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Abstract—Utility operators face numerous challenges manag-
ing distributed energy resources (DERs) in active distribution
networks due to growing uncertainty amid complex planning
strategies. Providing grid services from storage assets requires
solving a computationally difficult nonlinear multi time-period
optimal power flow (MPOPF) using expensive solvers that suffer
from modeling and measurement inaccuracies, motivating the use
of surrogate modeling techniques. These approaches, however,
often provide limited utility interpretability and require extensive
data for development. Therefore, this work proposes a coregional-
ized multi-output Gaussian Process (CMOGP) surrogate to learn
a fast approximation of the MPOPF with storage. The framework
utilizes an inducing point strategy to indirectly capture a wide
range of operational conditions with minimal training data,
while simultaneously incorporating critical underlying output
correlation information. Results carried out on the IEEE 123-
bus test system show that the CMOGP produces near-optimal
confidence-based 24-hour MPOPF solution trajectories with an
average 99% computational speed-up improvement compared to
a validated optimization solver in realistic operational scenarios.

I. INTRODUCTION

A. Challenges Managing BESS in Distribution Networks

The aggressive proliferation of distributed energy resources
(DERs) in active distribution networks (ADNs) presents
unique operational and planning challenges for utilities. Bat-
tery Energy Storage Systems (BESS) have emerged as critical
grid-edge assets, providing flexibility for distribution system
operators (DSOs) to provide a variety of grid services i.e.
real and reactive power support, voltage regulation, curtail-
ment mitigation, power quality, and energy arbitrage [1],
[2]. However, effective BESS management requires solving
multi time-period optimal power flow (MPOPF) problems
for future planning to determine setpoint dispatch strategies
that balance economic and reliability objectives. These for-
mulations are computationally complex due to their temporal
coupling, large-scale nonlinear constraints, and the need to
incorporate uncertainty in load and renewable forecasts [3]. In
addition, the introduction of time-coupled constraints via state-
of-charge (SoC) BESS dynamics increases the OPF problem
dimensionality, further motivating the need for MPOPF solvers
capable of predicting future system behavior under uncertainty
while satisfying system and device-level constraints [4].

Traditional centralized OPF for optimizing BESS in ADNs
is difficult due to the nonlinear and nonconvex nature of
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AC power flow equations, influencing branch flow relaxation
and linearized techniques [3], [5]. Decentralized optimization
schemes have been proposed to counter single point failure and
reduce problem size. But these methods still face scalability
concerns, require some degree of centralized oversight, and
rely on a network communication infrastructure [4], [6].

B. Learning-based Optimal Power Flow (OPF) Surrogates

The computational challenges of solving distribution OPF
problems has motivated the use of learning-based approaches
to develop surrogates for optimizing ADNs [7], [8]. Deep
neural networks (DNNs) have been proposed to approximate
a probabilistic optimal power flow (POPF), reducing problem
dimensionality [9]. However, DNNs are data hungry, black-
box approaches, inspiring the use of statistical models such
as Gaussian Processes (GP) [10]. GP surrogates have mainly
been used for modeling system dynamics for designing robust
control policies [11]. Tan et al. [12] focuses on standard
GP surrogate models to bridge heterogeneous information
exchange across difficult domains with uncertainty-aware fea-
sibility, and [13] uses a sparse hybrid surrogate GP for ACOPF
computational speedup, noting closed-form advantages. How-
ever, these works do not examine the benefits of GP surrogates
for solving MPOPF problems, while appropriately addressing
the convergence challenges, offering limited discussion on GP
surrogates that can learn correlations in MPOPF solutions.

In this paper, we develop and analyze a coregionalized
multi-output Gaussian Process (CMOGP) surrogate to learn
near-optimal MPOPF solutions for centralized BESS dispatch.
We train the CMOGP on validated optimal model predictive
control (MPC) trajectories using a sparse inducing point strat-
egy to discover indirect system dynamic properties while using
minimal data requirements to cover a larger range of unpre-
dictable operational scenarios. The results demonstrate that GP
surrogates offer significant computational gains, enabling utili-
ties to obtain uncertainty-aware decisions for improved BESS-
enabled system operations while avoiding reliance on high-
cost, high-fidelity solvers for BESS management in ADNs.

