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Abstract

This passage discusses a rapid restoration optimization strategy for short-term
global coordination and the synergistic autonomous regulation of distributed
energy sources based on a model predictive control framework. A short-
term rapid recovery global coordination optimization model is established
through the prediction of network states under abnormal conditions. This
model includes the energy management of distributed energy sources and
recovery plans for critical loads. In terms of the autonomous regulation
of distributed energy sources, based on the results of global coordination
optimization and aiming to minimize load shedding losses and grid losses, an
ultra-short-term rolling control strategy is formulated using power output and
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load switching as control variables. Finally, simulation analysis on the IEEE
33-node distribution network system indicates that the proposed model and
method significantly accelerate the recovery speed of the distribution network
and effectively enhance its resilience level.

Keywords: Rapid restoration, model predictive control, distribution net-
work, distributed energy sources, resilience assessment.

1 Introduction

In the context of the construction of a new power system, a massive influx
of heterogeneous distributed energy resources (DER), represented by energy
storage, demand response, and distributed generation (DG), is gradually
connecting to the distribution network and actively participating in its opera-
tion and control [1, 2]. The distribution network is evolving towards being
actively powered, flexible, and characterized by high randomness [3, 4].
At the same time, the power grid faces increasingly complex internal and
external threats, such as cascading faults, wide-frequency oscillations, net-
work attacks, human errors, and extreme natural disasters [5]. When the
transmission system is disrupted and unable to supply electricity to the
distribution system in a timely manner, it can lead to widespread power
outages [6], causing significant economic and social losses.

In response to the potential occurrence of major power outages, schol-
ars both domestically and internationally have introduced the concept of a
“resilient power grid” [7]. Its main features include actively coordinating
internal and external resources of the power grid, proactively anticipating and
defending against various disturbances, rapidly restoring critical loads, and
achieving a high degree of self-healing [8, 9]. For the distribution network, it
is possible to fully utilize the internal flexibility of various types of DERs
to coordinate and formulate recovery plans. By quickly restoring critical
loads before the transmission network recovers, the scope and losses of
power outages can be minimized. Therefore, researching rapid emergency
recovery strategies assisted by DERs for the distribution network, with a
focus on enhancing its resilience from a self-healing perspective, is of great
significance for energy security [10, 11].

Currently, various researches have been done to explore rapid recov-
ery solutions for distribution networks assisted by a massive influx of
heterogeneous DERs. This exploration mainly involves three aspects: dis-
tribution network partition, network restructuring, and load recovery. For the
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optimization of distribution networks with a high proportion of DG, existing
research mainly divides the network into multiple subsystems based on the
performance of DG and the distribution of critical loads. Each subsystem is
independently and parallelly recovered. Reference [12] proposes a novel opti-
mal model for the islanding partition problem of active distribution networks
(ADNs) considering the time series characteristics of the DGs and the loads,
and the uncertainties of NDG outputs. Considering different operation modes
of DGs, reference [13] presents a new reconfiguration formulation model in
ADNs to investigate the flexibility of DGs in form isolated microgrids by
changing their physical boundaries. To form more flexible islands for better
load recovery, reference [14] proposes a dynamic island partition strategy
based on the Dijkstra algorithm. It formulates a multi-objective multi-period
optimization adjustment model considering controllable loads participating
in dispatch However, the effectiveness of distribution network partition is
influenced by the reconstruction of subsystem networks and load recovery
results. Different partitioning schemes lead to differences in subsystem net-
work structures and load recovery plans, subsequently affecting the overall
system recovery efficiency. The three aspects are interdependent, mutually
supportive, but many studies currently treat partition optimization in isola-
tion, neglecting its interactive effects with subsequent recovery processes,
which can lead to suboptimal results. Additionally, many studies have not
considered the time-varying characteristics of the “source-load” relationship,
relying solely on a single time cross-section as a reference for partition. This
can result in power imbalances within subsystems during the distribution
network recovery process.

In the optimization of subsystem network restructuring within distribution
networks, existing research primarily focuses on establishing a secure and
reliable network structure to ensure stable power supply, taking into account
factors such as the start-up sequence of power sources, recovery paths,
and the mutual influence between target network structures. Reference [15]
proposes a novel optimisation method of network restructuring based on
a two-layer unit-restarting framework for power system restoration. This
two-layer framework includes network-layer and plant-layer unit restarting
and the optimisation of the network restructuring is established as a multi-
objective optimisation form. A loop-network reconfiguration optimization
model is proposed in reference [16], in which a multi-scenario set of the wind
power outputs including extreme scenarios is constructed since during the
black-start restoration process the uncertainty of renewable energy outputs
would aggravate the transmission line overloads. Although these studies
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focus on the transmission network and microgrid levels, they can also provide
valuable insights for network restructuring plans during the recovery process
in distribution networks supported by a massive influx of flexible DERs.
If the start-up sequence and recovery paths of power sources are planned
in a coordinated manner and the interaction effects between the two aspects
are comprehensively considered, better optimization results can be achieved
for the rapid recovery of distribution networks with large scale of DERs.

