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Abstract

Alternative current optimal power flow (ACOPF) problems have been stud-
ied for over fifty years, and yet the development of an optimal algorithm
to solve them remains a hot and challenging topic for researchers because
of their nonlinear and nonconvex nature. A number of methods based on
linearization and convexification have been proposed to solve to ACOPF
problems, which result in near-optimal or local solutions, not optimal solu-
tions. Nowadays, with the prevalence of machine learning, some researchers
have begun to utilize this technology to solve ACOPF problems using the
historical data generated by the grid operators. The present paper reviews
the research on solving ACOPF problems using machine learning and neu-
ral networks and proposes future studies. This body of research is at the
beginning of this area, and further exploration can be undertaken into the
possibilities of solving ACOPF problems using machine learning.

Keywords: AC optimal power flow, machine learning, neural network,
physics-informed
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1. Introduction

Optimal Power Flow (OPF), first introduced by Carpentier in 1962 [1],
aims to achieve an optimal operating point in terms of a specified objective
function such as minimizing generation cost, minimizing total ohmic losses,
matching a desired voltage profile for different generators within a trans-
mission network subject to the physical laws, and operational or technical
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constraints [2]. The OPF typically runs over time horizons ranging from
a few milliseconds in real time, to 24 hours in advance for power system
operation and control for all Independent System Operators (ISO) around
the world [3]. The ACOPF is an optimization problem within OPF that
considers the full AC power flow equations and can be used for a variety of
purposes. The nonlinear power flow equations of ACOPF make these prob-
lems nonconvex and NP-hard [4]. In light of the challenges posed by the
nonconvexity and nonlinearity of ACOPF problems, considerable research
has been conducted, which can be distinguished by two traditional methods
linearization and convexification.

A linearized version of ACOPF is known as direct current optimal power
flow (DCOPF), which approximates power flows in a linearized manner while
ignoring transmission losses. A comparison between DCOPF and ACOPF is
presented in Table 1 [5]. The advantages of DCOPF include its simplicity,
which allows it to solve problems quickly and be applied in large-scale net-
works. However, there are several challenges associated with DCOPF. Grid
conditions may differ from the linear assumptions imposed by DCOPF, so
grid failure and instability are more likely to occur [6]. Relying on DCOPF
can also have serious consequences for climate change. As estimated by
the Federal Energy Regulatory Commission (FERC) in their 2012 report,
approximate-solution techniques can lead to costs of billions of dollars as
well as unnecessary emissions [7].

Table 1: Comparison of DCOPF and ACOPF [5].
Problem
name

Includes
voltage
angle
con-

straints?

Includes
bus

voltage
magni-
tude
con-

straints?

Includes
trans-
mission
con-

straints?

Includes
losses?

Assumptions Include
genera-

tor
costs?

Includes
contin-
gency
con-

straints?

DCOPF No No; all
voltage
magni-
tudes
fixed

Yes Maybe
Voltage

magnitudes are
constant

Yes No

ACOPF Yes Yes Yes Yes Yes No

As a consequence of the inaccuracy and insecurity of DCOPF, it is more
practical to work on ACOPF problems directly. Multiple algorithms based
on convex optimization have been proposed. The second-order cone pro-
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gramming (SOCP) [8] and semidefinite programming (SDP) [9] have been
widely employed and investigated. These studies led to the development of
improved algorithms, such as convex iteration and [10], which are more ef-
ficient. However, these algorithms may not ensure the global optimum [11]
nor guarantee global optimization under precise assumptions, and they may
not be compatible with large-scale power systems. Therefore, research on
global solutions to ACOPF problems is still ongoing.

As artificial intelligence (AI) and machine learning (ML) have evolved and
matured over the past few years, researchers from diverse fields have begun
to explore ways to solve complex, unstructured problems by incorporating
these new techniques.

For OPF problems, ML approaches have been proposed to learn the ini-
tialization of the OPF problem. An ML-based method was proposed for
initializing state estimation within a distribution system [12]. To accelerate
the ACOPF solution procedure, [13] provides a good starting point for ini-
tializing ACOPF. Other ML approaches directly bypass typical optimization
solvers or iterative methods to learn solutions online. A good example is
[14] which makes use of ML to solve mixed-integer quadratic equations. A
feasible and optimal DCOPF solution learning is presented in [15]. To pre-
dict the active constraints in the ACOPF problem, a ML technique has been
developed in [16, 17].

