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DeepOPF-V: Solving AC-OPF Problems Efficiently
Wanjun Huang, Xiang Pan, Minghua Chen, and Steven H. Low

Abstract—AC optimal power flow (AC-OPF) problems need
to be solved more frequently in the future to maintain stable
and economic operation. To tackle this challenge, a deep neural
network-based voltage-constrained approach (DeepOPF-V) is
proposed to find feasible solutions with high computational
efficiency. It predicts voltages of all buses and then uses them
to obtain all remaining variables. A fast post-processing method
is developed to enforce generation constraints. The effectiveness
of DeepOPF-V is validated by case studies of several IEEE
test systems. Compared with existing approaches, DeepOPF-V
achieves a state-of-art computation speedup up to three orders
of magnitude and has better performance in preserving the
feasibility of the solution.

Index Terms—AC optimal power flow, deep neural network,
voltage prediction.

I. INTRODUCTION

AC optimal power flow (AC-OPF) is a fundamental yet
challenging problem in power systems due to its non-
convexity. However, with increasing uncertainties brought by
intermittent renewables and highly stochastic loads, AC-OPF
needs to be solved more frequently to maintain stable and
economic system operation. Thus, it is of great significance to
find feasible solutions for AC-OPF with high computational
efficiency, especially for large-scale systems.

Leveraging the powerful learning ability of deep neural
networks (DNNs), various DNN-based approaches have been
proposed to solve AC-OPF more efficiently, which can be
classified into two main categories: hybrid approach and stand-
alone approach. The hybrid approach aims to speed up con-
ventional physics-based solvers (e.g., Matpower Interior Point
Solver (MIPS)) by providing warm-start points to accelerate
convergence [1] or predicting active [2]/inactive [3] constraints
to reduce problem size. Since it still needs to solve the
original or truncated OPF problem iteratively, all operational
constraints are considered, but the speedup is limited, i.e., less
than one order of magnitude in most studies.

The stand-alone approach predicts the solution of AC-OPF
directly without solving the optimization problem. Hence,
it has a much greater speedup than the hybrid approach.
Following our work for DC-OPF [4], [5], several DNN-
based approaches are developed for AC-OPF [6]–[8]. One
strategy is to learn the mapping between loads and generation
set points [6], [7]. Another strategy is to train DNNs to
emulate an iterative solver [8]. Both strategies need to solve
power flow to obtain the remaining variables, which limits the
speedup considerably. The main concern of this approach is the
feasibility of the solution, such as voltage constraints which are
critical for system stability. To address this issue, we penalized
constraint violations in the loss function to help enforce the
constraints [5], [6]. Different from the above strategies, ref-
erence [9] combines DNNs and Lagrangian duality to predict
all variables, which reported greater speedups in computation.

But the basic power flow balance constraints and demanded
loads may not be satisfied, which is not addressed and also
hard to handle in [9].

To improve the speedup and feasibility of existing ap-
proaches, we propose a DNN-based voltage-constrained ap-
proach DeepOPF-V to solve AC-OPF with high efficiency. The
main idea is to learn the mapping between loads and voltages
of all buses using DNNs. With voltages predicted by the well-
trained DNNs, all remaining variables (i.e., power generations)
can be obtained via simple matrix operation. Reference [10]
also learns the mapping between loads and voltages using
random forest, but it does not consider feasibility and needs a
strong assumption to enforce power balance constraints. The
main contributions of this study are summarized as below:
• Compared with existing approaches, the proposed

DeepOPF-V achieves a state-of-art speedup up to three
orders of magnitude faster than MIPS.

• Different from existing stand-alone approaches, the pro-
posed DeepOPF-V can guarantee voltage and power flow
balance constraints which are critical for stable operation
of power systems.

• To preserve generation constraints, a fast post-processing
method is developed.

Simulation results on IEEE test systems show that compared
with state-of-art methods, the proposed DeepOPF-V has an
outstanding performance in terms of speedup and feasibility
of the solution.