II. MODEL PREDICTIVE CONTROL FOR BESS
OPTIMIZATION

A. Centralized Multi-period Optimal Power Flow

A multi-period optimal power flow (MPOPF) formulation
for BESS dispatch is outlined in this section [14]. We model a
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single-phase radial distribution system network represented by
a directed graph G = {N , E}, where N and E denote the set of
all nodes and edges of the system. For each branch (i, j) ∈ E ,
P ij
t and Qij

t denote the active and reactive power flow, ℓijt is
the squared branch current magnitude, and υj

t is the squared
nodal voltage magnitude at node j. Nodal active and reactive
load demand are given by pjL,t and qjL,t (where j ∈ L ⊆ N ,
L is a set of all nodes with loads), while pjD,t represents the
active power injection from PV at node j (where j ∈ D ⊆ N ,
D is a set of all nodes with DERs), Bj

t is the battery SoC at
node j (where j ∈ B ⊆ N , B is a set of all nodes with BESS),
and the branch parameters rij and xij denote the resistance
and reactance of line (i, j) ∈ E . The MPC formulation of
MPOPF problem is given as follows, where t and T are the
current timestep and horizon length, respectively;

min
{P j

c,τ ,P
j
d,τ

}t+T
τ=t

t+T∑
τ=t

[
(Csub,τPsub,τ∆t)

+ α
∑
j∈B

{
(1− ηj

c)P
j
c,τ +

(
1

ηj
d

− 1

)
P j
d,τ

}]
(1)

s.t. P ij
τ =

∑
(j,k)∈E

P jk
τ + pjL,τ − pjD,τ − P j

d,τ + P j
c,τ (2)

Qij
τ =

∑
(j,k)∈E

Qjk
τ + qjL,τ (3)

(P ij
τ )2 + (Qij

τ )
2 = lijτ viτ (4)

vjτ = viτ − 2
(
rijP ij

τ + xijQij
τ

)
+
{
(rij)2 + (xij)2

}
lij (5)

(Vmin)
2 ≤ υj

τ ≤ (Vmax)
2 (6)

Psub,τ ≥ 0 (7)

Bj
τ = Bj

τ−1 +∆tηjcP
j
c,τ −∆t

(
1

ηjd

)
P j
d,τ (8)

P j
c,τ ≤ P j

B , P j
d,τ ≤ P j

B (9)

socminB
j
B ≤ Bj

τ ≤ socmaxB
j
B (10)

Bj
0 = Bj

T (11)

The MPOPF problem minimizes the energy-based cost
objective in (1) conditioned on the power system operational
and device-level constraints (2) - (11). This corresponds to
total measured substation power Psub and its cost profile
Csub, while minimizing BESS power loss with charging and
discharging efficiency ηjc = ηjd = 0.95, and α > 0 eliminates
simultaneous charging and discharging of the battery [14].
Constraints (2) and (3) enforce active and reactive power
balance at node j, and the apparent power flow rating of
the line is satisfied by (4). Constraint (5) represents the
branch KVL equation with voltage magnitude operational
limits (Vmin, Vmax) = (0.95, 1.05) p.u. in (6), and (7) pre-
vents backflow of real power into the substation. The BESS
energy dynamics are captured by (8), and charging P j

c,t and
discharging P j

d,t powers are limited by the converter rating
P j
B in (9). The permissible state-of-charge (SoC) range is

enforced through (10) by energy nameplate capacity Bj
B and

Table I
MPOPF MPC VALIDATION AGAINST OPENDSS

Parameters All-time Maximum Discrepancy
Active Substation Power 0.128979 KW

Reactive Substation Power 1.039869 kVAr
Line Loss 0.030051 kW

Voltage 6.4e-05 pu

allowable SoC limits (socmin, socmax) = (0.3, 0.95). Finally,
(11) requires the BESS to end with the same initial energy it
begins with every T = 24 hours.

In the context of the MPOPF problem, we define
xτ ,uτ ,wτ ∀j in the sets of B,L, and D as:

xMPC
τ :=

{
Bj

τ=t

}
, (12)

uτ :=
{
{P j

c }t+T
τ=t , {P j

d}
t+T
τ=t

}
, (13)

wτ :=
{
{pjL}

t+T
τ=t , {qjL}

t+T
τ=t , {pjD}t+T

τ=t , {Csub}t+T
τ=t

}
. (14)

The state vector xMPC
τ includes only the current battery

SoC Bj
t at time t (other models accept the state/observation

vector xτ :=
[
xMPC
τ ,wτ

]T
). The disturbance vector, wτ ,

consists of the predicted forecast profiles for system load
and PV output power {pjL, q

j
L, p

j
D}Tt=1, and the time-varying

substation power cost profile {Csub}Tt=1 for T = 24 hours. The
control vector uτ consists of the optimal battery charging P j

c

and discharging P j
d powers. Once the MPOPF is solved, only

the first-step control action uj
net,t for τ = t is implemented

(15), and the problem is re-solved at the next time step
t + 1 with updated measurements and forecasts, realizing a
receding-horizon control policy.

