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Abstract— The increasing decentralization of power systems
driven by a large number of renewable energy sources poses
challenges in power flow optimization: Partially unknown
power line properties can render model-based approaches un-
suitable. With the increasing deployment of sensors, data-driven
methods rise as a promising alternative, offering flexibility
to adapt to changes and deal with unknown properties. In
this paper, we propose a novel data-driven representation
of nonlinear active power flow equations for radial grids
based on Willems’ Fundamental Lemma. OQur approach allows
for direct integration of input/output data into active power
flow optimization, enabling cost minimization and constraint
enforcement without requiring explicit knowledge of power line
properties or a separate system identification step. Moreover, we
derive a convex relaxation and show in a numerical case study
that our approaches yield results identical to those of optimal
active power flow formulations with known parameters.

I. INTRODUCTION

Power systems are shifting from centralized generation to
decentralized, small-scale units such as photovoltaic genera-
tors and wind turbines. This poses new challenges in the op-
eration of power systems through an increase in the number
of generation units and bidirectional power flows [1]. Special
challenges arise in power flow optimization, which tradition-
ally relies on known topologies and accurate models [2].
Similarly, accurate power flow calculations have become
increasingly important, as operators must respect equipment
limits while integrating uncertain renewable sources [3].

Meanwhile, the ongoing digitization of power grids in-
creases the availability of high-resolution data, enabling
novel methods. Existing approaches either (i) include an
explicit modeling or system identification step or (ii) employ
input/output (I/O) data right away to represent systems:

Examples for type (i) are [4] and [5], where power flow
is modeled using regression-based methods, mapping node
measurements to power flows over power lines. While [4]
uses linear mappings, [5] makes use of Koopman operator
theory, elevating node measurements into a higher dimen-
sional space where a mapping to power flows is learned.

Type (ii) is based on behavioral systems theory [6]—[8]
and eliminates the need for an explicit identification step.
Recent studies [9], [10] have employed such approaches for
predictive control of power systems. Moreover, in [11], a be-
havioral approach for controlling multi-energy systems was
presented. The methodology incorporated uncertain forecasts
of exogenous signals into the data-driven predictive control
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formulation. A similar approach was employed in [12] for
a data-driven multi-stage DC optimal power flow problem,
which requires only measured data of nodal power injection
and does not need information about the grid topology.
However, DC power flow does not account for transmission
losses, rendering the approach less accurate.

To enable applications to nonlinear systems and enhance
robustness to noise, the approach presented in [13] introduces
regularization into the optimal control problem. Moreover,
the authors of [8] extend the application of behavioral sys-
tems theory to nonlinear Hammerstein and Wiener systems.
However, to the best of our knowledge, such data-driven
representations have not yet been employed for nonlinear
power flow. We aim to fill this gap by making the following
contributions. (i) We derive a data-driven nonlinear active
power flow representation for radial networks based on
behavioral systems theory that can be used in optimization
problems. Our formulation only requires I/O data of power
lines, i.e., phase angle differences and transmitted power.
(i) We propose convex relaxations of aforementioned opti-
mization problems, enabling the use of off-the-shelf solvers
and convex optimization modeling frameworks. (iii) We
demonstrate the applicability of the proposed approaches in
a numerical case study on microgrid operation control.

The remainder of this paper is structured as follows.
Section II introduces mathematical preliminaries. Sections III
and IV introduce physics-based and data-driven power flow
optimization problems, respectively. In Section V we use
aforementioned formulations in a microgrid example. Sec-
tion VI presents a numerical case study on this example.
Section VII concludes the paper.

II. MATHEMATICAL PRELIMINARIES

In this section, we cover relevant notations and concepts
from data-driven system representations and graph theory.

A. Notations

We denote real numbers, nonpositive real numbers, and
nonnegative real numbers by R, R<y and R, respectively.
The sets of positive and nonnegative integers are denoted
N and Ny, respectively. The set of Booleans is B = {0,1}
and the set of complex numbers is C. We express a complex
number z € C in polar form as z = #e*?, where & = |z| € R
is the absolute value of , 8 € R is the angle of z, e is Euler’s
number, and 2 is the imaginary unit. In Cartesian form, x can
be expressed by z = Re(x) + 2 Im(x).

