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ABSTRACT: With the growing integration of renewable energy sources (RESs) and smart interconnected devices,
conventional distribution networks have turned to active distribution networks (ADNs) with complex system model
and power flow dynamics. The rapid fluctuation of RES power may easily result in frequent voltage violation issues.
Taking the flexible RES reactive power as control variables, this paper proposes a two-layer control scheme with
Koopman wide neural network (WNN) based model predictive control (MPC) method for optimal voltage regulation
and network loss reduction. Based on Koopman operator theory, a data-driven WNN method is presented to fit a
high-dimensional linear model of power flow. With the model, voltage and network loss sensitivities are computed
analytically, and utilized for ADN partition and control model formulation. In the lower level, a dual-mode adaptive
switching MPC strategy is put forward for optimal voltage control and network loss optimization in each individual
partition to decide the RES reactive power. The upper level is to calculate the adjustment coefficients of the RES reactive
power given in the low level by taking the coupling effects of different partitions into account, and then the final reactive
power dispatches of RESs are obtained to realize optimal control of voltage and network loss. Simulation results on two
ADNs demonstrate that the proposed strategy can reliably maintain the voltage at each node within the secure range,
reduce network power losses, and enhance the overall system security and economic efficiency.

KEYWORDS: Active distribution network; voltage violations; Koopman operator; voltage regulation; network loss
optimization; hierarchical; model predictive control

1 Introduction
In recent years, active distribution networks (ADNs) incorporating high penetration of distributed

renewable energy sources (RESs) such as photovoltaic (PV) and wind generators consume more green energy
and reduce carbon emissions [1,2]. Moreover, the integration of RESs improves power supply reliability
through network reconfiguration capabilities [3]. However, the rapid fluctuation and uncertainty of RESs
may easily cause voltage violation issues with over-voltage and under-voltage phenomenon. The increasing
integration of distributed resources further transforms distribution networks into non-radial complex
structures, which exacerbates the challenges of voltage regulation [4].

Conventional voltage/Var control (VVC) primarily utilizes capacitor banks (CBs) and on-load tap
changers (OLTCs) for voltage regulation and power loss mitigation in distribution networks [5]. However,
due to the slow speed and discrete property of these devices, they cannot be used to effectively mitigate
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frequent voltage violations induced by rapid RES fluctuations. To respond to the problems, inverter-based
RESs as flexible and fast reactive power support devices have become a promising reactive power resource
for VVC. The IEEE 1547.8 standard and a report from the National Renewable Energy Laboratory (NREL)
indicate that inverter-based RESs can effectively participate in VVC to improve power quality and save
energy [6,7]. In this paper, we focus on RESs’ reactive power regulation for optimal voltage violation
regulation and network loss reduction.

Currently, VVC is commonly implemented using centralized, decentralized, and distributed control
structures. Centralized control usually utilizes optimal power flow (OPF) as the model fundamental to
achieve a globally optimal control effect by coordinating reactive power devices [8]. Ref. [9] proposes a cen-
tralized, continuous-time dynamic optimization model based on sensitivity theory to regulate distribution
network voltages through PV-inverter reactive power control, where its objective is to minimize the voltage
deviation from a reference value. In [10], a robust constrained MPC centralized model is constructed to
decide the reference reactive power for each Q(V) controller for online voltage control in ADN. Ref. [11]
proposes a time decomposition-based dual-stage model predictive control (MPC) with a reduced model
for voltage control and energy loss minimization in ADN. However, centralized control is associated
with complex global models and requires massive communication links, which is less effective in online
voltage control. In decentralized control, each voltage regulation device makes decisions only based on local
measurements, exhibiting characteristics of rapid response and low communication cost. Ref. [12] proposes a
reinforcement learning-based decentralized voltage control method that enables cooperative reactive power
control among PV inverters without requiring communication between them. Ref. [13] proposes a two-stage
local voltage regulation strategy for each region under the partitioning of ADNs. However, decentralized
control is easily leading to poor voltage control effectiveness due to a lack of coordination. Distributed
control typically adopts a control framework of “grid partitioning and interval communication”, enabling
interval-coordinated distributed control based on distributed algorithms. Refs. [14,15] employ an alternating
direction method of multipliers (ADMM) to solve the control model within each partition iteratively,
achieving distributed voltage control. Ref. [16] proposes a distributed voltage control model, integrating
MPC for intra-zone regulation and ADMM for inter-zone coordination. Ref. [17] employs a modified multi-
layered recursive least squares technique to partition the network into locally identified regions and realizes
the control via a consensus-based fast alternating direction method of multipliers (FADMM). However,
distributed control implemented through iterative methods face challenges in large-scale multi-regional
power systems. The complexity of interval iteration relationships, the difficulty in accurately constructing
the iteration model, and the poor convergence hamper its applicability.

