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Distributed Optimization Strategy for Networked
Microgrids Based on Network Partitioning

Jingjing Wang?, Liangzhong Yao®", Jun Liang®, Jun Wang?®, Fan Cheng ?

Abstract: The integration of a large number of distributed resources into an active distribution network presents
significant challenges, including high control dimensionality, strong output uncertainty, and low utilization of
renewable energy. This paper introduces a distributed optimization strategy for networked microgrids based on
network partitioning to alleviate the computational burden, reduce operating costs, and enhance the utilization
of renewable energy. The active distribution network is partitioned into networked microgrids, and a two-layer
distributed optimization model is developed for their management. The first layer focuses on intra-day
distributed optimal dispatch, balancing power and load by managing various flexible resources and the exchange
power between virtual microgrids. The second layer, real-time distributed power tracking optimization,
coordinates flexible resources within virtual microgrids to mitigate photovoltaic power fluctuations and track
intra-day dispatch instructions. Simulation results demonstrate that the proposed network partitioning method
reduces dispatch costs by 5.3% and increases the utilization of distributed PV by 3%, compared to the NP method
that only considering modularity. Moreover, calculation times for intra-day dispatch and real-time power
tracking are reduced by approximately 26% and 50%, respectively, compared to centralized control.
Keywords: High penetration photovoltaic integration, Network partitioning, Networked microgrids, Distributed
optimization

1. Introduction
1.1. Background and Motivation

In recent years, there has been a significant surge in the integration of distributed renewable energy, such as
distributed photovoltaic (PV) systems, into distributed networks. The combination of characteristics such as low grid-
integration voltage levels, high penetration rates, and power output uncertainty presents significant challenges to the
operation and control of active distribution networks and the utilization rate of distributed PV!!!. Despite the flexible
resources, including micro gas turbines (MGT), energy storage systems (ESS), and flexible loads (FL), such as air
conditioners and electric vehicles, offer substantial flexible regulation resources, their large quantity and widespread
distribution characteristics present significant challenges for traditional operation and control methods, leading to
communication challenges, high costs, low reliability, and complex decision-making processes/?/3!,

Networked microgrids (NMGs) are clusters of virtual microgrids (VMs) that are physically connected and
functionally interoperable (131, NMGs can be formed by dividing an active distribution network and clustering multi-
type flexible resources within it!®. By employing a thoughtful partitioning approach, the flexible adjustment capabilities
of each VM can be enhanced, ensuring a balance between power supply and demand within VM. Additionally,
transforming from the traditional centralized control mode of the active distribution network to a model of coordination
and autonomous operation both between and within VM offers several benefits, such as reduces the computational
burden, improves the interaction effect between VM, enhances the utilization rate of renewable energy, and lowers the
dispatch costs of the active distribution network.!

1.2. Literature Review

Several network partitioning (NP) methods and clustering algorithms have been investigated and employed in
various operational scenarios. In [7]-[8], the active distribution network was partitioned into interconnected virtual
microgrids with self-sufficient capacity, aiming to minimize the unbalanced power within each microgrid and reduce
the interactive power between virtual microgrids. In [9], a clustering algorithm was employed to group closely
distributed PV and ESS into the same area, taking into account electric distances between nodes and participating in
peak shaving. In [10], a real-time distributed cluster algorithm was introduced to classify distributed ESS into two types
of virtual power plants, addressing high-frequency and low-frequency power requirements, respectively. A consensus
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clustering approach for bi-objective power NP was introduced in [11] to explore the Pareto frontier of the bi-objective
NP. [12]-[15] utilized various clustering or intelligent algorithms to partition the active distribution network, and focused
on voltage or reactive local optimization to minimize the power losses between areas. In [16], a network cluster method
for an active distribution network based on measurement information was proposed, dividing the active distribution
network into multiple microgrids in the event of a power failure to enhance reliability. A planning method was used to
establish distributed generator clusters within the active distribution network, aiming to minimize net-load power while
considering the uncertainties of network topology and the isolated operating probabilities of distributed generator
clusters[17]. However, existing researches primarily focus on a single metric and are based on typical scenarios or
utilizes typical operational data. Given that the partitioned clusters may lack reasonable and adequate flexibility based
on a single metric or typical operation data, multiple metrics and the uncertainty of renewable energy should be taken
into account when conducting NP.

Energy management is of prime importance in achieving stable and economic operations of multi-microgrids. [4][5]
provided an overview of existing energy management systems, which include centralized, decentralized, and distributed
control. Centralized control governs the energy and power balance of the entire system and offers optimal results.
However, it imposes a heavy computational burden and communication requirements and is suitable for systems with
low variability 3%, Decentralized control, on the other hand, grants autonomy to each microgrid as an independent
agent 12022 resulting in reduced computational burden and low privacy requirements. Nonetheless, the lack of
communication between adjacent microgrids limits optimization outcomes. In contrast, distributed control fosters
communication between adjacent MGs, thereby enhancing optimization results by incorporating additional information
compared to decentralized control 32, This approach is well-suited for large-scale multi-microgrid systems.

Several approaches have been proposed in the research of distributed control. A double-layer distributed optimal
control approach for multi-microgrids to compensate for differences between upper and lower layers was introduced in
[23]. [24] proposed a distributed online dynamic dispatch strategy for NMGs, operating without forecast data to achieve
autonomous operation of microgrids. [25] presented a transactive energy framework with distributionally robust
optimization for coordinated energy management of NMGs, facilitating power exchange between NMGs and DSOs, as
well as between NMGs. [26] introduced a distributed leader-follower based adaptive consensus control approach for
NMGs, enabling coordination among multiple distributed resources for frequency control. Despite the advantages of
distributed control, such as lower computational complexity and plug-and-play capabilities compared to other control
methods, coordinating information and energy across multiple microgrids, hierarchical levels, and time scales
effectively remains a challenging task according to existing researches.

