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Analytical Modeling of Disaster-induced Load
Loss for Preventive Allocation of Mobile
Power Sources in Urban Power Networks

Zhuorong Wang, Qingxin Shi, Ke Fan, Haiteng Han, Wenxia Liu, and Fangxing Li

Abstract—Continuous power supply of urban power networks
(UPNs) is quite essential for the public security of a city be-
cause the UPN acts as the basis for other infrastructure net-
works. In recent years, UPN is threatened by extreme weather
events. An accurate modeling of load loss risk under extreme
weather is quite essential for the preventive action of UPN. Con-
sidering the forecast intensity of a typhoon disaster, this paper
proposes analytical modeling of disaster-induced load loss for
preventive allocation of mobile power sources (MPSs) in UPNs.
First, based on the topological structure and fragility model of
overhead lines and substations, we establish an analytical load
loss model of multi-voltage-level UPN to quantify the spatial dis-
tribution of disaster-induced load loss at the substation level.
Second, according to the projected load loss distribution, a pre-
ventive allocation method of MPS is proposed, which makes the
best use of MPS and dispatches the limited power supply to
most vulnerable areas in the UPN. Finally, the proposed meth-
od is validated by the case study of a practical UPN in China.

Index Terms—Load loss, fragility model, pre-disaster alloca-
tion, mobile power source, urban power network.

[. INTRODUCTION

NSURING continuous power supply of urban power

networks (UPNs) under uncertain operation condition is
quite essential for the public security of a city [1]. The con-
cept “power system resilience” is introduced to assess its
ability to withstand and recover from significant power out-
ages caused by natural disasters or deliberate attacks [2], [3].
However, enhancing the resilience of UPN is a difficult theo-
retical and engineering task. First, the power system infra-
structure is vulnerable to extreme weather events. For exam-
ple, in July 2021, the torrential rain in Zhengzhou City, Chi-
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na, caused 1.2 million customers to loose power supply [4].
The electric power utilities dispatched over 400 repair crews
and mobile power sources (MPSs) to restore the UPN [5].
Second, the UPN has complex topology and multiple volt-
age levels, such as high-voltage transmission (HVT), high-
voltage distribution (HVD), and medium-voltage distribution
(MVD) networks [6], [7]. The component faults at any level
may terminate the power delivery path to end users. If N—k
line faults occur in extreme weather, HVD and MVD net-
works are likely to be islanded due to the low redundancy.

In recent years, MPSs are widely used in post-disaster
UPN restoration due to its flexible positioning and islanding
operation capability [8]. MPSs include truck-mounted diesel
generators and truck-mounted modular battery energy stor-
age systems (ESSs) [9]. An efficient post-disaster UPN resto-
ration largely depends on a proper pre-disaster allocation of
MPSs because the road network is seriously damaged or
flooded in the disaster and long-distance transport of heavy
trucks is infeasible or inconvenient [10], [11]. The pre-disas-
ter stage needs an optimal resource allocation under uncer-
tain upcoming fault scenarios. Many research works focus
on the pre-disaster allocation in MVD networks. References
[11]-[13] formulate the optimal distributed generator (DG) al-
location as a tri-level robust programming. Other research
works formulate the DG allocation problem in a two-stage
stochastic programming [14], [15]. Reference [16] formu-
lates the optimal deployment of ESSs in two-stage stochastic
programming. Although the studies focus on the allocation
of static DGs and ESSs, the mathematical models are also
applicable to that of MPSs. References [17] and [18] formu-
late the optimal placement of MPSs in the tri-level robust
programming and two-stage stochastic programming, respec-
tively.

Despite the rigorous model of pre-disaster allocation of
MPS in [17]-[19], the modeling method of load loss uncer-
tainty is limited to an MVD network. This method cannot be
directly scaled to urban-level power grids for two reasons.
On one hand, the connection relationship between MVD net-
works and HVD networks is complex. Some distribution
feeders are connected to a single substation while others are
connected to two substations with a normally-open switch
[20]-[22]. On the other hand, The load loss is also caused by
the component faults at multi-voltage levels. Therefore, it is
a valuable industrial and theoretical problem to pre-allocate
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MPSs based on the spatial distribution of load loss risk. The
allocation is naturally determined by the distribution of criti-
cal load, multi-voltage-level system topology, and the fore-
cast of disaster impact. A few studies focus on the transmis-
sion-level resource allocation and preventive operation of
generation units. Reference [23] develops a two-stage robust
optimization model to enhance transmission system resil-
ience against ice storms. The first stage coordinates the pre-
positioned mobile DC de-icing devices (MDIDs) and unit
commitment. The second stage coordinates the real-time
MDID routing and de-icing schedule. Reference [24] co-opti-
mizes the preparatory schedules of DGs ahead of typhoon
considering typhoon-induced outage. Reference [25] adopts a
finite-element fragility model of transmission towers and de-
velops a preventive day-ahead security-constrained unit com-
mitment (SCUC) model by using stochastic optimization.
Reference [26] presents a day-ahead stochastic tiger dam al-
location method to protect power substations against flood
events. As far as we know, few literatures have studied the
analytical modeling of disaster-induced load loss risk for the
preventive allocation of MPSs in UPN.