II. MODEL AND METHODOLOGY

A. AC Optimal Power Flow

Standard AP-OPF problem can be formulated as below:

min
∑

i∈NG

C(Pgi) (1)

s.t. Pgi − Pdi =
∑
j∈N

ViVj(gijcosθij + bijsinθij), i ∈ N (2)

Qgi −Qdi =
∑
j∈N

ViVj(gijsinθij − bijcosθij), i ∈ N (3)

Pmingi ≤ Pgi ≤ Pmaxgi , i ∈ NG (4)

Qmingi ≤ Qgi ≤ Qmaxgi , i ∈ NG (5)

V mini ≤ Vi ≤ V maxi , i ∈ N (6)

P 2
ij +Q2

ij ≤ (Smaxij )2, (i, j) ∈ E (7)

θminij ≤ θij ≤ θmaxij , (i, j) ∈ E (8)

where N , NG and E represent the sets of all buses, generation
buses and transmission lines, respectively; gij and bij are
conductance and susceptance of branch (i, j). For bus i, Pgi,
Qgi, Pdi and Qdi denote active generation, reactive generation,
active load and reactive load, respectively; Vi and θi are
voltage magnitude and angle, respectively; θij = θi − θj . The
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Fig. 1. Schematic of the proposed DeepOPF-V.

upper and lower bounds of variable x are represented by xmax

and xmin, respectively. Branch flow limit of branch (i, j) is
denoted as Smaxij . The AC-OPF problem aims to minimize the
generation costs in (1) with all physical constraints satisfied.
Power flow balance is ensured by (2)-(3); active and reactive
power generation limits are enforced by (4)-(5); voltage mag-
nitude limit is ensured by (6); branch flows and phase angle
differences are restricted by (7) and (8), respectively.

B. DNN-Based Voltage-Constrained Approach

Fig. 1 shows the schematic of the proposed DeepOPF-
V. DNNs are employed to learn the mapping between load
configurations (Pd,Qd) and voltages of all buses. After train-
ing, for each input (Pd,Qd), the voltages can be predicted
by the well-trained DNNs instantly. Then, with the predicted
voltage magnitudes V̂ and voltage angles θ̂ together with
the given loads (Pd,Qd), the active generations P̂g , reactive
generations Q̂g and satisfied loads (P̂d, Q̂d) are obtained
according to (2)-(3)1. To reduce the size of DNNs, V̂ and
θ̂ are predicted by voltage magnitude predictor (VMP) and
voltage angle predictor (VAP), respectively, which improves
the training efficiency. Hence, the inputs of VMP and VAP
are both (Pd,Qd), while the outputs of VMP and VAP are V̂
and θ̂, respectively. The loss functions of VMP (denoted as
LV ) and VAP (denoted as Lθ) are formulated as follows:

LV =
∑
i∈N
||V̂i − Vi||22, Lθ =

∑
i∈N
||θ̂i − θi||22. (9)

where V̂i and θ̂i are predicted voltage magnitude and angle
for bus i during the training, respectively.

C. Post-Processing Method

The post-processing (PP) method is developed to improve
the feasibility of predicted solution, which contains two steps.
First, the inequality constraints in (4)-(8) are checked. Second,
if there is violation, the related voltage magnitudes and angles
will be adjusted as below:

V̂ PP = V̂ + ∆V , θ̂PP = θ̂ + ∆θ. (10)

where ∆V and ∆θ are obtained as follows. Denote inequality
constraints in (4)-(8) in a compact form as f ≤ f(θ,V ) ≤
f . For each inequality constraint fi(θ,V ), define ∆fi =

1 For the bus with only generators or loads, P̂g , Q̂g , P̂d and Q̂d can be
obtained directly. For the bus with both generators and loads, we set P̂d = Pd
and Q̂d = Qd. Then, P̂g and Q̂g are obtained according to (2)-(3).

max(fi(θ,V ) − f i, 0) + min(fi(θ,V ) − f
i
,0). Linearizing

∆f around the operating point (V̂ , θ̂) gives[
∆θ

∆V

]
= F+

θV ∆f , F θV =
[
∂f
∂θ

∂f
∂V

]
, (11)

where F+
θV is the pseudo-inverse of F θV . Since voltages do

not change a lot in normal operations, F θV is approximated
by a constant F hisθV calculated at average historical operating
point (V his,θhis) to reduce the computational burden. Note
that this method helps improve but can not guarantee the
satisfaction of inequality constrains. To guarantee voltage
constraints, V̂ PP are kept within the limits after adjustment.

