accuracy
and computational cost.

Trees with high-depth often raise the risk of overfitting. In
fact, the depth is directly related to the level of significance of

Algorithm 1 Multi-input multi-output RF-based OPF Algo-
rithm
Require:

RF training and test dataset: (Xtr, Ytr) , (Xtest,Ytest)
RF model parameter (no. of trees B, maximum depth D,
min sample no. ns)
Bus admittance matrix Y

Ensure: OPF variables are determined
1: procedure RANDOMFOREST( (Xtr, Ytr), D)
2: Initialize Q = φ
3: for e = 1 to B do
4: Ie ← a bootstrap sample from training set
5: qe ← get the learned tree from the sample with a

cutpoint to minimize RSS
6: Q ← Q ∪ qe
7: end for
8: return Q
9: end procedure

10: Predict with Q on (Xtest, Ytest) to get v and θ
11: Determine other OPF variables by using Eq. (2,3, & 4)

the independence between inputs and outputs. The maximum
tree depth needs to be carefully selected.

IV. CASE STUDY

A. Experimental Setup

To demonstrate the efficacy of the proposed approach,
a 500-bus transmission network is selected from the ‘GO’
competition repository (case 1, network 1, offline) [16]. The
test system has 51 active generators, 17 controllable shunts,
200 load buses, and 593 branches. To generate a large number
of training points, the given base case load data is used and
extended by following the hourly load profile of the year
2011 of of the Electric Reliability Council of Texas (ERCOT)
system. The load distribution among different buses is kept
same as the base case, and the ERCOT load profile is scaled
down to produce reasonable load patterns for the test case.
This scheme yields 8,760 load samples which are then fed
to MATPOWER [17] for solving the security constrainted
OPF. Since controllable shunts cannot be modeled directly in
MATPOWER, they are modeled as controllable synchronous
condensers. The MATPOWER Interior Point Solver (MIPS) is
adopted for solving the OPF problem. Only the solutions with
convergence are used for RF model training and testing. Real
and reactive power losses at each sample are also recorded for
further checking of the nodal power balance constraints.

Out of all the converged cases, 80% data are used for
training and the rest are left for testing. Shuffling is activated
to ensure uniform variance throughout the training and testing
dataset. The tree number and maximum depth are selected
empirically and set to 100 and 30, respectively. The minimum
number of samples required to split an internal node is set to 2.
Hyperparameters that yield the lowest mean squared error are
chosen to be the optimum settings for the RF model. For model
building and testing, the RandomForestRegressor package of



scikit-learn is used [18]. To better evaluate the effectiveness
of the machine learning-aided method, another end-to-end
case is tested by solving the OPF problem purely based on
machine learning without considering the network equations
(Case II). To this end, a holistic random forest model is trained
on the same dataset for comparison. Since the whole set of
OPF variables is determined from the ML model, a larger
number of trees (i.e., 250) and higher maximum depth (i.e., 50)
are chosen to support this comparatively higher dimensional
mapping task. The GridSearch option of scikit-learn is utilized
for tuning the parameters in RF.

B. Results & Discussion

For the considered test case, the lower and upper limits
of the voltage magnitude are 0.9 and 1.1 per unit, respec-
tively; the lower and upper limits of angles are -180 and
180 degree, respectively. The solutions obtained directly from
MATPOWER are considered as actuals for comparison. Figs. 2
and 3 compare the machine learning-aided solutions and MIPS
solutions for voltage magnitude and angle, respectively. It is
observed that the machine-learning aided solutions are close
to the MIPS solutions and within their bounds. This could
prevent outliers that may lead to severe constraints violation.

Figure 2. Voltage magnitude profile comparison: machine learning-aided vs.
MIPS (ML stands for machine learning)

Figure 3. Voltage angle profile comparison: machine learning-aided vs. MIPS

After solving the voltage magnitudes and angles from the
machine learning model, branch power flows are calculated
and shown in Fig. 4. It is observed that branch power flows
are well within their limits. Regarding the power injection
from generator buses, no negative real power injections are
found whereas no instance of positive real power injections
are found in load buses.

Figure 4. Branch flow profiles (each branch flow is scaled to its p.u. capacity)

Figure 5 shows the histograms of the deviations of volt-
age magnitudes and angles, respectively, between machine
learning-aided and MIPS solutions. It is observed that the
mean squared error (MSE) of the voltage magnitude is close
to zero, and the MSE of the voltage angle in most buses is
less than 2%.
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Figure 5. MSE of voltage parameters

The constraints violation profile for both of the considered
cases are summarized in Table I. It is observed that the
proposed ML-aided scheme that only gets voltage parameters
from the ML model (Case I) performs better in terms of
constraints violation, while the end-to-end scheme (Case II)
that directly gets all the OPF variables from the ML model
has significant number of equality constraints violation. Since
for case II, all of the bus power injection mismatches are
below 1 MW and 1 MVAR, they are considered as the bus
power balance tolerance in Case II. Around 31.33% of cases
are found to violate the power balance constraints when the
aforementioned threshold limits are considered otherwise case
II is found to be violating equality constraints in 100% cases.



Table I
PERFORMANCE COMPARISON BETWEEN THE PROPOSED MACHINE

LEARNING-AIDED SOLUTIONS AND PURE MACHINE LEARNING SOLUTIONS

Case
Solved

variables by
machine learning

Inequality
constraints

violation (%)

Equality
constraints

violation (%)

Training
time
(h)

Case I v, θ 0 0 25

Case II v, θ, pg , qg , bcs 0 100 34

To measure the optimality of the proposed approach, an
optimality checking metric O is adopted from [11].

O =
1

N

N∑
n=1

cg(Proposed)− cg(Actual)
cg(Actual)

(6)

Here, N is the total number of considered cases which is 1,080
(converged samples among the test dataset). The optimality of
the proposed approach is 1.123 × 10−4, which is acceptable
compared with other methods reported in the literature [11].

To evaluate the computational efficiency of the proposed
machine learning-aided method, the solving time between the
machine learning-aided method and MIPS is compared in
Table II. Both of the solving time of all 1,080 cases and
the average solving time per case are reported. It is observed
that the computational efficiency has been improved by 58.75
times with the machine learning-aided method, compared to
MATPOWER MIPS.

Table II
SOLUTION TIME COMPARISON BETWEEN THE MACHINE LEARNING-AIDED

SOLVER AND MIPS

Solver Total solution
time (s)

Average
solution

time
per case (s)

MIPS (MATPOWER) 2030.4 1.88

Machine learning-aided solver 35.26 0.032

V. CONCLUSION

This paper developed a machine learning-aided method
for solving security constrained optimal power flow, which
integrates both power network equations and a multi-input
multi-output machine learning model to yield a near-optimal
OPF result. The machine learning-aided approach has reduced
the solution time significantly. The integration of network
equations in the proposed method could ensure the feasibility
of the OPF solutions. Results on the 500-bus system have
shown zero constraints violation. However, it is challenging
to satisfy equality constraints, when solving OPF purely based
on machine learning models without network equations. The
proposed approach could also be used in post-contingency
analysis as well, where numerous network topologies with
different load profiles and network parameters need to be
solved within a very short time limit. Future work will test
the machine learning-aided method on larger networks, and

also explore other learning techniques including deep learning
frameworks.
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