In summary, the load loss of an UPN results from multi-
ple factors. The external factor includes the intensity of
strong wind and rainfall, while the internal factor includes
the equipment fragility, the topological redundancy, and spa-
tial load density. It is essential for utility companies to proj-
ect the spatial distribution of load loss several hours before
the disaster so that they can allocate more resources in high-
risk regions. As far as we know, there lacks a method to esti-
mate the disaster-induced load loss of the large-scale UPN
considering the above factors. Besides, due to the huge num-
ber of MVD network nodes, it is not feasible to use sam-
pling-based method, e.g., Monte Carlo simulation, for estima-
tion [14], [15], [27], [28]. This paper proposes analytical
modeling of disaster-induced load loss for preventive alloca-
tion of MPS in UPNs. The innovations are as follows.

1) A computationally-efficient model is proposed to obtain
the spatial distribution of load loss risk in UPN, considering
the fault risk of MVD lines, high-voltage overhead lines,
and substation transformers. At the MVD level, the expected
load loss of each distribution feeder is calculated based on
the line fault probability and network connectivity. At the
HVD/HVT level, a two-stage path search algorithm is pro-
posed to quantify the impact of high-voltage component
fault on the MVD end-users.

2) Based on the projected load loss distribution, we devel-
op a resilience-oriented preventive allocation method of
MPSs in the large-scale UPN. This method minimizes the ex-
pected load loss during the mid-disaster period via the emer-
gency power supply of MPSs.

The remaining part of this paper is organized as follows.
Section II summarizes the topological feature and fragility
models of UPNs. Section III proposes the probabilistic mod-
eling of load loss in UPN. Section IV proposes the pre-disas-
ter allocation of MPSs. Section V presents the numerical
study. Finally, Section VI concludes the main findings of the

paper.
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II. TOPOLOGICAL FEATURE AND FRAGILITY MODELS OF
UPNS

The UPN is a multi-voltage-level network. When specify-
ing the disaster intensity, the load loss percentage of an UPN
mainly depends on two factors. One is the topological redun-
dancy of the transmission/distribution system. The other is
the fragility model of system components such as overhead
lines and substations. This section introduces the topology
feature and fragility model of the UPN.

A. Topology Feature

The UPN is a partial transmission network, while it con-
tains many distribution networks. The typical voltage levels
of UPN are similar in different countries, as listed in Table
I. A typical layout of UPN is presented in Fig. 1.

TABLE I
TYPICAL VOLTAGE LEVEL OF UPN

Voltage level (kV)

Country

HVT HVD MVD

Chinese mainland 220 110 35,10

USA [6] 115/138, 230 69 26, 13

UK. [7] 275 132 33, 11
Japan [29] 220 154/77 6.6

External
system

— HVT line;
@ HVT substation;

HVD line; — MVD line; © Tie switch
HVD substation; © Service transformer

Fig. 1. Typical layout of UPN.

The UPN is a complex network in terms of topology and
load composition. From the topology aspect, HVT network
constitutes the backbone of the system, which receives the
power supply from the external system. The HVD network
distributes the power within the city. Since HVT and a few
HVD networks are meshed, the N—1 fault does not necessar-
ily de-energize any nodes (substations). The MVD network
directly connects to service transformers of a building or
community. From the load aspect, UPN serves residential
load, commercial load, public service load, and transporta-
tion load. Above all, we should consider the disaster model-
ing of both multi-voltage-level networks for the modeling of
load loss in UPN.

B. Fragility Model

Fragility model refers to the fault probability of a system
component subject to stochastic events. Component faults
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can be classified into overhead line faults and substation
faults. The overhead line fault results from strong wind, in
which the distribution poles are damaged and overhand con-
ductors are likely to be short-circuited. The substation fault
results from flood, in which the main transformer is inundat-
ed [30]. In some coastal areas, the typhoon, accompanied
with strong rainfall, is likely to cause both overhead line
faults and substation faults [31]. Therefore, this paper consid-
ers the typhoon and flood scenarios as examples for the pre-
disaster allocation.

The fragility model of overhead lines is determined by
wind speed, wind direction, and landing path. The Batts
model [32] is adopted in this paper. The wind speed at each
point of the typhoon wind field is expressed as:

VRmax( R]fgax ) R> Rmax
ok ()
vaax ;ax R SRmax
Rmax = eXp(_O 123 9(Ap(t))06 +5. 1) (2)
Ap(t)=Ap,—0.675(1 +sin p)t 3)
Vi = 0-865(0.865 \/Ap(6) —0.5R,, )+0.5V" (4)

where R, is the radius corresponding to the maximum
wind speed; R is the radius from the center of the typhoon;
Venax 18 the maximum wind speed; o is the empirical coeffi-
cient ranging from 0.5 to 0.7; Ap(t) is the central pressure
difference after the typhoon landing at #; Ap, is the pressure
difference between the center of the typhoon and the periph-
ery of the cyclone before typhoon landing; ¢ is the angle be-
tween the movement direction of typhoon and the coastline
at the time of typhoon landing; ¢ is the time after the ty-
phoon lands; v is the typhoon moving speed; and f is the
Coriolis force of the earth’s rotation.
1) Fault Probability of High-voltage Overhead Lines