{uj
net}t+T

τ=t = {P j
d}

t+T
τ=t − {P j

c }t+T
τ=t , ∀j ∈ B (15)

To validate feasibility of the MPC-based control decisions,
the net BESS injections {uj

net}t+T
τ=t obtained from the MPOPF

formulation are simulated in OpenDSS [15], comparing power
flow (PF) solutions to the DSS nonlinear PF solver. Table I
quantifies the maximum observed discrepancies in substation
power, line losses, and voltage magnitudes, all of which
are negligible (MPC has almost no plant-model mismatch),
thereby confirming the physical realizability of the MPOPF-
based MPC control strategy. For details see [14].

III. GP SURROGATE MODELING FRAMEWORK

A. Multi-output Gaussian Process Regression

In this section, we describe the proposed surrogate modeling
framework for learning the MPOPF dispatch for BESS. Gaus-
sian Processes (GPs) are a Bayesian class of nonparametric re-
gression method(s) that assume a prior probability distribution
over the possible function space fi(x) conditioned on a data
set D = {X,y} of observed states X = {xi|i = 1...n} and
target outputs y = {yi|i = 1...n} [16]. The GP for a function
f(x) of random variables in the feasible space is defined by
a mean m(x) = E[f(x)] and covariance function, or kernel,
k(x,x′), where f(x) and f(x′) are jointly Gaussian, given
as k(x,x′) = E

[
(f(x)−m(x)), (f(x′)−m(x′))

]
. We utilize
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the squared exponential (RBF) kernel in (16) to capture input
nonlinearities, optimizing the hyperparameters l lengthscale
and signal variance σ2

s by taking the marginal log likelihood
given by Θ∗(σ2

s , l) = argmaxΘ log pr(y|X,Θ).

k(x,x′) = σ2
s exp

(−∥x− x′∥2

2l

)
(16)

When X is distorted with i.i.d noise, ϵ ∼ N (µ = 0, σ2
ϵ ),

the GP assumes a Gaussian distribution over D, and the
posterior distribution conditioned on a new test point x∗

is f̂(x∗)|X,y,x∗,Θ∗ ∼ N (f̂(x∗), cov(f∗(x∗))), where cov
describes the covariance of the test point x∗ and the prior
conditioned observations X = {xi|i = 1...n}.

The multi-output (MOGP) formulation extends the standard
GP to approximate f = {f1, ..., fN}T output processes si-
multaneously considering cross-correlations, defined by a zero
mean prior and multi-output covariance kMO(x,x

′) ∈ RNxN .

f(x) ∼ GP(0, kMO(x,x
′)) (17)

Given D = {X,y} for a MOGP, the posterior distribution
of f̂(x∗) = {f1(x∗), ..., fN (x∗)} at a new test vector x∗ can
be analytically derived across multiple outputs with a predicted
mean f̂(x∗) and variance Σ∗ with noise ΣI = Σ⊗ I ∈ RNxN

f̂(x∗) = K∗T
MO

[
K(X,X ′) + ΣI

]−1
y (18)

Σ∗ = k∗
MO(x

∗,x∗)−K∗T
MO [K(X,X) + ΣI ]

−1 K∗
MO (19)

where, K∗T
MO = KMO(X,x∗) ∈ RNNxNN is a positive semi-

definite matrix containing kernel vectors representing the joint
covariances between X and x∗.

B. Coregionalized MOGP Surrogate Modeling

We adopt the method of intrinsic coregionalization (ICM)
[17] to better model the correlations between optimal MPOPF
output dimensions y = {uτ}Tt=1. This requires a MOGP that
is symmetric (outputs treated equally) and separable ({X,y}
decoupled), given D is isotopic i.e. all N outputs y share
the same input space X in D={X,y}={xτ ,uτ}. This allows
for better transfer of information across regression outputs,
leading to more efficient learning of correlations between dif-
ferent power system parameters simultaneously. We consider
a separable kernel class in the form of KMO(x,x

′)d,d′ =
k(x,x′)B to model D = T = 24 output dimensions, where
B ∈ RDxD is the coregionalization matrix encoding weighted
dependencies W among each output, and the true covariance
function is obtained as the tensor product between the RBF
base covariance function k(x,x′) in (16) and B.

B⊗K =

 B11 ×K(x,x′)11 · · · B1D ×K(x,x′)1D
...

. . .
...