To leverage the complementary attributes of centralized computing (high accuracy, slow response)
and decentralized computing (fast response, reduced effectiveness), hybrid control frameworks integrating
both paradigms have gained traction. Ref. [18] constructs a two-stage hybrid VVC structure for day-ahead
centralized OPF optimization and intraday decentralized fast voltage control. Ref. [19] proposes a hybrid
central-local control strategy that uses a centrally computed global strategy to set local DG control curves
and further tunes their parameters via distributionally robust optimization (DRO) for enhanced robustness.
In [20], inverters are used as control resources to establish a hybrid control model for centralized network
loss optimization and local voltage control. Ref. [21] develops a two-layer voltage control scheme considering
battery degradation, where a central controller implements multi-stage distributionally robust optimization
while local PV inverters regulate reactive power to mitigate fluctuations. The strategic integration of
traditional control structures into hybrid frameworks demonstrates adaptability to operating conditions,
leveraging their combined advantages and showing significant development potential.
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In the above-mentioned literature, voltage control methods driven by power system models typically
require to consider power flow constraints. The nonlinearity of power flow poses significant difficulties
in solving the control models. To address this issue, Ref. [22] employs intelligent iterative algorithms to
solve the nonlinear models. In [23], a new π-type network simplification method is proposed. Then the
local rolling optimization model for energy storage system is established based on simplified network.
Ref. [24] proposes a control approach leveraging system sensitivity information to construct linearized
models, offering high accuracy, ease of solution, and strong applicability. However, traditional sensitivity
methods, consisting of Jacobian inversion and perturbation techniques, require precise ADN parameters,
limiting practical applicability.

In recent years, data-driven control strategies that do not rely on physical system model and model
parameters, deriving control laws from data, exhibit advantages such as adaptability and feasibility. Ref. [25]
leverages data to derive an estimation of a sensitivity matrix which is integrated into the transmission
network voltage control scheme optimizing the reactive power exchange with ADNs. Refs. [26,27] employ
reinforcement learning (RL) approach to obtain the optimal VVC policy. Ref. [28] integrates power grid
physics into multi-agent deep reinforcement learning for voltage control, utilizing graph neural networks and
transformers to achieve topology-aware coordinated control while enhancing training stability. However,
these control models face challenges during the training process due to difficulties in reward setting, long
training times, and poor convergence, leading to poor performance in applications.

Notably, recent control models based on data-driven Koopman operator theory [29], as a novel
control approach, have found relevant applications in the power system due to the advantages of Koopman
method in addressing nonlinear high-dimensional problems. The applications of Koopman method in
power systems include scalable transient stability assessment [30], load frequency control [31], and power
flow regression [32]. Nevertheless, no existing studies have applied Koopman-based methods to voltage
optimization control of ADNs.

In summary, this paper focuses on optimal voltage control in ADNs with a non-radial topology. Driven
by heightened operational reliability requirements, non-radial distribution networks are witnessing growing
adoption. This paper proposes a two-layer control scheme with Koopman wide neural network (WNN) based
MPC method. A system sensitivity model is constructed by integrating Koopman operator theory and WNN.
By utilizing the sensitivity, a linear-constrained MPC based voltage control model is proposed for optimal
voltage regulation and network loss optimization. The innovations in this paper primarily manifest as follows:

(1) Construct a lower-level and upper-level framework for non-radial ADN control by using Koopman
based MPC method. The lower-level control aims to implement MPC for regional subnetworks
following online distribution network partitioning, and the upper-level control achieves efficient
coordination among partitioned subnetworks.

(2) Propose an adaptive switching control strategy for optimal voltage regulation and power loss opti-
mization. Each regional control system dynamically switches control models based on local voltage
operating state, achieving a balance between voltage security and economic operational requirements
while avoiding the complexity of multi-objective optimization.

(3) Introduce a Koopman-WNN system sensitivity analysis model that integrates the linearization capa-
bility of Koopman operator theory with the high-dimensional mapping of WNN. This model enables
data-driven linear regression and sensitivity analysis for power flow and network loss equations,
while addressing issues such as empirical lifting function selection in Koopman operators and limited
interpretability in WNN.
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The remainder of this paper is organized as follows. Section 2 briefly describes the voltage control
framework. Section 3 introduces the sensitivity analysis method by Koopman-WNN. Section 4 introduces
a two-tier MPC voltage control model with adaptive mode switching under network partitioning. Section 5
presents the control performance by simulations on the modified IEEE 33-bus system and the Caracas ADN
test system. Finally, Section 6 draws the conclusions.

2 Voltage Control Framework
This paper proposes a two-layer control framework with Koopman-WNN based MPC method. A data-

driven Koopman-WNN method is presented to construct a sensitivity analysis model, providing support for
building a voltage control model for ADN with non-radiative topology. And through a hierarchical control
algorithm, it achieves a strongly coupled system partitioned coordination control with online partitioning
and dual-mode MPC autonomy at the lower level, while the upper-level system coordinates each zone. The
structure of the proposed control framework is shown in Fig. 1.
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Figure 1: Proposed hierarchical optimization control framework

In Fig. 1, the voltage control system is divided into the state monitoring layer (the lower level) and the
control decision layer (the upper level). The state monitoring layer uses the Koopman-WNN linearized model
and the current system state for online voltage sensitivity analysis, dynamically partitioning the ADN based
on the sensitivity. Within each partitioned region, the MPC-based control objective is adaptively switched
between voltage correction mode and network loss optimization mode according to voltage state. By online
solving the MPC control model supported by the regional sensitivity coefficients, reactive power control
quantities for each region are obtained and uploaded to the control decision layer. The control decision
layer utilizes the Koopman-WNN linearized model-supported system sensitivity coefficients to construct
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a coordination control model accounting for interval coupling effects. By solving this model, coefficients
are assigned to the reactive power control quantities uploaded from each region and dispatched to the state
monitoring layer. Finally, the control systems in each region at this layer use the assigned coefficients and
reactive power control quantities for control, achieving the stable operation of ADN voltages.