A sequence W = {w(a),w(a+1),...,w(b)} is an or-
dered set of b — a + 1 elements, where a,b € Ny, b > a and



w(k) € RN« with discrete time instant k& € Np. Set W can
be compactly written as {w(k)}?__ . Throughout this work,
[w]?_, is shorthand for [w(a)” w(a+1)T - w(b)T]T.
Measured values are denoted by superscript m, e.g., w™ (k).
Discrete-time instant k refers to time ¢t = tg + kT, where
to € Ry is the initial time and Ts € Ry>( the sampling
time. We use w(k + h|k) to refer to a prediction for time
instant k + h, h € Ny that is performed at time .

B. Hankel Matrix

Consider a sequence W = {w(k)}+ ' of length N € N.
The associated Hankel matrix of order L € N, L < N, is

w(0) w(1) w(N — L)
w(1) w(2) w(N —L+1)
Hy (W) = : : . : - (D
w(L —1) w(L) w(N —1)

To determine if a sequence allows us to reconstruct the
behavior of a system, we recall the following definition.

Definition 1 (Persistency of Excitation [7]). A sequence
W = {w(k)}n-, with w(k) € Rv is said to be persistently
exciting of order L if Hy (W) has full row rank, i.e., if

rank(H,(W)) = N, L. (2)

C. Hammerstein Systems

Consider matrices A € RNe*Nae B ¢ RNe*Nu (0 ¢
RNoxNe D e RNv*Nu state vector (k) € RM=, input
u(k) € RN« and output y(k) € RNv. With them, we
describe time-invariant Hammerstein systems as [8]

z(k+1) = Az(k) + Br(u(k)),
y(k) = Ca(k) + Dy(u(k)),

z(0) = zo, (3a)

(3b)

with the nonlinear mapping v : RV« — RNu. This can be
expressed by a linear combination of known basis functions
¢; : RN« = R, i € [1,7] C N whose span includes v, i.e.,

v(u(k)) = 321, Goi(u(k)) = C(u(k)), 4)

with ¢ = [¢;]7_, € RN«*7 ¢; € RN« not all zero, and
ou(k)) = [or(u(k) - dr(u(k)]” €R". ()
Combining ¢ with B and D allows us to reformulate (3) as

z(k +1) = Az(k) + Bo(u(k)),
y(k) = Cx(k) + Do(u(k)),

with B = B¢ € RN+*" and D = D¢ € RNv*", In what
follows, we will use ¢(k) as shorthand notation for ¢(u(k)).

x(0) = xo, (6a)

(6b)

D. Data-Driven Representation of Hammerstein Systems

Theorem 1 (Data-driven Hammerstein System [8]). Con-
sider a measured I/O trajectory {u™(k),y™ (k) Z;JLV -1
of a Hammerstein system (3). Given that the associated
auxiliary input {¢™ (k) Z;]LV ~1, constructed via (5) using

{um™(k)}rEN=1 "is persistently exciting of order L + N,

k=n

then, {u(k),y(k)}.t5 "1 is a trajectory of (3) if and only if
there exists an o € RV ~L+1 guch that
Hy ({¢™ (k) )32y —1>] o [w(k)]i:_%‘l

Hy ({y™ ()} 1281 [y(k)}i;%l]’ 7

Remark 1. Note that for Theorem 1, the auxiliary input
must contain the true basis functions. In practical settings,
sufficiently many basis functions or even kernel functions
can be used to approximate the true ones [8].

E. Graph Theory

Following graph-theoretic terminology [14], we define an
undirected weighted connected graph G = (V,E, y) through
aset VC Nyof Ny € N nodes and E C [V]? of
N, € Ny edges, where [V]? is the set of all subsets of V
with two elements. The weighting function is y : E — C3
with y({¢,7}) = (vij,Tij, Uji)- Nodes i and j are adjacent
if {i,j} € E. The set of adjacent nodes of i € V is
V; = {j ev ‘ {Z,j} S E} Let E = {61,62,...,61\[6} be
ordered such that for ¢; = {i;, 5} and e;+1 = {141, Ji+1}s
l €[l,N.—1] CN, it holds that 4; < 4,1 and j; < ji+1
if 4, = i;41. Moreover, for z,, € R™=, we use [2e,] (e, eE @S

shorthand for [z 22 ... 21 ]7.

III. PHYSICS-BASED POWER FLOW

In this section, we introduce the physics-based active
power flow model and define an optimal power flow problem.
We model the electrical grid as a weighted undirected
connected graph G, where each edge {7, j} € E represents a
power line. We start by posing some assumptions.

Assumption 1. The power grid is balanced and symmetrical.

