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Abstract—Aimed at improving the resilience of distribution
systems and analyzing the influence of uncertainties on the post-
disaster emergency recovery process of a power-transportation
system, this paper proposes a multi-time-step rolling optimization
strategy based on model predictive control (MPC). First, the
prediction models for three types of uncertainties: recovery time
of faulty equipment, load demand and photovoltaic output are
established. When it is assumed that traffic flow and density
can meet a specific relationship, the cell transmission model
(CTM) can be used to establish the transportation network. The
evidence theory is used to model and analyze the two types of
uncertain factors that constitute fault recovery time: travel time
and repair time. Second, a mixed integer linear programming
model of emergency recovery is established, in order to minimize
load reduction and restoration resource scheduling cost. Decision
variables include repair sequence of faulty equipment and the
scheduling plan for restoration resources. Through the rolling
optimization and feedback correction process, load demand can
track the expected value and economic loss of power outages can
be reduced as much as possible. Finally, a case study is used
to verify the effectiveness of the method proposed in this paper
and validate a multi-time-step rolling optimization strategy has
the advantages of updating uncertain information multiple times,
which can achieve the goal of planning a shorter path for the
repair crew and shortening the total duration of fault recovery.

Index Terms—Uncertainties, power-transportation system,
model predictive control, resilience improvement, emergency
recovery.

NOMENCLATURE
A. Indices and Sets
Q:E?)(j ) Set of the predicted repair time of the faulty
equipment e(7) by the No. j repair personnel.
Qp Set of faulty equipment.
QN Set of all cells in the transportation network.
t, Q1 Index and set of time of the day.

Qin(s) Jout(s) Set of the upstream and downstream cell of i.
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Qin(j)/out(j) Set of the upstream and downstream node of j.

t, Qo Index and set of time of the entire emergency
recovery period.

QoL Set of critical industrial load.

ONL Set of ordinary residential load.

Qps Set of energy storages.

Qpc Set of distributed generators.

O Set of loads.
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Maximum flow into or out of cell <.
Maximum flow that can be contained in
cell 7.

Flow in cell 7 at the initial time t.

Flow from cell ¢ to cell j at .

Length of cell i.

Speed of repair crew freely passes through
cell 7.

Unit reduction cost of critical
load.

Unit reduction cost of ordinary residential
load.

Unit cost of charging of the energy storage.
Normal active load demand of load L at ¢.
Unit output cost of the distributed generator.
Number of repair crews.

Minimum and maximum power of the i-th
energy storage can be absorbed or released
in unit time.

Maximum capacity of the i-th energy stor-
age.

Minimum and maximum state of charge of
the i-th energy storage.

Minimum and maximum power of the i-th
distributed generator can supply.

Minimum and maximum value of the ramp
rate of the i-th distributed generator.
Maximum operations times of line (4, j).
Resistance and reactance of line (i, j).
Capacity of line (%, j).

industrial

Minimum and maximum voltage of node j.
Total number of passive nodes in the lossless
virtual network.
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C. Continuous Variables

Terzg Predicted repair time of the faulty equipment
e(1).

T(tégil)’e(i)) Predicted travel time of the repair crew from
the faulty equipment e(i — 1) to e(4).

T(te(i—l),e(i)) Predicted recovery time of the faulty equip-
ment e(7).

Tt

(e(i—1),e(i)) Actual recovery time of the faulty equipment
e(4) under the confidential level a.

plk Predicted value of the traffic flow of cell 7 at .

f(th 0 Predicted value of the flow from cell & to cell
i at t.

st Actual traffic flow of cell 7 at ¢.

Tt Actual travel time of the repair crew through
cell 7 at ¢.

P Actual active load demand of load L at .

Pés(i) Power absorbed or released by the ¢-th en-

ergy storage at ¢, (positive value if is in the
discharge state, 0 otherwise).

PBG(i) Power generated by the i-th distributed gen-
erator at ¢.
EtES(i) Capacity of the ¢-th energy storage at .
(ti i Active power flow of the line (z, ) at ¢.
Plﬁv(i) Power generated by the i-th photovoltaic at ¢.
Qii’j) Reactive power flow of the line (i, 5) at ¢.

7 Reactive load demand of load L at ¢.

F(tl i) Virtual power flow of line (4, j) at .
D. Binary Variables

Repair state variable of faulty equipment e(4) at time
t (1 if being repaired by a crew, 0 otherwise).

pé(i)

ri(i) Outage state variable of faulty equipment e(7) at time
t (1 if having been repaired, 0 otherwise).

qé(i) Outage state change variable of faulty equipment
e(i) at t (1 if ré(_l)l =0, and ré(i) =1, 0 otherwise).

wfiyj) Switching state of the line (¢, ) at time ¢ (1 if is in
the closed state, O otherwise).

xf ;) Action state of the switch of the line (i, j) at time ¢

1 if wfi_j) + wfm.), 0 otherwise).

I. INTRODUCTION

N recent years, extreme weather events like ice disasters,

typhoons, flood, etc., have occurred frequently, which has
led to large-scale blackouts in the distribution system. For
example, in February 2021, the extreme cold weather in Texas,
USA caused the loss of more than 20,000 MW of load
and affected a population of about 4 million [1]. Since the
distribution system is coupled with other urban infrastructures,
the loss of power supply has caused increasingly serious social
unrest and economic losses [2].