3 Koopman-Based Sensitivity Calculation
With the integration of distributed generation (DG), the distribution network has evolved from its

original single-source radial structure into a multi-source interconnected non-radial network through the
deployment of tie-switches. The power flow has shifted from unidirectional to bidirectional, rendering
the current voltage sensitivity analysis method based on the Distflow model no longer applicable. In
this section, a data-driven Koopman-WNN linearized model is constructed through an analysis of the
linearization mechanism of the power flow equations. Subsequently, this model is utilized to analyze the
system’s sensitivity, providing a foundational basis for subsequent power grid optimization and control.

3.1 Data-Drive Koopman-WNN Linear Power Flow Model
The power flow model is formulated based on Kirchhoff ’s law as nodal power equations, which expresses

the relationship between nodal power and voltages, as shown in Eq. (1).

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

Pi =
N
∑
k=1

UiUk (Gi k cos θi k + Bi k sin θi k)

Qi =
N
∑
k=1

UiUk (Gi k sin θi k − Bi k cos θi k)
(1)

where Pi and Qi are the active and reactive power injections at node i, respectively; Gik and Bik are respectively
the real and imaginary parts at the (i, k) position of the admittance matrix; Ui and Uk are the voltages at nodes
i and k; θik is the phase angle difference between nodes i and k; N is the number of nodes in the network.
The nonlinearity of this equation makes it challenging to solve voltage optimization control models that
consider flow constraints. To address this issue, this paper proposes a high-dimensional linearized power
flow equation based on the classical Koopman operator theory, as shown in Eq. (2).

{ Pi (X) = κPi (ΨPi (X))
Qi (X) = κQi (ΨQi (X)) (2)

where κPi and κQi denote the high-dimensional Koopman linear operators of the active and reactive power
equations; ψPi and ψQi represent the lifting functions for the active and reactive power state variables.

Subsequently, considering the high dimensionality of a single hidden layer in a WNN and its linear
relationship with the output layer can effective response to Koopman theory, an interpretable WNN
incorporating Koopman mechanism was constructed, as shown in Fig. 2.

In this WNN, the Koopman linearized power flow equations are illustrated as Eqs. (3)–(5):

Ẏ = κ (Ψ (Ẋ)) (3)
Ẋ = (X + bvθ) avθ − 1 (4)
Ẏ = (Y + bpq) apq − 1 (5)

where κ is the Koopman operators of the equation. Y = (P, Q) is the power matrix of the system; Ẋ ∈ [−1, 1]
and Ẏ are the normalized linearly mapped data of X and Y , respectively; avθ , apq, bvθ , and bpq are coefficient
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vectors of the normalization functions, obtained through the Mapminmax algorithm based on the power
flow dataset.

Figure 2: Koopman-WNN framework

In Fig. 2, the input layer of the WNN is the low-dimensional state space of Koopman. The hidden layer
is the high-dimensional state space of Koopman. The output layer is the linear output space of Koopman. The
weighted activation function between the input layer and the hidden layer is the Koopman lifting function,
as illustrated in Eq. (6).

x̃ = Ψ (Ẋ) = tanh (ωẊ) = eωẊ − e−ωẊ

eωẊ + e−ωẊ
(6)

where x̃ represents the state variable vector in the high-dimensional space; ω is the weight coefficient matrix
between the low-dimensional state variable Ẋ and the high-dimensional state variable x̃; The tanh function
is the neuron activation function. The number of units in the WNN’s hidden layer, n, corresponds to the
Koopman dimensionality. The weight matrix between the hidden layer and output layer of the WNN is the
Koopman linear operator, as shown in Eq. (7).

κ (Ψ (Ẋ)) = ωout put x̃ (7)

where ωoutput is the weight matrix. Finally, based on the system-normalized historical power flow data, we
construct the Koopman-WNN training dataset. Then we utilize gradient descent to update the network
parameters and iteratively train to obtain the lifting function and Koopman linear operator.

3.2 Sensitivity Analysis
In the previous section, leveraging the high-order Taylor expansion linearization of power flow

equations as the theoretical foundation, a data-driven Koopman-WNN nonlinear equation linearization
model was constructed. In this section, we construct a sensitivity analysis model for the system based on the
linearization model.



Energy Eng. 2026;123(4):4 7

3.2.1 Voltage Sensitivity Analysis
For voltage sensitivity analysis, the conventional approach involves inversing the Jacobian matrix of the

power flow equation. Essentially, the inverse matrix represents the first-order partial derivative matrix of the
nonlinear equation U(P, Q), as illustrated in Eqs. (8) and (9):

U = f (P, Q) (8)
⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

SU−P = ∂U
∂P

SU−Q = ∂U
∂Q

(9)

where U denotes the voltage matrix; P and Q represent the active and reactive power matrices; SU-P and SU-Q
are the voltage sensitivity matrices of active and reactive power.

