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Abstract

The Optimal Power Flow (OPF) problem is a fundamental
building block for the optimization of electrical power sys-
tems. It is nonlinear and nonconvex and computes the gener-
ator setpoints for power and voltage, given a set of load de-
mands. It is often needed to be solved repeatedly under var-
ious conditions, either in real-time or in large-scale studies.
This need is further exacerbated by the increasing stochastic-
ity of power systems due to renewable energy sources in front
and behind the meter. To address these challenges, this paper
presents a deep learning approach to the OPF. The learning
model exploits the information available in the prior states of
the system (which is commonly available in practical appli-
cations), as well as a dual Lagrangian method to satisfy the
physical and engineering constraints present in the OPF. The
proposed model is evaluated on a large collection of realistic
power systems. The experimental results show that its predic-
tions are highly accurate with average errors as low as 0.2%.
Additionally, the proposed approach is shown to improve the
accuracy of widely adopted OPF linear DC approximation by
at least two orders of magnitude.

Introduction

The Optimal Power Flow (OPF) problem determines the
generator dispatch of minimal cost that meets the demands
while satisfying the physical and engineering constraints
of the power system (Chowdhury and Rahman 1990). The
OPF (aka AC-OPF) is a non-convex non-linear optimiza-
tion problem and the building bock of many applications, in-
cluding security-constrained OPFs (Monticelli et al. [1987),
optimal transmission switching (Fisher, O’Neill, and Ferris
2008)), capacitor placement (Baran and Wu 1989), expansion
planning (Verma et al.|2016)), and security-constrained unit
commitment (Wang, Shahidehpour, and Li 2008).
Typically, generation schedules are updated in intervals
of 5 minutes (Tong and Ni 2011}, possibly using a solu-
tion to the OPF solved in the previous step as a starting
point. In recent years, the integration of renewable energy
in sub-transmission and distribution systems has introduced
significant stochasticity in front and behind the meter, mak-
ing load profiles much harder to predict. This uncertainty
forces system operators to adjust the generators setpoints
with increasing frequency, to serve the power demand while
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ensuring stable network operations. However, the resolu-
tion frequency to solve OPFs is limited by their computa-
tional complexity. To address this issue, system operators
typically solve OPF approximations such as the linear DC
model (DC-OPF). While these approximations are more ef-
ficient computationally, their solution may be sub-optimal
and induce substantial economical losses, or they may fail
to satisfy the physical and engineering constraints.

Similar issues also arise in expansion planning and other
configuration problems, where plans are evaluated by solv-
ing a massive number of multi-year Monte-Carlo simula-
tions at 15-minute intervals (Pache et al. 2018} |[Hig ). Ad-
ditionally, the stochasticity introduced by renewable sources
of energy dramatically increases the number of scenarios to
consider. Therefore, modern approaches recur to the linear
DC-OPF approximation and focus to only the scenarios that
are thought to be most pertinent (Pache et al. 2018) at the
expense of the fidelity of the simulations.

To address these challenges, this paper studies how to ap-
proximate OPFs using a Deep Neural Network (DNN) ap-
proach. The main goal of the OPF is to find generator set-
points, i.e., the amount of real power and the voltage mag-
nitude for each generator. Approximating the OPF using
DNNs can thus be seen as an empirical risk minimization
problem. However, the resulting setpoints must also satisfy
the physical and engineering constraints that regulate power
flows, and these constraints introduce significant difficulties
for machine learning-based approaches, as shown in (Ng et
al. 2018; [Deka and Misra 2019)). To address these difficul-
ties, this paper presents a DNN approach to the OPF (OPF-
DNN) that borrows ideas from Lagrangian duality and mod-
els the learning task as the Lagrangian dual of the empirical
risk minimization problem under the OPF constraints.

The contributions of this paper can be summarized as fol-
lows. (1) It proposes an approach (OPF-DNN) that uses a
DNN to predict the generator setpoints for the OPF; (2) It
exploits the physical and engineering constraints in a La-
grangian framework using violation degrees; (3) It enhances
the prediction accuracy by leveraging the availability of a
solution to a related OPF (e.g., the solution to the OPF at
the previous time step, which is almost always available);
(4) It recasts the OPF prediction as to the Lagrangian dual



Model 1 AC Optimal Power Flow (AC-OPF)
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of the empirical risk minimization under constraints, using a
subgradient method to obtain a high-quality solution.