In this paper, an exponential function is used to fit the
fault probability of poles and wind speed [33]. The expres-
sion is shown as:

0 0<vy<v
exp(K, (VE—v
M=11-exp|- p( l(pR ),3 A<yt (5)
l_exp(Kl(vp_v ))
1 VE> Vi
H - h
,1,.:1—]_[]/11) (©6)
i

where /1;’ is the fault probability of the pole p; K, is an em-
pirical coefficient; vfj is the maximum wind speed sustained
by the pole p; v is the designed wind speed tolerance of the
high-voltage pole; v7 is the maximum wind speed that the
high-voltage overhead line can withstand; A7 is the fault
probability of the high-voltage overhead line i; and N” is the
number of poles of a high-voltage overhead line.
2) Fault Probability of MVD Overhead Lines

The wind speed across the distribution feeder can be as-
sumed identical because the size is much smaller than the ty-
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phoon eye. Therefore, the fault rate of the overhead line can
be determined by the maximum wind speed [34].

0 0<vi<y™
M A M R< M
A=Al -exp szM -Ky| vi<vi<vi, (7
1 Vs M

where 2} is the fault probability of the medium-voltage over-
head line i; K, and K, are the empirical coefficients, and K, =
11, K,=18; Al is the length of the overhead line i; v¥ is the
maximum wind speed sustained by the medium-voltage over-
head line i; v is the designed wind speed tolerance of the
medium-voltage overhead line; and VY is the maximum
wind speed that the medium-voltage overhead line can with-
stand.
3) Fault Probability of Substations

Typhoon is usually accompanied by torrential rains. The
common ways in which storms affect substations can be cat-
egorized into two types. The first is that excessive rainfall
will cause a string short-circuit fault in the insulator of sub-
station branch column. The second is the local flood that
makes the equipment in the substation to be submerged in
water, causing a total shutdown of the substation [35]. The
rain flush probability of the insulator A is given by (8).

0 0,4, <2mm/min
=105 09<r<1 (8)
1 r<0.9

where 0, is the effective water (rain) intensity; and r is
the AC rain flash voltage coefficient of insulator string.
The model parameters are calculated by (9)-(12).

r:Apé:tther (9)
6water:max{y2’y3} (10)
0 RF<R]
RF
d=qexplesz—d| Ri<R'<ISR] (11)
0
1 RF>1.5R]
RFzyl+y2T1+y3T2—(x1+x2)(Tl+T2) (12)

where 4, ¢, and d are the computer factors; a is the charac-
teristic index indicating the effect of effective rain intensity
on AC rain flash voltage of insulator string; y,, y,, and y,
are the real-time water level in the substation, real-time rain-
fall value, and forecasted rainfall value, respectively; R” and
R{ are the effective rainfall and standard flood protection
precipitation during the recurrence period specified by the
flood protection standard of the substation, respectively; x,
and x, are the discharge volume of the internal drainage
pump of the substation and the amount of natural flow in
the substation, respectively; and 7, and 7, are the real-time
rainfall time duration and forecasted precipitation duration,
respectively.

The combined risk probability of the substation 15 under
heavy rainfall conditions is defined as:

Ae=1-(1-2)A=4) (13)
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III. PROBABILISTIC MODELING OF LOAD LoOSS IN UPN

The probabilistic modeling of load loss indicates calculat-
ing the expected value of load shedding under uncertain
fault scenarios. First, a sufficient set of independent fault sce-
narios can be generated by using stochastic sampling algo-
rithms, e.g., Monte Carlo simulation, and calculating the av-
erage load loss [14], [15]. The expected value is given

by (14).

E= ESAPX (14)
where F is the excepted load loss; s and S are the index and
set of stochastic fault scenarios, respectively; and AP, is the
load loss for scenario s.

If multiple scenarios with different fault locations result in
the same load loss, we can cluster them and use one scenar-
io to represent this group [15]. Then, a large group of scenar-
ios is reduced to a small group. Equation (14) is transferred

to (15).
E= ;(0 SAP (1 5)

where ¢, is the component fault probability for scenario s.

Second, the load loss can be directly calculated according
to the power supply path and component fault probability
[20]. Considering the radial topology of MVD network, it is
feasible to directly generate the fault scenario set and calcu-
late the expected value by using (15). This section proposes
an analytical method. At the MVD level, an analytical meth-
od is established to aggregate the load loss at the substation
level. At the HVD level, a two-stage path search algorithm
is proposed to describe the disaster-induced load loss uncer-
tainty.