By using historic or simulation-derived data, [12] trained a shallow neu-
ral network to learn the initialization used in Gauss-Newton for distribution
system state estimation (DSSE) problems. This combination of ML and
traditional optimization approaches shows a superior performance in system
stability, accuracy, and computation efficiency. In [17], neural networks were
used to learn the mapping from uncertainty realizations to the active set of a
DCOPF problem as an intermediate step towards learning the optimal solu-
tion. Once the active set is determined, the optimal solution to the original
problem can be recovered by solving a linear system of equations. This work
illustrated the benefits of using historic data to exploit the structure of the
OPF problem, and solve DCOPF on timescales appropriate for corrective
control. In [15], the authors trained a deep neural network (DNN) model
to learn the mapping between the load inputs, the dispatch and transmis-
sion decisions for DCOPF problems. They leveraged a useful structure in
DCOPF to significantly reduce the mapping dimension, subsequently cut-
ting down the size of the DNN model and the amount of training data/time
needed. In addition, a postprocessing procedure was designed to ensure the
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feasibility of the obtained solutions.
In this body of research, neural networks (NN) demonstrated the ability

to model extremely complicated nonconvex functions, making them highly
attractive for this setting. A model could be trained offline on historic data
and used in real time to make predictions on an optimal power setting [18].
In addition, research on solving ACOPF problems with ML algorithms have
been widely conducted, and in this paper we will review state-of-the-art
methods proposed.

The rest of this paper is organized as follows: Section II briefly intro-
duces the formulation of ACOPF and ML algorithm. Current research about
ACOPF with ML is discussed in Section III and future research directions
are discussed in Section IV. Section V summarizes this review paper.

2. Background

In this section, a general formulation of ACOPF problems, ML algo-
rithms, and artificial neural networks (ANN) are introduced.

2.1. ACOPF Problem Formulation

One general ACOPF problem is to minimize energy generation cost while
satisfying physical laws and engineering constraints. In this case, the classical
problem formulation is as follows:

min
∑
k∈G

fk(PGk)

s.t. PGk
− PDk

= Vdk

n∑
i=1

(GikVdi − BikVqi) + Vqk

n∑
i=1

(BikVdi +GikVqi),

QGk
−QDk

= Vdk

n∑
i=1

(−BikVdi −GikVqi) + Vqk

n∑
i=1

(GikVdi − BikVqi),

Pmin
k ≤ PGk

≤ Pmax
k ,

Qmin
k ≤ QGk

≤ Qmax
k ,

(V min
k )2 ≤ V 2

dk + V 2
qk ≤ (V max

k )2, k ∈ N .

(1)

Where,
PGk, QGk are the active and reactive power of generators, respectively;
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PDk, QDk are the active and reactive power of demands, respectively;
Vdk and Vqk are the real and imaginary parts of voltage Vk, respectively;
Gik and Bik are the real part and imaginary part of the admittance matrix

Y , respectively.
Given the active and reactive power demands at the load buses, the active

and reactive power generated by the generators and voltage magnitudes at
each bus can be obtained by solving (1). From (1), it is clear that ACOPF
problems are nonlinear and nonconvex, indicating the difficulty and impos-
sibility of obtaining global optimal solutions directly. Over the last decade,
numerous attempts have been made by researchers in academia to solve the
nonconvex OPF problem through a variety of convex relaxation methods,
such as second order conic (SOC) relaxation [19], semidefinite programming
(SDP) [20], and quadratic convex relaxation [21]. Although these meth-
ods generated initial excitement, they failed to properly handle large-scale
systems. One particular drawback of these methods is the difficulty in re-
covering a feasible solution [22]. Another research trend has investigated
reformulation of the problem using rectangular current and voltage, instead
of the common formulation with power and polar voltage [23]. While the
network current flow in this formulation becomes linear, some of the other
linear terms will become nonlinear and nonconvex [24]. The nonlinear terms
and the nonconvexities of the feasible space can potentially be handled using
a successive linear programming approach [24]. However, due to the nature
of the formulation, decoupling active and reactive power is not possible. A
few disadvantages are associated with the methods discussed in this article:
They rely heavily on mathematical optimization and do not take advantage
of the characteristics of electric power flow. And despite recent advance-
ments in computing, these methods are not yet computationally tractable
and cannot handle large-scale systems within time frames available.

2.2. Machine Learning Algorithm

A subset of AI, ML is the study of computer algorithms that improve
automatically through experience [25]. To perform ML, the first step is to
train a model with training data and then use the model to make predictions
on other similar data. Within ML, deep learning (DL) is the subfield of ML
and ANN (or more simply neural network (NN)) is the subfield of DL. Fig.
1 shows the relationship among them.
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Figure 1: Relationship among AI, ML, DL and ANN.

ML algorithms utilize data mining to inform future models with historic
data, without knowing the causal relationships or physical laws. Basically,
there are three steps in ML algorithms: Step 1) the decision process, in which
a “guess” is made based on the pattern of the data; Step 2) an error function,
a measuring method that judges the quality of the “guess” by comparing it
with known results; Step 3) the optimization process, where the algorithm
aims to minimize the error in Step 2 and improves the decision process until
it becomes the final decision [26]. Based on its intelligence and versatility,
ML techniques have been used in a wide variety of fields, including image
recognition, autonomous driving, the energy sector, and health care. Fur-
thermore, a growing number of tech companies are utilizing algorithms like
these to provide, for instance, their clients with more relevant advertisements
(Amazon) or to estimate delivery times (Uber Eats) to provide a better user
experience. ML can now solve many previously unsolvable problems.