D. Load Satisfaction
Due to the prediction errors of voltages, there could be

unsatisfied loads. For example, for the bus with only loads,
there may be mismatches between the obtained net injections
and the given loads. The unsatisfied loads are also inevitable
in conventional approaches [11]. And 1% load-generation im-
balance is acceptable [12]. To fully satisfy loads, controllable
distributed energy sources (DERs) can be applied [13]. For
instance, the over/under-satisfied loads can be compensated by
charging/discharging batteries installed at the substation [13].

III. CASE STUDY

A. Experimental Setup
Simulations are conducted on IEEE 30-bus system and

modified IEEE 118-bus and 300-bus systems [14]. The dataset
contains 40000 samples for the 30-bus and 118-bus systems
and 60000 samples for the 300-bus system with an 80–20%
training-test split. Each sample is generated as follows. First,
a load scenario is sampled randomly for each load bus
from a uniform distribution of 10% variation around the
default load. Then, the loads are fed into MIPS to obtain
the optimal solutions as the ground truth values. The DNN-
based model is designed on the platform of Pytorch, which
consists of fully-connected neural networks with 512,256,128-
unit/512,256,128-unit/1024,768,512,256-unit hidden layers for
IEEE 30/118/300-bus systems, respectively. And ReLU activa-
tion function is applied for the hidden layers. Adam optimizer
is employed for training with the mini-batch size, number of
epochs and learning rate set to 50, 1000 and 0.001, respec-
tively. Simulations are run on the quad-core (i7-3770@3.40G
Hz) CPU workstation with 16GB RAM.

TABLE I
PERFORMANCE EVALUATION RESULTS OF THE PROPOSED DEEPOPF-V

Metric IEEE 30-bus system IEEE 300-bus system
Before PP After PP Before PP After PP

ηopt(%) 0.2 0.2 0.1 0.1
ηV (%) 100.0 100.0 100.0 100.0
ηPg (%) 99.9 100.0 99.9 100.0

∆Pg (p.u.) 0.0021 0.0012 0.0020 0.0020
ηQg (%) 91.8 99.9 99.3 99.8

∆Qg (p.u.) 0.0042 0.0011 0.3350 0.3350
ηSl

(%) 100.0 100.0 100.0 100.0
ηθl (%) 100.0 100.0 100.0 100.0
ηP d

(%) 99.9 99.9 99.6 99.6
ηQd

(%) 99.5 99.6 99.5 99.4
tmips (ms) 686.3 686.3 3213.3 3213.3
tdnn (ms) 1.0 1.1 1.7 2.1
ηsp ×686 ×624 ×1890 ×1530
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B. Performance Evaluation
The performance of the proposed DeepOPF-V is evaluated

by the following metrics:
1) Speedup: The speedup factor ηsp measures the average

ratios of the computation time tmips consumed by MIPS
to solve the original AC-OPF to the computation time tdnn
consumed by the proposed DeepOPF-V.

2) Optimality Loss: It measures the average relative devia-
tion ηopt between the optimal objective value found by MIPS
and that by the proposed DeepOPF-V.