A. Load Loss of MVD Network

Generally, a substation supplies multiple distribution feed-
ers (divided by transformers).
1) Topology Reduction

In a distribution feeder, each service transformer can be re-
garded as a node. Then, the feeder is a collection of load
nodes and switch, as shown in Fig. 2(a). If any branch (indi-
cated by (D -@®) between the two sectionalizing switches
(SSs) fails, the SS isolates this sub-section of the feeder. We
set the branch equipped with SS as the boundary and com-
bine all nodes between two SSs. Therefore, the structure of
distribution networks is simplified, as shown in Fig. 2(b).
2) Power Supply Path and Influence Node Matrix

In a radial network, the power supply path of a load node
is unique. Thus, the relation between faulty branches and re-
sultant load loss can be expressed by the power supply path
and influence node matrix (denoted as PSILM) [20]. As
shown in Fig. 3, load nodes are numbered according to the
depth first search (DFS) algorithm to make the matrix more
readable [36]. PSILM is generated as follows. First, generate
node-branch incidence matrix A4 according to the principle:
A,;=1 if node k is the starting node of branch i; 4,=-1 if
node £ is the ending node of branch i; 4,,=0 if node & does
not belong to branch i. Second, delete the first row of 4 (de-
noted as A) and obtain the inverse 4™
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Substation p %
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Substation p Substation ¢

| ®
(b)
—~_ SS (D-®); X Breaker; — Tie switch (TS); ® Equivalent load point

Fig. 2. Simplification of distribution network topology. (a) Original net-
work. (b) Simplified network.

@® ) ® @ ® ©®
0 — 0 — 0 —— —e
1 2 3 4 51 @ 6

7
®

8o

Substation p

(a)

Substation p

ﬁ+:’4

Substation ¢
7
®

5o
(b)

—~_SS; X Breaker; = Tie switch; ® Load (1-8); Branch (D-®)

Fig. 3. Layout of typical distribution feeder. (a) Single power source. (b)
Double power source.

Third, obtain PSILM B by calculating the absolute value
of each component of A™'. Therefore, B, =1 indicates that
load node k£ will be affected (deenergized) if branch i is
faulty; otherwise, B, =0. An example of matrix generation
is shown in Fig. 4. Each row represents the set of load
nodes being affected by a branch fault, while each column
represents the set of branches in the power supply path of a
node. For example, if branch 2 fails, load nodes {2, 3, 4, 5,
6, 7, 8} will be influenced. Also, the power supply path of
node 7 is {1, 2, 3, 4, 5, 7}.

DOBDGB G D®
b—+0-0-0-0-0-00- |, 123456?‘8
I =11.00 0000 speoqute @ 1 11 1 1 1711
2. 0-11000 0 0 yaeof 20 1 1 1 1 11111
300-1100 00 jnverse @00 1 11 1111
4000—110004’<1>000111}1}1
5.0000-1110 ®00001 111
6 00000-100 ©® 0000011010
7000000 -11 0000001
§ 0000000 -1 $00000001

Fig. 4. An example of matrix generation.
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Some distribution lines in the UPN are connected to a sin-
gle substation, while others are connected to two substations
through a normally-open TS. Therefore, the power supply
mode of these lines can be classified into two modes.

1) Mode a: the line is normally energized by only one
substation. An example is shown in Fig. 3(a).

2) Mode b: the line is energized by one substation with
one backup substation. An example is shown in Fig. 3(b).

3) Power Supply Mode a

Based on matrix B and the vector of branch fault probabil-

ity, the excepted value of load loss of feeder / is calculated

by (16)-(18).

M
APli= B, (P,~P) Vie Q] (16)
k=1
M
o=y [] [Ba-2f)+(1-By)] VieQ).VkeQ) (17)
k=1k#i
M
E[*= >, AP} VieQ, (18)
i=1

where AP} is the load loss value in the case of Mode a; M
is the number of branches; & is the index of load node; i is
the index of branches; P, is the load demand of node k; P}
is the distributed energy source on node k; ¢, is the proba-
bility that branch i is faulty and its upstream branch is nor-
mal; A7, is the probability of branch i; E/* is the excepted
load loss of Mode a; QF and Q) are the sets of load node
and branches within feeder /, respectively; and Q, is the set
of distribution feeders.

Equation (16) calculates the load loss of each N—1 fault
scenario. Equation (17) represents the probability in which
the adjacent upstream branch 7 is faulty and other upstream
branches are normal. The downstream branches are deener-
gized whether they are damaged. Therefore, all fault scenari-
os can be represented by the N—1 fault scenario. The num-
ber of fault scenarios is reduced from 2" to M.

4) Power Supply Mode b

The fault scenarios in double-source feeder are more com-
plex than those in single-substation. To simplify the calcula-
tion process, we aggregate the sub-branch, e.g., branches {7,
8} in Fig. 5, into one load node in the first step and add it
back in the second step. The fault scenarios can be classified
into three types.

ST

®

F7777

S| @), | 6
Substation ¢

|
|
ol
| |
se

B f T{émovc the sub-branch

Substation p
7

©) @ ©
Substatlon q
—~_SS; X Breaker; § Fault; — TS; ® Load (1-8); Branch (D-®)

Substatlon P

Fig. 5. Simplification of two-substation system.
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1) The load node is not energized. Thus, load nodes do
not supply power whether sub-branches are normal or not.

2) The load node is energized and all sub-branches are
normal. All load nodes can supply power in this case.

3) The load node is energized and at least one sub-branch
is faulty. This fault scenario is similar to single-source case.