In order to improve the defense and recovery capabil-
ity of the distribution system against such low-probability-
high-impact disasters, scholars have made great efforts on
repair of faulty equipment and the restoration of critical
load [3], [4]. In view of load restoration in the distribution
system, numerous studies have been conducted in recent

years. Emergency restoration resources have expanded from
remote/manual switches [5]-[8], diesel generators [6], [7], [9]
and batteries [10] to more flexible mobile emergency gener-
ators [11], [12], mobile energy storage [13]-[17] and micro
energy grids [7], [10], etc. These restoration resources can
form active islands and supply critical loads. Reference [17]
proposes a pre-disaster allocation and post-disaster dispatch
strategy of mobile energy storage for load restoration, which
improves resilience of distribution system greatly. However,
due to the temporal-coupling relationship between fault repair
and load restoration [18], it is not enough to consider the
process of load restoration alone. Also, the dynamic character-
istics of emergency recovery will be affected by uncertainties
such as power supply, load demand, and traffic flow. Therefore,
current research focuses on 1) how to coordinate fault repair
and load restoration, and 2) how to deal with uncertainties in
emergency recovery.

Aimed at the first problem, existing research usually as-
sumes that the repair time of faulty equipment is constant,
and optimize the repair sequence and load restoration by
using the following two methods: first is single-time-section
optimization strategy (STSS), which means deciding the order
of fault repair in a single time section based on prediction
information of uncertainties after the disaster [9]. Once fault
equipment is repaired, the operator conducts network recon-
figuration and optimizes the recovery plan. However, when
there are many faulty equipments affected by the disaster
and the recovery duration is very long, ignoring the time
variability of uncertainties will lead to the loss of the opti-
mality of a recovery plan. Second is the multiple-time-section
optimization strategy (MTSS), which means optimizing single
faulty equipment that needs repair and the scheduling plan
of restoration resources based on the ability of the repair
crews and real-time updated system information [8]-[12].
Although MTSS makes better use of the latest information,
it is partial optimization of each time section in theory and
cannot achieve global optimal scheduling for equipment with
temporal-coupling characteristics such as energy storage. In
response to this problem, reference [19] adopts a model
predictive control (MPC) algorithm. In each time section, the
decision maker optimizes the load restoration plan in multiple
time steps, but only executes the restoration plan of the first-
time step; the process is repeated until the load is restored. It
is concluded the load restoration process based on MPC can
reduce more load shedding than STSS does. However, it fails
to consider this process in conjunction with fault repairs.

In response to the second problem, the uncertainties consid-
ered in existing research mainly include travel time of repair
crews [20], repair time of faulty equipment [21], [22] and
load demand [21], [22]. Also, mathematical methods include
robust optimization [20] and stochastic optimization [21].
Reference [20] establishes a two-stage robust optimization
model. Under the worst conditions of the repair crews’ travel
time, it decides the repair sequence and scheduling plan of
restoration resources in a single time section, which can
minimize load shedding and total emergency recovery time.
In [21], lognormal distribution and load prediction error are
used to describe the probability distribution of repair time and
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load demand, respectively. It uses Monte Carlo sampling to
generate random scenarios and decides the repair plan under
each scenario at a single step. There are two shortcomings
in the above research: on one hand, it only fits uncertainties’
probability model based on their historical data, and ignores
uncertainties are changing over time during the actual disaster
process. On the other hand, the modelling of recovery time is
relatively rough, and it does not involve correlation analysis
of travel time, travel path and traffic network congestion.
When considering the variability of travel time, the predicted
recovery time of each fault is changed since the starting
position of repair crews and traffic flow are not fixed at
different times. As a result, the remaining fault repair sequence
and restoration resources scheduling plan should be modified.

To this end, this paper establishes prediction models that
consider the uncertainties of the transportation system in post-
disaster emergency recovery and proposes a new multi-time-
step rolling optimization strategy based on MPC (MTSRS).
Innovation points mainly include two aspects.

« First, by using the evidence theory and cell transmission
model, prediction models for three uncertainties are es-
tablished, including recovery time of faulty equipment,
load demand and photovoltaic output.

e Second, a mixed integer linear programming model of
emergency recovery is established based on the MPC,
in order to minimize load reduction and restoration re-
source scheduling cost. The emergency recovery method
is appliable to complex external environments and new
restoration resources.

The remainder of this paper is organized as follows. Sec-
tion II explains the research framework of emergency recovery
based on MPC. In Section III, prediction models of uncer-
tainties are established based on evidence theory. Section IV
proposes MTSRS for fault repair and load restoration. The
specific solution process is shown in Section V. Section VI
provides the numerical analysis for illustrating the proposed
method. Conclusions are given in Section VII.

II. RESEARCH FRAMEWORK
A. Optimization Model Based on MPC

Model predictive control is also called rolling time domain
control, and its basic model is shown in (1)—(2) [23]. The basic
flowchart of MPC is shown in Fig. 1.

T2 = Az! + Bu! + Cd! (1)
y' = Da! (2)

where A, B, C, and D are the state space matrix, respec-
tively; 7t is the expected output vector; u? is the control input

v4

Referrence rtl Predictive | #' [ Control Rolling V!
Trajectory Model x” Target Optimization —>
X
Feedback |, x™
Correction
Fig. 1. Basic flowchart of MPC.

vector; ! is the state vector; d’ is the disturbance input vector;
y! is the output vector; '+2? is the state vector of the next

time step.