Load recovery, as the ultimate goal of distribution network restoration,
permeates the entire recovery process, with the final load recovery being
influenced by the results of partition and network restructuring. Refer-
ence [17] presents a multi-objective optimization model to investigate the
role of Battery Energy Storage Systems (BESSs) in power system restoration
after blackouts. Based on flexible charging and discharging characteristics,
leveraging BESSs can reduce circuit breaker operations and outage durations,
thus accelerating the recovery speed of the power system after a blackout.
Reference [18], considering the reliable power supply for the sensitive loads
(e.g., industrial, commercial, and residential), proposes an analytical model
for the restoration problem in distribution networks with self-healing fea-
tures, optimizing actions like network reconfiguration, load rejection, and
voltage regulation. A novel mathematical formulation that reduces binary
variables is introduced, aiming for an efficient restoration plan with mini-
mized de-energized nodes and self-healing actions. Reference [19] proposes
aresilience enhancement model to optimize the preparatory operation of DGs
against extreme weather events. The model minimizes the expected cost of
energy not served and prioritize critical load restoration considering customer
interruption costs, outage duration, and network constraints. However, few
of the mentioned studies give sufficient consideration of the time-varying
coupling characteristics of “source-load” across multiple time sections. Cur-
rently, the accuracy of intermittent DG and load power predictions still
struggles to meet the demands of precise control, decreasing with increasing
prediction duration. Model predictive control (MPC), as an advanced opti-
mization algorithm, compensates for the shortcomings of prediction model
accuracy through rolling optimization and feedback correction. It has shown
significant effectiveness in suppressing disturbances and improving robust-
ness, making it a research hotspot for dealing with uncertainty in large-scale
integration of renewable energy sources [20]. Therefore, utilizing MPC for
rapid recovery and precise control in ADNs becomes an effective technical
means to address the aforementioned challenges.
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In addressing the aforementioned issues, this study considers the time-
varying characteristics of “source-load” within the distribution network and
establishes a rapid emergency recovery strategy based on the MPC frame-
work. The strategy combines short-term global coordination optimization and
ultra-short-term subsystem autonomous regulation. Specifically, in the short-
term global coordination optimization for emergency recovery, considering
the mutually driving and supportive characteristics of subsystem recovery, a
bi-level optimization model is constructed. The upper-level problem centers
around the main power source as the regional core, with the goal of parti-
tioning subsystems to satisfy the power supply radius. In the spatial domain,
a preliminary partition model is established, utilizing a combination of the
shortest path algorithm and breadth-first traversal methods to solve initial
objectives and narrow down the scope of partition recovery strategy solutions.
The lower-level model aims to minimize the total cost of emergency recovery
and maximize the recovery of critical loads. In the temporal domain, a joint
optimization model for partitioning and subsystem recovery is established
to obtain the globally optimal recovery plan. Using the short-term global
coordination optimization results as a baseline, the objective is to minimize
load shedding losses and grid losses during the recovery process. This is
achieved by optimizing the power output of sources and switching of loads
to achieve the best power matching between DER and loads. This forms a
rapid recovery strategy that combines subsystem rolling optimization with
feedback correction. Finally, the effectiveness of the proposed method and
model is validated using an improved IEEE 33-node distribution network
system as an example.

The rest of this paper is organized as follows. The short-term global
coordination optimization model for distribution network recovery is for-
mulated in Section II. Section III introduces the ultra-short-term subsystem
autonomous regulation model for distribution network recovery. And Section
IV introduces the procedures of rolling optimization autonomous regulation
and feedback correction optimization, and describes the solution method of
the proposed model. Section V provides numerical results from case studies.
Finally, this paper is concluded in Section VI.

2 Short-Term Optimization Model

The short-term global coordination optimization model for distribution net-
work recovery is divided into two levels, including the preliminary partition
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model at the upper level and the joint optimization model for partitioning and
subsystem recovery at the lower level.

2.1 Upper Level

In this study, based on short-term predicted values of “source-load” at the
moment of distribution network outage, preliminary partition is conducted in
both spatial and temporal dimensions. The detailed steps are as follows:

(1) Determining the number of partitions. Analyze the time-varying charac-
teristics of distributed resource output and determine the priority weights
for the recovery of critical loads at the moment of the fault occurrence in
the distribution network. Then choose energy storage with self-starting
capability and good voltage and frequency regulation capabilities as
the main power source for each subsystem. Based on the location of
the main power source in each subsystem, determine the number of
partitions required for the distribution network.

(2) Formulating the initial partition plan. Choose the reactance value (X)
as the weight for the lines. Select the node where the black-start power
source is located as the root node. Utilize Dijkstra’s algorithm to cal-
culate the shortest electrical distance (Q) from all load nodes to the
root node. Set a preliminary partition threshold Ar;, and compare
the shortest electrical distances from load nodes to different black-start
power source nodes. Conduct preliminary partition on load nodes in the
spatial dimension based on distances. For load nodes with distances less
than the preliminary partition threshold, assign them to the respective
partition. Nodes unable to be assigned to a partition due to distances
smaller than the preliminary partition threshold are temporarily placed
in the set of nodes W, to be partitioned further, awaiting additional
optimization by the lower-level model.