If branch i is directly connected to substation p, e.g.,
branch 1, and substation ¢ is the back-up source, M—1 fault
does not affect the power supply of any nodes. Similarly, if
node k is connected to the substation g by SS, no branch
fault can affect the power supply of node k. Hence, the
PSILM of Mode b can be modified as follows. First, delete
the k™ row and i" column and inverse the matrix. Second,
add “0” in the i" row and k™ column to obtain the PSILM
of substation g. The example is shown in Fig. 6(a).

i R ...k

T T A A N N A

—60—0—0—0—0- (0000070
1100 00 Power supply 100000
;110 0 0 pathmatrixof - 1 1 0 0 0(0]
0-1100 substationq 1110010l
00-110— . 111100
000 -1 111110

+*—0—0—0—10—"0—1
(a)

1 23 456 1 23 456
2011111 2100000
@o00011°1 @1 11000

lBitwiscor
2@OMom1111 1 [T 110 0 0]
\ Bitwise and /
D@0 1100 0]
(b)
1 23456
D@ 100000
110000
011000
56 000010

Fig. 6. Correlation matrix and formation process. (a) Power supply and in-
fluence load matrix of substation g. (b) Operation process. (c¢) Relationship
matrix.

In Mode b, only M—2 faults need to be considered be-
cause it includes all other load loss possibilities of M—k
faults when 2 <k<M. Furthermore, the set of nodes affected
by the simultaneous faults of branches 7 and j is the intersec-
tion of two sets affected by the separate faults of branches i
and j in single-source case, respectively. Then, we can ob-
tain the set of affected nodes of substation p, S, via the in-
tersection set of two branch faults. It is represented by the i"
row of bitwise and the j" row in PSILM. Similarly, the set
of affected load nodes S,; can be obtained when only the sub-
station ¢ is supplied. Therefore, the load nodes keSWﬂS i are
affected when the TS is closed and there is no fault in both
substations. An example of the operation process is shown

in Fig. 6(b). When branches 2 and 4 are faulty, the affected
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node set is {2, 3} by taking the intersection. The calculation
process can be expressed as:

C=C".C" (19)

where o is the symbol for multiplying the elements of a ma-
trix by bits; C is the relationship matrix; and C” and C™
are the correlation matrices when the power supplies are p
and ¢, respectively.

The total number of M —2 fault scenarios on feeder / is
M/ =C3;, where N equals N/, which is the number of load
nodes after removing sub-branches. Since the branch fault
condition affecting the power supply to the load node can be
derived from the above operation, we can use a structure
similar to B to form C, as shown in Fig. 6(c). Similarly, the
column of C represents the load node. C,,=1 indicates load
node k will be affected (deenergized) if the branch fault con-
dition is m; otherwise, C,,=0. Each row element indicates
the condition of the node affected by the branch fault. Final-
ly, the expected load loss of the main branches on feeder /
E[“" is calculated by (20)-(22).

M
AP[}="> Cy(P,—P{°) VieQ) (20)
k=1
Pmi= H A H (1-2f) VieQ.VmeQpP
g, s, 1)
=i
E'"=®d]AP" VieQ, (22)

where AP/} is the load loss value in the case of Mode b; m
is the index of fault situation; ¢, , is the probability of the
fault situation m; £," and f,"" are the maximum and mini-
mum nodes in fault situation m, respectively; @, is the proba-
bility matrix of fault situation; AP/” is the matrix of load
loss; QP is the set of branches after removing the sub-
branch; Qf is the set of fault situations; and E/"" is the ex-
pected load loss of the main branch on feeder /.

The fault situations of node with sub-branch are divided
into two sets, which are represented by 7, and QJ,, respec-
tively. Therefore, the expected load loss is calculated by:

ElTbS: 2 ! z ((ol,m z Psk + z wl,mEs?:l (23)

sle Q| meQf, ske QY, me QY

where E/™ is the expected load loss of the sub-branches on
feeder /; Q" is the set of load nodes with sub-branches on
feeder /; and Q7 is the set of load nodes on branch s/.
Above all, the excepted load loss of Mode b consists of
those caused by main branch faults and sub-branch faults, re-
spectively:
EP=E"+E™ VieQ,

where E” is the excepted load loss of Mode b.

The expected load loss of the MVD network is calculated

by adding the expected load loss of feeders under the possi-

ble uncertain fault of high-voltage substation e.
AP!"= N E, VeeQy,

le Q"

24

(25)

where Q,, is the set of high-voltage substations; and Q" is
the set of feeders for substation e.
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B. Load Loss of High-voltage Network

The analytical model in Section III-A aggregates the load
loss at the MVD network. From the perspective of UPN, the
expected load loss not only depends on the fault of MVD
networks, but also depends on the fault of upstream high-
voltage networks, which acts as the power supply path from
power plants to end-users. Therefore, it is necessary to mod-
el the fault probability of HVD/HVT lines. Considering the
large number of feeders in a city, the proposed analytical
method for computing expected load loss is sufficiently accu-
rate for pre-disaster allocation.

1) Supply Path Search Algorithm

In this part, the DFS algorithm is adopted to power sup-
ply path from the EHV substation and the HVD substation.
The procedure to find the power supply path of the target
node is as follows.

1) Visit its first child node of the source node and push it
into stack.