Assumption 2. The voltages at all buses are constant, i.e.,
0;(k) = v; for all i € V.

Assumption 3. We assume short to medium long transmis-
sion lines up to a length of “about 200 km” [15]. Thus, we
can model them using the m-equivalent circuit in Figure 1.

A. Nonlinear Power Flow Model

Building on Assumption 3, we model connections between
two nodes, i.e., edges in E, using 7-equivalent circuits. The
weighting function y provides series admittance y;; = v;; =
9i;+1b;j, with conductance g;; € R>( and susceptance b;; €
R, and shunt admittances §;; = Gij + 1ij, Ui = Gji + 1bji.

Remark 2. We can also represent more difficult connections
between two nodes with our model, e.g., combinations of
power lines, transformers and passive loads, since these can
be transformed into m-equivalent using Kron-reduction [16].

DPe,ij DPe,ji
+ ij +
Tij Uji vjer?s

A

ve i

Fig. 1. m-equivalent circuit of a power line.



Consider voltage phasors v; = 9;¢’% € C at all nodes
i € V. At time k, the active power flow from node 4 to j is

Peij(k) = (gij + 9i5)07 (k)
— 0;(k)0;(k) (9ij cos(0ij(k)) + bij sin(0:5(k))),  (8)

with phase angle difference ¢;; = 6; — 0;. Assumption 2
allows us to rewrite (8) as

Pe.ij(k) = Gij — (§ij cos(0:;(k)) + bij sin(0;;(k))),  (9)

with gi; = (9ij + 9ij)07, Gij = 91500, and byj = bi;0;0;.

The net power injection p,; € R, i.e., the total power
provided or consumed at node i, is equal to the sum of the
power flowing into the connected power lines, i.e.,

Pg,i(k) = ZjeVi Pe,ij (k).

B. Nonlinear Optimal Power Flow

(10)

We consider two active power flow values for each power
line that we collect in p.(k) = [pe,i;(k) pevji(k)]g,j}elﬂ'
Furthermore, we collect nodal power injections in pg(k) =
[Dg,i(k)]icv. For a power system with N, power lines and NN,
nodes we collect line power flows and nodal power injections
in p(k) = [pe(k)T py(k)T]T € R2NVe+No and phase angle
differences in 0(k) = [0;;(k)]{; ;e € RVe. Let us now
employ (9) and (10) in an optimization problem.

Problem 1 (Nonlinear optimal power flow).

fp(k))

min
0(k),p(k)
subject to (10) Vi € V and
Pe,ij (k) = Gi — (i cos(0i; (k) + bij sin(6;;(k))),

Pe.ji(k) = Gji = (Gij cos(—0i; (k) + bij sin(—0;(k))),
v{i,7} € E as well as application-dependent constraints
0< fineq (Q(kj),p(k‘)) s (12a)
0= feq (0(K), p(K)) - (12b)

Here, the objective f describes the cost of operation, e.g.,
in the form of generation cost or the transmission losses

ploss(k) = ZieV sz(k) (13)
1V. DATA-DRIVEN POWER FLOW

In what follows, we transform the physics-based model
into a Hammerstein system using appropriate basis functions.
We then apply Theorem 1 and employ the resulting data-
driven active power flow into an optimization problem. We
again start with some assumptions.

Assumption 4. We consider radial networks, which are
widely present in microgrid settings [17]. As discussed in
Remark 6, this leads to unique power flow solutions and
enables exact convex relaxations.

Assumption 5. Voltage phase angles 6;;(k) are available for
all lines, e.g., through time-synchronized phasor measure-
ment units (PMUs) or micro-PMUs. Moreover, we assume
that active power measurements of all lines are available.

A. Data-Driven Representation of Nonlinear Power Flow

Equation (9) for {7, j} € E can be understood as a stateless
I/O system with input u(k) = 6;;(k) and output y(k) =
De,ij (k). We can transform it into a Hammerstein system (6)
using the basis functions 1, cos(6;;(k)), and sin(6;;(k)), i.e.,

d(k) = [1 cos(By;(k)) sin(0:;(k))]" (14)
This allows us to express (9) as
Peij(k) =1di;  —gi;  — bijlo(k). (15)

By virtue of Theorem 1, this can be represented in a data-
driven manner as

Hl({¢m(k) Zirylz[fvll):| a(k) — |: (b(k) :| .
Hl({p?zj(k) Zin ) pe,ij(k)
Remark 3. Note that we “consider algebraic relations as

differentiNal equations of orde~r zero” [6, p. 12], i.e., N, =0,
A=0,B=0,C=0, and D # 0. Consequently, L = 1.