In this study, the Koopman-WNN model is employed to linearize the nonlinear equations U(P, Q).
Subsequently, we perform a first-order partial derivative analysis to derive the voltage sensitivity, as illustrated
below:

U̇ = κu (Ψu (Ṗ,Q̇)) (10)

SU−PQ = ∂U
∂ (P, Q) = ( SU−P

SU−Q
) (11)

where U̇ and (Ṗ, Q̇) are the normalized linearly mapped data of U and (P, Q), respectively; κu and ψu are
the Koopman operator and the lifting function of the linear equations U(P, Q); SU-PQ represents the voltage
sensitivity matrix, and its elements can be solved using the following equation:

SU−PQ. i , j =
∂Ui

∂ (P, Q) j
= κu. i+ m

2
(apq. jωu. j (1 − Ψu ⊙ Ψu

T)) avθ. i+ m
2

(12)

where m is the number of the sate variables in the linear equations; i ∈ [1, m/2] and j ∈ [1, m] are the index
number of the voltage sensitivity matrix; apq.j is the ith value of vector apq; avθ .j+m/2 is the (i + m/2)th value
of vector avθ ; ωu.j is the diagonal matrix composed of the j-th column vector of the weight coefficient matrix
ωu in the voltage linear equation lifting function Ψu, as shown below:

ωu. j =
⎛
⎜
⎝

ωu.1 j
⋱

ωu.n j

⎞
⎟
⎠

n×n

(13)

κu.i+m/2 is the (i + m/2)-th row vector of the Koopman operator κu in the voltage linear equation, as
shown below:

κu. i+ m
2
= ( ωu−output. i+ m

2 ,1 ⋅ ⋅ ⋅ ωu−output. i+ m
2 ,n )1×n (14)

where ωu-output.i+m/2,n, is the nth element of the (i + m/2)-th row in the output layer weight coefficient matrix
of the voltage equation linearized Koopman-WNN model. Define Ψu⊙Ψu

T as the element-wise product of
vector Ψu, as shown below:

Ψu ⊙ Ψu
T = ( Ψu,1

2 ⋅ ⋅ ⋅ Ψu,n
2 )1×n

T (15)
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Through data-driven offline training of the model parameters, real-time analysis of the system’s voltage
sensitivity can be achieved with online input of state variables.

3.2.2 Network Loss Sensitivity Analysis
To address network loss sensitivity analysis, the data-driven Koopman-WNN model is utilized to derive

the linear expression of the Ploss(P, Q) equation. The first-order partial derivatives are computed to obtain
the sensitivity coefficients, as illustrated in the following equation:

⎧⎪⎪⎨⎪⎪⎩

ṖLoss = (PLoss + bLoss) aLoss − 1

ṖLoss = κLoss (ΨLoss (Ṗ,Q̇))
(16)

SLoss−PQ = ∂PLoss

∂ (P, Q) =
⎛
⎜
⎝

∂PLoss
∂P

∂PLoss
∂Q

⎞
⎟
⎠

(17)

where ṖLoss is the normalized linearly mapped data of network loss PLoss; aLoss and bLoss are coefficient of
the normalization functions; κLoss and ψLoss are the Koopman operator and the lifting function; SLoss-PQ is
the network loss sensitivity matrix, composed of the PLoss-P sensitivity matrix ∂PLoss/∂P and the PLoss-Q
sensitivity matrix ∂PLoss/∂Q. Each element can be calculated using the following equation:

SLoss−PQ. j =
∂PLoss

∂ (P, Q) j
= κLoss. j (apq. jωLoss. j (1 − ΨLoss ⊙ ΨLoss

T)) aLoss (18)

where κLoss.j is the jth value of the Koopman operator κLoss; ωLoss.j is the diagonal matrix composed of the
j-th column vector of the weight coefficient matrix ωLoss.j in the network loss linear equation lifting function
ΨLoss, as shown below:

ωLoss. j =
⎛
⎜
⎝

ωLoss.1 j
⋱

ωLoss.n j

⎞
⎟
⎠

n×n

(19)

Through data-driven offline training of the model parameters, real-time analysis of the network loss
sensitivity can be achieved with online input of state variables.

3.2.3 Dynamic Partitioning Based on Voltage Sensitivity
This section introduces a dynamic reactive power partitioning method for ADN, which adapts the

partitioning configuration in real-time according to the dynamic changes in power flow state. The renewable
energy inverters serve as the primary reactive power control resources due to their fast reactive power
response capability, so they are selected as the leading nodes for partitioning. Non-leading nodes in the grid
are clustered based on real-time reactive voltage sensitivity to each leading node, as expressed in Eq. (20).

PARTi = Γ [max(∣∂Ui

∂Q1
∣ , ∣ ∂Ui

∂Q2
∣ , . . . , ∣ ∂Ui

∂Qα
∣) , ∣∂Ui

∂Q
∣] (20)

where PARTi denotes the partition number of node i; Define function Γ[a, A] as retrieving the position
index of element ‘a’ within vector A; α represents the number of partitions in the network and is also the
leading node identifier; ∣∂Ui/∂Qα ∣ is the absolute value of the sensitivity coefficient between node i voltage
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and the leading node α reactive power. ∣∂Ui/∂Q∣ is the vector of absolute sensitivity coefficients between
node i voltage and the various leading nodes reactive powers.