2) Find the first child node of the topmost node on the
stack, repeat this step until the final destination node is
found, and record the power supply path. Then, pop the final
destination node and continue to search other power supply
paths. In other words, visit the next sibling of the parent
node. If the parent node is not adjacent to the next sibling,
the next sibling of the grandfather node is visited.

3) Repeat the above steps until all nodes are visited and
all power supply paths are recoded.

2) Expected Load Loss Calculation

The expected load loss can be calculated in a method simi-
lar to that of MVD networks. Due to the complexity of
UPN, the result obtained from direct calculation of all nodes
to source nodes is complex. The expected load loss is calcu-
lated in two stages. As shown in Fig. 7, the power supply
path from EHV substation to HVT substation and from HVT
substation to HVD substation are regarded as two stages, re-
spectively. Then, the expected load loss is obtained. If the
substation fails, all the loads of this substation are outage,
which does not affect the power supply of its downstream
unfaulty substation. Similarly, when the upstream substation
fails, it does not affect the power supply of the substation
node. Therefore, the reduction formula of fault probability is
shown by (26)-(30).

‘ EHV ‘ HVT HVD MVD ‘
| | |
! HVT, L | HVD, L '
| Q ;L" Y 2 ‘e N
' S HVT, S SHVD.S
! 4o i e ,
‘ Stage 1 Stage 2
\ 2 st ) 512
4 A

e e

O EHV substation; O HVT substation
(O HVD substation; © MVD substation

Fig. 7. Two-stage path search algorithm.

HVT
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JHVDL - H{l— H(l—/lf’)] Ve e QP (27)
ce i€,
AP =1=( =201 =2 Vee Q)T (28)
MP=1—(1 =Sy =)Ly e e QUIP (29)
L= [T0-0-2"1-22)] vweQfl.vec QR” (30

we QP

where w is the index of high-voltage substation; A7 and A
are the fault probabilities of HVT and HVD lines, respective-
ly; 227" and A" are the equivalent fault probabilities of
HVT and HVD lines, respectively; A" and A*? are the equiv-
alent fault probabilities of stage 1 and stage 2, respectively;
TS and 22775 are the fault probabilities of HVT and HVD
substations, respectively; 4, is the equivalent fault probabili-
ty of HVD network; &, . is the set of power supply lines
passed by power supply c; QS is the set of power supply for
substation e; and Q¢ is the set of power sources that have
power supply paths to substation e.

Equations (26) and (27) represent the overall fault proba-
bility of the high-voltage overhead line. Equations (28) and
(29) calculate the fault probability of the HVT and HVD
supply paths, respectively. Finally, the fault probability of
the whole supply path is calculated by (30). Therefore, the
expected load loss of substation e and the total expected
load loss are formulated as (31) and (32), respectively.

AP™=),(P,—~AP;"") VeeQy 31

PL=APMT+ AP VeeQ,, (32)

where AP is the expected load loss of HVD network; and
P! is the total excepted load loss.

C. Summary

The overall technical framework is shown in Fig. 8. In the
MVD network, the expected load loss of each feeder is esti-
mated based on the power supply path and load distribution.
In the HVT/HVD network, a two-stage path search algo-
rithm is used to calculate the expected load loss of HVD net-
work. The combination effect of line faults of multi-voltage-
level UPN is a representation of the overall load risk, which
provides the preventive operation with essential guidance.

Factor
Network topology, HVD/HVT
substation fragility, and
HVD line fragility
| !
Load loss in MVD network Load loss in HVD network

Analytical estimation by Two-stage path search by
(14), (19), (21), and (22) (26)-(30)

Factor

Network topology and
MVD line fragility

[ Expected load loss ]

Fig. 8. Technical framework.

IV. PRE-DISASTER ALLOCATION OF MPS

This section proposes a pre-disaster allocation of MPSs in
order to reduce the expected cost of load loss. Meanwhile,
the post-disaster re-dispatch of MPSs is minimized. The
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MPSs consist of mobile emergency generators (MEGs), mo-
bile energy storage systems (MESSs), and electric buses
(EBs). Under complex disaster-induced load loss uncertainty,
a mixed-integer linear programming model is proposed
based on the expected value of load loss calculated in Sec-
tion IIl. The objective function (33) aims to minimize the
cost of load loss and MPS placement within the city.
min z (al+cPBP+ cEyE+ cEAPL)
ecQ,,

(33)

where ¢, ¢?, and ¢ are the unit output costs of MEG,

MES, and EB, respectively; c” is the cost reduction per unit
load; o, B2, and y” are the dispatchable MEG, MESS, and

EB, respectively; and AP’ is the load loss after the deploy-
ment of MPS groups.

The constraints are given by (34)-(41).

e;hwafSNM (34)

D D
D 69

E E
ZV <N (36)
0<PY<oPY VeeQ,, (37)
0<PP<pBPPP VeeQ,, (38)
0<PE<y!PE VYeeQ,,, (39)
APL=PL—pY_PP_PF ‘eeQ,, (40)
0<PY{PP4PE<AP' VeeQ,, (41)

where NY, N°, and N” are the total numbers of MEGs,
MESSs, and EBs, respectively; PY, P?, and P’ are the real
power outputs of MEGs, MESSs, and EBs, respectively; X is
the upper limit of variable x; Q,, is the set of high-voltage
substation nodes; and @, is the set of high-voltage substa-
tion nodes into which EBs can integrate.