(3) Correcting the initial partition targets based on the power supply radius.
Use the main power source within each partition as the starting node,
and define the power supply radius as the available output of the main
power source at the outage moment. To account for the time-varying
nature of “source-load,” reserve a certain margin in the power supply
radius. Utilize breadth-first traversal to search for first and second-level
loads within the defined power supply radius. Determine the power
source supply range by considering the available output of the main
power source and check whether the power in the partition exceeds the
limit to validate the rationality of the partition. If the power exceeds
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the limit, prioritize load nodes with lower importance for recovery and
assign them to the set of nodes to be partitioned further. If still not
satisfied, modify the preliminary partition threshold Ay, from Step 2)
and redistribute the load. For other available DERs within the power
supply range, aggregate their outputs and update the power supply radius
and range accordingly. In case of overlapping power supply radii of main
power sources, merge two partitions into one larger subsystem.

2.2 Lower Level

The preliminary partition results, based on the electrical parameters of the
lines, exhibit a spatial characteristic with the subsystem’s main power source
at its core. However, for nodes that have not been partitioned, and where
there is no significant difference in spatial distance to power sources, further
consideration is required at the temporal level. All load nodes within the
set of nodes to be partitioned further are considered decision variables.
Utilizing a genetic algorithm, multiple partitioning schemes are randomly
generated, forming a set of partitioning objectives (S). The objectives include
minimizing the total emergency recovery cost and maximizing the resilience
index. For each partitioning scheme in the objective set S, the subsystem
recovery optimization model is invoked, ultimately solving for the optimal
partitioning and optimal subsystem recovery scheme.

2.2.1 Partitioning model

2.2.1.1 Objective

The partitioning optimization model aims to minimize the total emergency
recovery cost and maximize the resilience level. The recovery cost includes
the time cost, line operation cost, and capacitor charging cost throughout the
system recovery process. The following objective function is established:

Qp Qp
fl = Z(Tn _T)Q +Z(gl,n+g2,n+Tn) (1)
n=1 n=1
f2=R
min F' = A\ f1 + Ao fo ()

where f; represents the total emergency recovery cost, composed of the
recovery costs of all subsystems. {2 represents the total number of partitions.
T, represents the recovery time cost of subsystem n. T represents the average
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recovery time cost of all subsystems and T = (ZSZDI T,)/. g1, and g2
represent the reactive power charging and switching number in the recovery
path of subsystem n, respectively. g1, g2, and T}, together constitute the
recovery cost of subsystem n. A1 and Ay are coefficients that influence the
objective function and A\ + Ay = 1.

2.2.2 Constraints
2.2.2.1 Power adequacy

QG,d QL@
Z /BG,n,iPG,n,i - Z BL,n,iPL,n,i >0 3)
1=1 i=1

where {)g 4 is the number of DERs in subsystem n. 3q ,; represents the
start-up status of the i-th DER in subsystem n, where 1 indicates started and
generating, and 0 indicates not started. Pg j,; is the active power output of
the i-th DER in subsystem n. (), 4 is the number of load nodes in subsystem
n. 31, n,i represents the recovery status of the i-th load node in subsystem n,
where 1 indicates recovered, and 0 indicates unrecovered. P}, ,, ; is the active
power of load j in subsystem n.

2.2.2.2 DER output
PEY < Pom < PEE, me Qg

QEN < Qam < QB m € Qg

where Pq, is the active power output of the started DER. ()¢, is the reactive
power output of the started DER. {2 is the set consisting of all DERSs in the
system.

“4)

2.2.2.3 Node voltage
UM <U; UM, i€y &)

where U; is the voltage magnitude at the already recovered node i. 2y is the
set consisting of all already recovered nodes in the system.

2.2.2.4 Node power balance
Qn
P, =U; Z Uj(Gij CcOs Hij + Bij sin 01])
j=1
On (6)

Q; =U; Z Uj(G,‘j CcOs eij + Bz’j sin 92])
j=1
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where P; and (); are the injected active and reactive power at node i. U;
and U; are the voltage magnitudes at nodes i and j. G;, B;; and 0;; are the
conductance, susceptance, and voltage phase angle difference between nodes
i and j, respectively.

2.2.2.5 Transmission line capacity limit
’PLl’ < Pﬁ?ax,l S QL (7)

where Pp; represents the active power transmitted in line /.

2.2.2.6 Radiation operation
H € Qy ®)

where €)1 represents the set of radiation topology structures in the distribu-
tion network.

2.2.3 Subsystem recovery model

The subsystem recovery model is to reconstruct the de-energized network,
jointly optimize the load recovery sequence and charging paths, obtain the
target network to be restored, and ultimately achieve the continuous and
reliable power supply to the internal important loads. This paper proposes
an elastic operation strategy based on MPC to achieve real-time optimization
and adjustment of the power output and load switching quantities.

2.2.3.1 Objective
For each subsystem, the following objective functions are established:

Q n tr',i
S it S0 Brni(8)pLn,i(t) Prp,i(t)dt
, e U, O

21:1 Z

where {1y, ,, is the number of all load nodes in subsystem 7. €); ,, is the number
of all lines in subsystem n. ¢,.; represents the time at which load node i in
subsystem d is supplied during recovery. ¢, ; 1, represents the time at which
the system fault is resolved, and normal operation is restored in subsystem
n. Br.a. represents recovery status of load node i in subsystem n (1 for
recovered, O for not recovered). pr, , i(t) represents priority weight for load
node 7 in subsystem # at time . P, ,, ;(t) represents active power of load node
i in subsystem 7 at time ¢. Z; represents the weight of line /. The constraints
for the subsystem recovery model are similar to Equations (3) to (8).

maxG =



668 H. Lietal

2.2.3.2 Line importance assessment indices

This paper considers both efficiency and risk when establishing the skeleton
network, taking into account the impact of line operation time, charging
capacitance, and switch operations on line weights. Line weights are set to
evaluate the importance of lines, and optimization results in the recovery path
composed of high-importance lines.