(16)

B. Data-Driven Optimal Power Flow

To employ (16) in optimization problems, we extend (14)
by trigonometric basis functions for all power lines, i.e.,

o(k) =1 [cos(Bi(k))  sin(0i (k)] jyer

This allows us to derive a data-driven representation of the
nonlinear active power flow for the entire grid using ¢™ (k)
which is constructed along the lines of (17) and p* (k).

1" an

Remark 4. Due to the symmetry properties, sin(6;;(k)) and
cos(6;;(k)) do not need to be explicitly included.

In optimization problems, we treat ¢(k) as a vec-
tor of decision variables. To maintain the inherent rela-
tion between the trigonometric components, we enforce
cos?(0;;(k)) +sin®(0;;(k)) = 1 for all {i,j} € E, ie.,
¢F(k) + ¢f (k) =1 for I € {2,4,...,2N.}. With a(k) €
RY, we formulate the following optimization problem.

Problem 2 (Data-driven optimal power flow).

fp(k))

min
a(k),¢(k),p(k)

subject to (10) Vi € V, (12) and

Hi({¢™(0) 520 D] oy — [#(R) .
H (" (k) :?*:f—l)] (’“)‘{pm]’ (18)
o7 (k) + @7 (k) =1, Vie{2,4,...,2N.}.  (18b)

Remark 5. For a radial network with N, = N, — 1 lines
and Nj, nodes, Problem 2 introduces ¢(k) € R2Net! and
a(k) € RY as decision variables. Since Definition 1 requires
N > 2N, +1 = 2N, — 1, the total number of decision
variables and constraints grows linearly in Nj.

Due to (18b), Problem 2 is nonconvex. Such problems are
computationally demanding and finding a global optimum
can be hard. This issue is addressed in the next section.
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Fig. 2. Example microgrid.

C. Convex Data-Driven Optimal Power Flow

Convex formulations guarantee convergence to a globally
optimal solution and improved scalability. Inspired by [18],
we therefore propose a convex relaxation that replaces (18b)
with the unit disk (19). To promote solutions on the unit
disk boundary, we add a regularization term that maximizes
cosine basis functions. The problem reads as follows.

Problem 3 (Convex data-driven optimal power flow).
min k)) — Ne oy (k
omn (k) ~ BE 6ak)
subject to (10) Vi € V, (12), (18a) and

o7 (k) + o741 (k) <1,

Remark 6. For radial networks, replacing (18b) by (19) is
exact if (C1) the cost function f(p) is strictly increasing
in all nodal power injections and (C2) the phase angle
differences are sufficiently small [19, Theorem 8§]. In light of
Assumption 3, (C2) is typically satisfied. If (C1) holds, 3 can
be set to zero. Otherwise, a small S > 0 promotes solutions
on the unit circle. The parameter 5 should be chosen such
that the resulting cost distortion 3N 62, /2, where Oy is
the largest phase angle difference, remains negligible.

Vie{2,4,...,2N.}. (19

V. MICROGRID APPLICATION EXAMPLE

In this section, we present a microgrid (MG) applica-
tion example that uses the proposed methods in a model
predictive control (MPC) scheme. While our approach is
applicable to large radial networks (see Remark 5), we
use an MG due to its illustrative character. The employed
setup in Figure 2 is based on [20] and composed of 5
buses V. = {1,2,3,4,5} as well as 4 power lines, i.e.,
E = {{1,2},{2,4},{2,5}, {3,5}}. Furthermore, it includes
two conventional units, two battery energy storage systems
(BESSs), two renewable energy sources (RES) and a load.

A. Constraints

We collect the output power of the conventional generators
in pe(k) = [pe1(k) pea(k)]T € R, and their switch con-
dition in 0;(k) = [0¢.1(k) d¢2(k)] € B? where &, (k) =1
means that generator ¢ € {1,2} is enabled and ¢, ;(k) =0
that it is disabled. When enabled, the generators operate

within their power limits, p™'®, pi"®* € RZ,, when disabled
their respective power is zero. This is captured by

diag (pj™") 0, (k) < pi(k) < diag (pi"™) 8¢ (k).

The BESSs can either draw power from the grid or supply
power to it. The BESSs’ power ps = [ps1 ps2]? € R? must
remain within the limits p™* € RZ , p2** € RZ, i.e.,

(20)

Pt < py(k) < px.