2.3. Artificial Neural Network (ANN)

Inspired by the biological neural networks in animal brains, ANN has
been widely used. An NN model is composed of the connected units or
nodes called “neurons”. The neurons can receive and process a signal (data)
and then tranmit it to the following neuron through the connection between
them, called the “edges.” During the training process, the weights (which
denote the strength of each signal (data) in the neurons) and edges will be
updated. A general concept of ANN is shown in Fig. 2.
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Figure 2: Artificial Neural Network.

A unique characteristic of ANN is that they can learn the complex rela-
tionships between dependent and independent variables without assumptions
about their mathematical representation. Therefore, the ANN is a good tool
to model complicated (non)linear relationships and nonconvexity between in-
put and output datasets, and it has been used across a range of disciplinary
applications (e.g., detecting neutrinos [27], climate simulations [28], and fluid
dynamic simulation [29], etc.). Since ANN can reproduce and model non-
linear processes, it has been used in various areas: quantum chemistry [30],
general game playing [31], signal classification [32], lung cancer diagnosing
[33], and etc. It is noticeable that ANN has a high flexibility and can be used
in multiple disciplines. With ANN, researchers can obtain more accurate re-
sults with reduced latency [34].

3. ACOPF with Neural Network

Given the benefits of using ANN to solve diverse problems in other do-
mains, investigating this algorithm to solve ACOPF problems is appropriate.
Recent research on ACOPF with NN can be classified into four directions:
1) train a model offline with historic data to learn the mapping between
system loads and optimal generation set values to find a near-optimal and
feasible ACOPF solution without actually solving an optimization problem
[35]; 2) generate NN models to predict the initial values of variables critical
to the problem’s convergence as the high-quality initial condition for existing
power-grid numerical solvers [36]; 3) utilize deep neural network (DNN) to
solve ACOPF problems directly, and combine this strategy other methodolo-
gies to improve the computation efficiency; 4) develop physics-informed NN
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which considers the constraints of the system while training the model to
improve its robustness without violating the constraints. Except for ACOPF
problems, ML algorithms were also leveraged in their byproduct problems
within OPF field.

3.1. Shallow Neural Network

Within the power systems realm, grid operators have generated a large
quantity of data by repeatedly solving ACOPF problems throughout the day
[35]. These data can be used by ML algorithms to train and test the NN
developed for the ACOPF problems.

[37] discussed predicting the output of ACOPF problems by ML algo-
rithms. Based on the data generated from the IEEE 30-bus power system,
they compared the training and test results of four algorithms in Python:
stochastic gradient descent, support vector regression, multi-layer percep-
tron regression and gradient boosting regression (GBR). Among these meth-
ods, GBR performed the best and computation time was reduced by up to
30%. However, approximately 60% of the predictions violated one of the
constraints in the ACOPF problems even though the GBR algorithm can
predict the power and voltage generated within high precision. Also, they
did not test on larger-scale power systems and each output was predicted
independently, which ignored the relationship between voltage and power.

Inspired by [37], the authors in [35] utilized ML to learn the mapping
between network loads and optimal power generations. An NN model was
trained offline and was then used to solve the ACOPF problems online. To
train the NN model, strictly feasible solutions were used and the outputs
of the model were constrained to satisfy the active power generation and
voltage magnitude constraints. Fig. 3 shows the architecture of the proposed
approach. The ultimate framework was faster and provided a more optimal
solution than the traditional ACOPF approximation algorithms.

Figure 3: Workflow of the proposed learning approach in [35].
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In [38], a quasi-Newton method based on ML was presented. It performed
iterative updates for candidate optimal solutions without having to calculate
a Jacobian or approximate Jacobian matrix. The proposed learning-based
algorithm developed an NN with feedback and it is capable of finding approx-
imate solutions to ACOPF very quickly. With the proper choice of weights
and activation functions, the model became a contraction mapping, and con-
vergence of the solutions can be guaranteed.

By training an NN model with historical data, neither linearization nor
convexification of the ACOPF problem is needed. Also, this algorithm is less
computationally burdensome and is more efficient than traditional methods.
However, results may violate the constraints of the problems since they are
not considered during the training process.

3.2. Learning Warm Starts for ACOPF Solvers

Except training a model to predict the solutions of ACOPF problems
mentioned above, some researchers sought to accelerate power grid numerical
solvers by using ML algorithms to learn the warm starts of the solvers like
MIPS (MATPOWER Interior Point Solver), which can guarantee convergent
solutions and improve computational efficiency.