2.2.3.3 Weight assignment for line operation time

The evaluation criterion for the operation time of each line in the emergency
recovery process of the distribution network is defined as the time operation
weight 7. This weight measures the time consumed by a line from the start
of charging to the completion of charging. In practical systems, the opera-
tion time for each line is typically divided into optimistic estimate time A,
pessimistic estimate time B, and most likely estimate time M based on the
experience of operators. The actual required time for the recovery of each
line, denoted as ¢;, follows a Beta distribution between A and B [21]. For the
operation time of a specific line 1, its expected value F(t;) and variance o
are given by:

A+4M + B
E(t) = % (10)
o = (B_A>2 11
1= 5 (11)

where [ € 1, and ¢, represents the set of all lines in the system. Assuming
there are L lines forming the power delivery path located at a specific node
i, the mean and variance of the operation time for this recovery path are
given by:

12)

(13)

2.2.3.4 Cost weight for line recovery

The total charging capacitance is crucial to consider during network restruc-
turing as excessive capacitance can impact system safety, leading to overvolt-
age conditions on the lines, especially under no-load or light-load conditions.
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Managing and optimizing this capacitance is essential for ensuring the relia-
bility and safety of the reconfigured distribution network. The total charging
capacitance on the recovery path for load node i can be expressed as:

CL=>) G (14)

1€Qy,

where C', represents the total charging capacitance, and C} is the charging
capacitance with line /.

If we consider the recovery cost weight W, for line / as an indicator of the
difficulty level in the recovery process, setting the recovery cost weight based
solely on the impact of line charging capacitance may lead to the formation of
multiple recovery paths composed of lines with small charging capacitance,
replacing the recovery of a single line. This, in turn, can result in frequent
switch operations on the lines. To address this, the recovery cost weight for
line / can be set as:

Wi=Ci+5 (15)

where S represents the operating cost of closing and opening the switch for
line [. Typically, circuit breakers are installed at both ends of the line, and
during recovery, closing the breaker is necessary. Assuming the operating
cost for each line 5] is the same, adjusting the value of .S; allows for tuning the
influence of both line charging capacitance and switch operation frequency
on the optimization of the recovery path.

2.2.3.5 Weight of each line

The weight of a line Z; is determined by considering two evaluation indi-
cators: the recovery cost weight W, and the time operation weight ¢;. The
weight of a line is set as:

Zp = Wy + st (16)

where 1 and po are parameters that adjust the balance between time oper-
ation and recovery cost, and g1 + g2 = 1. When the time operation weight
and the recovery cost weight of a line are smaller, the overall weight of the
line will be smaller.

3 Ultra-Short-Term Model

The deviations in the forecasted power of the “source-load” can lead to power
imbalances and increased network losses, thereby raising the risk of failure in
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distribution network recovery. To address this issue, a self-regulating control
strategy is proposed within the ultra-short-term subsystem. This strategy uses
the short-term global coordinated optimization scheme as a baseline and
relies on real-time updates of wind speed, solar irradiation, and load ultra-
short-term forecast information. The approach involves employing a rolling
optimization method to construct the optimal control sequence within a given
time interval (7 + At) at the 7-th moment. This real-time rolling optimization
is designed to determine the optimal adjustments to DERs output and load
shedding increments. By incorporating real-time data on energy generation
and demand fluctuations into the self-regulating control strategy, the system
can make more accurate predictions and adjustments, leading to improved
coordination and optimization of energy sources to meet demand and enhance
the recovery strategy’s effectiveness. The primary objectives are to ensure
power balance within each subsystem, enhance operational stability, and
improve power quality. The rolling control time domain is defined as 7., with
a sampling time interval denoted as At, and the optimization goals include
minimizing load shedding losses and network losses.

The objective function for the self-regulating control of the subsystem
within the ultra-short-term domain is designed to minimize outage losses
by controlling the amount of load shedding or restoration based on the load
recovery situation obtained from the short-term global coordinated optimiza-
tion scheme. The goal is to achieve the optimal power matching between the
“source-load” in the distribution network. The objective y; is formulated as:

T+T% QL,n
Y1 = min Z Z (1 = BLni(7))pLmni(T)(PLni(T) + APL (7))
t=1 =1

A7)

where P, ,, ;(7) represents the actual measured load power at node i in sub-
system n at time 7. APy, ,, ;(7) represents the short-term forecasted change
in load power at node i in subsystem 7 at time 7.

Further, using the load recovery state obtained from the optimization of y;
as a reference and based on short-term forecasted information of wind speed,
solar irradiation, and load, the objective of subsystem autonomous control is
to minimize network loss within the controlled subsystem by adjusting the
controllable DER output power to reduce “source-load” power imbalance.
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The subsystem autonomous control objective function y is expressed as:

T+T5
Y2 = min Z [APloss,n(T)} (18)

t=1

where A Plogs »(7) represents the network loss in subsystem n at time 7.