Tab 1. Researches on network partitioning and distribution control of NMGs
Network Distributed
partitioning  control of NMGs

[9] J X

Scenarios Mathematical model

Cluster distributed PV and ESS to
participate peak shaving
Classify ESS into two types to
[10] V X addressing high-frequency and low- Cluster algorithm
frequency power requirements
Partition ADN into several areas to

Refs.

Cluster algorithm

[1152] J X realize local op_timize of voltage or Intelligent algorithm
reactive power
[23] > J Compensate differences between upper Double—lgye_r di_stributed
and lower layers optimization
[24] % J Autonomous o(|jo_eratioir11 or emergency [)L';;rr')ﬁlrl]tsg_g;\slg:je
Ispatc optimization
Facilitating power exchange between
[25] X N NMGs and DSOs, as well as between Robust optimization
NMGs
This Reali;e autonomous o_pergtion of VM Intelligent algorithm;
paper V ~ and distributed optimization between Dogb[e-layer
VMs optimization

1.3. Main focuses and contributions

Tab. 1 compares the recent research works in the NMGs subject area. To tackle the shortage of research on NP and
the challenges of distributed control mentioned above, this paper introduces a distributed optimization strategy for
NMGs based on NP, as illustrated in Fig.1. The major contributions are as follows:



1. A robust flexibility metric for VM which considers the balance between supply and demand under the renewable
energy uncertainty. A NP model, incorporating both modularity and robust flexibility, is introduced to partition the active
distribution network into NMGs. This approach enhances the ability to manage the uncertainty of renewable energy in
VMs and achieve balance between power supply and demand.

2. Distributed optimization models are established for NMGs to verify the reasonableness of network partitioning,
and to demonstrate the advantages of enhancing renewable energy utilization and reducing operation costs. The intra-
day optimization model coordinates and dispatches flexible resources to achieve a balance between power supply and
demand when NMGs operate independently. When NMGs operate interactively, the intra-day optimization model can
achieve interactions between VMs as well as between VM and the upper grid based on Synchronous Alternating
Direction Method of Multipliers (SADMM) algorithm. The goal is to dispatch flexible resources within VMs to reduce
operating costs and increase the utilization of renewable energy. The real-time power tracking model aims to coordinate
flexible resources within VMs to mitigate PV power fluctuations and follow intra-day dispatch instructions.

Network Partitioning Distributed optimization
PV. ESS MGT FL for NMGs
& m T g
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Fig.1 The framework for distributed optimization of NMGs based on NP
The remainder of this paper is organized as follows. The NP method for the active distribution network is introduced
in Section 2. The two-layer distributed optimal model for NMGs is introduced in Section 3. Section 4 gives the relative
simulation results and analysis, and Section 5 presents the main conclusions.

2. NP method of active distribution network

The integration of high-penetration distributed renewable energy, such as photovoltaics, into active distribution
network increases the control complexity and decision dimensions. Dividing the active distribution network into NMGs
enables coordinated and autonomous operation, thereby reducing operational complexity. This chapter introduces a
robust flexibility metric to measure the supply and demand balance capacity of VMs and divide the active distribution
network into NMGs. By focusing on modularity and robust flexibility, this approach aims to enhance the capacity to
address PV uncertainty.

2.1. Uncertainty modelling of PV

The truncated versatile distribution (TVD) model is employed to characterize the uncertainty of PV 27, TVD model
has three flexible shape parameters, allowing it to more accurately capture the shape of the distribution. Moreover, the
TVD model has a limited interval, and both its cumulative density function and inverse cumulative density function of
TVD have analytical forms. This makes the TVD model particularly effective for accurately representing PV. The
probability density function (PDF) of TVD is defined as:

—a(x-y)
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(1)
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Where x is a random variable. «,f and y are the are the shape parameters of the TVD model, respectively. m and n

represent the upper and lower limits of standardized interval, respectively. When it is applied to describe the power of
renewable energy, m=0, n=1. s represents the standardized coefficients.
At a given confidence level c, the inverse cumulative density function is:
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The historical forecast power data and actual power data of PV are divided into distinct boxes based on the forecast
data range. In each box, the TVD model is used to match the actual power, and the probability distribution model of the



PV actual power in each box is obtained.
2.2. Metrics of NP

2.2.1. Modularity metric

The modularity metric is applied to assess the structural strength of a partition 81, It represents the sum of the
differences between the actual and expected weights of connections between two nodes. Higher modularity indicates
that the actual weights are significantly greater the expected weight, resulting in more concentrated nodes within each
partition and tighter connections between them. The modularity metric is defined as:

1 SIS
p:_ZZ(eij -—=2)5(i, j)
2m S5 2m (4)

Where e¢; represents the weight between node i and j, which is represented as the electrical distance in this paper.
m= (2} ZJ' e;; )/ 2represents the total line weights in VM; k;= Z,-e,-jrepresent the total line weights connected to node i;
0 (i,))=1 ifnode i and j are in the same VM, otherwise J (i,j)=0.
2.2.2. Robust flexibility metric

VM requires flexible adjustable capabilities to address the uncertainties of renewable energy resources ?°1. Robust
flexibility assesses the supply and demand balance capacity while accounting for the robust interval of PV output.

The power demand within the VM is net-load power, and the power is provided by ESS, FL and MGT.

(1) Power demand

The day-ahead PV forecast power are divided, and the PDF of PV actual power in each box using TVD are obtained.
Subsequently, the confidence intervals of the PV actual power are determined based on the quantile theory, as shown in

Eq. (5).