OPF-DNN is evaluated on realistic power systems: The
computational results show significant improvements in ac-
curacy and efficiency compared to the ubiquitous DC model.
In particular, OPF-DNN provides accuracy improvements of
at least two orders of magnitude and efficiency speedups of
at least four orders of magnitude. These results may open
new avenues for power system analyses and operations un-
der significant penetration of renewable energy.

Preliminaries

The paper uses the following notations: Variables are de-
noted by calligraph lowercase symbols, constants by dotted
symbols, and vectors by bold symbols. The hat notation &
describes the prediction of a value « and | - | denotes the
L2-norm. The power flow equations are expressed in terms
of complex powers of the form S = (p+jq), where p and
q denote active and reactive powers, admittance of the form
Y = (g+4b), where g and b denote the conductance and sus-
ceptance, and voltages of the form V' = (v£#), with magni-
tude v and phase angle 6.

Optimal Power Flow

The Optimal Power Flow (OPF) determines the least-cost
generator dispatch that meets the load (demand) in a power
network. A power network is viewed as a graph (N, €)
where the nodes A represent the set of n buses and the edges
& represent the set of e transmission lines. The OPF con-
straints include physical and engineering constraints, which
are captured in the AC-OPF formulation of Model [I| The
model uses p?, and p? to denote, respectively, the vectors of
active power generation and load associated with each bus
and p’ to describe the vector of active power flows associ-
ated with each transmission line. Similar notations are used
to denote the vectors of reactive power g. Finally, the model
uses v and @ to describe the vectors of voltage magnitude
and angles associated with each bus. The OPF takes as in-

Model 2 The Load Flow Model
minimize: |p’ — p°|° + |v — | 2)

subject to: (2a) — (6b)

puts the loads (p% ¢%) and the admittance matrix Y, with

entries g;; and b;; for each line (¢j)€&; It returns the active
power vector p of the generators, as well the voltage mag-
nitude v at the generator buses. The objective function ()
captures the cost of the generator dispatch, and is typicall
expressed as a quadratic function. Constraints (2a) and
restrict the voltage magnitudes and the phase angle differ-
ences within their bounds. Constraints and (Bb) enforce
the generator active and reactive output limits. Constraints
enforce the line flow limits. Constraints and (3b)
capture Ohm’s Law. Finally, Constraint and (6b) cap-
ture Kirchhoff’s Current Law enforcing flow conservation at
each bus.

The DC Relaxation The DC model is a ubiquitous linear
approximation to the OPF (Wood and Wollenberg 1996). It
ignores reactive power and assumes that the voltage mag-
nitudes are at their nominal values (1.0 in per unit nota-
tion). The model uses only the barred constraints in Model[T}
Constrains considers only the active flows and hence
can be trivially linearized and Constraints becomes
p{j = —b;;(0; — 0;). The quadratic objective is also re-
placed by a piecewise linear function. Being an approxi-
mation, a DC solution pY may not satisfy the AC model
constraints. As result, prior to being deployed, one typically
solves a load flow optimization, described in Model 2] It is
a least squares minimization problem that finds the closest
AC-feasible solution to the approximated one.

Deep Learning Models

Supervised Deep Learning (SDL) can be viewed as the task
of approximating a complex non-linear mapping from la-
beled data. Deep Neural Networks (DNNs) are deep learning
architectures composed of a sequence of layers, each typi-
cally taking as inputs the results of the previous layer (Le-
Cun, Bengio, and Hinton 2015)). Feed-forward neural net-
works are basic DNNs where the layers are fully connected
and the function connecting the layer is given by

o=71(Wz+b),

where € R” is the input vector, o € R™ the output vector,
W eR™*" a matrix of weights, and be R™ is a bias vector.
The function 7(-) is often non-linear (e.g., a rectified linear
unit (ReLU)).