MIPS is a solver in MATPOWER that can solve power flow and OPF
problems [39]. First, MIPS converts the inequality constraints in (1) into
equality constraints. Second, MIPS uses a Lagrangian formulation to refor-
mulate the ACOPF problem and leverages the Newton method to solve the
reformulated Lagrangian problem. However, the Newton method has a heavy
computational burden and is time consuming since it iteratively converges
to a set of convergence criteria. Therefore, improving the efficiency of this
kind of ACOPF solver is necessary and practical.

[13] put forward a multitarget approach to train a Random Forest model
[40] which is shown in Fig. 4 with historic optimal power flow solutions.

9



Figure 4: Workflow of the proposed learning approach in [13].

In this algorithm, only the power demands, the number of generators,
and buses in the power system were needed; the network topology did not
need to be known (i.e., the admittance matrix, line parameters, etc.). The
inputs of the model are the loads at each bus, the outputs are the voltage
magnitudes and optimal power generations at each bus. Since the voltages
and power generations are correlated with each other, this multi-target model
can simultaneously predict multiple outputs. In this model, each Decision
Tree agent performs its individual regression procedure separately, then at
the end the agents coordinate these outputs by averaging them. This model
can help alleviate the risks of over-fitting associated with individual Decision
Trees. The learned warm start using the MIPS solver can get a convergent
solution faster than a DC warm start or a flat start.

To speed up computations, [36] proposed a framework named ”Smart-
PGSim” to estimate a high-quality initial start for the MIPS solver which
can guarantee the precision and robustness of the solutions. Unlike prior
methods, all of the inputs in AC-OPF problems were considered in the algo-
rithm and the predicted solution was guaranteed optimal while the efficiency
and performance improved.

The proposed Smart-PGsim framework in [36] is shown in Fig. 5 which
included two phases: offline and online. In offline phase, it finds the most
important features to construct an efficient NN model for online acceleration
by using the power grid simulation. That is, during the sensitivity study of
the offline phase, it helps identify which variables in MIPS are necessary as
the output of the prediction model and quantifies the impact of the imprecise
variables (i.e., variables with some accuracy loss) on the success rate of sim-
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ulation and performance in terms of execution time. These results are then
used to help design the multi-task learning (MTL) model. In online phase,
the MIPS solver can use the high-quality start points generated by the MTL
model for quick convergence.

Figure 5: Workflow of Smart-PGSim in [36].

These proposed algorithms can generate a warm start of the MIPS solver
or other conventional solvers of ACOPF, and they can help the solvers to
reach a more convergent solution in less time.

3.3. Deep Neural Network (DNN)

As a subfield of ML, DL can structure algorithms in layers and create an
ANN which can learn and make intelligent decisions on its own [41]. Instead
of considering limited constraints and variables of the ACOPF, or learning
warm starts of the ACOPF solvers, some research sought to solve the ACOPF
problems directly by using state-of-the-art DL algorithms.

[42] derived fast ACOPF solutions with the deep reinforcement learning
(DRL) algorithm in which imitation learning was used to generate initial
weights for the NN, and a proximal policy optimization (PPO) algorithm
[43] was leveraged to train and test the AI agents. In addition, the original
ACOPF problem was formulated as Markov decision process with appropri-
ate power grid simulation environment and a reasonable reward function,
so that the DRL agent can be trained without violating the operation con-
straints under various operation conditions. The computation time was im-
proved at least by 7 times compared with conventional interior-point solver,
and the model also worked under N − 1 contingency on changing network
topology.

By combining with DNN and Levenberg-Marquardt back-propagation,
[44] proposed the twin delayed deep deterministic policy gradient (TD3) ap-
proach to improve the computational performance of the ACOPF problems
when the demands in the system have a random pattern. Also, random
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Gaussian noise was added in individual net loads to represent the uncer-
tainty characteristics introduced by renewable energy sources. During the
training process, the appropriate reward vector was set based on constraints,
and solutions of the final model were compared with the MATPOWER so-
lutions, which implied its robustness and efficiency.

In [45], the authors trained a sensitivity-informed DNN (SI-DNN) to
match not only the OPF optimizers, but also their partial derivatives with
respect to the OPF parameters (loads). The training data was extended
with the Jacobian matrix which carries the partial derivative of the min-
imizer and the Forbenius norm of the matrix was added in the loss func-
tion to incorporate sensitivity information into the training process. This
sensitivity-informed training can readily complement other existing learn-
to-OPF methodologies, and the proposed SI-DNN model offers the same
prediction performance with less training data than conventionally trained
DNN models, which can improve the sampling efficiency.

The research discussed combined DNN and other algorithms to solve
ACOPF problems directly in which the prediction accuracy and computation
efficiency were improved significantly. Some trained models are even robust
to system typologies and can be combine with existed methodologies.

3.4. Physics-Informed Neural Network

The research introduced in the previous subsections developed NN mod-
els of ACOPF problems only with generated load demands, without know-
ing the topology or considering constraints in the problems. This limitation
can cause a less-robust NN model and the solutions may validate physical
constraints. To tackle this issue, some researchers have worked on physics-
informed NN [46] for the ACOPF problems in which the constraints were
added in the loss function, or the violation degree of the constraints were de-
fined during the training process. In this case, the feasibility of the solutions
are guaranteed without violating the constraints.