Ry =[FY . FY (5-a)
EY =) PV 4+ Y P+ > R+ Y P
) reN; ach; beN, ceN, (5-b)
Ry =D PVREM+ Y PR+ Y R+ ) PYT
reN; aeN; beN; ceN; (S'C)

Where N, represents the node set of the ith VM. PV ®" and PV """ represent the upper and lower quantiles of the PV
actual power PDF. pfs, R}, and p¥°" represent the operating power of ESS, FL, and MGT, respectively.

(2) Flexible power providers

(a) Energy Storage System

Energy storage system offers upper and lower regulation capabilities through discharge and charge. However,
constraints on maximum charge and discharge power, as well as capacity, must be taken into account.

pESSd _ H _ ESS,N
P> =min{(E,, —E,)/At,P>"} (6-a)

PEsse — min{(E, —E,,)/ At, PE*N} (6-b)
Where E, represents the capacity of the ath ESS. P™*", E_,and E, represent the rated charge and discharge power,

and the maximum and minimum capacity of ath ESS, respectively.

(b) Flexible Load

Flexible load serves as a crucial demand response resource of the power system. The user response willingness
model is applied to measure the response willingness under different power price scenarios”:

AR = 11 Py (7-1)

b

= go(ep‘mallp'"MI _ePbaselex—l) (7_2)

Where R represents the operational power of bth FL at time #, 4’ represents the response willingness of bth FL at
time 7. ¢ represents the subjective response coefficient of FL. B, represents the expected electricity price, P™
represents the Time -of-use (TOU) electricity price, and P, represents the maximum TOU price throughout the day.

The FL response ratio is mainly influenced by the TOU price.

(c) Micro Gas Turbine

Micro Gas turbine plays an important role as a flexible resource in VM. Constraints include operational constraints
and ramp constraints:



BDMGT _ i PMGT _ pMGT MGT
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MGT __ H MGT MGT MGT
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Where PM°Tand PM°" represent the maximum and minimum output power of cth MGT, respectively. APM®T represents

the maximum ramp power of the MGT.
The regulation capacity of multi-type flexible resources is aggregated using Minkowski Sum.

FY=ROP®..®P =P ®AR;, ® AR’ )
The aggregated regulation capacity at different times can be obtained and shown as:
Ri :{[Eiﬁr'lfigr]-[Ei,pzrvlfi,pzr] ----- [E.pTr'[EupTr]} (10)
(3) Robust flexibility metric

The interval form is used to describe the robust flexibility supply-demand balance capability of the VM, as shown
in Fig. 2.
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Fig.2 Intervals of power demand and power supply
The robust flexibility of VM can be calculated as follows.

pr nd — nd — pr
1’Ei,l S Ei,l S Fi,t S Fi,t

Fi,htl — o 'fpr < Fnd “ E.T > 'flr:d

LA Y S A 4
min{FY / FY, EY / E1'}, otherwise (1)
The robust flexibility of all NMGs in the active distribution network is shown as:
F =[ZZ Fi,‘:']/ !
t i (12)

Where | represent the total number of NMGs after NP.
2.2.3. NP method

Initialize group
Modularity

based on net-load power

Robust flexibility

o o T
Y
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Fig. 3 NP process
The NP objective function, as shown in Eq. (13), is established to maximize the robust flexibility of each VM while
ensuring the modularity of the NMGs.

Crossover and
mutation

this iteration

<1




Where p represents the modularity of NMGs, as indicated in Eq. (4), while F represents the robust flexibility of

NMGs, as shown in Eq. (12).

The method described in [31] is adopted to conduct NP on the active distribution network using the genetic
algorithm. The NP process is shown in Fig. 3.

In each iteration process, the NP form with the best objective is retained. In the subsequent iteration, new NP forms
are generated through a continuous process of crossover and mutation, based on the previous best result. The NP form
with the best objective across all iterations is selected as the final NP result, which determines the topology and number
of VMs.

3. Two-layer distributed optimal model for NMGs

To address the heavy computational burden and meet the time scale required for dispatch, this paper proposes a
two-layer distributed framework. Each VM can operate independently or interactively after partitioning. This approach
transforms the global optimization of the active distribution network into coordinated optimization among NMGs the
power balancing within VM. By allowing each VM to make independent decisions, the operational complexity of the
active distribution network is reduced, and solution efficiency is enhanced.

The upper-layer distributed optimization model is based on day-ahead forecast data, with a dispatch period set to
4 hours and a 15-minute time scale for rolling optimization of the NMGs. This time scale aligns with the intra-day
dispatch period of the power grid. The lower-layer focuses on real-time power balancing within the VM. Given the real-
time fluctuations in PV output, which may cause discrepancies between the power of the VM and the dispatch
instructions, real-time smoothing of PV power is necessary to track the intra-day dispatch instructions. Fig. 4 illustrates
the temporal relationship between these two layers.

] tA-|-|-2| T4h ﬁ’ | Between NMGs
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Fig. 4. Time relationship between different layer
3.1. Intra-day distributed optimal dispatch among NMGs

3.1.1. NMGs intra-day distributed optimal dispatch model
Whether the NMGs operate independently or interactively, the goal of the optimal dispatch is to minimize the
operating costs within each VM. Given the uncertainty of PV power, the optimal dispatch model is presented as follows.
(1) Objective function
Each VM aims to minimize the operation cost, shown as follows:
min > (CR +CF®+CHL+ChT+C +C +Cf)
teT (14-a)

PPV(t) SRV
c=2 (cf.?” [ (R =RRA)F MR A~ [, (R =R f (Ri“’*)dei“’*)

PV
0 Tt

(14-b)
CiEtSS _ z C:fs ( PaEtss,d + PaEtss,c)
N (14-c)
Ciﬁ = Z CbL,t |APb,Lt|
ety (14-d)
CiTGT - Z CmGT PxGT
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Where P represents the dispatch power of the rth PV. P™* represents the actual power of the rth PV. f(PrFlV‘A)
represents the PDF of the actual power of the th PV at time #. P""™ is the capacity of the rth PV. The stochastic cost
of PV c[Yincludes both the power purchase cost resulting from overestimation, occurring when the actual power is

lower than the dispatched power, and the PV curtailment penalty resulting from underestimation when the actual power



exceeds the dispatched power. PFs¢ and pfFssc represent the discharge and charge power of ath ESS at time ¢,

respectively. AR, represents the adjustment power of the bth FL at time 7. PCTGT represents the power of the cth MGT
attime £. ¢ ,cfV*, cf3°, ¢y, and e represents the cost coefficient of multi-type flexible resources at time 7.