OPF Learning Goals

The goal of this paper is to learn the OPF mapping O :
R2?™ — R2?": Given the loads (pd, qd) , predict the setpoints
(p?,v) of the generators, i.e., their active power and the
voltage magnitude at their buses. The input of the learning
task is a dataset D = {(x¢, y¢)}2,, where z,=(p?, %) and
y¢ = (p, v) represent the 2" observation of load demands



and generator setpoints which satisfy y, = O(x,). The out-
put is a function O that ideally whould be the result of the
following optimization problem
N A~
minimize: Z Lo(ye, O(xy))
=1

subject to: C(x¢, O(x¢))

where the loss function is specified by

Lo(y.9) = [p? — | + |v — 9| ©)
——
Lp(y,9) Ly(y,9)

and C(x, y) holds if there exist voltage angles 8 and reactive
power generated g9 that produce a feasible solution to the
OPF constraints with z = (p?, ¢¢) and y = (p?,v).

One of the key difficulties of this learning task is the pres-
ence of the complex nonlinear feasibility constraints in the
OPFE. The approximation O will typically not satisfy the
problem constraints. As a result, like in the case of the DC
model discussed earlier, the validation of the learning task
uses a load flow computation that, given a prediction y =

@(m ¢), computes the closest feasible generator setpoints.

Baseline Deep Learning Model

The baseline model for this paper assumes that function o
is given by a feed-forward neural network, whose architec-
ture is part of the final network outlined in Figure [I] and
discussed in detail later. While this baseline model is often
accurate for many regression problems, the experimental re-
sults show that it has low fidelity for complex AC-OPF tasks.
More precisely, a load flow computation on the predictions
of this baseline model to restore feasibility produces gener-
ator setpoints with substantial errors. The rest of the paper
shows how to improve the accuracy of the model by exploit-
ing the problem structure.

Capturing the OPF Constraints

To capture the OPF constraints, this paper uses a Lagrangian
relaxation approach exploiting the concept of constraint vio-
lations (Fontaine, Laurent, and Van Hentenryck 2014) used
in generalized augmented Lagrangian relaxation (Hestenes
1969; [Fontaine, Laurent, and Van Hentenryck 2014). The
Lagrangian relaxation of an optimization problem

minimize: f(x)
subject to: h(x) =0; g(x) <0
is given by
minimize: f(x) + \yh(x) + A\g9(x)
where \;, and A\; > 0 are the Lagrangian multipliers. In
contrast, the violation-based Lagrangian relaxation is
minimize: f(x) + A\, |h(x)| + Ay max(0, g(x))

with Ay, Ag = 0. In other words, the traditional Lagrangian
relaxation exploits the satisfiability degrees of constraints,
while the violation-based Lagrangian relaxation is expressed

in terms of violation degrees. The satisfiability degree of
a constraint measures how well the constraint is satisfied,
with negative values representing the slack and positive val-
ues representing violations, while the violation degree is al-
ways non-negative and represents how much the constraint
is violated. More formally, the satisfiability degree of a con-
straint ¢ : R™ — Bool is a function o, : R® — R such
that o.(x) < 0 = c¢(x). The violation degree of a con-
straint ¢ : R® — Bool is a function v, : R” — R™ such
that o.(x) = 0 = ¢(x). For instance, for a linear constraints
c(x) of type Ax > b, the satisfiability degree is defined as

o.(x) =b— Az
and the violation degrees for inequality and equality con-

straints are specified by

vZ(x) = max (0, 0.(x)) v (x) =

oe(z)] -
Although the resulting term is not differentiable (but admits
subgradients), computational experiments indicated that vi-
olation degrees are more appropriate for predicting OPFs
than satisfiability degrees. Observe also that an augmented
Lagrangian method uses both the satisfiability and violation
degrees in its objective.