The Smart-PGSim developed in [36] also utilized physical domain knowl-
edge which denotes the physical constraints of the system during the training
process. Power balance equations, inequality constraints, and cost function
were all considered and added into the loss function. Therefore, the trained
model has higher accuracy, feasibility, and robustness.

In [47], to predict generator set points, the authors designed a DNN
model to the ACOPF (OPF-DNN) which is shown in Fig. 6. Also, the
model leveraged the physical and engineering constraints in a Lagrangian
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framework with violation degrees by extending the predicted values with the
reactive power dispatch and the voltage angles. In the OPF-DNN model,
each layer is fully connected with the ReLU activation and each layer takes
the outputs of the previous layer as its inputs. This algorithm enhanced the
prediction accuracy and efficiency compared with previous methods.

Figure 6: The structure of OPF-DNN model in [47].

In [48], an algorithm named DeepOPF was proposed to solve ACOPF
problems in which a DNN model was trained first to predict the independent
operating variables; the remaining dependable variables were then obtained
by solving the AC power flow equations. A penalty term with zero-order esti-
mation technique, which captured the violation of the inequality constraints,
was added in the loss function during the training process. However, this
model is not robust to changes in system typologies or parameters.

To obtain more accurate results with fewer data, [49] designed a physics-
informed NN with worst-case guarantees for the DCOPF problems. In this
proposed physics-informed NN, shown in Fig. 7, the physical equations of
the DCOPF problem were incorporated into the neural network loss function
and the generated optimal value should satisfy the KKT conditions, which
were set as necessary and sufficient conditions. Moreover, the authors tried
to find the worst-case violations of the physics-informed NN, and developed
methods to reduce them. Test results showed that the proposed physics-
informed NN can provide a more accurate result with fewer data, and this
process can be used to recognize both the potential and the challenges for its
future application to ACOPF problems.
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Figure 7: Structure of the physics-informed NN in [49].

The research introduced in this subsection trained the physics-informed
NN, which considered the constraints of the ACOPF problems, resulting in
a more robust and accurate model.

3.5. Test Results and Evaluation of the ML Models

To validate the effectiveness of the proposed ML models, the studies pre-
sented performed simulations on select power systems. The IEEE 118-bus
system was widely used in these papers and Table 2 shows the corresponding
results of each ML model. From Table 2, it is clear that solving ACOPF
problems with ML algorithms can significantly improve computational ef-
ficiency, and the model trained with more information on the system can
generate more accurate predictions.

Besides discovering multiple ML algorithms to solve ACOPF problems,
this body of research also adopted specific metrics to evaluate performance:
1) speed-up factor: a fraction between the time consumed by existing conven-
tional ACOPF solvers and the time consumed by the proposed ML models; 2)
feasibility: an indix obtained by evaluating the solutions’ satisfaction of the
equality and inequality constraints of the ACOPF problems; 3) optimality:
this metric is the comparison between the obtained solutions of the proposed
ML algorithms and the solutions of the current ACOPF solvers. Moreover,
prediction evaluation, which denotes the model’s predictive capability, is also
an important factor of the proposed network, such as mean absolute error
(MAE), mean absolute percentage error (MAPE) and prediction error. Table
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Table 2: Test Results of Current ML Algorithms on IEEE 118-bus system.
Research
Cited

Speed-up
(with definition)

Prediction
Error/MSE

Optimality Feasibility

[35]
11.83X(

1
T

∑T
t=1

τsolver,t
τML,t

) × 2.974× 10−4 1.41× 10−8

(infeasibility)

[13] × 2.12% (pg); 0.01%
(v)

× ×

[36]

3.28X
faster than the
traditional
MIPS solver

0% × ×

[44] ×

0%
compared with
MATPOWER

MIPS

× ×

[45]

63X
faster than
conventional
OPF solvers

0.9 (test MSE) × ×

[47] > 104X

0.034% (pg);
0.618% (qg);
0.029% (v);
0.207% (θ);
0.455% (pf )

× ×

[48]

25X
faster than
Pypower

[50]

< 0.1%
(cost difference

with conventional
solver)

< 0.1%
(optimality

loss)
100%

3 summarizes these indices presented in papers cited and the performance of
the proposed NN models.

3.6. Byproducts of ACOPF with Machine Learning

Except for ACOPF problems, ML algorithms were also utilized in other
problems within OPF filed by some researchers, such as state estimation,
load forecasting, optimal load shedding, electricity market and so on.