The VM which is connected to the upper grid has interactive power with the grid, the cost is shown as follows.
GD GDpGD
Cii =Ci; Py (14-¢)
Where pS° represents the interactive power with the upper grid of the ith VM. CﬁD represents the cost coefficients of

interactive power with the upper grid by the ith VM. To reduce or avoid the influence on the upper grid of the reverse
power flow, the active distribution network is punished when transporting power to the upper grid.
There is interactive power among NMGs, the cost is shown as follows.
x| ¥ et
jeN,i=] (1 4_ f)

Where Cif;( represent the cost coefficient of interactive power between NMGs. PijEx represents the interactive power

between the ith VM and jth VM. When VM operates independently, this cost does not exist within the objective.
(2) Constraints

(a) Power flow constraints based on Distflow:
P+ R + S MIYRY + 3 M (RS —PES )+ 3 MRS
reN; aeN; ceN;

{Pba—zmmf:)— TR Y (RY-RY)

beN; j.keN; i,jeN; (15'3)
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VI sViesV (15-d)
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Where Mif)r\’ , Mi'?ass , beL and M i'YC'GT are incidence matrices of PV, ESS, FL, and MGT, respectively, e.g., Mf:’ is 1 if

PV 7 is located in node i and otherwise, it is 0. Vv, is the node voltage. F’,LJNt + jQi%j“ft is the power on line (i, j) with

the impedance R ; + JX; j, RS + JQI}, is the power loss.
Egs. (15-a) and (15-b) represent the active and reactive power balance at nodes, where the active/reactive power at
a node equals the difference between power flowing into and flowing out the node. Eq. (15-¢) describes the voltage drop
between nodes, Eq.(15-d) represents the voltage constraints of the distribution network, while Eq.(15-e) and (15-f)
represent the losses, which are a nonlinear term in the model. Typically, these losses are linearized using second-order
cone relaxation to simplify the calculations.
This paper does not optimize the reactive power. In the power flow, the related reactive power is handled according
to the following rules: The reactive power regulation capacity of PV and ESS meets the converter requirementst®-34],
The reactive power regulation capacity of VMT meets the operation constraints. Loads are considered to operate with a

constant power factor, where cosg=0.95.

(b) Linearize the stochastic cost of PV
This paper employs the piecewise linearization method to address the integral part of the stochastic cost of PV. Firstly,
1000 points are evenly selected within the range of [0,R™™*]. Then the corresponding stochastic cost cf* of each

point is calculated using numerical integration. The stochastic cost function of different segments can be achieved
through piecewise linear fitting, as shown in the following.
Cf‘N,rd — CftN,rd,pI(start) +Z KRN 5RN Vvt
|

Lrt¥hrty

(16-a)
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Where 1™ is the auxiliary 0-1 variable of segment /, and I, =1(1'=1,---,1) when P?'(t) locates in the range of
[PPVPO (1), PPVPD (1)) . é‘,'?rh,'{max is the length of different segments, which satisfying s = pfvet _pPvel®)

(Phyelean cRudplsaty jg - the starting point of segment /=1. Km is the slope of segment /, which satisfying
KRV — (CRN,rd,pI(Hl) _CRN,rd,pI(I)) / (va,p|(|+1) _ PPV,pI(I))
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(c) Operation constraints of flexible resources

pESs.d ESS DESS.c
Pa,t = Pa.t = Pa,t

(17-a)
—AR <AR; <ARY (17-b)
PMGT < pMGT < pMeT (17-c)
(d) Constraints on interactive power between grid and VM
P58 < RS < BSP5CP (18)

Where P®° and P®° represent the maximum and minimum power that ith VM can interact with the upper grid,

respectively, which are influenced by the tie-line capacity and maximum regulation capacity of the VM. é'f’tD represents

the connection state of the ith VM with the upper grid at time ¢.
(e) Constraints on interactive power between NMGs

S B <P <¢; R\ Viel,vteH

ij,t ij.t

(19)
Where ¢, {01} represent the connection state between the ith MG and jth MG at time #; BJ-EX and |3ijEX represent the

maximum and minimum interactive power between NMGs, which are influenced by the tie-line capacity and maximum
regulation capacity of the MG. When MG operates independently, there is no interactive power among NMGs.
3.1.2. SADMM algorithm for NMGs

NMGs can directly solve the optimal model when operates independently. However, when NMGs interact, each VM
focuses on its own optimization, but VMs are interconnected, and the power flow on the tie-line impacts the optimization
results of each VM. To deal with the influence of power flow on the tie-line between the two interacting VMs, decoupling
the NMGs is necessary to address the electric connections among them, as illustrated in Fig. 5.