To define the violation degrees of the AC-OPF con-
straints, the baseline model needs to extended to predict the
reactive power dispatched g¢ and the voltage angles 0 of the
power network. Given the predicted values v, 6, p9, and ¢9,
the satisfiability degree of (a subset of) the OPF constraints
can be expressed as:

05 (01) = (0" = 8;) oo (i) = (B = 0"™)  Vie N
ok, (i) = pf W _p? oB () =P - Vie N
oea (Y, 08, 07)= > Bl - (6] - ) Vie N

(ij)e€

where £, and o£, correspond to Constraints (2a) and cap-
ture the distance of the predictions ©; from the voltage
bounds. Similarly, 0% and o£, relate to Constraints (3a)) and
describe the distance of the predicted generator active dis-
patches from their bounds. Finally, the functions og, relate
to the Kirchhoff Current Laws (Constraints ) and ex-
press the violation of flow conservation at a bus. Here ﬁ{] i

the active power flow for line (ij) € £ computed from Con-

straints (5a), using the predicted quantities 9;, 0, 91, and 9
The violation degrees associated with the satisfiability de-
gree above are defined as follows:

V2a(0) = + ey (W2 (05, (00)) + vZ (035 (0:)))
v3a(P) = £ Dien (V2 (052 (0i)) + vZ (o0& (p1)))

V6a (ﬁga pda pf) = % Zijeé‘ Vc: (U6a (ﬁfa p;i7 ﬁf))7

where n and e denote the number of buses and transmission
lines, respectively. These functions capture the average de-
viation by which the prediction violates the associated con-
straint. The violations degrees define penalties that will be
used to enrich the DNN loss function to encourage their sat-
isfaction. Prior describing the DNN objective, we introduce
a further extension that exploits yet another aspect of the
structure of the OPF.
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Exploiting Temporal Locality

The solving of an OPF (or a load flow) rarely happens in
a cold start: OPFs are typically solved in the context of an
existing operating point (hot start). As a result, the learning
task can exploit this existing configuration, which is called
the power network state in this paper. The power network

state is a tuple sg = (pg, qf, PY, @5, vo, o), describing the
load, the generation, and the voltages that are solutions to
a related OPF. The learning can then use a new, enriched,
training data set, defined as follows:

1 Y1
f_/%

D= {((pg7qgapgaqgvv03605pd7qd)17 (pgaqgav70)1)a R

((p3, 46,4, a8, vo,00,p", q"), (pg,qg,v,O)N)}~

TN YN

The elements x, € R®" are vectors describing the power
network state sy (e.g., the configuration in the previous
timestep) and the current loads (p?, g%). The elements y, €
R*" are vectors describing the optimal generator and volt-
age settings for input data ;. The collection of the elements
{z,}) | is denoted by X and the elements {y,}}", by V.
The goal remain that of learning a mapping O. Note that,
despite some proximity of loads in subsequent states, the
OPF non linearities often cause severe variations in the op-
erational parameters outputs. Therefore, as confirmed by our
experimental results, the learning mechanism cannot rely ex-
clusively on the information encoded in the network state.

Objective

It is now possible to define the final loss function used to
train the OPF-DNN. First, the loss is augmented to con-
sider the predictions of voltage phase angles and the reactive
power of generators, since these are required to compute the
violation degrees associated with the OPF constraints. The
resulting loss function £,(y, 9) is:

o — 92 + |6 — 02 + |p* — 5| + | — @2 (4)

—~ -~
Loy(y,9) Lo(y,9) Ly(y,9) Lq(y,9)

Ohm’s Law

Figure 1: The OPF-DNN Model: Each layer is fully connected with ReL.U activation. White boxes correspond to input tensors,
dark, colored, boxes correspond to output layers. Loss components and violation degrees are shown as white rectangles.

It minimizes the mean squared error between the optimal
voltage and generator settings y and the predicted ones g.
Moreover, the objective function includes the Lagrangian
relaxation based on the OPF physical and engineering con-
straints violation degrees. Given the set C of OPF con-
straints, the associated loss is captured by the expression

Lo(@,§) = Y Aeve(x, ).

ceC

The model loss function sums these two terms, i.e.,
E(l‘, Yy, :’:’) = £o<y7 ?J) + ‘Cc(w7 'g)

The Network Architecture

The network architecture is outlined in Figure 1| The input
layers on the left process the tensor of loads (pd, gg) of the
power network state so and the input loads (p?, q?). The
network has 4 basic units, each following a decoder-encoder
structure and composed by a number of fully connected lay-
ers with ReLU activations. Each subnetwork predicts a tar-
get variable: voltage magnitudes », phase angles 6, active
power generations p?, and reactive power generations g9.
Each sub-network takes as input the corresponding tensor in
the power network state sg (e.g., the sub-network respon-
sible for predicting the voltage magnitude © takes as input
vp), as well as the last hidden layer of its input subnetwork,
that processes the load tensors.