4 Voltage Hierarchical Control Model
In the context of distributed renewable energy integration, the voltage at each node in the distribution

system exhibits pronounced fluctuations corresponding to the variability in renewable energy output,
resulting in frequent bidirectional voltage violations. Time-domain MPC algorithms, which consider the
future operational states of the system and incorporate rolling-domain feedback corrections, are capable
of effectively addressing the uncertainties in system operation, offering enhanced control robustness and
reliability. In this section, with a focus on the hierarchical structure of active distribution control systems,
we leverage the data-driven Koopman-WNN sensitivity analysis model to construct a partitioned MPC
autonomous control model for the state monitoring layer and an interval cooperative control model for the
control decision layer.

4.1 The MPC Control Model at the State Monitoring Layer
4.1.1 Adaptive Switching of Regional Control Objectives

The regional control mode autonomously switches between voltage correction and network loss
optimization based on local voltage monitoring information. When monitored bus voltages all remain within
the secure operating range, network loss optimization control is performed. Otherwise, voltage correction
control is executed. The switching mode is as follows:

JL
r = {JLoss , U ≤ U r ≤ U

Jv, others (21)

where JL
r is the control objective function of region r at the state monitoring layer; JLoss is the network loss

optimization function; Jv is the voltage correction function; Ur is the vector of voltage values for various
nodes within the region; U and U present the upper and lower limits of node voltage.

4.1.2 Regional Voltage Correction Control Function
When performing voltage correction control, a time-oriented control objective is established, which

combines voltage deviations and control costs as expressed in Eqs. (22) and (23).

Jv =
Nc

∑
k=1

(Cv1 ∥U r (k) − U ref∥2
2 + Cv2 ∣ΔQr (k)∣2) (22)

U r (k) = U r (k − 1) + ∂U r

∂Qr
ΔQr (k − 1) + ∂U r

∂Pr
ΔPr (k) (23)

where Cv1 > 0, Cv2 > 0 are the weighting coefficients for voltage deviation and control cost; k = 1, . . ., Nc is
the predictive control time domain; Ur(k) is the vector of regional voltage value at time step k; Uref is the
reference (desired) value; ΔQr(k) is the reactive power control quantity of new energy inverters within the
region; ΔPr(k) is the predicted fluctuation in active power output of new energy at time step k; ∂Ur/∂Qr
and ∂Ur/∂Pr are sensitivity vectors between voltage values at various nodes within region and reactive and
reactive power from new energy.
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4.1.3 Regional Network Loss Optimization Control Function
When performing network loss optimization control, a time-oriented control objective is established,

which combines network loss and control costs, as shown in Eqs. (24) and (25).

JLoss =
Nc

∑
k=1

(CL1 (PLoss (k))2 + CL2 ∣ΔQr (k)∣2) (24)

PLoss (k) = PLoss (k − 1) + ∂PLoss

∂Qr
ΔQr (k − 1) + ∂PLoss

∂Pr
ΔPr (k) (25)

where CL1 > 0, CL2 > 0 are the weighting coefficients for network loss and control cost; PLoss(k) represents
the network loss at time step k; ∂PLoss/∂Qr and ∂PLoss/∂Pr denote the PLoss-Qr sensitivity coefficients and the
PLoss-Pr sensitivity coefficients, respectively.

4.1.4 Constraints
Solving the above objective functions requires satisfying the operational constraints of the new energy

sources and voltage safety constraints, as shown in Eq. (26).

{ U ≤ U r (k) ≤ U
Qr (k) ≤ Qr (k) ≤ Qr (k) k ∈ [1, Nc] (26)

where Qr(k) is the reactive power of new energy unit at time step k; Qr and Qr are the upper and lower limits
of new energy source at time step k, as illustrated in Eq. (27).

⎧⎪⎪⎪⎨⎪⎪⎪⎩

Qr = −
√

Sr2 − Pr (k)2

Qr =
√

Sr2 − Pr (k)2
(27)

where Pr(k) is the active power of the new energy source at time step k; Sr is the rate capacity of the new
energy source.

4.2 Interval Collaborative Control Model at the Control Decision Layer
Due to the regional control system of the state monitoring layer relying solely on local information

for decision-making and control, without considering inter-zone coupling effects, the overall coordination
performance is insufficient, posing challenges to ensuring effective control. Therefore, this section presents
a control decision model designed to minimize both network loss and control performance deviation.

4.2.1 The Coordinated Economic Control Objective Function
In each region, the leading nodes serve as reactive support nodes and nodes implementing coupling

effects within the region. Considering the coupling effects between regions, the voltage operational state
reflects the overall voltage operation level of the dominated region. Therefore, the objective function of the
control model at this layer consists of two parts: system power loss and the deviation in the control effect of
dominant node voltage, as illustrated in Eqs. (28) and (29).

JH = CH
1 (PLoss)2 + CH

2 ∥diag (SV)ΔQ − SV (ζΔQ)∥2
2 (28)

PLoss = SLoss (ζΔQ) (29)
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where CH
1 > 0 CH

2 > 0 are the weighting coefficients for network loss and control performance deviation; ΔQ
= [ΔQ1, . . ., ΔQα]T is the column vector of reactive control quantities uploaded from the state monitoring
layer for each region; SLoss = [∂PLoss/∂Q1, . . ., ∂PLoss/∂Qα] is the sensitivity matrix between network loss
and reactive power. SV is the sensitivity matrix between the system’s leading nodes voltages and the reactive
control quantities for each region, as shown in Eq. (30).