; VM i A VM j N
> i i
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Fig. 5 Decoupling among NMGs
The boundary node i in the ith VM is mirrored as i " in jth VM, and likewise, node j in the jth VM is mirrored asj’
in the ith VM. Given the power flow direction, the mirrored node i’ in the jth VM is defined as the source node, while
the mirrored node j’ in the ith VM is defined as the load node. Each VM contains the tie-line ij and the corresponding
power flow, allowing each VM to solve the optimization independently and comprehensively.
Due to the independent solutions of each VM, the power flow at same tie-line in different VMs may achieve
different results. During decision-making processes within VMs, the value x,. ={p,.,Q;.,1,.} of the virtual tie-line ;"

j"IiJ



can be calculated through power flow within the ith VM, as well as x ., ={P.,,Q, ;. 1,.,;30f the virtual tie-line i j in the

jth VM. The iterative solution ensures that the state variables of the tie - line on both sides converge to the same value.
For the ith VM, the reference tie-line variables at the m+1th iteration are defined as the average tie-line variables
between the ith VM and its adjacent jth VM at the mth iteration.
XT 4+ X
X.r_r’|+l,ref — X_Tﬂ,ref — ij ij
1 1) 2 (20)

Where Xi;',”““ and Xir,’]_”"e’ represent the reference virtual tie-line variables of the ith VM and the jth VM at the m+1th
iterations, respectively. Xi,mj and X .T represent the virtual tie-line variables of the ith VM and the jth VM at the mth

iteration, respectively.

The Lagrangian Multiplier incorporates the difference between the virtual tie-line variables and their references in
each iteration. This difference can be interpreted as a penalty coefficient and is used in penalty cost formulation. The
penalty cost is added into the objective formulation in Eg.(14-a) to influence the optimization result. The lagrangian
multiplier of each VM can be updated by:

2
Qir?ﬂ — erjn +“(XIT _ Xi?,ref )
2 (21-a)

2

Qi’f‘jﬂ — lej + “(le _ x_ljl,ref )

j ij

2 (21-b)
Where Q.T and Qi”,’j represent the set of lagrangian multipliers of the virtual tie-line ij* and i’j at the mth iteration,
respectively. where Qi :{ﬂﬁ?,/ll?,ﬂ,l}.} , Q) :{ﬂ,fj,/ll,Qj,ﬂ,l', j} .

The virtual tie-line consistency penalty cost between the ith VM and the jth VM is introduced to ensure consistency
in mirrored virtual tie-line, which is described as follows:

_ m m m,ref P m m,ref
C:’t B ieNz,j¢i m;‘.[lij’ (Xij"t - Xij"t )+E I Xij"‘ - Xij"t ”2) (22)
Where p denotes the iteration step size.

The convergence criterion includes raw residual, representing the difference in tie-line variables calculated between
both side VMs, and the dual residual, representing the difference in reference tie-line variables across adjacent iterations.
The two convergence criterions are defined as follows:

m_ ,.m _| m_ m 2

(23-a)

m_ m _j m,ref m-Lref ]2
S; =S/, =| Xij, - Xij, b<e

(23-b)
Where rij’T‘ , rl”; , S.T ,and S.m, represent the raw residual and dual residual of the ith VM and the jth VM at the mth iteration,

respectively. ¢ is the tolerance level.

All nonlinear components in this paper are converted into linear ones, ensuring that the optimization model remains
convex and guaranteeing convergence.

3.2. Real-time power tracking within VM

During the real-time stage, each VM should track the intra-day dispatch instructions and achieve real-time power
balance within the VM, while accounting for the real-time PV power fluctuation among at. In this stage, the real-time
adjustment of FL and MGT is a challenge to achieve, therefore, their real-time adjustment capability is not taken into
consideration. Additionally, ESS is considered adjustable within constraints.

The objective of the ith VM in At is to minimize the unbalanced power when PV power fluctuations.

min AP, = > (P7™ + AP )+ 3 (P + AR )+ 3 PL + Y PMT+ 3 (R + R ), Vr e At
reN; aeN; beN; ceN; iel (24)
Where PR’ represents the actual power of PV, while 7 is the time withinat.

Constraints include operational constraints of multi-type flexible resources, shown as follows:

PV PV real
0<AP?Y <P™

(25-a)

BESSd Ess ESS _ BESSc
P <B"+AR " <PB7

(25-b)
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Where p~vrl represent the MPPT power of PV.
This paper adopts the consensus algorithm as described in [35]. The consensus algorithm achieves global
consistency through limited information exchange among distributed resources. The communication topology is

established based on the graph theory. Taking o, =c,(AP,/ AP™) as the consensus index, PV and ESS within the VM
are iterated according to the Eq. (26).

O-kpl/lm ka Zdw kn‘o'km)+5APk:{m”€N}

(25-¢)

neh (26-a)
CES = oES + 3 dES(GESS — 6ESS) + aAR, {min e N}
neN; (27-b)
APk+1 - AP Z APk+1 r Z Apklisli
reN; aeN; (27)

Where AR, represents the unbalanced power in the kth iteration. AP, represents the adjustment of multi-type flexible

resources. 0, represent the communication adjacent matrix of different types of flexible resources. AP, represent the

unbalanced power resulting from PV fluctuation at time 7.
The solution process of the double-layer distributed optimization is shown as:
1 for t=1: Tmax

upper-layer

2 for iter=1: Itermax

3 fori=1:1

4 each VM solves the intra-day dispatch model independently and saves the virtual tie-line variables. Egs.
(15)-(29).

5 end

6 if qualify formula (23); break;

7 else update Eqg. (20) and Eqg. (21);

8 end

9 end

lower-layer
10 Reserve dispatch power of flexible resources, and interactive power between VMs and outer among AH.
11 for t=1: Tmax (among At)
12 for k=1: K

13 Calculate the consensus index o, of each flexible resource.

14 Update k+1th consensus index of each flexible resource using Egs. (25).
15 if the difference of Eq. (27) meets the convergence criterion; break;

16 end

17 end

18  Update the operation state of flexible resource, t+1=Tmax

19 end

4. Case studies

The effectiveness of the proposed method is investigated based on the 141-bus active distribution network B¢, The
voltage of the active distribution network is 10kV. The total load is 10.6MW, with half of the load nodes containing
flexible loads. The configuration of PV, ESS, and MGT are shown in Tab.2.