The predictions for the voltage magnitude © and angle 0
are used to compute the load flows (p7, g7), as illustrated on
the bottom of the Figure. The components of the losses are
highlighted in the white boxes.

Lagrangian Duality

Let O[w)] be the resulting OPE-DNN with weights w and let
L[] be the loss function parametrized by the Lagrangian
multipliers A = {A.}cec. The training aims at finding the
weights w that minimize the loss function for a given set of
Lagrangian multipliers, i.e., it computes

LR(N) = min LA (2, y, O[w] ().



Algorithm 1: Learning Step

input: (X)) : Training data
a, p : Optimizer and Lagrangian step sizes, reps.
1 A0 VveecC
2 for epoch k =0,1,...do
3 foreach (i, y) —minibatch(X,Y) of size b do

4 g < Olw](z)

5 Lo(9,y) < 3 Zep) Lo(Ye, 9e) + Lo(ye, 9o)+
Lp(ye: Ye) + Lq(Ye, Ye)

6 Le(w,g) < %Zee[b] Deec Aeve(ze, ge)

7 w <—w—04vw<ﬁo(ﬁ,y)+£c($,’g))

3 foreach c € C do
o | L AT Nt pre(z,9)

It remains to determine appropriate Lagrangian multipliers.
This paper proposes the use of Lagrangian duality to obtain
the optimal Lagrangian multipliers when training the OPF-
DNN, i.e., it solves

LD = max LR(N).

The Lagrangian dual is solved through a subgradient method
that computes a sequence of multipliers X', ..., A* ... by
solving a sequence of trainings LR(A?), ..., LR(AF=1), ...
and adjusting the multipliers using the violations, i.e.,

w1t = argmin L|AF](x, y, O[w"](z)) LD

N — (A + pre(@, O[w* (@) [ ceC).  (L2)

In the implementation, step (LT) is approximated using a
Stochastic Gradient Descent (SGD) method. Importantly,
this step does not recomputes the training from scratch but
uses a hot start for the weights w.

The overall training scheme is presented in Algorithm [T}
It takes as input the training data set (X, )), the optimizer
step size o > 0 and the Lagrangian step size p > 0. The
Lagrangian multipliers are initialized in line[I} The training
is performed for a fixed number of epochs, and each epoch
optimizes the weights using a minibatch of size b. After pre-
dicting the voltage and generation power quantities (line [4)),
the objective and constraint losses are computed (lines[5]and
@). The latter uses the Lagrangian multipliers A\* associated
with current epoch k. The model weights are updated in line
Finally, after each epoch, the Lagrangian multipliers are
updated following step (L2) described above (lines[8]and[9).

Experiments

This section evaluates the predictive accuracy of OPF-DNN
and compares it to the linear DC approximation. It also ana-
lyzes the various design decisions in detail.

Data sets The experiments examine the proposed mod-
els on a variety of power networks from the NESTA library
(Coftrin, Gordon, and Scott 2014). For presentation simplic-
ity, the analysis focuses primarily on the IEEE 30, 118, and

Test Case  |N| [E] |(X,Y)| | Test Case N el (X, D)

14 _ieee 14 40 395806 | 89_pegase 89 420 338132
30_ieee 30 82 273506 | 118_ieee 118 372 395806
39_epri 39 92 287390 | 162.ieee_dtc | 162 568 237812
57 ieee 57 160 269140 | 189_edin 189 412 69342
73.ieeerts | 73 240 373142 | 300_iecee 300 822 235732

Table 1: The power networks adopted.

Model Mg Mc Mo MG
Exploit Constraints O vl vl vl
Exploit Temporal Locality | [J O v v
Lagrangian Dual Update O O O Vi

Table 2: The DNN Models Adopted.