B. Rolling Optimization Model Based on MPC

Emergency recovery often takes hours or even days, during
which period the traffic flow, load demand, photovoltaic output
and topology of a distribution system will change over time.
Timely use of updated information is a prerequisite to ensure
accuracy of the recovery strategy. This paper proposes an
improved MPC model suitable for prediction of uncertainties
and post-disaster emergency recovery. The overall flowchart
is shown in Fig. 2. According to the ultra-short-term forecast
information of recovery time, load demand and photovoltaic
output, the decision maker solves the restoration resource
scheduling and fault repair sequence with the goal of mini-
mizing operation costs. Meanwhile, only the first step of the
scheduling plan is executed. Then, the above process repeats
before the next time step. At the same time, a feedback correc-
tion process is conducted according to the latest information.
Therefore, the load can track the expected value and load
reduction is minimized.

Ultra-short-term Forecast Data Decision Variables

Recovery Time Repair Sequence of
Predictive Load Demand Control Faulty Equipment
Model Photovoltaic Target | Scheduling Plan of
Output Recovery Resources
v “y
w
Rolling Optimization
Objective Minimal Load Reduction and
R Scheduling Cost
esou'rce che u ing .os Feodback
Repair Crew Dispatching Correction
Constrains | Recovery Resource Scheduing A
Distribution Network Operation
I xt+AI
y' \ 7
Optimal Scheduling Plan
Repair Crews Photovoltaic
Output —
Variable Distributed Energy Storage
Generator Load Shedding

Fig. 2. Flowchart of emergency recovery based on MPC.

III. STAGE I: PREDICTION MODELS OF UNCERTAINTIES

The process of emergency recovery involves three uncer-
tainties: recovery time of faulty equipment, load demand and
photovoltaic output. Among them, forecast information of load
and photovoltaic comes from the ultra-short-term forecast, and
the forecast model is shown in (1) and (2). Prediction of faulty
equipment recovery time consists of repair time and travel
time. This article uses evidence theory to establish prediction
models for these two types of uncertain factors [24].

A. Prediction Model of Repair Time

On one hand, repair time of faulty equipment is closely
related to the experience of repair personnel. On the other
hand, there are a large number of repair personnel that need
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to be dispatched during the repair process and the working
efficiency of different personnel vary. As a result, this sub-
section adopts evidence theory to construct and synthesize the
predicted repair time structure of each repair personnel.

1) Evidence Structure of a Single Personnel

Let Qrep(l) be the set of numerical distribution intervals

rep(1)

of the predlcted repair time T, e(i) , which can be expressed

re _ rep(1) rep(1) rep(1)
as Q p( e(Z) - Te(i),l,min’Te(i),l,max:| ’ [Te(i),2,min7
T;g.l;f;}max} e [T;é‘;f}?min, rPC) x| |- Each interval in

the set is called a focal element, and f is the number of focal
elements. Each focal element has corresponding probability

p = {p:z?)(ll)7p$?)(12)7~-~ ,p:zf)(;)]. When the focal element
set and its corresponding probability are combined, evidence
is formed. Taking the No. 1 personnel as an example, the

evidence structure is shown in (3).

rep(1) rep(1) _rep(1)
|:Tc(i),1,min’ To(i),l,max:| - pc() 1
rep(1) rep(1) rep(1)
Tr(cp))(l) |:Te(ip)),2,min’ e(z};,2,max:| b= pe(p) 2
rep(1)  rep(1) rep(1)
[Teu),f,min’ Te(i)7f,ma>c} P = Py,
Ve(i) c QF (3)

Taking the first row of evidence as an example, this row
represents the probability that predicted repair time of the

faulty equipment e(7) by the No. 1 personnel is in the interval
[Trcp(l) rep(1) ] . rep(1)

e(7),1,min’ ~e(3),1,max 18 pe(i)
2) Multiple Repair Personnel Evidence Synthesis

rep(1) (T

rep(1)
Do) )

e(i)

example, the rules are shown in (4) and (5).
e(i) e(i) e(i)
K =
Trep(l)mTrep@)#g

Evidence theory can be used to synthesize multiple sets of
evidence. Taking the synthesis of two sets of evidence as an
rep (Trep) _ i Z
Pey \Fe)) = K
Trep(l) |,_W,T,rep(2) 7Trep
rep(2 rep(2
x pih® () “
rep(1) (rep(1)
> AR ()
e(i) e(4)
x o (155) 5)
where the faulty equipment satisfies e(i) € Qp; Z‘Zf) (Tg&‘;) is
the probability value corresponding to each focal element; K

is the normalization factor. The larger the /K, the smaller the
conflict of each set of evidence.

B. Prediction Model of Travel Time

Due to the randomness of traffic flow of each road at
different times, the time for vehicles to pass the same road
in each time period is different. Based on this, this subsection
predicts traffic flow first, and then constructs the travel time
structure based on evidence theory.