The power balance, DER output, node voltage constraints, etc., have been
described earlier, i.e., constraints (4)—(6).

Energy storage has a fast start-up capability, and its state of charge
(SOC) remains relatively constant [22]. It can provide stable voltage and
frequency support for other power sources during the recovery process.
Considering energy storage charging and discharging power constraints and
energy storage state of charge constraints [23], they are expressed as follows.

—Prs N < Pgs(t) < PesN (19)
Ss0C,ES,min < Ssoc,Es(t) < Ssoc,ES,max (20)

where Pggn is the rated power of the energy storage. Ssoc,ES,min
Ssoc,ES,max and Ssoc,gs(t) are the lower and upper limits of the state of
charge of the energy storage and the state of charge during the recovery
process, respectively.Ssoc,gs(t) can be calculated as:

Pd
SSOC,ES(t) =1- 5) + (ncpés(t) — E;]Sd(t)> At/SS 20

where ¢ is the self-discharge rate of the energy storage. 7, and 7q are the
charging and discharging efficiencies, respectively. Pgg(t) and Pig(t) are
the charging and discharging powers at time 7, respectively. S is the capacity
of the energy storage.

4 Solving Methods

To reduce load shedding losses and network losses during the recovery pro-
cess and achieve the optimal matching between different types of DERs and
loads, the following subsystem rolling optimization and feedback correction
control strategy is proposed. It is assumed that the distribution network is
divided into subsystems A and B.
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4.1 Rolling Autonomous Control Strategy in the Real-time Stage

Step 1: Based on the current time k and the measured “source-load” state x(7)
within the subsystem, obtain short-term predictions of active power output for
wind and solar power, as well as the power consumption of each node, using
the prediction model. Further deduce the operating state of the subsystem and
calculate the power deviation between DERs and loads. Determine whether
load shedding is needed in the future time 7+ 1,742, ..., 7 +7T¢. If no load
shedding is required, proceed directly to step 3; otherwise, proceed to step 2.

Step 2: If load shedding is needed, optimize the load shedding amount for the
future time 741, 742, ..., 7+ 7, based on the objective function y;. Use the
first optimal solution from the control sequence to minimize load shedding
losses. Compare the expected load shedding losses. If subsystems A and B
all have positive or negative power deviations, perform rolling optimization
and autonomous control to match DERs with loads until load shedding losses
are reduced to a reasonable level. Proceed to step 3. If subsystem A, after
optimization, requires cutting off a portion of the load due to negative power
deviation, resulting in load shedding losses significantly exceeding expecta-
tions, and subsystem B still have large positive deviations after recovering
important loads, it indicates that the partitioning scheme in the short-term
global coordination optimization of the distribution network recovery needs
feedback adjustment. Proceed to global feedback correction.

Step 3: With the optimized load recovery status as a reference, use the
objective function y, to further optimize the power output of the power
sources. Achieve the best matching between DERs and loads. Update the
subsystem state to z(7 + 1) at time 7 + 1, and repeat the above operation
steps.

4.2 Feedback Correction Control Strategy

The time-varying characteristics of “source-load” and the preliminary par-
tition limit can affect subsystem recovery. It is necessary to adjust the
partitioning scheme based on the rolling optimization of the subsystem.

Step 1: Based on the preliminary partition scheme, reassign the loads in the
set of nodes awaiting partitioning. According to the power deviation between
DERs and loads obtained from rolling optimization and control, and with
reference to the priority recovery weight p;(t) reassign the loads originally
allocated to subsystem A to prioritize subsystem B. If after the reallocation,
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the power deviations in subsystems A and B are all within a reasonable range,
then end the process. Otherwise, proceed to step 2.

Step 2: Reduce the preliminary partition limit, expand the set of nodes
awaiting partitioning, and re-execute step 1. If there are still subsystems
with power deviations, proceed directly to step 2 of the real-time rolling
autonomous control strategy. If load shedding is required to remove excessive
loads, then end the global feedback correction.

4.3 Model Solving

This article employs a combination of genetic algorithm and Floyd algo-
rithm to solve the partitioning and subsystem recovery optimization model.
The load node variables in the set of partition nodes are encoded as real
integers, while the load node variables in each subsystem use permutation
encoding. For each partitioning scheme’s subsystem, load recovery nodes and
sequences are randomly generated. The Floyd algorithm is then invoked to
search for recovery paths for each sequence. This process yields the global
optimal solution for partitioning and subsystem recovery in the entire system.

5 Case Study

In this section, an improved IEEE 33-node distribution network system
is employed for simulation analysis, as depicted in Figure 1. The system
comprises a total of 37 branches, with dashed lines representing 5 tie-switch
branches. Details of all line parameters, node load levels, types, and load
demand can be found in the appendix.

The time from fault outage to recovery is assumed to be 2 hours, and
transient quantities such as excitation surge currents generated by start-
ing substations and impact currents generated by asynchronous motors

3 ESS2 WT2

31 32

1B 2 2

ESSI

Figure 1 Improved IEEE 33 node distribution network system.
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during emergency recovery are not considered. It is assumed that DERs are
connected to nodes 10, 14, 21, 25, 30, and 33. The energy storage system
has an SOC of 80% at the time of outage and can provide sustained power
discharge with a maximum power of 2 hours. The detailed parameters of
DERs and typical daily renewable energy outputs and load demand curves
can be also found in the appendix.