300-bus networks. However, the results are consistent across
the entire benchmark set.

The ground truth data are constructed as follows: For each
network, different benchmarks are generated by altering the
amount of nominal load x = (p?,q?) within a range of
+20%. The loads are thus sampled from the distributions
x' = (p¥,q¥) ~ Uniform(0.8x,1.2z). A network value
that constitutes a dataset entry (x’,vy’) is a feasible OPF
solution obtained by solving the AC-OPF problem detailed
in Model [I] When the data set exploits temporal locality,
the test cases are generated to ensure that the total active
loads |p?||; are within 1% of the loads |pg||; associated with
the power network state sg. This restrictions captures typi-
cal power systems operating conditions, in which the aggre-
gated loads do not differ drastically in short time intervals.
Note that while the aggregated loads follow this restriction,
the individual loads may have far greater differences. The
data are normalized using the per unit (pu) system so that
all quantities are close to 1. The experiments use a 80/20
train-test split and report results on the test set. Table [1| de-
scribes the dataset sizes, including the number of buses and
transmission lines of the networks.

Settings The experiments examine the OPF-DNN models
whose features are summarized in Table 2] Mp refers to the
baseline model: It minimizes the loss function £, described
in Equation (3). Mc exploits the problem constraints and
minimizes the loss: £, + >} - Acve, With £, defined in
Equation @) and all A, set to 1. My leverages temporal
locality: It uses the same loss function as M, but it adopts
the architecture outlined in Figure |1} Finally, Mg, extends
ML by learning the Lagrangian multipliers ). using the
Lagrangian dual scheme described in Algorithm |1} The lat-
ter model is also denoted with OPF-DNN in the paper. The
experimental results also used a model (called ./\/lg) that ex-
tends M by using the Lagrangian dual scheme to adjust the
values of the multipliers, and a model (called MéL) that ex-
tends My, by learning the values of the multipliers during
training. The former performs better, in general, than Mc,
but significantly worse than Mcy, and the latter performs
similarly to McL.

The training uses the Adam optimizer with learning rate
(a=0.001) and $ values (0.9, 0.999) and was performed for
80 epochs using batch sizes b = 64. Finally, the Lagrangian



Test Case Type p? v 0 p’

Mg 33465 14.699 43130 27.213
Mc 31289 27346 1.5930 1.6820

30deee i 03052 03130 00580 02030
M2 0.0055  0.0070 0.0041 0.0620
Mz 02150 7.1520 42600 38.863
USiece Mc 01810 69150 46520 64730
Mc 00380 0.1170 12750  0.6640
M2 0.0340  0.0290 02070 0.4550
My 00838 28.025 12.137 12547
300 Mc 00914 14727 7.7450 34.133
_1eee

Mco 00174 3.1130  7.2330  26.905
M2 00126 0.0610 2.5670 1.1360

Table 3: Prediction Errors (%).

step size p is set to 0.01.

Prediction Errors

We first analyze the prediction error of the DNN models. Ta-
ble [3| reports the average L1 distance between the predicted

generator power p, voltage magnitude © and angles 6 and
the original quantities. It also reports the errors of the pre-
dicted flows pf (which use the generator power and volt-
age predictions) and are important to assess the fidelity of
the predictions. The distances are reported in percentage:

=]

% 100, for quantity , and best results are highlighted

in bold. For completeness, the results report an extended ver-
sion of model Mg, which predicts quantities @ and q9; The
prediction errors for quantities pY and v did not degrade in
this extended version. A clear trend appears: The prediction
errors decrease with the increasing of the model complexity.
In particular, model M, which exploits the problem con-
straints, predicts much better voltage quantities and power
flows than My. ML, which also exploits the previous state,
improves M predictions by one order of magnitude in most
of the cases. Finally, the use of the Lagrangian dual to find
the best weights (M2, ) further improves My, predictions
by up to an additional order of magnitude.

Figure 2 further illustrates the importance of modeling the
problem constraints and the temporal locality. It illustrates
the prediction errors on the operational parameters v (left)
and pY (right) at the varying of the demands in the power
networks. The plots are in log-10 scale and clearly indicate
that the models exploiting the problem structure better gen-
eralize to the different network settings.