1) Prediction Model of Traffic Flow

Using the cell transmission model to establish a transporta-
tion network model can solve the problem of uncertainty
in traffic flow [25]. The theory proposes that when traffic
network flow and density meet a certain relationship, time
can be divided into multiple tiny intervals. At this time, the
continuous transportation network can be divided into cells
with length and direction. Length represents the distance the
vehicle can travel freely in a unit time. Direction of the cell
is the direction of the road. Based on this theory, the structure
of a transportation network is equivalent to the cell structure,
as shown in Fig. 3.

Transportation

Cell Structure
Structure

Fig. 3. The cell transmission model of the transportation network.

According to Wardrop’s second balance principle (System
Optimization): Based on the balance of the transportation
network, traffic flow should be allocated according to the
lowest total travel cost. Therefore, after converting the road
structure of the traffic network into a cell structure, the
objective function can be defined as minimizing the sum of
traffic flows in all cells [26], as in (6).

Yoodou 6)

1€EQTN tEQTL

min

Then, according to traffic flow at the current time, traffic
flow in the next time window could be predicted under the
constraints of (7)—(12).

t+1 t t
> feo— 2 Sy O
k€Qin(i) FE€EQout(4)
> S Sh ®)
FE€Qout(4)
S gl < o
kEQin(4)
SR o0
jeﬂout(i)
S s
kGQ,n(L)
po = oo, flo. = clo (12)

where, the cells all satisfy i € Qry, and time variables all
satisfy t € Q.

When traffic flow u! of each cell is predicted according
to (6)-(12), it is assumed the error between the predicted

value and the actual value sf» obeys a normal distribution,
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namely, s ~ N(u!,0?), where o is the standard devi-
ation. In order to construct the same structure as that of
the predicted repair time, the probability density function
of the actual value s§ is discretized. Let 2, be the set of
numerical distribution intervals of sf, which can be expressed
as (), = {[ 5i,1,mins Sf 1 mmx] T [Sg,g,mim S%,g,max]}’ where g

is the number of focal elements. Taking the g-th focal element
as an example, the probability of each focal element’s value

is shown in (13).
(55 - ﬂg)Q t

2) The Structure of Travel Time

According to the BPR road resistance function proposed
by the Federal Highway Administration [27], traffic flow of
various roads at each time can be converted into the actual
travel time of vehicles on various roads, as shown in (14).

I A
Tit = (1 +e < iax) )
Ul qu

where € and (3 are the characteristic parameters of cell ¢, which
are determined by the type of road corresponding to the cell.

Based on the actual travel time 7} of the cell, the adjacency
matrix A® of the transportation network with time weight can
be generated. When the starting position S? and the ending
position D? of the repair crew at time ¢ are known, the
Dijkstra algorithm can be used to search for the shortest time
T(teza 1).e(iy) Of the repair crew from the faulty equipment

e(i — 1) to e(7), as shown in (15).

t
Si,g,min 1

i t 2ro

Si,g,max

(14)

Tt,tra

(ei—1,e

., = Dijkstra(4", §*, D) (15)

Let Qzet(l;a 1).0(0)) be the set of numerical distribution inter-
vals of the travel time T(t(;g:%e(i)). Then

t,tra t,tra t,tra
Q(e(1 1),e(¢)) — {[,T(e(i—l),e(i)),l,min7 (e(i—l),e(i)),l,max:| ’
[Tt ,tra t,tra :| L.
(e(i—1),e(2)),2,min’> = (e(i—1),e(4)),2,max | ’ ’
t,tra t,tra
[T<e<z 1, <z>>,g,min’T(e(i—l)x(z‘)),g,max}}

where g is the number of focal elements. The probability
calculation equation corresponding to each focal element is

shown in (13), and the structure of T(tczia 1).e(i)) 18 shown
in (16).
t,tra t,tra
[T(e(i—l),e(i)),l,min7 T(e(i 1),e(3)),1 max:|
t,tra
P = Pe(i-1).e(i)),1
t,tra t,tra
|:T(e(i—1),e(i)),2,min7 T(e(i 1),e(7)),2,max
t,tra t,tra
Teei-1)e0) € P = Ple(im1).e(0).2
|:Tt ,tra t,tra ]
(e(i—1),e(7)),g,min’ = (e(i—1),e(i)),g,max
__t,itra
P=Ple(i-1)e(i)).9

(16)

C. Prediction Model of Recovery Time

1) The Structure of Recovery Time

The set of joint probability density interval Q'Ee( 1),0(4))
is constructed by the Cartesian product operation, which is
performed on the numerical probability distribution intervals
of the two types of independent variables T(tega ety and T
rep e(7), given by (17). The response boundary of each focal
element and the corresponding probability are given by (18)
and (19).

t t,tra rep
Qeti-1e() = Yetim1).e(i)) < Leiy
rep t tra
=3 D TS s X TRy (i (17
Vi Vg

t
T(c(z 1),e(3)),1 max}
b= p(e(z 1),e(3),1

t
|:T(c(i71) ,e(i)),1,min’

T(e(i 1)e
Tlei_yer) € P = Ple(i-1).0(1).2

t
|:T(e(i—1) ,e(i)),2,min’

(i)),2,max

t
T(e(ifw,e(i)),h,max]
ot
P = Ple(i-1).e(i),h
(1

t
|:T(e(i71),e(i)),h,min ’

ZZP’M( Te6) )

c(z 1),e(3))
Vf Vg
t,tra t,tra
X Ple(i-1).e(i)) 9 (T<e<z 1),()), ) (19)

where h is the number of focal elements and h = g X h.
2) The Matrix of Recovery Time

Assume event v is the predicted recovery time T(e(; 1),e(4)
is not larger than the actual recovery time T( e(i—1)e(i))**
namely, T(e(2 1),6(4) < Te(l 1),6(i))* Define the credibility
function of event ~y as Belé ), which represents the degree of
trust that event + is established, and its value is shown in (20).