Tab.2 Configuration of PV, ESS, and MGT

Type Node Capacity
PV [4,17,27,34,39,48,56,57,65-68,77,96,98,99,106-107,113,114,116,126,132,133-134] 0.3MW
[8,12,20,21,32,51,52,64,66,78,81,87,95,100,119,123,129,130,139,141] 0.4MW

ESS [24,48,54,119] 0.5SMW/1IMWh

[96,126] 0.4MW/1IMWh




[82,102] 2MW
[59,130,137] 1.SMW

The Time-of-use (TOU) electricity price is determined according to electricity prices for general industrial and
commercial sales in Beijing ®¥7). The TOU electricity price curve and response willingness are shown in Fig. 6(a).
Combined with equations (7), the response willingness closely follows the shape of the TOU price curve, When the
TOU price is high, the response willingness of FL increase accordingly, conversely, the willingness decreases when the
TOU price is low.

Day-ahead forecast data, intra-day forecast data, and actual power data of PV are presented in Fig.6(b). The time
scale for day-ahead and intraday forecast data is 15 minutes, while real-time data is recorded at 1-minute intervals. In
this paper, the prediction error of the load is not considered, the actual load power is assumed to match the predicted

value. Simulations are conducted using MATLAB 2020a environment with the GUROBI solver.
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4.1. Results and analysis of NP

The active distribution network is divided into NMGs based on the NP method introduced in section 2. The genetic
algorithm is employed to solve the NP model. The population size is set to 50, with a maximum of 200 iterations, and
an elite reservation method is applied to ensure algorithm convergence.

Three NP methods are employed to compare and validate the effectiveness of the proposed method in this paper.
Schemes 2 and 3 employs the same solution method. However, the objective of Scheme 2 only considers modularity.
The topology and number of VMs after partitioning are determined by the NP method.

Scheme 1: no NP.

Scheme 2: NP only considers modularity.

Scheme 3: proposed NP method.

The NP results for schemes 2 and 3 are illustrated in Fig. 7. Modularity and robust flexibility metrics under three
schemes are presented in Tab. 3. Fig. 8 depicts the robust flexibility intervals for schemes 2 and 3.
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Fig. 7 NP results for different Schemes
Tab. 3 Modularity and robust flexibility metrics

Modularit Robust flexibility
Y VM1 VM2 VM3 VM4 Average
Scheme 1 / 0.82

Scheme 2 0.74 043 074 043 0.74 0.43
Scheme 3 0.67 0.66 0.67 0.66 0.67 0.66
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Fig. 8 Robust flexibility intervals

Tab. 3 reveals that Scheme 2 exhibits better structural performance, because Scheme 2 only focus on modularity.
However, the robust flexibility of individual VMs varies significantly. As illustrated in Fig.8(a), VM1 and VM2
experience power unbalances at most time, whereas other VMs maintain surplus adjustable capacity at the same time.
This discrepancy indicates a mismatch between the adjustment capacity of each VM and its power demand.

In Scheme 3, the robust flexibility metric for each VM is more evenly distributed. As depicted in Fig. 8(b), the
unbalanced intervals of VMs are notably reduced. Scheme 3 ensures a more equitable distribution of adjustable and
demand power among NMGs while maintaining satisfactory modularity. Consequently, the proposed NP method
achieves a balanced allocation of flexible regulation ability and demand, along with satisfactory modularity.

4.2. Results and analysis of VM independent operation

Using the NP method described in Schemes 2 and 3, independent operation simulations were conducted for each VM
to assess their robustness in island scenarios. During the simulations, VM1 remains connected to the upper grid, while
the tie-lines between VM2, VM3, and VM4 are all disconnected. The cost coefficient of the ESS is set at 150¥/MWh,
while the compensation cost coefficient for FL is set at 100¥/MWh lower than the TOU price. The cost coefficient of
MGT is set at 690¥/MWHh. The purchase and sale cost coefficient between VMs and between VMs and the upper grid
are all set equal to the TOU price. Additionally, to enhance the utilization of distributed PV, the purchase coefficient of
PV is set to TOU price, while the PV curtailment penalty coefficient is higher than TOU price.

The optimal results of Schemes 2 and 3 are illustrated in Fig. 9, with the total energy for both schemes shown in Tab.
4, and the operating costs presented in Tab.5.

Tab. 4 Total load in two schemes

Load before regulation/MWh Flexible load regulation/MWh Shed load/MWh

Scheme?2 7.93 2.45

Scheme3 162.47 7.61 0

Tab. 5 Independent operate costs of VMs

Scheme?2 Scheme3
VM1 VM2 VM3 VM4 VMl VM2 VM3 VM4
PV /¥ 1557.4 1918.1 7765.7 1230.5 1566.7 44373 2675.2 3039.8
ESS /¥ 432.8 5173 11984 6057 533.8 8226 4023 10483
FL /¥ 2240.3 3189.2 1778.5 1582.1 1811.2 21089 886.1 3322.1

MGT /¥ 6377.6 17953 11565 10062 7981.1 8650.9 8773.0 22766.0




Grid and VM /¥ 0 0 0 6707.6 0 0 0
Total /¥ 77825.8 77532.9

As shown in Tab.5, the total cost difference between the two schemes is minimal. However, in Scheme 2, a source-
load unbalance and load shedding occur after 5pm due to the decrease in PV power generation and the increase in load
for VM2. By comparing the total load before and after regulation, as well as the load after shedding, it becomes clear
that 7.93 MWh of the load participates in demand response, while 2.45 MWh must be shed due to insufficient power
supply. According to Fig. 8(a), the robust flexibility of VM2 during this period is nearly zero, indicating that VM2 lacks
the capacity for flexible adjustment. In contrast, in Scheme 3, 7.61 MWh of the load participates in demand response,
and no load shedding occurs, as each VM is able to meet load demands and maintain a power-load balance. This
demonstrates that the proposed NP method exhibits strong robustness in extreme scenarios, ensuring that each VM can

operate safely in islanded conditions.
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Fig.9 Independent optimal results of VMs

4.3. Results and analysis of Intra-day distributed optimal dispatch for NMGs

After NP, NMGs can interact with each other. A centralized optimal simulation is conducted based on Scheme 1,
while distributed interactive optimal operation simulations of NMGs are conducted based on Schemes 2 and 3. During
the simulation, the cost coefficient between VMs and between VMs and the upper grid is set to the TOU price, while
other cost coefficients remain the same as in independent operation.