Constraints (34)-(36) restrict the total number of allocated
MPSs in the UPN. Constraints (37)-(39) enforce the lower
limit and upper limit of the MPS group that is dispatched in
each MVD network. Then, this group of MPSs can be fur-
ther dispatched to the service transformers in this MVD net-
work. Detailed method is beyond the scope of this paper and
can be found in [11]. There is no need to consider the multi-
time step in the problem of pre-disaster allocation of MPSs.
Besides, MESs and EBs are considered to be fully charged
before the dispatch. Constraint (40) enforces that the load
loss value after MPS deployment is the expected load loss
minus the active power output of the MPS deployment. Con-
straint (41) indicates that the MPS output of each node does
not exceed the expected value of node load loss, because the
capacity of emergency power resources is usually less than
needed after the extreme weather events.

V. NUMERICAL STUDY

This section presents case studies on a practical UPN. The
optimization model is a mixed-integer linear program and
can be directly solved by the existing solver. The computa-
tional tasks are performed on a personal laptop computer
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with an Intel Core i7 Processor (2.20 GHz) and 16 GB
RAM, and the code is implemented via the MATLAB-based
IBM ILOG CPLEX Optimization Studio V12.8.0.

A. Description of Test Case

A layout of a practical UPN is shown in Fig. 9. The sys-
tem corresponds to a coastal city in South China with a pop-
ulation of 1.6 million. The system consists of 37 substation
nodes, including 2 EHV substations (nodes 36 and 37), 6
HVT substations, and 29 HVD substations. The schematic di-
agram of a typical MVD network is shown in the green part
of the 27-node connection. There are 3 feeders in Fig. 9, and
each feeder is connected to one substation or two substations
with a normally-open SS. The yearly peak load is 1.271
GW. In this case, the moving track of the typhoon is as-
sumed as follows: the typhoon center reaches the city from
the coordinate (0, 0), the moving angle is 45° north of east,
and the moving speed is 15 km/hour. Considering that the
capacity of MPSs is limited, we assume that the numbers of
MEGs, MESs, and EBs are 100, 200, and 1000, respectively.
The total active power available from MPSs in the region is
245 MW, of which 45 MW is for MEGs, 100 MW is for
MESs, and 100 MW is for EBs. All MPSs are utilized ex-
cept EBs, which can only be deployed at fixed nodes {I1, 6,
10, 15, 19, 28, 32}.

Y-coordinate (m)

0 2 4 6 8 10 12 14 16 18 20
X-coordinate (m)
(a)
Feeder 1
Feeder 2 |—o—o—o—o—o—o—o—o—o—o—<>—<>—<>—o

Feeder 3

(b)
—— EHV line; — HVT line; — HVD line; — MVD line; =5 MPS

x Fault location; O EHV substation; Q HVT substation
(O HVD substation; © MVD substation
o Typhoon moving path and marking

Fig. 9. Layout of a practical UPN. (a) Typical power network topology
of HVT and HVD network. (b) Typical power network topology of MVD
network.

JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 12, NO. 4, July 2024

EHV substations with high importance level and protec-
tion measures have low fault probability. Thus, we assume
that they will not fail in extreme weather. This subsection on-
ly discusses the load loss of nodes 1-35 and the layout of
MPS.

B. Simulation Result

1) Expected Load Loss in MVD Network

The fault probability of overhead line is related to the
maximum wind speed. According to the typhoon direction,
the maximum wind speed within the supply area of each sub-
station node is forecasted, as shown in Fig. 10.

IS
=
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5 39 . .
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-g -/\-' [

5 371, \ /

E \- L} - Ve |

E 361 /- \-/. \- o \- /-- \

= [ ] /-~-

2350 4\ e : -

2

= o34 . . . . . .
0 6 12 18 24 30 36

Substation node number

Fig. 10. The maximum wind speed of each substation node.

The maximum wind speed of each substation node in the
area ranges from 34.8 to 39.1 m/s, as shown in Fig. 10.
Among all substation nodes, node 6 has the smallest wind
speed because it is on the moving path of the typhoon eye.
Taking the distribution feeders of node 27 as an example,
the fault probability of each branch is calculated, as shown
in Fig. 11, which is below 0.04. The expected load losses of
feeders 1-3 are 967.37 kW, 1401.01 kW, 160.01 kW, respec-
tively. Feeder 3 is supplied by two substations (with one
backup), and its load loss expectation is much smaller than
those of other two feeders.

A ANAAN
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0.01
0

Branch number

(a)
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Fig. 11. Fault probability of typical feeders. (a) Feeder 1. (b) Feeder 2. (c)

Feeder 3.

The expected load loss caused by the fault of the MVD
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network is calculated, as shown in Fig. 12. Node 20 has the
largest expected load loss of 10.60 MW, and node 11 has the
largest load loss ratio of 26.03%.

10.4

80 Expected load loss
B Normal supply load
| —=— Load loss ratio 103

60+ I\

‘
e
o

Load loss ratio

0 6 12 18 24 30 36
Substation node number

Fig. 12. Expected load loss of MVT substation.