Bel Zp( (e(i—1),e(i)),h,max — T(c(z 1),e(i))* ) (20)

When the trust degree of the required event v is not lower
than the confidential level «, then (21) is established. Under
this condition, recovery time, travel time and repair time are

t,tra re :
T(e(l Dse(iner Loty e(iye and Te(i};“ respectively.

Bel(7) > « (21)

Let Q. be the set of the initial locations P, of the
repair crews and the cells where each faulty equipment e(¢)
is located. Then, Qe = [cell(Py), cell(e(1)), - - -, cell(e(4))]-
By repeatedly replacing the start and end positions in (15)
with the elements in set (2., the recovery time matrix
[T(te( 1) z’))a] under the confidential level o can be obtained,
as shown in (22).
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Py e(l) -+ e(i—1) e(¥)

RO 12 - 13 10

e)[10 0 - 13 10

[Tfeu—l),e(z’))a 3 EEEEE : :
ei—1)|11 12 - 0 10

e@[10 11 .. 13 0

(22)

IV. STAGE II: MULTI-TIME-STEP ROLLING
OPTIMIZATION STRATEGY

In stage II, a mixed integer linear programming model
is established to minimize load reduction and restoration
resource scheduling cost. Constraints include repair crew
dispatching, restoration resource scheduling and distribution
network operation, The solution is obtained based on the
rolling optimization and feedback correction in the MPC.

A. Objective Function

>

min Z CCL(PE,norm _ P]i)
teQr2 \LEQcL
+ Y enu(PM™ - B
LeQnL
+ Y epsPisp + ), eoch ]SG(i)) (23)
1€EQES LeQpc

The objective function (23) is mainly composed of four
parts. The first two represent reduction of the two types of
loads. The reason for accounting the third and fourth items is
to avoid unnecessary work process of distributed generators
and energy storages when the load is restored [17]. Since the
values of the latter two are generally smaller than the first
two, the main target of (23) is still seeking to minimize load
reduction.

B. Repair Crew Dispatching Constraints

t,tr
o) e e TG e >>“’te(") 24
pc(z) - 0 t ¢ Tt tra (24)
¢ e(i—1) (e(i—1), e(z))‘l’ e(d)

gl =3 b = te (25)

*@) t # te(s)
T = 2 el (26)

t

Zpé(l) S Ncrew (27)

e(?)
where all faulty equipment satisfies e(:) € Qp, and all time
variables satisfy ¢ € Q3. to(;) is the recovery time of faulty
equipment e(4). to(;) is composed of the recovery time of the
faulty equipment e(i — 1) and the repair time of the faulty
equipment e(i), namely to(;) = te(i—1) + T(te(i_l)@(i))a.

In order to explain the dispatching constraints of the repair
crews and application of MPC in the emergency repair process
clearly, the decision-making and scheduling process at two
layers of time and space is constructed as shown in Fig. 4.

Time Layer: Decmlon-makmg

e
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i IL7]ojofof T Lfrfr )t frj juqafrjpajefuaft

—
—
=
=)
=
(=}
(=]
=
(=}

=

P

Faulty JL2J[0]0To]o]1ToToToTo] [oToTolo[1]0] [o[o1 0
Equipment)| ¢][0]0]0]0]0]1]0]0]0] [0[0o]oo[o]1]|[0]o[0]1
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Space Layer: Scheduling

_>The Ist repairing
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The 2nd repairing
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The 3rd repairing
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1 2345678_91011

Repair crew "é‘l' 5y sequence

Fig. 4. MPC-based emergency repair crew scheduling illustration diagram.

Assuming there are three faulty equipment in the system at
time ¢, the values of the state variables: pte(i), qé(i) and ré(i),
of each faulty equipment is displayed in the time layer, and
the optimal repair sequence results of each faulty equipment
is correspondingly displayed in the space layer.

In the first optimization decision at ¢y, the crew will repair
the faulty equipment in the order of e(1) — e(2) — e(3).
The traffic path is shown by the red arrow in Fig. 4. The
description of the emergency repair plan is as follows. To
begin with, the crew travels from the initial location F; to the
faulty equipment e(1) during the period [to, 1], and the repair
process is completed at to. After that, the crew travels from the
faulty equipment e(1) to e(2) in the period [to, t5], and repairs
e(2) at time t4. Finally, the crew repairs ¢(3) at ts. However,
travel time from e(1) to e(3) at time ¢2 is predicted to decrease
based on updated traffic flow information. After the second
optimization decision, the crew will repair the remaining faulty
equipment in the order of e(3) — e(2). The traffic path is
shown by the green arrow in Fig. 4. The emergency repair
plan is similar to the above description. Finally, after the third
optimization decision, the crew completed all repair tasks at
time t12.

C. Restoration Resources Scheduling Constraints

In (28) to (48), the time variables all satisfy ¢ € Qo the
lines of distribution network all satisfy (i,j) € Qr,, and the
nodes of distribution network all satisfy j € Qpn.