SV =

⎛
⎜⎜⎜⎜⎜⎜⎜
⎝

∂ULN.1
∂Q1

∂ULN.1
∂Q2

⋅ ⋅ ⋅ ∂ULN.1
∂Qα

∂ULN.2
∂Q1

∂ULN.2
∂Q2

⋅ ⋅ ⋅ ∂ULN.2
∂Qα

⋮ ⋮ ⋱ ⋮
∂ULN.α

∂Q1

∂ULN.α
∂Q2

⋅ ⋅ ⋅ ∂ULN.α
∂Qα

⎞
⎟⎟⎟⎟⎟⎟⎟
⎠

α×α

(30)

where ∂ULN.α/∂Qα represents the sensitivity coefficient between the voltage of the α leading node and the
reactive power control quantity of the α leading node. ζ is a diagonal matrix composed of the execution
coefficients for reactive power in various regions as shown in Eq. (31).

ζ =

⎛
⎜⎜⎜⎜
⎝

ζ1
ζ2

⋱
ζα

⎞
⎟⎟⎟⎟
⎠

α×α

(31)

4.2.2 Constraints
The model solution must satisfy the following constraints:

{ U ≤ U ≤ U
Q ≤ Q ≤ Q (32)

U = SV (ζΔQ) (33)
Q = Qnow + ζΔQ (34)

where U is the voltages in the system after the control devices execute reactive power control based on
execution coefficients; Q is the reactive power of control devices; Qnow is the reactive power of control devices
at the current time.

By solving this model and assigning execution coefficients to reactive power control quantities uploaded
from each region, the interaction among dominant nodes in different regions is balanced, achieving the
minimum final control effect deviation and optimal system power loss.

5 Case Study
In this study, we validate the applicability of the proposed data-driven Koopman-WNN sensitivity

analysis model and the effectiveness of the “physical partitioning and algorithmic hierarchy” dual-mode
MPC collaborative optimization control strategy supported by system sensitivity through simulations on the
modified IEEE 33-bus system and the modified ADN in the Caracas Metropolitan Area [33]. The simulations
were conducted on MATLAB R2022a platform, employing the toolbox YALMIP R2020 for modeling, and
utilizing the commercial solver Cplex 12.10.0 for solving.
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5.1 IEEE 33-Bus System
5.1.1 Construction of the System and Operating Scenarios

The modified IEEE 33-bus system as illustrated in Fig. 3. As shown, the system features a non-radial
network structure with all tie-lines in service. The bus set {1, 2, . . ., 33} is the original system load bus, with
bus 7, 16, and 21 connected to wind generator units, and bus 24 and 30 connected to photovoltaic units. Tie-
lines are installed between the following bus sets {9, 15}, {8, 21}, {12, 22}, {25, 29}, and {18, 33}, and all
of these tie-lines are energized, maintaining a meshed operational topology. The power fluctuations of the
intraday photovoltaic, wind and system load are set referencing the data for 07 March 2023, in the Belgium
region [34–36]. The secure voltage range for each bus in ADN is [0.95, 1.05] p.u., with a reference voltage
set at 1.0 p.u. The parameters of renewable energy devices in the system are shown in Table 1. The MPC in
this paper is focused on real-time voltage control within a control interval of 5 min and a predictive control
horizon of 15 min. Regarding the weight coefficient settings in the MPC control objective function, to ensure
effective control of voltage correction and network loss optimization, the weight coefficients for the voltage
deviation part and the network loss optimization part are much larger than those for the control cost part. In
the voltage correction control process, the ratio of weight between the voltage deviation part and the control
cost part is set to 1000:1, while in the network loss optimization control process, the ratio of weight between
the network loss part and the control cost part is set to 100:1. Refer to Table 2 for the specific MPC algorithm
parameter settings.

Figure 3: The modified IEEE 33-bus system

Table 1: Power fluctuation in the modified IEEE 33-bus system

Bus Type Installed Capacity/MW
{7, 16, 21} Photovoltaic 12
{24, 30} Wind 12

Table 2: MPC parameter in the modified IEEE 33-bus system

Control
interval/min

Predictive control
horizon/min CV1 CV2 CL1 CL2

5 15 1000 1 100 1
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5.1.2 Koopman-WNN Sensitivity Analysis
In this study, the wind power, solar power, and load power fluctuation data were configured based on

operational datasets from the Belgium region spanning the years 2020 to 2023, which inherently contain
measurement noise. Power flow calculations were then performed on this noisy dataset to build the historical
operational database. Subsequently, 70% of the database was employed as the training set for Koopman-
WNN, with 15% of the data allocated for validation and the remaining 15% for testing purposes. The active
power and reactive power of each node are utilized as inputs, while voltage magnitude and phase angle
are used as outputs, to regress the power flow equation. Similarly, employing the active power and reactive
power of each node as inputs and network loss as output, the network loss equation is regressed. The training
procedure involved iterative training using the conjugate gradient method. The relevant training parameters
for the network are outlined in Table 3.

Table 3: Koopman-WNN parameter in the modified IEEE 33-bus system

Dimensional
lifting layers

Convergence
accuracy

Maximum
training epochs

Minimum
gradient

1000 1e−3 10,000 1e−7

The accuracy of the Koopman-WNN model’s voltage sensitivity and network loss sensitivity is assessed
by comparing its results with those derived from the physical model (assuming its absolute accuracy). Define
the Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) as the evaluation metric for testing
precision.