5.1 Short-term Optimization Results

Assuming that at 14:00, a fault occurs in the transmission network system,
leading to a widespread power outage in the IEEE 33-node distribution net-
work. At this time, the available generation capacity of photovoltaic and wind
power is approximately 64% and 62%, respectively, with a total available
output of 2714kW.

5.1.1 Results of preliminary partitioning

Based on the characteristics of DER output and considering its available out-
put, start-up time, load capability, as well as voltage and frequency regulation
capabilities, nodes 21 and 30 with energy storage are chosen as the main
power sources for subsystems. Considering the locations of ESS1 and ESS2,
the number of partitions is determined to be 2, dividing the distribution net-
work into subsystem A and subsystem B, each supported by energy storage
as the main power source for parallel recovery of voltage and frequency. This
study sets the initial partition limit Ay, = 1. Taking nodes 21 and 30 as
root nodes and using the line electrical parameters as weights, the Dijkstra
algorithm is invoked to perform the initial partitioning of the system nodes,
resulting in the set of nodes to be partitioned ¥,y = {node 3, node 4, node
5, node 6, node 15, node 23, node 26}. The preliminary partitioning results
are shown in Figure 2.

PV2 Subsystem B

24 y | Ess2 WT2
26 27 28 29 30 31 32 33
o e—o— oo

23

1 20 22 Subsystem A

Figure 2 Preliminary partition results.
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It can be seen that the initial partitioning only considers the line electrical
parameters and does not account for the “source-load” matching within
subsystems. Further adjustments to the partition are made based on the power
supply radius. Based on the “source-load” status at the time of the outage,
the initial partition is corrected according to the power supply radius. Using
nodes 21 and 30 as the main power supply points for subsystems A and B, the
initial power supply radii for subsystems A and B are set to 500 and 800 kW,
respectively, with a 20% reserve capacity. Breadth-first traversal is used to
prioritize the search for primary and secondary loads, determining the power
supply range of the main power sources. After confirming that the important
load power in subsystems A and B does not exceed the limit, the rationality
of the partition is verified.

5.1.2 Results of partitioning and subsystem recovery

Since the initial partition is based on line electrical parameters and is centered
around the main power sources in the spatial dimension, for undivided nodes
with no significant differences in spatial distance to the two main power
sources, further division is required on the temporal dimension. Using the
load nodes in the set of nodes to be partitioned as control variables for
partition optimization and the load nodes in subsystems A and B as control
variables for grid reconstruction and load recovery optimization, the emer-
gency recovery plan for the distribution network is further optimized through
joint partitioning and subsystem recovery. The partition results, load recovery
sequence, and charging path results are shown in Figure 3, where yellow solid
circles represent loads that have been restored at these nodes, hollow circles
represent loads that have not been restored, orange thick solid lines represent
charged lines that have been opened and closed, and dashed lines represent
lines that are disconnected.

PV2 Subsystem B
24 ESS2 WT2
° 3
26 27 28 29 30 31 32 33
23
%1 2 3 4 5 {6 7 8 9 10 11 12 13 14 1516 17 |18
21 AL

22 Subsystem A

Figure 3 Global coordination and optimization results before black start.
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The set of nodes to be partitioned includes load nodes 3, 4, 5, and 6,
which are allocated to subsystem A, and load nodes 15, 23, and 26, which
are allocated to subsystem B. The specific steps for solving the recovery plan
within each subsystem are described in detail as follows:

In subsystem A: The energy storage ESS1 at node 21 is self-started as the
main power source using V/F control. Stable voltage and frequency are
established. Connection is established with the photovoltaic DER1 at node
10 and the wind WT1 at node 14. PV1 and WTI1 operate as secondary
power sources using PQ control. Priority is given to sequentially restore
the first-level loads at nodes 8, 21, 9, and 3, ensuring their safe and stable
power supply. Next, the second-level loads at nodes 2, 12, 19, 13, and 6
are sequentially restored, meeting their power supply needs on the basis of
uninterrupted power supply to the first-level loads. Finally, considering the
remaining available output within subsystem A, the third-level loads at nodes
7,20, 10, 14, 22, 11, 5, and 4 are sequentially restored. The calculated time
for the entire subsystem A to recover from the outage is 18 minutes.

In subsystem B: The energy storage ESS2 at node 30 is self-started as the
main power source using V/F control. Stable voltage and frequency are estab-
lished. Connection is established with the photovoltaic PV2 at node 25 and
the wind WT2 at node 33. PV2 and WT2 operate as secondary power sources
using PQ control. Priority is given to sequentially restore the first-level loads
at nodes 24, 32, and 29, ensuring their safe and stable power supply. Next,
the second-level loads at nodes 25, 23, 28, and 16 are sequentially restored,
meeting their power supply needs on the basis of uninterrupted power supply
to the first-level loads. Finally, considering the remaining available output
within subsystem B, the third-level loads at nodes 33, 30, 18, 31, 17, 15, 27,
and 26 are sequentially restored. The calculated time for the entire subsystem
B to recover from the outage is 18 minutes.