The stored energy of the BESSs z € Rzzo evolves over time
based on p, and the initially stored energy zo € R%o’ ie.,

x(k+1) = Asx(k) + Bsps(k),

2y

x(0) = o, (22)

where A, € R?*2 and B, € R?*? are diagonal matrices.
The stored energy is bounded by z™", z™a € RZ  i.e.,

2™ < gp(k) < ™A, (23)

RES provide power depending on wind or sunlight. Their
infeed p, (k) = [p,1(k) pr2(k)]T € RZ, can not exceed the

weather-dependent available power, w,.(k) € RQZO, ie.,

The active power flowing through power lines is limited
by pmt € RS, and p™ € R, i.e.,

P < pe(k) < pi™.

The load demand is p4(k) € R<. The consumed or provided
power at the nodes depends on the connected units/loads, i.e.,

pg(k) = Ulpe(k)" ps(k)™ pr(k)™ pa(k)]”
where U € B®*7 is a matrix with entries
U {1, if unit/load j is connected to node ¢,
ij =
0,

B. Cost
The cost ¢ € R to operate the MG at time instant & is
k) =60 (k) + Ly (k) + Ly (k) + Cross(K).

With cp,c; € R2, the costs of enabling/disabling con-
ventional units plus power-independent running costs are

G (k) = g |0 (k) — 6 (k — 1)| + cf 8 (),

(25)

(26)

otherwise.

27

(28)

The cost £, models fuel costs, incentivizes RES infeed and
accounts for storage conversion losses, i.e.,

bp(k) = czpe(k) + c5 pr (k) + cf Ips (),

with ¢ € Rzzo, c3 € R%O and ¢4 € Réo.
To penalize deviations of the stored energy x(k) outside
the permissible range [z, Z], we use ¢; € R2, and formulate

(29)

Lo (k) = ¢k (max(0,z — z(k)) + max(0, 2(k) — 7)), (30)
Finally, the cost £;,, is modeled with cg € R>( as

gloss(k) = CGploss(k)- 3D



C. Model Predictive Control Problems
The decision variables of the MPC problems are
H—-1

P = [[pu(k + h|k)" py(k + hlk)" pe(k+hlk)T]"],_,

where p, (k) = [pi(k)T ps(k)T p.(k)T])T, and H — 1 is the
prediction horizon. We further define A, = [5;(k+h|k)] 7=\,
X = [z(k + hlk)]7=), and © = [0(k + h[k)]F=,'. Finally,
discount factor v € (0,1) is used to prioritize near-future
decisions and formulate the following MPC problem.

Problem 4 (Nonlinear MPC for MG operation).

s H-1 h
o in D h—o Lk + hlk)y

subject to (20)—(26) as well as
Pk +hlk) =3y, Peij(k + hlk), VieV,
Pe,ij(k + hlk) = Gij — (Gij cos(6i; (k + h|k))
+ by sin(0;;(k + h|k))), V{i,j} €E, (32b)
Pe.ji(k + hlk) = gji — (gij cos(—05;(k + hlk))
+bijsin(—0;;(k + h|k))), V{i,j} € E, (32¢)

for h = 0,...,H — 1 with initially available z(k|k) = x4
and 615(]? — ].|k) = (Stykfl.

(32a)

Problem 4 is a nonconvex, mixed-integer optimization
problem with an explicit model of the power lines as-
suming known parameters. In what follows, we employ
the data-driven representations from Section IV. Therefore,
we use ® = [¢(k + hlk)]; = with ¢(k) from (17) and
o = [a(k + hlk)][Z), a(k) € R in the following problem.

Problem 5 (Nonconvex data-driven MPC).
oo Lk + hlk)y"

min
o, ®,P,A¢, X

subject to (20)—(26) and (32a) as well as
Hy({o™ (k)32 ¢(k + hlk)

k=n

ket k+h|k) = , (33

H, (o (1)} 1)] olk+hlk) [pe<k+h|k>} 33
@7 (k+hlk)+ 71 (k+hlk) =1, Vi€ [2,4,6,8], (33b)
forh=0,...,H—1with x(klk) = zk, 6:(k—1|k) = ¢ k—1.

Problem 5 is nonconvex due to (33b). To enable the use
of off-the-shelf solvers and convex optimization formulation
frameworks, we employ the relaxation from Section I'V-C.

Problem 6 (Convex data-driven MPC).