Load Flow Analysis

Having assessed the predictive capabilities of OPF-DNN,
the next results focus on evaluating its practicality by sim-
ulating the prediction results in an operational environment.
The idea is to measure how much the predictions need to be
adjusted in order to satisfy the operational and physical con-
straints. The experiments perform a load flow (Model 2) on
the predicted p9 and © values. In addition to comparing the
DNN model variants, the results also report the deviations of
the linear DC model from an AC-feasible solution. The DC
model is widely used in power system industry.
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Figure 2: Prediction Errors at varying of the network loads.

The results are tabulated in Table ] The left table reports
the L1 distances, in percentage, of the predictions p? and v
to the solutions pY and v of the load flows. Trends similar
to the previous section are observed, with M2, being sub-
stantially more accurate than all other DNN versions. The
table also shows that MEL is up to two order of magnitude
more precise than the DC model. The right table reports the
L1 distances of the load flow solutions to the optimal AC-
OPF solutions. The results follow a similar trend, with the
OPF-DNN model (M@, ) being at least one order of mag-
nitude more precise than the DC model. The bottom rows
of the table show the average results over all the power net-
work adopted in the experimental analysis. These results are
significant: They suggest that OPF-DNN has the potential
to replace the DC model as an AC-OPF approximation and
deliver generator setpoints with greater fidelity.

Solution Quality and Runtime

Finally, the last results compare the accuracy and runtime
of the proposed DNN models and the DC approximation
against the optimal AC-OPF solutions. The solution quality
is measured by first finding the closest AC feasible solution
to the predictions returned by the DC or by the DNN models.
Then, the cost of the dispatches are compared to the origi-
nal ones. Table[5|reports the average L1-distances of the dis-
patch costs. The last row reports the average distances across
all the test cases. The analysis of the DNN variants exhibits
the same trends as before, with the networks progressively
improving the results as they exploit the problem constraints
(M), the temporal locality (M), and use the Lagrangian
dual (M@)). Finally, Table |6|illustrates the time required to
find an AC OPF solution, a linear DC approximation, and a
prediction using OPF-DNN (M2)).

Observe that OPF-DNN finds dispatches whose costs are
at least one order of magnitude closer to the AC solution

than those returned by the DC approximation, while being
several order of magnitude faster.



Test Case DC Ms Mc Mo M@ | DC Mp Mc  Ma MY
30.jeee p° | 26972 20793 19688 0.1815 0.0007 | 0.1907 2.1353 1.8268 0.2735 0.0058
v | 12929 83.138 04309 0.0944 0.0037 | 34931 62996 27458 0.4299  0.0086

118 ieee p? | 02011 0.1071 0.0359 0.0043 0.0038 | 0.5865 0.1353 0.1557 0.0372 0.0368
v | 19971 34391 0.8995 0.0956 0.0866 | 2.2780 4.5972 6.0326 0.1599 0.1335

300.icee p? | 01336 0.0447 0.0339 0.0091 0.0084 | 0.1717 0.0644 0.0766 0.0204 0.0175
v | 3.8526 31.698 10.292 02383 0.1994 | 0.6854 29985 2.1296 1.1553 0.2196

Total Avg. (%) p? | 07751 09843 09719 0.0777 0.0197 | 0.6090 0.5694 0.5307 0.1096 0.0356
8(7) % | 24284 36288 10334 0.8780 0.1995 | 1.7870 3.3879 2.4985 0.9429 0.2136

Table 4: Average distances (%) for the active power (top rows) and voltage magnitude (bottom rows) of the Load Flow solutions
w.r.t. the corresponding predictions (left table) and w.r.t. the AC-OPF solutions (right table).