1) Energy Storage

PESGy < Phsy < Phsty Vi € Qi (28)
Elt;éb) Efsiy — PrsiyAt Vi € Qrs (29)
Emd’i X SOCES& < EES(Z-) < E]IE“S["(’;) X SOCE]S&EZ-)

Vi € Qps (30)
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2) Distributed Generator

P cl;() <PDG() <PDG() Vi € Qpa 3D
Rp™™ < |PLG ) — Phaw| < RpP™ Vi€ Qpe  (32)
3) Shedding Load
0< PL<PI™™VLeq (33)
D. Distribution Network Operation Constraints
1) Active and Reactive Power Balance Constraints
t t t
Y. Piw— Do Pin= D Pise
kerut(j) iGQinm 1€EQRS
+ D0 Phvit D Phan— 2 AL 39
1EQpy 1€Qpa LeQy,
t
Y. Qw— X Qup= D@L 335)
k‘eﬂout(j) ZEQm(]) LeQy,
2) Line Switch State Constraints
t t
Wi gy < Ti.g) (36)
t+1 t
Wiig) = o) T 0 37
t+1
Wi g) 2 g T ) (38)
D Ty < NG (39)
teQrs

Constraint (36) represents when the line (4, j) is in a faulty
state, the corresponding switch must be opened. When it is in
the normal state, the switch can be closed or opened.

3) Linear DistFlow Constraint

This article uses the Linear DistFlow proposed in litera-
ture [28]-[31] and sets the system standard voltage Vp = 1.

RZ i, +Xz i,
Ml(lwfi,j))SVitVf< ) (j)Vo (1.9) (y))

< M (1

W) (40)
where M, is a very large positive number. When w( D= 0,
namely, the switch of line (4, j) is opening, this constraint will
no longer limit the relationship between node voltage and line
power flow.

4) Line Capacity Constraints

2 2 9
(P(tij)) + (qu ) < (Si.p) (41)
w(; 1yStg) < Pligy < wii S (42)
—0.5w(; ;S(i,) < Qi) < O'5w(i,j)5 (6-7) (43)

Considering that P(tL B > in, ;) generally exists in the
distribution network, then the rectangular area represented by
(42) and (43) can be used to replace the circular area in
(43) [32].

5) Node Voltage Constraint

‘/'jmin S V'jt S ‘/jmax (44)

6) Radial Constraints

In the process of fault repair and load restoration, the
topology of the distribution network needs to always maintain
a radial topology. The single commodity flow (SCF) proposed
in [33] can model radial topological condition as a set of
linear constraints. A lossless virtual network with the same
structure is constructed with the same line switch state as the
original distribution network, as shown in Fig. Al. Under this
condition, the radial constraint can be described by (45)—(48).

Y. wiy<Np (45)
(Lj)EQL
t t _ .
Yo Fiw— Y Fhiy=-1 j#1 (46)
kEQous (4) i€ (5)
Y Fiw<Ns j=1 @7)
k€Qout (7)
t t t
—Mawgy) < Fog) < Mawg ) (48)

where, Ms is a large positive number.

V. SOLUTION PROCESS

The specific solution process in this paper is shown in Fig. 5.

Stage I establishes prediction models of uncertainties. First,
the load and photovoltaic output are obtained through intraday
ultra-short-term forecasting. Second, the repair time of faulty
equipment is synthesized through evidence theory. Third, by
using the cell transmission model to construct the transporta-
tion network, traffic flow can be predicted. Then, search for
the shortest path and travel time by using BPR model and
Dijkstra algorithm. Finally generate recovery time.

Stage II develops a multi-time-step rolling optimization
strategy for fault repair and load restoration. According to the
forecast information of the uncertainties, the model predictive
control is adopted to optimize the decision-making of the
repair sequence and scheduling plan within this time window,
but only the first step of the scheduling plan is executed.
After that, judging whether the number of faulty equipment
has decreased. If so, update the set of faults. If there is still
faulty equipment, repeat the above process until all faults are
repaired.

VI. CASE STUDY

The computational tasks are performed on a personal laptop
computer with an Intel Core i7 Processor (2.20 GHz) and 16-
GB RAM, and the code is implemented via the Matlab-based
YALMIP-CPLEX Optimization Studio V12.8.0. Set the time
step as At = 15 min.

A. Test System

The distribution system adopts the modified IEEE 33-bus
system, as shown in Fig. 6. There are three energy storages,
four photovoltaic and two distributed generators connected.
The remaining parameters of each unit are shown in Ta-
bles A1-A2. Assuming the distribution system is affected
by extreme disaster at ty) = 44, and there are four faulty
equipment {e(#)|(3,4), (7,8),(10,11),(22,23)}. The ultra-
short-term forecast curves of loads demand and photovoltaic
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At time 7, extreme disasters cause multiple faults in
the distribution systm.

l¢

-
| Obtain the load demand and photovoltaic output by (1)—(2). |

12

| Synthesize the repair personnel” evidence by (3)—(5). |
v

IPredict the value of the traffic flow of each cell at each time by (6)—(12). I

[ Discretize the actual traffic flow by (13). |

STAGE I

| Search for the shortest travel time to faulty equipment by (14)—(16). |

| Synthesize two types of uncertain independent variables by (17)—(19). |

12

|Generate the recovery time matrix under the a comfidence level by (20)—(21)4|

v ]

Minimize the load reduction and restoration resource
scheduling costs by (22)—(47).

v
Fault repair: Decide the
faulty equipment repair
sequence

v

v
Load restoration: Decide
the restoration resource
scheduing plans

v

Redetermination

[ r=t—At

f——

STAGE II

—— Whether the number of faults has decreased

N

Let the equipment that has been repaired be e (r), and the
updated fault set be Qp=Qp —e (1)

I Update the time and the location of repair crew I

Q.=

N

<\

End>

Fig. 5. Multi-time-step rolling optimization strategy process.