2) Expected Load Loss in HVD Network

As shown in Fig. 9, the EHV substation nodes 36 and 37
are assumed not to be faulted.

Nodes {1, 11, 18, 23, 28, 31} are HVT substation nodes
and the other nodes are HVD substation nodes. The calculat-
ed fault probabilities of HVT substation to EHV substation
are 0.0683, 0.0037, 0.0026, 0.0683, 0.0064, and 0.0036, re-
spectively. The results obtained by the two-stage path search
algorithm are shown in Fig. 13. Since there are two power
supply paths between nodes 11, 18, 28, 31 and EHV substa-
tion, the fault probability is much smaller those that of
nodes 1 and 23.

O EHYV substation; O HVT substation; O HVD substation

Fig. 13. Results obtained by two-stage path search algorithm.

The results of fault probability are shown in Fig. 14. The
expected load losses of HVT and MVT substations are
shown in the Fig. 15. In the absence of MPS, the total load
losses value is 182.50 MW. The expected load losses of
HVT and MVT substations are 78.97 MW and 103.53 MW,
respectively.

The total cost of MPSs carried out by the method de-
scribed in Section IV is 1.012x10° RMB. Besides, the solu-
tion time is approximately 5 s and the total calculation time
is approximately 10 s. The typical voltage level of UPN is
shown in Table II.

All MPSs are utilized except EBs, which can only be de-
ployed at fixed nodes {1, 6, 10, 15, 19, 28, 32}, and these
nodes have a load loss of 0. By deploying MPSs, the load
loss in this area is reduced to 15.18 MW. Although the load
losses of nodes 27 and 30 are large, they are interruptible
loads.
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Fig. 14.  Results of fault probability.
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Fig. 15. Expected load loss of HVT and MVT substations.

C. Discussion

The analytical model of expected load loss serves as a
tool for the decision makers to identify vulnerable MVD net-
works and to pre-allocate emergency resources for the up-
coming typhoon event and a guidance for preventive action.
The accuracy of the load loss is determined by the forecast
of disaster intensity and the empirical fragility model of com-
ponents. Due to the multi-dimensional uncertainty of ex-
treme weather events and the individual difference of UPN
components, there are some errors in the estimation. Howev-
er, the errors can be minimized in the future if a more de-
tailed forecast information of typhoon and flood is available.

VI. CONCLUSION

This paper establishes analytical modeling of disaster-in-
duced load loss for preventive allocation of MPSs in UPNs.
First, an analytical model of the expected load loss of MVD
network is constructed. In particular, a two-stage path search
algorithm is used to calculate the expected load loss of HVD
network. Second, a pre-disaster allocation method of MPSs
is proposed for large-scale UPN with the minimization of ex-
pected load loss. The following conclusions can be made ac-
cording to the case studies.

1) The analytical estimation method of load loss effective-
ly combines typhoon prediction data, component fault proba-
bility model, and power network topology.
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TABLE I
TYPICAL VOLTAGE LEVEL OF UPN

No. al B A pY PP PE AP

1 0 0 21 0 0 2.03 0

2 18 3 0 5.40 1.5 0 0.02

3 1 31 0 0.30 15.5 0 0.01

4 6 10 0 1.80 5.0 0 0.06

5 8 9 0 2.40 4.5 0 0.11

6 0 60 0 0 5.97 0

7 5 0 1.48 2.0 0

8 4 11 0 1.20 5.5 0 0.16

9 0 10 0 0 5.0 0 0.96
10 0 0 16 0 0 1.60 0
11 2 6 0 0.60 3.0 0 0.31
12 0 13 0 0 6.5 0 0.13
13 0 5 0 0 2.5 0 0.38
14 0 10 0 0 5.0 0 0.34
15 0 0 51 0 0 5.05 0
16 29 0 0 8.70 0 0 0.12
17 9 4 0 2.70 2.0 0 0
18 1 0 0 0.23 0 0 0
19 0 0 6 0 0 0.56 0
20 0 21 0 0 10.5 0 0
21 8 3 0 2.39 1.5 0 0
22 1 17 0 0.30 8.5 0 0.42
23 12 2 0 3.60 1.0 0 0
24 10 3 0 3.00 1.5 0 0.04
25 1 7 0 0.30 3.5 0 0
26 4 4 0 1.20 2.0 0 0.01
27 4 1 0 1.20 0.5 0 7.98
28 0 0 5 0 0 0.40 0
29 1 13 0 0.30 6.5 0 0.06
30 2 0 0 0.60 0 0 3.95
31 2 1 0 0.60 0.5 0 0.02
32 0 0 66 0 0 6.58 0
33 15 0 0 4.50 0 0 0.05
34 6 10 0 1.80 5.0 0 0.05
35 1 2 0 0.29 1.0 0 0

Total 150 200 225 44.89 100.0  22.19 15.18

It serves as the theoretical basis for the optimal MPS allo-
cation for resilience enhancement.

2) The preventive allocation of MPS realizes the optimal
utilization of limited power supply resources, prioritizes the
power supply of important loads, and reduces the expected
load loss.

In addition, the analytical models established for MVT
and HVD networks greatly reduce the computational work-
load, which is essential in the application scenario of strict
computation time.
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