5.2 Results of Ultra-Short Term Subsystem Autonomous Control

After completing grid reconstruction and load restoration in both subsystems
A and B, the rolling optimization autonomous control and feedback cor-
rection operations are conducted starting from 14:20. Based on the current
measured “source-load” status and the short-term global coordination opti-
mization results, the real-time rolling optimization autonomous control and
feedback correction are performed according to the ultra-short-term forecast
values of wind and photovoltaic active power outputs and load power at
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Figure 4 Load recovery in distribution network system.
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Figure 5 Diagram after global feedback correction at time 15:05.

each node (see Appendix Figure Al). The load recovery situation in the
distribution network system is shown in Figure 4.

According to the results analysis, the power outage occurred at 14:00
when wind and solar resources are abundant enough to support the recov-
ery of all loads in the system. As the sunlight gradually decreased in the
afternoon, photovoltaic output reduces. Through rolling optimization and
feedback correction to adjust the generator output, and cutting off some
low-priority recovered loads, the system remains safe and stable.

At 15:05, during rolling optimization, there is a power mismatch between
DERs and loads in subsystem B, leading to a negative deviation. Through
optimization, it is found that subsystem B needed to cut off some low-priority
recovered loads to maintain power balance. However, at this time, subsystem
A still has a positive deviation in power, indicating that the partitioning
scheme in the short-term global coordination optimization needed feedback
correction. Therefore, a global feedback correction operation is executed, as
shown in Figure 5.
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Figure 6 Diagram after self-regulation of subsystem B at time 15:45.
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Figure 7 Power output diagram in the system.

When rolling optimization reaches 15:35, as the sunlight intensity
decreases, the available output of photovoltaics gradually decreases, and
the demand for residential load increases, leading to a negative deviation
in subsystem B. This deviation cannot satisfy the power balance constraint
within subsystem B. Since the positive deviation in subsystem A is relatively
small, the global feedback correction is not triggered. It is necessary to
autonomously control and finally cut off the load node 17 to achieve balance.
Continuing the rolling optimization until 15:45, as the sunlight intensity
further decreases, a negative deviation occurs in subsystem B. To address
this, it is necessary to autonomously control and cut off the load node 31 with
lower priority recovery weight. The result after autonomous control is shown
in Figure 6.

Based on the short-term forecast information of wind speed, solar irra-
diation, and load, by controlling the controllable DER output, the power
difference between “source and load” is reduced, aiming to minimize network
losses within the control domain of the subsystem. The output situations of
each DER are depicted in Figure 7. Utilizing energy storage helps smooth
the fluctuations in wind and solar output and load demand, building upon the
effective utilization of renewable energy resources for power generation.
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Table 1 Calculation efficiency of different models

Model Solution Time/s  #Iter

Short-term global coordinated Preliminary partition model 6.447 -
optimization model Joint optimization model of 3210.214 19

partition and subsystem

recovery
Ultra-short-term subsystem Load switching variation and 4.256 -
self-regulation model subsystem network loss

optimization

5.3 Computational Performances

To further verify the applicability of the proposed model framework for ultra-
short-term rolling control, an analysis of the model calculation efficiency is
conducted, and the results are shown in Table 1. According to the results
in Table 1, for the short-term global coordination optimization model, its
preliminary partitioning model exhibits high calculation efficiency. After
solving the preliminary partition, only a small number of nodes remain to be
partitioned, significantly reducing the scope of partition recovery strategy and
decreasing the computation load of the joint optimization model for partition-
ing and subsystem recovery. For the ultra-short-term subsystem autonomous
control model, its calculation is mainly fine-tuning based on short-term
optimization. The actual model computation time can be controlled within 10
seconds. Therefore, the model’s calculation efficiency meets the requirements
of ultra-short-term rolling control.

5.4 Comparative Analysis of Various Recovery Schemes

Taking the method proposed in this paper as Method 1 (M1), single-time-
section optimization as Method 2 (M2), and multiple-time-section open-loop
optimization as Method 3 (M3), a comparative analysis of the effects of these
three methods on emergency recovery schemes in distribution networks is
conducted, and the results are presented in Table 2.

It can be observed that the proposed method M1, which combines MPC
for short-term global coordination optimization and ultra-short-term subsys-
tem autonomous control, achieves a higher total recovered load, the least
blackout load, and a relatively higher resilience assessment indicator. M2,
which considers only a single-time section, results in a failure of system
recovery due to power imbalance affecting normal load supply when the
blackout continues until 15:05. Moreover, it has the minimum total recovered
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Table 2 Comparison of recovery schemes

Duration of Total Restored Number of Resilience

Power Outage  Methods Load/(kWh) Power Loss Loads  Index (R)
M1 4045.417 2 66.287

14:00-16:00 M2 1993.296 32 0.0160
M3 4129.939 4 13.563

load and the lowest resilience assessment indicator. M3, considering the
coupling of multiple time sections, shows a noticeable improvement in the
overall effect of the recovery scheme compared to M2. However, it neglects
the mutual influence between sections and lacks feedback correction, leading
to a direct cut-off of part of the load when the blackout continues until 15:05,
revealing significant deficiencies in the recovery scheme.