The intra-day distributed optimal dispatch results of NMGs obtained based on three schemes are illustrated in Fig.
10, and the corresponding dispatch costs are presented in Tab. 6.
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Fig. 10 Intra-day dispatch results

At noon, the PV power exceeds the load in each VM in both Schemes 2 and 3. In Scheme 2, while the excess power
from VM1 is transmitted to the upper grid, it is also routed to other connected VMs, such as VM2 and VM4. However,
due to variations in flexibility among these VMs, PV power curtailment occurs as a result of the surplus power from
other VMs. Conversely, in Scheme 3, VM1 exhibits better flexibility, allowing excess power from other VMs to be
transmitted to VM1 and then to the upper grid, thereby reducing total PV power curtailment. During other periods, each
VM can dispatch flexibility resources within its own and coordinate interactive power between VMs and between VM
and the upper grid based on the regulation cost and purchase/sale cost. Comparing the interactive power between VMs
in Fig 10(d), the interactive power of Scheme 3 is noticeably less than that in Scheme 2, indicating that NMGs in Scheme
3 possess higher flexibility and rely less on external sources.

As the control of the active distribution network shifts from centralized global optimization to each VM's individual
optimum after NP, the total operation cost of the active distribution network may not be superior to centralized control.
Comparing the total cost among the three schemes in Tab.6, the difference between the cost of Scheme 1 and Scheme 3
is approximately 3.1%, while the difference with Scheme 2 is about 6.4%. The distributed optimal dispatch cost of
Scheme 3 is 3.3% less than that in Scheme 2.

Comparing the independent operation costs in Tab.5 with the interactive operation costs in Tab.6 for Schemes 3, a
notable reduction of 5.3% in total costs is observed when NMGs operate interactively. This reduction is attributed to the
inherent flexibility of each VM in addressing power imbalances by comparing adjustment costs within and outside the
VM during interactive operation, thereby reducing the total operating cost of the active distribution network. Thus,
NMGs can operate interactively under normal conditions to reduce the costs, while operate independently during
emergencies or faults to ensure the safety of operations within the VM.

4.4. Results and analysis of Real-time power tracking within VM

Actual PV output data with a time scale of 1 minute is utilized to reflect real-time power fluctuations. Real-time
distributed optimization simulations within VMs are carried out based on the three schemes, allowing for a comparison
of the real-time power adjustment capacity of each scheme.

Fig. 11 focuses on Scheme 3 to observe the operation of each flexible resource within the VM under real-time power
fluctuations.

From Fig. 11, it is evident that when the PV is underestimated, the PV tracks the intra-day dispatch instruction. When
PV is overestimated, the VM compensates for the PV power shortage by coordinating the output of ESSs and MGTs to
meet dispatch instructions, thereby minimizing tie-line power difference. Considering the potential damages due to
frequent changes in charging and discharging cycles of electrochemical energy storage caused by the frequent PV
fluctuation, hybrid energy storage, which consists of energy-type and power-type energy storage, can be employed to
mitigate PV power fluctuations I,

Fig.12 illustrates the MPPT power and actual power of NMGs under Schemes 2 and 3 in independent and interactive
operation. When NMGs operate independently, the utilization rate of the PV in Scheme 2 is 89.8%, while in Scheme 3
it reaches 91.2%. However, when NMGs operate interactively, the utilization rate of PV in Scheme 2 increases slightly
to 90%, whereas in Scheme 3, it significantly rises to 94.2%. Scheme 3 exhibits a marked increase of 4.2% in PV
utilization rate when operate interactively compared to independently. Interactive operation based on the NMGs
partitioned by the proposed method can significantly enhance the PV utilization rate compared to independent operation.



Tab. 6 Intra-day distributed optimal dispatch costs

Scheme 1 Scheme2 Scheme3
VM1 VM2 VM3 VM4 VM1 VM2 VM3 VM4
PV ¥ 6711.3  1500.6 1992.2 7744.8 12419 1535.60 3443.20 234530 2357.30
ESS /X 29054 4514 5574 12105 612.7 47990  835.80 431.60 1054.00
FL /¥ 8327.1  1970.2 3442.7 1778.6 1727.7 2217.00 1952.50 1033.20 3050.70
MGT /¥ 37325  8816.3 13131 8289.3 72459 8166.00 6976.20 7868.30 17195.00
Grid and VM /¥ 16165 14331 0 0 0 12712.00  0.00 0.00 0.00
Between NMGs /¥ / -8264 5318 1268.1 1677.9 -1423.1 13235 -1147.8 12474
Total /¥ 71433.8 76044.2 73653.6
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Fig. 11 Real-time distributed optimization results for modes

Scheme3
PV energy curtailment still occurs. One reason is that the energy storage system has reached its charging limit and
can no longer absorb additional energy. Another reason is that ESS prefer to reserve capacity during periods with a low
curtailment penalty coefficient to minimize curtailment during the periods when the curtailment penalty coefficient is
higher, thereby reducing the overall curtailment cost.
PV power fluctuation may still lead to an imbalance between source and load within the VM due to the limited
adjustment ability within VM. Tab. 7 presents the corresponding unbalanced energy for the three schemes.
Tab.7 Unbalance energy
Unbalance energy/MWh Total/ MWh

VM1 0.34
VM2 0.23

Scheme 2 VM3 0.19 1.09
VM4 0.33
VM1 0.12
VM2 0.13

Scheme 3 VM3 0.02 0.34
VM4 0.07

It can be seen from Tab. 7 that the unbalanced energy of Scheme 3 is much smaller than that of Scheme 2 when the
PV output fluctuates. The NMGs divided by Scheme 3 have stronger real-time adjustment capacity.