3) Constraint Satisfaction: It evaluates the feasibility of
generated solutions from two aspects: constraint satisfaction
ratio (i.e., the percentage of inequality constraints satisfied)
and the degree of violation (i.e., the distance between the
violated variable and the boundary). The constraint satisfaction
ratios (the degrees of violation) of voltage magnitude, active
generation, reactive generation, branch power flow and phase
angle difference are denoted by ηV (∆V ), ηPg (∆Pg ), ηQg

(∆Qg ), ηSl (∆Sl ), and ηθl (∆θl ), respectively.
4) Load Satisfaction Ratio: It is defined as the percentage

of demanded loads satisfied. The active and reactive load
satisfaction ratios are denoted as ηP d

and ηQd
, respectively.

Simulation results in Table. I indicate that the proposed
DeepOPF-V can speed up the solution of AC-OPF signifi-
cantly (up to three orders of magnitude, i.e., ×1527 in the
300-bus system) with negligible optimality loss, i.e., less
than 0.5%. As for the feasibility of the solution, voltage
and branch constraints are all satisfied. After PP, the active
generation constraints are all satisfied, and almost all reactive
generation constraints are satisfied with negligible violation
degrees which only account for 0.23% and 0.03% capacities
of the largest generators installed in the 30-bus and 300-bus
systems, respectively. Besides, almost all loads are satisfied.

5) Comparison with the State-of-Art Approaches: The pro-
posed DeepOPF-V is also compared with the state-of-art
approaches in [6] (denoted as DACOPF) and [8] (denoted as
EACOPF). The parameters of DACOPF and EACOPF are set
according to [6] and [8], respectively. For a fair comparison,
the training and testing samples are all set to 32000 and
8000, respectively. As seen in Table. II, all approaches have
small optimality losses. However, DeepOPF-V has a much
larger speedup (around three orders of magnitude) than the
other approaches (around one order of magnitude). As for the
feasibility of the solution, there is no violation of inequality
constraints in DeepOPF-V, while there are voltage magni-
tude constraints violated in DACOPF and voltage and active
generation constraints violated in EACOPF. That is because
DeepOPF-V obtains voltages directly and thus can keep them
within limits, while DACOPF and EACOPF obtain voltages by
solving power flow equations using predicted generation set
points and thus can not ensure voltage constraints. Moreover,
there may be no feasible power flow solutions in DACOPF
and EACOPF, which is not a concern in DeepOPF-V because
power flow equations are satisfied automatically.

All loads can be fully satisfied in DACOPF and EACOPF so
long as there are power flow solutions. However, as mentioned,
there is no guarantee of power flow solutions. In this test
system, 0.15% testing samples have no power flow solutions in

TABLE II
COMPARISON RESULTS IN MODIFIED IEEE 118-BUS SYSTEM

Metric DeepOPF-V DACOPF EACOPF
ηopt(%) 0.1 0.5 0.4

ηV (%) /∆V (p.u.) 100.0/0 98.6/0.0074 99.2/0.0043
ηPg (%)/∆Pg (p.u.) 100.0/0 100.0/0 99.3/0.0155

ηQg (%) 100.0 100.0 100.0
ηSl

(%) 100.0 100.0 100.0
ηθl (%) 100.0 100.0 100.0
ηPd

(%) 99.8 100.0 100.0
ηQd

(%) 99.6 100.0 100.0
ηsp around ×1000 around ×10 around ×10

EACOPF. In contrast, despite the loads are not fully satisfied
in DeepOPF-V, the satisfaction ratios are very high, i.e., over
99.6%, which is acceptable as discussed in Section II.D.

IV. CONCLUSION

This letter proposes a DNN-based voltage-constrained ap-
proach (DeepOPF-V) to solve AC-OPF problems with high
computational efficiency. The approach predicts voltages of all
buses using DNN-based model and then obtains all remaining
variables via power flow equations, which ensures voltage and
power balance constraints. Simulation results on IEEE test
systems show that compared with the state-of-art approaches,
DeepOPF-V achieves a much larger computation speedup (up
to three orders of magnitude faster than MIPS) and has better
performance in preserving the feasibility of the solution with
less optimality loss (less than 0.2%). We envision the extension
of this work in full satisfaction of loads with control devices.
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