. H—1 h
min _o U(k+hlk)Y" =8B oi(k + hlk
«,&,P,A,,x —h=0 (e %) ie{2§6’8} ( )

subject to (20)—(26), (32a) and (33a) as well as
@7 (k + hlk) + @71 (k+hlk) <1, Vi€ [2,4,6,8], (34)
forh=0,...,H—1with x(klk) = zp, 6e(k—1|k) = ¢ k—1.
VI. CASE STUDY

We will now evaluate the closed-loop performance of
different MPC approaches in a numerical case study. First,
we describe the simulation setup and the parameters. Then,
we assess the performance over a seven day simulation.

A. Simulation Setup

We implemented the case study in Python. The MPC
problems were formulated using CVXPY [21] for convex
and Gurobi for nonconvex problems. All problems were
solved using Gurobi 12, which employs different techniques
to find the global optima [22]. Hankel matrices were con-
structed offline from a prior simulation of the physics-based
model excited with persistently exciting inputs and kept
fixed throughout the case study. In this context, we used
N = 9 samples, the minimum required by Remark 5. All
computations were executed on an Intel Core i17-8565U CPU
with 16 GB RAM. Simulations span seven days at 75 = 0.5h
(K = 336 steps). An ideal forecaster with perfect knowledge
about the future was used to focus on effects associated
with the different active power flow representations. All
parameters are given in Table 1. Here, power line data was
taken from [23] while all remaining parameters were taken
from [20].

Remark 7. Since c32 + cs = 0 for the second RES, the
cost function is nondecreasing but not strictly increasing, so
Condition (C1) of Remark 6 does not hold. We therefore set
B = 1. Since O,.x < 0.05rad, the cost distortion bound
evaluates to BN.62,.. /2 < 0.005, which is small compared
to the average optimal cost.

B. Results

Figure 3 shows the results of simulations with
Problem 5. Simulations for Problems 4 and 6 were
also performed. Within error bounds of 10~4, all
formulations yielded identical trajectories of all vari-
ables, inclufling the Kpower flow, and identical objec-
tive values £, = % >, (45 (k) + £y(k)) = —0.2602 and
lioss = 7 Zszl U105s(k) = 0.0047, while all constraints
were satisfied. This indicates that the data-driven formu-
lations can successfully replace the physics-based models
and that the 8 = 1 regularization introduces negligible cost
distortion (see Remark 6).

TABLE I
PARAMETERS OF THE MG MODEL [20].

Param. Value Param. Value Param. Value
. 0.2 . [0.13 . [1.56
0 0.1 ! 10.07 2 1.43
-0.8 [0.1 (103
“ ~1.0 “ 0.05 “ 108
ce 1 ¥ 0.9 9ij 2 pu
; [0.3 [0.9
b —20 pu et _0.1} pu P _0.6} pu
) . —1 ) [
pe"  [Fln]pu pI _J pu P& || pu
1 0 Lo
pglax [1N<=] pll As _0 1] BS _[2) %:|
. 0 [7 [0.5
min max
T [0} pu h x _4} puh x0 _0.5] pu h
0.5 _ 6.5 (1
x [0.5} puh T _3.5:| puh 60,—1 _0}
6 B 1
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Fig. 3. Simulation results of controlling the reference MG using the convex
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area plot.
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Problem 4, the nonconvex data-driven Problem 5, and the convex data-
driven Problem 6. The large dots are the median, the surrounding white
area the interquartile range, and the whiskers extend to values within 1.5
times the interquartile range. Values beyond the whiskers are outliers.

Figure 4 shows the distribution of the solve times for
all 336 time steps. The convex data-driven MPC achieves
the shortest median solve time of 0.08s, followed by the
reference MPC at 0.18s and the nonconvex data-driven MPC
at 0.33s, which has the highest median solve time. Given a
sampling time of 30 minutes, the maximum solve times are
well within the real-time requirements of the system at hand,
demonstrating the applicability of the proposed approaches.

VII. CONCLUSIONS

We proposed data-driven formulations of nonlinear ac-
tive power flows based on behavioral systems theory. Our
approaches enable active power flow optimization without
relying on physics-based power line models and without
requiring an explicit system identification step. Within error
bounds of 10~%, all approaches yielded identical trajectories
and objective values while satisfying all constraints. More-
over, all approaches had acceptable solve times below 3s.

Future research will evaluate scalability, extensions to
meshed networks and topology-agnostic formulations, and
robustness to measurement noise.
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