3.6.1. Load Forecasting

In [51], a long short-term memory (LSTM)-based framework was pro-
posed for the short-term load forecasting of individual electric customers in
the power system with higher penetration of renewable energy generation.
Compared with recurrent neural network (RNN), LSTM can overcome the
gradient vanishing issue with a memory cell and forget gate. Fig. 8 shows the
structure of the LSTM algorithm. In addition, the differences between load
on a system level and loads in individual households were compared, and the
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Table 3: Summarized Performance of Current ML Algorithms on ACOPF Problems

NN
Category

Research
Cited

ACOPF Metrics Prediction Matrics
Speed-up Fes. Opt. MAE MAPE Error

SNN

[37] × × × × × ✓
[35] ✓ ✓ ✓ × × ×
[38] × ✓ ✓ ✓ ✓ ×

LWS
ACOPF

[13] × × × × × ✓
[36] ✓ × × × × ✓

DNN

[42] ✓ ✓ × × × ×
[44] × × × ✓ × ×
[45] × × ✓ × × ×

PINN

[47] ✓ ✓ × × × ×
[48] × ✓ × ✓ ✓ ×
[49] × ✓ ✓ × × ×

SNN: Sallow Neural Network; LWS ACOPF: Learning Warm Start for ACOPF Solver; DNN: Deep Neural Network;
PINN: Physics-Informed Neural Network; Speed: Speed-up; Fes.: Feasibility; Opt.: Optimality; Error: Prediction Error

inconsistency in the residential load profiles was also evaluated to demon-
strate the difficulty of residential load forecasting. The inputs of the LSTM
model are four vectors which represent the residential energy consumption
and time/day indices, respectively. The outputs of the LSTM model are
the predicted energy consumption at a specified time interval. Compared
with other conventional methods, the LSTM-based model performed best
for residential load forecasting.

Figure 8: Diagram of the LSTMs.

To improve the forecasting capability of the time-series problem, [52] pro-
posed a multi-layer stacked bidirectional LSTM model for load forecasting
in power systems. By integrating reverse computing with forward comput-
ing, the bidirectional LSTM framework can avoid data loss in long-distance
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transmission and improve the dependency and reliability of the data. A brief
structure of the bidirectional LSTM is shown in Fig. 9. Test results vali-
dated the effectiveness of the proposed model: Higher performance and the
capability to retain more original information are guaranteed when compared
with BP neural network, ELM, and traditional LSTM.

Figure 9: Diagram of the bidirectional LSTMs in [52].

To increase the accuracy of short-term load forecasting, [53] combined
convolutional neural network (CNN) with LSTM; the model was adopted in
Bangladesh power system to predict short-term electrical load. Compared
with other existing techniques such as LSTM and extreme gradient boosting
algorithm, the proposed framework had higher precision and accuracy.

3.6.2. Load Shedding

[54] used graph convolutional network (GCN) to predict an optimal load-
shedding ratio that prevents transmission lines from being overloaded under
line contingency. In addition, the topology of the power system was convo-
luted over the NN. The proposed GCN model outperformed both the classical
NN model and a linear regression model.

3.6.3. State Estimation

State estimation of unobservable distribution systems was considered in
[55] and a Bayesian state estimation algorithm based on DL was proposed.
They adopted a generic static power flow model of a three-phase power sys-
tem and used distribution learning for stochastic power injection. During
the DNN training process, a Monte Carlo technique was used to compute
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the minimum mean-squared-error (MMSE) estimate directly from the mea-
surements. Also, a Bayesian bad-data detection and filtering algorithm was
developed to detect and remove bad data before the state estimation. Sim-
ulation results illustrated the robustness of the proposed algorithm, which
worked better than pseudo-measurement techniques on existing benchmarks.

3.6.4. Unit Commitment

[56] replaced the AC power flow equations with a NN-based piece-wise
linear model which was then transformed into mixed integer linear programs
(MIPS) and embedded into the unit commitment (UC) problem. Moreover,
iterative bound tightening, ReLU pruning, and parameter matrix sparsifica-
tion were utilized to compress the NNs of the model, resulting in the reduced
number of binary variables in the MIPS. Test results showed the feasibility
and effectiveness of the proposed NN-based model when compared with the
solutions of DC and linearized power flow approximations.

3.6.5. Electricity Market

In [57], the authors proposed a topology-aware graph neural network
(GNN) to predict the electricity market prices by solving OPF problems. The
connection between grid topology and locational marginal prices (LMPs),
as the outputs of the OPF problem were also studied to improve topology
adaptivity and reduce the model complexity.

3.6.6. Reliability Assessment

Probabilistic reliability assessment in operation planning plays an essen-
tial role in guiding the operation planner during the decision-making period
[58]. In [58], the authors combined Monte Carlo simulation, ML, and variance
reduction techniques to accelerate the crude Monte Carlo method. The ML
algorithm was used to replace the security-constrained OPF (SCOPF) com-
putations with a faster proxy of real-time operator response. The three-area
IEEE-RTS96 benchmark was tested by the proposed approach; it improved
computation efficiency without sacrificing accuracy.