4.5. Analysis of computation efficiency

The main purpose of the distributed optimization operation is to reduce the computational burden of the NMGs.
Therefore, the convergence speed and solution speed of the algorithm are crucial. Fig.13 gives the convergence curves
of the intra-day distributed optimal dispatch model.
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This study uses the Parallel Computing Toolbox in MATLAB, with eight simulation workers. Each VM solves
independently. As depicted in Fig. 13, the SADMM algorithm tends to converge after six iterations.
Tab.8 provides the solution times of the intra-day dispatch and real-time power tracking in Schemes 2 and 3.
Fig.8 Solution times in different Schemes
Intra-day(t=50)/s Real-time (7=980)/s
Schemel 65 0.016
Scheme3 48 0.0051
Tab. 8 illustrates that in Scheme 1, where there is no NP, the active distribution network contains numerous decision
variables, resulting in slow iterative convergence. Conversely, in Scheme 3, the dimension of the decision variables
within each VM is reduced, leading to significantly accelerated convergence. NP substantially reduces optimization
computation time, which can meet the requirements for intra-day dispatch and real-time power tracking.

4.6 Application in IEEE-69 bus Distribution Systems

To verify the robustness and applicability of the proposed method across different distribution network, the IEEE-69
bus distribution network is utilized for network partitioning and distribution optimal dispatch. The network partitioning
result and the independent and interactive dispatch result within and between VMs are illustrated in Fig. 14.

Tab.9 Operation costs of IEEE-69 bus distribution system

Independent optimal Interactive optimal

VM1 VM2 VM3 VM1 VM2 VM3

PV ¥ 495.08 32840  329.05 492.11 32996  328.18

ESS /¥ 0 122.61 93.12 0 165.27 61.29

FL /¥ 247.75  48.19 516.15 225.50  132.77  408.74
MGT #* 5267.00 4468.40 14241.00 7190.60 287290 10819.00

Gridand VM /¥ 1969.40 0 0 3804.80 0.00 0.00
Between NMGs /¥ / / / -4890.60 1562.70 3327.90
Total//¥ 28126.15 26831.12
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(a) Network partitioning result of IEEE-69 bus distribution system
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Fig.14 Results of IEEE-69 bus distribution system
Fig.14(a) demonstrates that the divided virtual microgrids can maintain power-load balance throughout the day when
operating independently. Tab.9 indicates a significant 4.6% reduction in total costs when NMGs operate interactively.
The proposed strategy exhibits strong robustness and applicability under diverse conditions.

5. Conclusion

To address the challenges posed by significant uncertainty, low utilization of renewable energy, and control
complexities in active distribution network with high penetration of renewable energy, this paper proposes a distributed
optimal operation strategy for NMGs based on NP. Considering the robustness interval of renewable output power, a
NP model incorporating modularity and robust flexibility is established to partition the active distribution network into
NMGs, thereby enhancing the balance capacity between power supply and demand within VM. Furthermore, intra-day
dispatch and real-time power tracking models are developed and solved using distributed methods. The flexible
resources are dispatched and the interactive power among NMGs is coordinated to reduce operating costs and improve
the utilization of renewable energy. Additionally, the flexible resources within VM are coordinated to mitigate power
fluctuation and track intra-day dispatch instructions in a real-time power tracking model. Through simulation and
comparative analysis, the results demonstrate:

1. The proposed NP method, which incorporates modularity and robust flexibility, effectively partitions the active
distribution network into NMGs and ensures a robust power balance capacity within each VM. Simulation results
demonstrate that NMGs partitioned by this NP method can achieve power balance between supply and demand, thereby
avoiding load shedding.

2. The proposed distributed optimal method based on NP effectively dispatches flexible resources and coordinates
interactions between VMs and between VM and the upper grid, resulting in reduced operating costs and increased
utilization of renewable energy. Simulation results in this paper indicate that when NMGs operate interactively, the
proposed NP method reduces dispatch costs by 3.3% and enhances distributed PV utilization by 4.2% compared to the
NP method considering modularity alone.

3. The partitioned NMGs can operate in different modes. During emergencies or faults, NMGs can operate
independently to ensure a reliable power supply, while under normal conditions, they can operate interactively to reduce
costs and increase the utilization of renewable energy. The simulation results presented in this paper verify the



effectiveness of independent operation, and demonstrate a 5.3% reduction in operating costs and a 3% increase in
renewable energy utilization during interactive operation compared to independent operation.

4. The proposed two-layer distributed optimal decomposes the global optimization model into sub-models and solves
them in parallel locally. This approach reduces decision-making dimensions and accelerates solution speeds. Simulation
results in this paper demonstrate that applying NP to the active distribution network reduces calculation times for intra-
day dispatch and real-time power tracking by approximately 26% and 50%, respectively, compared to centralized
control.

This research is applicable to active distribution networks with high penetration of distributed renewable energy,
energy storage, and flexible loads, aiming to fully utilize the regulation capabilities of various types of flexible resources.
Based on this research, future work will focus on evaluating the regulation capabilities of microgrids and exploring their
interaction mechanisms with the higher-level grid and neighboring microgrids. Additionally, the network partitioning
method proposed in this paper is valuable for site planning of Soft Open Point (SOP), suggesting that tie-lines of VMs
could be developed into SOPs, thereby enhancing the flexibility of active distribution networks.
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