BD1 ×K(x,x′)D1 · · · BDD ×K(x,x′)DD


To validate the kernel’s positive semi-definitiveness, B takes

the form of
B = WWT + diag(κ) (20)

where W is the weight matrix of size [|y|, |y|] measuring out-
put correlations, and κ is the [|y|, 1] diagonal vector encoding
variance and designating output independence.

Representing the scalar kernel(s) k(x,x′) as {kq}Qq=1 and
a set of potential coregionalization matrices as {Bq}Qq=1 for
Q = ui

q(x) latent functions, we rewrite the model as

KMO(X,X) =

Q∑
q=1

Bq ⊗ kq(X,X) (21)

where the functions ui
q(x) for q = 1, ..., Q and i = 1, ..., Q

have a zero mean and covariance kq(x,x
′) for i = i′ and

q = q′ indicating functions ui
q(x) share the same covari-

ance, yet remain an independent output dimension from the
modeling perspective, thus forming a linear combination of
random functions. With ICM, we advantageously set Q = 1
to reduce computational complexity of optimizing Θ∗ for each
dimension in combination with learning the B matrices.

To improve performance, scalability, and lower compu-
tational requirements of the CMOGP, we consider a finite
subset of M inducing training points Z = {zm}Mm=1 ∈ D.
These points define a set of inducing variables uind over D,
generated by sampling from a uniform distribution of BESS
SoC states Bj

t ∼ Unif(0, 1) with noisy hourly forecast profiles
{pjL, q

j
L, p

j
D}Tt=1 to simulate chaotic, heterogenous input state

vectors to which the MPC must respond with an optimal
solution. The inducing variables uind define the values of the
Q latent functions at the inducing inputs M as uind = Q(Z) ∈
RMxM , and the joint-distribution over the inducing variables
is also Gaussian y(uind) = N (uind|0,Kmm), where Kmm

is the MM ×MM covariance matrix evaluated at all pairs of
inducing points, expressed in the ICM case by

Kmm(X,X) =

Q∑
q=1

Bq ⊗K(Z,Z) (22)

The objective is to factorize the posterior distribution of the
function values conditioned on the inducing points, leading
to a sparse, efficient CMOGP model that can learn critical
correlations between the MPOPF optimal solutions with min-
imal observed dispatch trajectories. This strategy reduces the
size of the base RBF kernel to mxm and captures a uniform
distribution of operational conditions, leading to a robust and
computationally inexpensive surrogate, defined in (23).

f(xopt) ∼ GP(0,Kmm(X,X′)) (23)

IV. DSS SIMULATION & EVALUATION CASE STUDY

A. Distribution System Simulation Environment

To perform data acquisition and comparatively evaluate the
CMOGP model in a realistic distribution feeder, we utilize
OpenDSS to construct the modified 123-bus test system con-
taining multiple DERs. The system includes 17 single-phase
solar PV systems rated at 2.8−5.6 kVA and a single large 70
kW-280 kWh rated BESS at node 50 to offset the largest 70
kW system load. A realistic commercial loadshape profile with
variable noise multiplier is applied to all loads to replicate fluc-
tuating load dynamics, which feeds a load-based cost profile
representing demand cost from the substation. Realistic solar
irradiance and power output profiles from [18] are applied
to each PV system. We consider a realistic quasi-static time
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Figure 1. CMOGP 24-Hour MPOPF Solution Weight Correlation

Figure 2. 24-Hour MPOPF Prediction with Coregional Confidence

series (QSTS) operational case study using an hourly time
step t, where the DSO obtains system measurements with
forecast predictions X and solves the 24-hour MPOPF using
the validated Pyomo MPC to dispatch the updated optimal
real power setpoint {uj

net}t+T
τ=t for τ = t to BESS. The system

states update, and the simulation evolves to the next time
step, repeating for N steps until the horizon is reached. All
simulations are computed on a machine with Intel core i9-
10900X CPU @ 3.70 GHz and 32 GB RAM.

B. Surrogate Model Evaluation & Discussion

To train the CMOGP, we set M = 1000 over a yearly
dataset D to generate an inducing set of MPOPF trajectories
Z containing state vectors X with the corresponding optimal
solutions y = {uj

net}Tt=1 generated by the MPC for T = 24
hours. The trained surrogate model optimizes the base RBF
hyperparameters Θ∗(σ2

s , l) over Z and learns the output matrix
B from (20). Figure 1 shows the learned optimal solution
weights WT

t=1, notably exhibiting a higher correlation strength
on the first (next-hour) output 1.53, followed by the second
0.59, with less significance on the remaining 22 solution
dimensions. This data provides unique insight into the model’s
learning of the MPOPF solution accuracy based primarily on
the first control action to be dispatched (similar to an MPC),
considering its performance impact on the other solutions.