ERMSE =

#
$$$% 1

lr

l
∑
i=1

r
∑
j=1

(yi j − ỹi j)
2 (35)

EMAE = 1
lr

l
∑
i=1

r
∑
j=1

∣yi j − ỹi j∣ (36)

where l and r present the number of rows and columns in the regression dataset; yij is the data in the ith row
and jth column of the regression dataset; ỹi j is the physics-based model-driven value corresponding to yij.

The accuracy of voltage sensitivity analysis for 288 control sections within a day is assessed using RMSE,
as depicted in Fig. 4. The regression accuracy of network loss sensitivity for 288 control sections within a day
is evaluated using RMSE between its values obtained through sensitivity analysis and those computed via
perturbation method (a prevalent approach), as illustrated in Fig. 5.

As shown in Fig. 4, within the 288 control sections through the day, the RMSE of voltage active
sensitivity is within the range of [0, 0.06], and the RMSE of voltage reactive sensitivity is within the range of
[0, 0.025], meeting the precision requirements of the voltage control. Fig. 5 reveals that, within each control
section throughout the day, the MAE of active power loss sensitivity and reactive power loss sensitivity for
the system’s various control resources lies within the range of [0, 0.06] and [0, 0.05], respectively, meeting
the requirements of loss optimization control. Utilizing the data-driven Koopman-WNN linearized model, a
real-time sensitivity analysis of system voltage and network losses is performed, demonstrating a high level of
accuracy overall. This provides a robust basis for subsequent activities such as voltage correction and network
loss optimization.
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Figure 4: The voltage sensitivity regression accuracy

Figure 5: The network loss sensitivity regression accuracy

5.1.3 Voltage Control
In response to the current issue of voltage violations in ADNs, this study proposes three MPC-based

voltage control strategies, stemming from control framework and control modes:

(a) Distributed cooperative control: This strategy is designed for the dynamic partitioning structure
within the ADN. It establishes a voltage-stratified distributed cooperative control that integrates the
dual-mode adaptive switching, considering both system-wide network loss optimization and voltage
correction as discussed earlier.

(b) Decentralized control: This strategy is designed for the dynamic partitioning structure within the
ADN. It establishes a local autonomous control, enabling adaptive switching of control objectives
between voltage correction and network loss optimization based solely on local voltage information,
with no information exchange between regions.

(c) Constant voltage control: This strategy is designed for the dynamic partitioning structure within the
ADN. It establishes a voltage layering distributed cooperative control strategy that only considers the
voltage regulation control objectives for the system.

Fig. 6 depicts a comparative analysis of the voltage operating conditions of the system in the power
fluctuation scenario under without control and with the implementation of the three aforementioned control
strategies. Fig. 7 presents a comparison of daily network losses under distributed coordinated control and
voltage regulation control.
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Figure 6: Voltage under different control strategies in the IEEE 33-bus system

Figure 7: Network loss under different control strategies in the IEEE 33-bus system

This study evaluates control effectiveness based on the fundamental principle of ensuring that the
voltages at all nodes in the system meet safety operational requirements while minimizing overall grid
losses for superior control performance. In Fig. 6a, it is observed that under the fluctuating power scenario
of renewable energy, severe bidirectional voltage violations occur at various nodes throughout the day.
The implementation of decentralized control in this scenario, as shown in Fig. 6b, reveals that individual
zones operate autonomously, lacking coordination in control measures, leading to excessive control due to
interzone coupling and resulting in reverse voltage violations. Through the application of constant voltage
control and distributed cooperative control, as depicted in Fig. 6c,d, it is evident that control measures for
various system zones are coordinated and optimized by the control decision layer. As a result, voltages
at all nodes in the system can operate within a safe range throughout the day. Furthermore, as indicated
in the comparative chart of daily grid losses in Fig. 7, constant voltage control aims to minimize voltage
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deviations during the day, without fully considering the economic aspects of voltage operation. This approach
leads to the utilization of reactive power resources for voltage correction even when voltages are within
safe limits, resulting in higher grid losses compared to distributed cooperative control. The distributed
cooperative control, employing ‘intra-zone dual-mode control’ and ‘inter-zone coordinated control’, achieves
optimal control effects by meeting voltage safety requirements while reducing overall system grid losses.
The underlying MPC framework, with an average computation time of about 1.6 s, demonstrates practical
applicability in real-time grid operation, ensuring control efficiency.

5.2 The Caracas ADN Test System
5.2.1 Construction of the System and Operating Scenarios

The modified ADN in the Caracas Metropolitan Area as illustrated in Fig. 8. This system operates as a
non-radial network with all tie-lines energized. The bus set {1, 2, . . ., 141} is the original system load bus,
with bus set {11, 19, 28, 50, 57, 60, 102, 125} connected to wind generator units, and bus set {4, 40, 45, 78,
90, 93, 120,} connected to photovoltaic units. Tie-lines are installed and maintained in service between the
following bus sets {3, 105}, {22, 130}, {24, 85}, {38, 68}, {54, 115}, {74, 81}, and {95, 122}, ensuring a fully
interconnected grid structure. The power fluctuations of the intraday photovoltaic, wind and system load
are set referencing the data for 07 March 2023, in the Belgium region. The parameters of renewable energy
devices in the system are shown in Table 4. Refer to Table 5 for the MPC algorithm parameter settings.