Moreover, [59] reviewed recent research on the reliability assessment and
control problems with ML techniques in power systems. Increasingly, stud-
ies are leveraging ML methods to solve these problems, and the proposed
algorithms have greate protential to improve the computation process of the
reliability assessment.
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3.6.7. Other Related Research

[60] utilized a neural network to formulate the inverse optimal power
flow (inverse OPF) algorithm, which can learn private quantities from public
quantities. In this paper, the authors tried to recover both cost and admit-
tance matrix parameters by solving the inverse OPF problem via ACOPF
with publicly available data, such as five-minute electricity prices and hourly
power outputs of electricity generators. From this research, it is noticeable
that which critical power grid information is exposed by the published data,
also the private and public data are related via an optimization problem.

To solve probabilistic optimal power flow (POPF) under renewable and
load uncertainties of arbitrary distribution, [61] proposed a novel Gaussian
process learning-based probabilistic optimal power flow (GP-POPF) algo-
rithm which utilizes a nonparametric Bayesian inference-based uncertainty
propagation approach. This method needs fewer numbers of samples and less
computation time; simulation results showed the generality of the model—
it can work with different types of input uncertainty distributions.

The literature listed in this subsection utilized ML methods to solve OPF-
related problems in power systems, which illustrate the efficiency and uni-
versality of ML algorithms.

4. Future Research Directions

State-of-the-art research on ACOPF and its byproducts using ML have
been discussed. From this body of research, it is apparent that AI approaches
including machine (deep) learning are promising and appropriate tools to
solve complicated optimization problems. However, this work is still at an
early stage of exploration, and more research is needed to make these efforts
applicable to power system industries. Inspired by this current research,
future research directions on ACOPF with ML algorithms are discussed.

4.1. Solving the Relaxed ACOPF with ML Algorithms

From Section III, it is obvious that current research mainly focuses on
solving the ACOPF problems directly by using ML or DL, and most efforts
are based on learning the topology of the ACOPF problems; this may lack
of sensitivity when some parameters are changed in the system.

Except considering the original ACOPF problems, one possible line of
future research may focus on relaxed ACOPF problems, such as the SDP-
relaxed format which is to get the rank-1 solutions. Suppose the vvT items in
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the constraints of (1) are relaxed by W = vvT , the final problem is to obtain
the rank-1 solutions of the semidefinite symmetric matrix W . To solve this
relaxed problem, some current research has used conventional algorithms
[3, 62], but none of these strategies recover the exact rank-1 solutions of W .
Therefore, ML algorithms might be leveraged to recover the rank-1 W matrix
by learning the correlations of each item in W as well as the constraints of
the system. There are also some algorithms based on rank minimization
problems, such as the penalty method in [63]. Another possibility is to
adopt ML algorithms in these existing methods to improve their efficiency
and accuracy.

4.2. Improving Current ACOPF Solvers with ML Algorithms

As discussed in Part B of Section III, some current research is leverag-
ing ML algorithms to generate warm starts for existing ACOPF solvers like
MIPS to save computation time. Although these methods have improved
computational efficiency to some extent, there are still drawbacks: 1) itera-
tions are essential in the solvers to get the final results; and 2) there is no
guarantee that whether the warm starts are good or bad (good warm starts
can lead to a feasible convergent solution, but bad starts will result in an
infeasible solution which is useless and waste of time).

Since ML algorithms are good at learning and adapting, the iteration
process in ACOPF solvers can be learned and substituted by them. For
example, RNN in which the outputs depend on the prior elements within
the sequence can be leveraged in the current ACOPF solvers to learn the
iteration process and update parameters. Fig. 10 shows the structure of
the RNN algorithm. By using this method, the computation time may be
reduced significantly and the final solutions can be guaranteed to be feasible
and convergent.
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Figure 10: Diagram of the RNN algorithm.

4.3. Choosing the Most Significant Inputs for ML Algorithms

Although some current research is focused on learning the topology of
ACOPF problems directly by training an ML model with existing data,
researchers did not consider which inputs are necessary and which can be
ignored. Some papers considered all variables in the ACOPF problem, and
others used select variables based on their experience. However, no work sys-
tematically studied the significance of each variable. As can be seen from (1),
there are correlations among the voltages and active/reactive power flows in
the ACOPF problem that allow one to be denoted by the other. Therefore,
there is potential to discover the importance of each variable and select the
most significant ones as the inputs of the ML model. By using these essential
and reduced data as the inputs, the training process may be improved effec-
tively, and the model may work better in the predicting process and generate
more convergent solutions.

4.4. Discovering the Potential of Other ML Algorithms

As shown in Section III, current research mainly utilized basic ML algo-
rithms such as CNN, DNN, and so on. However, other ML methods may be
more suitable for some OPF problems. For instance, for load-shedding and
electric market price-prediction problems, LSTMs may be more appropriate
since they are useful in time-series predictions based on previous inputs.