6 Conclusion

This paper is aimed at the situation where a large-scale blackout occurs in
the distribution network due to a fault in the transmission network. The new
demand arises for utilizing abundant distributed energy resources (DERs) to
assist in the rapid self-healing of critical loads in the distribution network. The
paper takes into full consideration the time-varying characteristics of “source-
load” and their impact on the system recovery process. Based on the model
predictive control (MPC) framework, a rapid emergency recovery strategy
for distribution networks is constructed, combining short-term global coor-
dination optimization and ultra-short-term subsystem autonomous control.
By progressively refining the predictive information and rolling optimization
with feedback correction within subsystem recovery processes, the paper
ensures the safe operation of the system.

Case studies show that compared to single-time-section optimization and
open-loop optimization without feedback correction, the proposed method
has significant advantages in ensuring power supply to critical loads, reducing
recovery costs, and improving system resilience. Additionally, energy stor-
age, as a critical supporting power source in the distribution network recovery
process, is significantly influenced by the uncertainty of available capacity
at the time of the blackout. Similarly, the duration of distribution network
recovery will also inversely affect the utilization of energy storage resources
and the formulation of recovery plans. In future, by diversifying storage
technologies, optimizing energy storage configurations, and implementing
flexible control strategies, robust recovery plans can be developed to address
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uncertain energy storage availability during blackouts. Optimization config-
urations for energy storage devices will be developed based on factors such
as the penetration rate of wind/solar power and resource availability within
regional distribution networks. Coordinated control strategies for wind and
solar power will be formulated to meet the demands of reliability, stability,
and continuity in power supply, collectively supporting the rapid emer-
gency recovery of distribution networks under the integration of abundant
distributed resources.

Appendix

Table A1 Node parameters of IEEE 33 distribution network

Bus Load Active Reactive
No. BusType Load Type Importance Rating Power/kW  Power/kVar

1 3 -

2 1 Commercial 2 90 50
3 1 Government 1 80 30
4 1 Resident 3 110 70
5 1 Commercial 3 50 20
6 1 Resident 2 50 10
7 1 Commercial 3 190 90
8 1 Government 1 190 90
9 1 Medical 1 50 10
10 1 Commercial 3 50 10
11 1 Resident 3 35 20
12 1 Commercial 2 50 25
13 1 Resident 2 50 25
14 1 Resident 3 110 70
15 1 Resident 3 50 0

16 1 Commercial 2 50 10
17 1 Resident 3 50 10
18 1 Commercial 3 80 30
19 1 Resident 2 80 30
20 1 Commercial 3 80 30
21 1 Medical 1 80 30
22 1 Resident 3 80 30
23 1 Commercial 2 80 40

(Continued)
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Table A1 Continued

Bus Load Active Reactive
No. BusType Load Type  Importance Rating Power/kW  Power/kVar
24 1 Government 1 410 190
25 1 Commercial 2 410 190
26 1 Resident 3 50 15
27 1 Resident 3 50 15
28 1 Resident 2 50 10
29 1 Medical 1 110 60
30 1 Commercial 3 190 590
31 1 Resident 3 140 60
32 1 Medical 1 200 90
33 1 Resident 3 50 30

Note: In the column of load importance rating, “1”” means the first-level load, i.e.,
the most important load.

Table A2 Branch parameters of the IEEE 33 node distribution network
Branch No. From Bus ToBus Resistance Reactance Operation Time

1 1 2 0.09 0.05 2
2 2 3 0.49 0.25 1
3 3 4 0.37 0.19 2
4 4 5 0.38 0.19 1
5 5 6 0.82 0.71 1
6 6 7 0.19 0.62 1
7 7 8 0.71 0.24 1
8 8 9 1.03 0.74 2
9 9 10 1.04 0.74 1
10 10 11 0.20 0.07 1
11 11 12 0.37 0.12 2
12 12 13 1.47 1.16 1
13 13 14 0.54 0.71 1
14 14 15 0.59 0.53 2
15 15 16 0.75 0.55 1
16 16 17 1.29 1.72 1
17 17 18 0.73 0.57 2
18 2 19 0.16 0.16 1
19 19 20 1.50 1.36 2
20 20 21 0.41 0.48 2
21 21 22 0.71 0.94 1
22 3 23 0.45 0.31 1

(Continued)
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Table A2 Continued
Branch No. From Bus To Bus Resistance Reactance Operation Time

23 23 24 0.90 0.71 1
24 24 25 0.90 0.70 1
25 6 26 0.20 0.10 2
26 26 27 0.28 0.14 1
27 27 28 1.06 0.93 1
28 28 29 0.80 0.70 1
29 29 30 0.51 0.26 2
30 30 31 0.97 0.96 2
31 31 32 0.31 0.36 1
32 32 33 0.34 0.53 2
33 21 8 2 2 1
34 9 15 2 2 1
35 12 22 2 2 1
36 18 33 0.5 0.5 2
37 25 29 0.5 0.5 1

Table A3 DER parameters in distribution network

Rated Ramping-up Voltage and
Generation Active Start-up Rate/ Frequency Self-start

Bus No. Type Power/kW  Time/min (%/min) Regulation Ability Ability
10 PV1 600 2 5.5 Weak X
14 WT1 500 2 5 Weak X
21 ESS1 500 1 Strong v
25 PV2 700 2 5 Weak X
30 ESS2 700 1 55 Strong v
33 WT2 600 2 4.5 Weak X

- 1.0 1.0
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- 3
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Figure A1 Renewable energy output and load demand in a typical day.
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