Figure 8: The modified real ADN in the Caracas Metropolitan Area
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Table 4: Power fluctuation in the modified real ADN

Bus Type Installed
capacity/MW

{4, 40, 45, 78, 90, 93, 120} Photovoltaic 15
{11, 19, 28, 50, 57, 60, 102, 125} Wind 15

Table 5: MPC parameter in the modified real ADN

Control
interval/min

Predictive control
horizon/min CV1 CV2 CL1 CL2

5 15 1000 1 100 1

5.2.2 Koopman-WNN Sensitivity Analysis
This case study also adopts wind, solar, and load data from the Belgium region for the years 2020 to

2023. The operational parameters of the modified distribution network in the Caracas Metropolitan Area are
configured, and a running database is generated. Subsequently, the linear regression method for the power
flow equations and network loss equations is employed, following the training approach of the Koopman-
WNN model used in the IEEE 33-bus system. The relevant training network parameters are set as shown
in Table 6.

Table 6: Koopman-WNN parameter in the modified real ADN

Dimensional
lifting layers

Convergence
accuracy

Maximum
training epochs

Minimum
gradient

1000 1e−3 10,000 1e−7

Utilizing the aforementioned linear regression model for the sensitivity analysis of system voltage and
network loss, the analytical accuracy is evaluated using RMSE and MAE, as illustrated in Figs. 9 and 10.
According to Fig. 9, within the 288 regulation sections throughout the day, the RMSE of active sensitivity
for voltage falls within the range [0, 0.05], while the RMSE of reactive sensitivity for voltage is within the
range [0, 0.02]. The precision meets the requirements of the voltage regulation system. Fig. 10 indicates that
for each control section throughout the day, the MAE of active network loss sensitivity and reactive network
loss sensitivity for various control resources in the system are within the regions [0, 0.025] and [0, 0.06],
respectively, aligning with the demands of network loss optimization control.
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Figure 9: The voltage sensitivity regression accuracy

Figure 10: The network loss sensitivity regression accuracy

5.2.3 Voltage Control
This case study also employs the previously mentioned decentralized control, constant voltage control,

and distributed cooperative control for voltage regulation in the power grid. Fig. 11 provides a comparative
illustration of the system voltage performance under various control strategies. Fig. 12 presents a comparative
analysis of daily network loss between distributed coordination control and constant voltage control.

In Fig. 11a, it can be observed that severe bidirectional overvoltage phenomena occur in the daily
operation of the system when large-scale distributed renewable energy generation is integrated into the
ADN. Upon implementing decentralized control for the system, as depicted in Fig. 11b, a phenomenon of
serious over-control arises due to mutual influences among multiple regions, which may lead to the collapse
of the power grid. In contrast, employing constant voltage control and distributed coordinated control, as
shown in Fig. 11c,d, stabilizes the system voltage within the vicinity of 1.0 p.u. under the coordinated action
of the control decision layer across multiple regions. Furthermore, based on the system daily network loss
comparison chart in Fig. 12, it is evident that under the distributed coordinated control, the system network
loss is superior to that under constant voltage control, attributed to the dual-mode adaptive switching
mechanism. Therefore, in the complex ADN with large-scale integration of new energy sources, adopting
distributed coordinated control efficiently utilizes reactive power resources, maintains voltage stability at
approximately 1.0 p.u. in the neighboring domain, simultaneously reduces system network losses, and
enhances the operational safety and economic efficiency of the system. With an average computation time
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of about 2.1 s for the MPC model, this approach successfully enhances both operational safety and economic
efficiency of the system.

Figure 11: Voltage under different control strategies in the real ADN

Figure 12: Network loss under different control strategies in the real ADN

6 Conclusion
Simulation results for ADN demonstrate the effectiveness of the proposed strategy, leading to the

following conclusions:

(a) The ‘Physics-Based Partitioning, Algorithmic Hierarchies’ coordinated control framework proposed
in this paper achieves effective coordination of reactive power control resources across various regions,
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realizing global voltage control through autonomous state monitoring at the monitoring layer and col-
laborative control decision-making at the control decision layer. This control framework demonstrates
significant advantages in addressing the distributed solution of large-scale active distribution networks.

(b) The control concept of adaptive switching in the proposed voltage correction and network loss
optimization control model in this paper is based on daily adaptive switching of control objectives
using local voltage information. This approach, while ensuring the safe operation of the system voltage,
effectively reduces network losses and enhances the economic efficiency of the system.

(c) The proposed Koopman-WNN high-dimensional linearization model in this paper, driven by data,
can effectively linearly regress the power flow equations and network loss equations, achieving
high-precision sensitivity analysis of the system on a daily basis. This model holds significant advan-
tages in supporting the construction and rapid solution of linear models for large-scale complex
control systems.

In summary, the proposed control strategy in this paper demonstrates significant effectiveness in
addressing voltage overlimit issues under the complex topology of ADN. This strategy reliably controls
the voltage of each node within a safe range, reduces operational network losses, and enhances the overall
safety and economic efficiency of the system. In future work, we will further investigate coordinated voltage
regulation strategies involving both transmission and distribution networks.
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