19 20 21

22

Repair /7
Crew / Equipment

Energy

Storage £EFR Photovoltaic

Distributed _
[+ o] Generator
Fig. 6. The modified IEEE 33-bus system.

output are shown in Fig. A2, and cost reduction of the two
types of loads are 1.5 and 0.5, respectively. The initial location
of the repair crew is cell 1. The maximum number of switching
operations is 3.

As shown in Fig. 7, the transportation system consists of 33
nodes and 72 roads. The roads are divided into express roads,
main roads, sub-main roads and branch roads. The parameters
of each road and its corresponding cell are shown in Table A3.

In addition, it is assumed that each faulty equipment is
repaired by two personnel, the prediction process of repair
time is shown in Table A4. The actual value of traffic flow
with the predicted value is set to obey normal distribution and

variance is 10%. Taking cell 1 as an example, the sub-intervals
and probability values of the predicted traffic flow value at ¢
are shown in Table AS5. The confidential level of the recovery
time of the faulty equipment is o« = 0.8.

B. Results and Comparative Analysis of Different Strategies

1) Three Strategy Optimization Results

When MTSRS is adopted, through stage I, the predicted
recovery time matrix at time tg = 44, t = 53, ¢ = 63 and
t = 73 is shown in Fig. B1, B2, B3 and B4, respectively.
After multiple rolling decisions through stage II, the optimal
repair sequence for the faulty equipment is e(1) — e(2) —
e(3) — e(4), and it is estimated the repair will be completed,
respectively, at time ¢t = 53, t = 63, t = 73 and ¢t = 86.
The repair route, load reduction and number of faulty lines,
output of distributed generators and charging/discharging of
energy storages are shown in Figs. 8, 9 and 10, respectively.
The predicted target value is $17569.1, and the calculation
time is 746.40 s.

When STSS is adopted, the recovery time matrix predicted
at time ty = 44 is shown in Fig. B1. After a single decision
through stage II, the optimal repair sequence is e(1) — e(4) —
e(2) — e(3), and it is estimated the repair will be completed
respectively at time ¢ = 53, t = 65, t = 77 and t = 87.
The repair route is shown in Fig. 8(a). Load reduction and
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23 24 36

Traffic flow ) Traffic flow
> 100-300 300-500

Fig. 7. The transportation system corresponding to the distribution system.

(©)

Repair route of the repair crew (MTSRS). (a) ¢t = 44; (b) t = 53; (¢) t = 63; (d) t = 73.

Fig. 8.

number of faulty lines, output of distributed generators and
charging/discharging of energy storages are shown in Figs. 11
and 12, respectively. The predicted target value is $19664.4,
and the calculation time is 263.29 s.

When MTSS is adopted, the recovery time matrix, optimal
repair sequence, estimated repair completion time, and repair
route of the repair crew are the same as the MTSRS result after
multi-time-section decision-making in Stage I and Stage II, as
shown in Fig. 8. Load reduction and the number of faulty lines,
output of distributed generators and the charging/discharging
of energy storages are shown in Figs. 13 and 14, respectively.
The predicted target value is $19124.5, and the calculation
time is 327.77 s.

2) Comparative Analysis of Repair Sequence and Route

The comparison of Fig. 8(a) and Fig. 8(b)—(d) indicates that

Traffic flow N
500-700 700-1200

Traffic flow Repair crew

(d

STSS will always dispatch the repair crew according to the
decision plan at time ¢y, and no longer update or modify the
repair sequence. In contrast, MTSRS and MTSS will take the
influence of uncertainties into account, as shown in Fig. 8(b).
When faulty equipment e(1) is repaired at time ¢ = 53, current
traffic flow in the cells 22, 39, and 40 are increased. If the
repair crew still follows the original repair sequence, travel
time to the faulty equipment e(4) will be greatly increased. At
this moment, MTSRS and MTSS will re-predict recovery time
of the remaining faults {e(7)|(7,8), (10,11),(23,24)}. After
the optimal decision, the repair order is updated as e(2) —
e(3) — e(4), and the repair is expected to be completed at
t =63, t =75 and t = 86, respectively. After that, when the
faulty equipment e(2) and e(3) are repaired at time ¢ = 63
and ¢t = 73, uncertain information will be updated again. Then
the repair crew will re-select a better route: cell 10 — cell 9
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Fig. 11. Load reduction and the number of faulty lines (STSS).

— -+ = cell 3 — cell 23. Finally, all faulty equipment is
repaired at ¢ = 86, as shown in Fig. 8(d).