Another ML technique, transfer learning, aims to adapt a pretrained
model on a new related target to improve learning performance and efficiency
[64]. By combining transfer learning with traditional ML methods, three
possible benefits may be achieved: 1) a higher initial performance; 2) a
steeper slope (less time taken) during the learning process; and 3) a better
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final performance of the model trained [65]. A conceptual illustration of these
three benefits is shown in Fig. 11.

Figure 11: Three benefits of transfer learning.

By taking advantage of these benefits in transfer learning, future research
on ACOPF with ML can significantly improve the performance of traditional
ML algorithms, or replace some learning methods with transfer learning, such
as the MTL used in [36]. In MTL, the learning agent receives multiple tasks
at one time, rather than be allocated with individual source and target tasks.
That is, the information can be shared freely among all tasks. But in transfer
learning, the agent has no information of a target task when it learns a source
task since the information only flies in one direction (the distinction between
transfer learning and MTL is shown in Fig. 12). Obviously, multi-task
learning is closely related to transfer learning, and it is possible to substitute
multi-task learning with transfer learning, but reverse is impossible [64].

Figure 12: Distinction between transfer learning and multi-task learning.
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4.5. Choosing the Most Appropriate ML Model

As summarized in Section III, current research utilized popular ML algo-
rithms for ACOPF problems in different situations, but a thorough compar-
ison of these algorithms to determine which model fits the problem better is
lacking. For example, the authors in [66] evaluated the performances of fully
connected neural network (FCNN), CNN and GNN models for two funda-
mental approaches to OPF with ML: regression (predicting optimal set points
of generator) and classification (predicting the active set of constraints). The
comparison of results showed that the FCNN models, which took less train-
ing time, are most appropriate for generator set-points and electricity prices
problems.

Inspired by [66], future research on ACOPF with ML algorithms should
systematically compare different ML algorithms under different scenarios to
provide clear guidance on the most appropriate model and improvements
needed under various conditions.

4.6. Improving the Efficiency of ML and OPF Computation

To improve model accuracy, ML algorithms require large amounts of data,
requiring hours or even days for the training process. Also, OPF/ACOPF
problems need to solve the power flow equations iteratively to obtain more
optimal solutions, resulting in longer calculation times for larger power sys-
tems. Therefore, utilizing high-performance hardware to improve ML and
OPF calculation efficiency should also be considered in future research.

GPU (graphics processing unit), whose highly parallel structure is very
friendly to algorithms that process large blocks of data in parallel, is more
efficient than CPU (central processing units). Currently, most ML research
utilizes GPU to tackle with the large number of data and some research
on OPF problems also investigate the advantage of GPU [67, 68]. In fu-
ture research, combining ML algorithms with GPU as a co-processor to solve
OPF/ACOPF problems is an intelligent and efficient method. Indeed, this
promising combination on OPF/ACOPF problems really needs further in-
vestigation and development.

4.7. Improving the Validation & Evaluation of ML Algorithms

4.7.1. Validating the ML Models on Larger Power Systems

From Section III, although recent research on ACOPF with ML algo-
rithms utilized multiple methods, their efficiency was validated predomi-
nantly on ¡name¿ an up to 300-bus systems. In reality, the number of buses
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far exceeds 300, so future research should validate trained ML models on
larger power systems to better evaluate their performance and applicability.

4.7.2. Improving the Evaluation of the ML Algorithms

As summarized in Table 3, current research on ACOPF problems with
ML algorithms only considered part of the metrics to evaluate the developed
models and prediction performance, which may lack fairness and thorough-
ness. Therefore, in the future researchers should consider all the related
indices of the model evaluation. By doing this, a clearer path to improve NN
models may emerge as well as facilitate comparisons with peer researchers.
Also, it maybe beneficial to find the most appropriate ML model for the
ACOPF problems.

5. Conclusion

More than 50 years after the nonlinear and nonconvex ACOPF problems
were proposed, there are still no effective and exact methods that can obtain
optimal solutions for them. Existing approaches can be classified into two
main categories: conventional and AI techniques. However, traditional meth-
ods cannot guarantee the optimal solutions, and they are computationally
burdensome.

With the development of ML, many researchers are using this technique
to solve the nonconvex ACOPF problems. This paper reviews the most
recent research on ACOPF with ML algorithms. By using ML, the accu-
racy and computation efficiency of the proposed algorithms were improved
when compared with traditional methods. However, it is still an open ques-
tion which algorithm is more suitable to solve ACOPF problems and which
method can obtain the exact optimal solutions with high efficiency. This
paper also discusses future research directions which include: 1) solving the
relaxed ACOPF problems with ML algorithms; 2) improving current ACOPF
solvers with ML algorithms; 3) choosing the most significant inputs of ML
algorithms; 4) discovering the potential of other ML algorithms; 5) improving
the efficiency of ML and OPF computation; and 6) improving the validation
and evaluation of ML algorithms. In summary, research on ACOPF prob-
lems are still an active area of investigation all over the world, and ML can
open a new door to future research on ACOPF.
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