Test Case DC Mg Mc ML MBL
14_ieee 5.1792  0.7562 0.6290 0.2614  0.0007
30_ieee 7.9894 29447 2.1316 0.5433  0.0180
39 epri 0.9094 0.1901 0.0752 0.0537 0.0003
57 ieee 1.7758 1.1115 1.0609 0.2025 0.0527
73 ieee_rts 2.6846 9.4364 3.2399 0.5143 0.4586
89_pegase 1.5089 0.3284 0.3274 0.3347 0.1494
118_ieee 47455 1.0973 1.1897 0.5300 0.5408
162_ieee_dtc 6.2090 0.5021 0.8360 0.3162 0.2845
189 _edin 9.9803 5.3851 27770 0.7135 0.3177
300_ieee 47508 19543 1.1576 0.3233  0.3011
Total Avg. (%) | 45733 23706 13424 03793 0.2124

Table 5: Load Flow vs. AC-OPF cost distances (%).

Related Work

Within the energy research landscape, DNN architectures
have mainly been adopted to predict exogenous factors af-
fecting renewable resources, such as solar or wind. For in-
stance, Anwar et al.[2016/uses a DNN-based system to pre-
dict wind speed and adopt the predictions to schedule gener-
ation units ahead of the trading period. Boukelia et al. {2017
studied a DDN framework to predict the electricity costs
of solar power plants coupled with a fuel backup system
and energy storage. Chatziagorakis et al.| (2016) studied the
control of hybrid renewable energy systems, using recurrent
neural networks to forecast weather conditions.

Another power networks area in which DNNs have been
adopted is that of security assessment.|Ince et al.|(2016)) pro-
posed a convolutional network (CNN) model for real-time
power system fault classification to detect faulted power sys-
tem voltage signals. Arteaga et al.[(2019) proposed a CNN
method to identify safe vs. unsafe operating points to reduce
the risks of a blackout. [Donnot et al.| (2019) use a ResNet
architecture to predict the effect of interventions that recon-
nect disconnected transmission lines in a power network.

In terms of OPF prediction, the literature is much sparser.
The most relevant work uses a DNN architecture to learn the
set of active constraints (e.g., those that, if removed, would
improve the value of the objective function) at optimality in
the linear DC model (Ng et al. 2018};|Deka and Misra 2019).
Once the set of relevant active constraints are identified, ex-
ploiting the fact that the DC OPF is a linear program, one
can run an exhaustive search to find a solution that satisfies
the active constraints. While this strategy is efficient when
the number of active constraints is small, its computational

Test Case AC DC OPF-DNN
14 _ieee 0.4339 0.4778 0.0000
30_ieee 0.8034  0.6601 0.0000
39 _epri 1.1055 0.5931 0.0001
57 ieee 1.8018  0.9233 0.0000
73_ieee_rts 3.0717 3.5318 0.0000
89_pegase 47363  3.2406 0.0000
118_ieee 4.0243  3.3819 0.0001
162 _ieee_dtc 7.4857 5.8680 0.0000
189_edin 6.7240  2.3896 0.0001
300_ieee 12.5474  6.7407 0.0001

Table 6: Average runtime in seconds.

efficiently decreases drastically when its number increases
due to the combinatoric nature of the problem. Additionally,
this strategy applies only to the linear DC approximation.

This work departs from these proposals and predicts the
optimal setpoints for the network generators and bus volt-
ages in the AC-OPF setting. Crucially, the presented model
actively exploits the OPF constraints during training, pro-
ducing reliable results that significantly outperform classical
model approximations (e.g., DC-OPF).

Conclusions

The paper studied a DNN approach for predicting the gen-
erators setpoint in optimal power flows. The AC-OPF prob-
lem is a non-convex non-linear optimization problem that
is subject to a set of constraints dictated by the physics of
power networks and engineering practices. The proposed
OPF-DNN model exploits the problem constraints using a
Lagrangian dual method as well as a related network state
that is almost always available in practice due to temporal lo-
cality. The resulting model was tested on several power net-
work test cases of varying sizes in terms of prediction accu-
racy, operational feasibility, and solution quality. The com-
putational results show that the proposed OPF-DNN model
can find solutions that are up to several order of magnitude
more precise and faster than existing approximation meth-
ods (e.g., the commonly adopted linear DC model). These
results may open a new avenue in approximating the AC-
OPF problem, a key building block in many power system
applications, including expansion planning and security as-
sessment studies which typically requires a huge number of
multi-year simulations based on the linear DC model.
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