Figure 3. CMOGP MPOPF Solution Approximation Error: x1000 Cases

Figure 4. 5-Day Consecutive Hourly MPOPF Simulation

To evaluate the CMOGP, we first sample 1000 unseen test
trajectories from D. Figure 2 shows the complete 24-hour
surrogate MPOPF prediction (orange) given a single test vector
x∗ compared with the optimal solution (blue). A main benefit
of the CMOGP naturally yields a prediction-based confidence
across each output dimension using the margin of error (MoE)
MoE = zval

σ2
std√
M

, where zval = 1.96 is the 95% confidence
interval, and σ2

std is the population std deviation. The MoE
(red) provides a posterior region of solution uncertainty based
on the entire test set distribution, but without considering
output correlation. Due to the model kernel decoupling, the
CMOGP advantageously provides a more accurate MPOPF
confidence metric using the κ vector from B with the base
kernel covariance, defined as the coregional confidence (CC),
computed as CC = σ2

s ⊗ κ. The CC (green) provides a
definitive measurement of uncertainty quantification w.r.t. each
output solution dimension inside the MoE, where a tighter
bound around the solution point (1 & 2) signifies a smaller
variance with higher proportional weighted output confidence,
compared to a wider bound. Figure 3 shows the computed
mean absolute error (MAE) for all 1000 test vectors by
solution dimension, indicating a slightly larger error predicting
the first and last solutions of the MPOPF.

Finally, we evaluate the CMOGP in TWO realistic closed-
loop QSTS 5-day hourly simulations, comparing performance
of the CMOGP (orange) with the validated MPC (blue). In
the first simulation, the updated x∗ is given to the solver and
CMOGP, allowing each to produce a solution to the MPOPF
for comparison, and the first optimal action(s) are applied to
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Disturbances

Figure 5. 5-Day Independent Soc % Hourly MPOPF Simulation
Table II

IEEE-123-BUS SYSTEM: FIVE-DAY QSTS TESTING PERIOD

MPOPF Optimal Solution Error
Solver MAE Min Error Max Error

CMOGP 0.00484 0.00011 0.0176

MPOPF Computational Speed [sec]
Solver Avg Solve Time Min Solve Time Max Solve Time
MPC 6.958 3.973 231.986

CMOGP 0.0244 0.016 0.044

the BESS, moving the simulation forward one hour (see Figure
4). In the second simulation, the CMOGP acts independently
of the MPC, receiving a different x∗, dispatching the next-
hour near-optimal action, and moving forward to let the BESS
evolve according to its previous state to monitor the SoC (see
Figure 5. At hours, 30, 60, and 90, the BESS SoC is purposely
disturbed (lowered) to demonstrate recoverability, constraint
satisfaction, and potential computational advantages.

Figure 4 compares the optimal solutions by both models,
again proving the CMOGP can produce near-optimal solu-
tions in an evolving operational scenario. Table II shows
the approximate solution MAE for the CMOGP is 0.00484
with a maximum error of 0.0176. In Figure 5, the surrogate
manages the battery SoC in an acceptable manner, only briefly
violating the lower bound of (10) during the disturbance,
exactly as the MPC does, and immediately recovering. In
fact, the CMOGP better handles constraint (11), regularly
returning the SoC to its initial SoC every 24 hours. Further, the
SoC disturbances create two problematic cases of infeasibility
and max iterations for the MPC, causing a spike in solver
runtime, as seen in Table II, unlike the surrogate, which incurs
little computational cost. While the Pyomo solver maintains
an average MPOFP solve time of 6.958 sec, the CMOGP
approximates the MPOPF at an average time of 0.0244 sec
with minimal error, a 99.6% computational improvement.

V. CONCLUSION

In conclusion, this work has demonstrated the computational
and performance-based benefits of developing a learning-based
GP surrogate model to provide ADN operators with a fast, reli-

able MPOPF approximator for BESS asset management. When
compared to a validated MPC, the CMOGP proved to dispatch
near-optimal BESS setpoints in a realistic QSTS operational
scenario with minimal error, while mitigating disturbances and
maintaining constraint satisfaction. The model also provides
confidence-based decisions for improved planning under un-
certainty, while offering a significant computational speedup.
Regarding future work direction, we aim to focus on grid
impact using a larger DER penetration to assess scalability
with more complex MPOPF scenarios, extending the surrogate
framework in combination with deep reinforcement learning
for more robust and safety-critical control design.
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