3) Comparative Analysis of Load Reduction and Restoration
Resource Scheduling

Comparing Figs. 9, 11 and 13, we can observe that MT-
SRS reduces total economic losses by $2095.4 and $1555.4
than STSS and MTSS, respectively. Particularly, MTSRS can
reduce reduction of critical industrial load (the purple part
in the figure) effectively. This is because MTSRS can not
only update the ultra-short-term forecast with the uncertain
information many times, but also fully updates the restoration
resources scheduling plan from a long-time scale. Comparing
Figs. 10 and 14, it can be observed that temporal-coupling
characteristics of energy storages are not considered in the
scheduling plan of MTSS. The reason is that MTSS is a
partial optimization of multiple time sections. In the process
of repairing faulty equipment e(1) (¢ : 40 ~ 53), in order to
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Fig. 14. Distributed generators output and energy storages state (MTSS).

minimize load reduction during this period, the SOC of the
three energy storages all dropped to a relatively lower level at
t = 53. Thus, during the first three time periods (¢ : 54 ~ 56)
for repairing the faulty equipment e(2), energy storage can
only be in a state of charging or idling. As a result, reduction of
critical industrial load is larger than of MTSRS, which reflects
the scheduling plan formulated by MTSS cannot achieve the
global optimum.

In addition, the topology of the distribution network at some
certain moments of the three strategies is shown in Table B1.
4) Comparative Analysis of Prediction Errors

In the actual repair process, when the repair sequence and
load recovery plan formulated by STSS, MTSS or MTSRS
are used, due to the error between the predicted value of
the uncertainties and the actual value, the predicted target
value calculated by the simulation will always have a certain
deviation from the actual target value in the actual execution
process. Therefore, this subsection tests the difference between
the predicted value and the actual value of the three strategies
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TABLE I
THE INFLUENCE OF UNCERTAINTIES PREDICTION ERROR ON
THREE STRATEGIES

Strategies STSS MTSS MTSRS
0bjpredict (3) 196644 214517  22779.0
0bjreal ($) 23662.1 232175 23132.8
X 0.203 0.0823  0.0153

under the error value x = 8%. Results are as shown in Table 1.

Among them, the deviation x = [0bjpredict—0bJreal |/ 0D Jpredict-
Comparing the deviation calculation results of the three strate-
gies, it can be found that at the same error value, the deviation
of the MTSRS test results is smaller than of STSS and
MTSS. Since MTSRS can make multiple rolling decisions on
the repair plan based on updated information, the simulation
process is closer to the actual execution process and the gap
between the predicted target value and the actual target value
is smaller.

C. Sensitivity Analysis of MTSRS

In order to test the sensitivity of MTSRS to uncertainties
and time steps, this subsection set the errors to be k = 5%,
10%, 15% and time steps to be At = 15, 30, 60 min. Test
results are shown in Table II.

TABLE I
SENSITIVITY ANALYSIS RESULTS OF MTSRS

Test group Objpredict ($)  Objrear ($) grorize(s) X

Kk = 5%, At = 15 min 22110.7 22587.2 496.8 0.0211
Kk = 5%, At = 30 min 12550.9 12996.3 183.6 0.0355
Kk = 5%, At = 60 min 3049.6 3257.7 52.4 0.0682
k= 10%, At = 15 min  24842.8 26632.1 463.4 0.0720
k = 10%, At = 30 min  14453.9 15831.6 175.4 0.0953
k = 10%, At = 60 min 3611.2 3998.8 49.3 0.1073
Kk = 15%, At = 15 min  28281.0 31211.8 546.8 0.1036
k = 15%, At = 30 min  16520.8 18723.0 158.2 0.1333
Kk = 15%, At = 60 min 4172.5 4782.1 50.4 0.1461

Note: Because the number of value points in the target value calculation
process is different under different solution time steps, namely, there is no
comparative value among different solution time steps, and there is no multiple
relationship.

The following conclusions can be drawn from the above
table:

1) Under the same error level k, the deviation y becomes
lower with the decrease of solution time step At. However,
the solution time also increases significantly. This is because
with shortening of the time step, the system can fully schedule
various restoration resources, so the predicted target value
0bJpredict better matches the actual target value 0bjrear.

2) Under the same time step At, the deviation x becomes
larger with increase of the prediction error of the uncertainties.
The reason is within a certain error level, MTSRS can better
reduce the gap between predicted value and actual value.
However, when the error is large, data updated during each
rolling decision is no longer useful, and the multi-time-step
rolling optimization strategy will also lose its accuracy.

VII. CONCLUSION

This paper proposes a practical scheduling plan for faulty
equipment and restoration resources and a novel solution for

further improving resilience of the distribution system. Based
on the case study result, two conclusions can be drawn as
follows:

(1) Considering variation of traffic flow affects the driving
route of the repair crew, adopting a multi-time-step rolling op-
timization strategy can update uncertain information multiple
times, which can achieve the goal of planning a shorter path
for the repair crew and shortening the total duration of fault
recovery.

(2) When the prediction error of traffic flow is large, the
error will cause the rolling optimization strategy to lose its
advantage of solution accuracy. The rise of traffic flow will
increase travel time of the repair crew, which will greatly
enlarge the economic loss of the system.

In future work, it is significant to study how to optimize the
allocation of a repair crew and various emergency resources
before disasters under the impact of the transportation network.
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