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Abstract—There is a general concern that the increasing pene-
tration of electric vehicles (EVs) will result in higher aging fail-
ure probability of equipment and reduced network reliability.
The electricity costs may also increase, due to the exacerbation
of peak load led by uncontrolled EV charging. This paper pro-
poses a linear optimization model for the assessment of the ben-
efits of EV smart charging on both network reliability improve-
ment and electricity cost reduction. The objective of the pro-
posed model is the cost minimization, including the loss of load,
repair costs due to aging failures, and EV charging expenses.
The proposed model incorporates a piecewise linear model rep-
resentation for the failure probability distributions and utilizes
a machine learning approach to represent the EV charging
load. Considering two different test systems (a S5-bus network
and the IEEE 33-bus network), this paper compares aging fail-
ure probabilities, service unavailability, expected energy not
supplied, and total costs in various scenarios with and without
the implementation of EV smart charging.

Index Terms—Aging failure, electric vehicle (EV), EV charg-
ing, power system reliability, expected energy not supplied, dis-
tribution network.

[. INTRODUCTION

OWER utilities need to maintain a certain level of reli-
ability for the electrical energy supply in distribution
networks at reasonable costs [1]. Equipment aging failures
are often the main reason for low reliability and power quali-
ty issues [2].
The wide use of electric vehicles (EVs) is seen as a major
contribution to a sustainable global development [3]. Howev-
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er, the increased loading resulting from growing penetration
of EVs may weaken system reliability if adequate proce-
dures are not applied to mitigate the impact of EV charging
[4]. Hence, effective reliability evaluation and reliability opti-
mization strategies are essential for power system operators
and planners in the presence of extended integration of EVs.
Additionally, the exacerbation of peak period caused by ran-
dom EV charging results in higher fluctuations in wholesale
electricity market prices.

Reliability, defined as the probability of providing ade-
quate electricity to the load with appropriate power quality
in the planned timeframe [5], is characterized by specific in-
dices such as system average interruption duration index
(SAIDI), system average interruption frequency index
(SAIFI), expected energy not supplied (EENS), loss of load
probability (LOLP), customer interruption frequency (CIF),
and customer interruption duration (CID) [6]-[9]. Reliability
improvement methods can be classified into direct or indi-
rect methods based on their objectives. Direct methods [10]-
[12] aim to maximize the system reliability, while indirect
methods [13]-[15] focus on improving network operation
and performance by reducing power loss, enhancing voltage
magnitude profiles, and maintaining active and reactive pow-
er balance.

From the perspective of power utility investments, reliabil-
ity enhancement methods can be classified into three groups:
cost-free methods (flexibility-based), non-cost-free methods
(technical methods), and hybrid methods. Typical cost-free
methods achieve power supply-demand balance during con-
tingencies through load and generation scheduling, including
distributed generation (DG), demand response (DR), storage
units, and EV smart charging. Within this framework, the
DG impact on network reliability is analyzed in [16], and a
trade-off between reliability and costs is determined for con-
sidered contingencies. EV smart charging/discharging and
load control algorithms are proposed in [17], [18] to allevi-
ate peak loads and, therefore, improve system reliability.
Non-cost-free methods involve costs due to the purchase and
operation of specific devices, such as protections, reclosers,
circuit breakers, tie lines, and distribution static synchronous
compensators (DSTATCOMs) [19], [20]. Hybrid methods
combine both non-cost-free and cost-free ones. For instance,
in [21], the combined use of DG and cross-connections is
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proposed.

Given the significant impact on system reliability and the
expected increase in EV usage, EV smart charging needs to
be prioritized, as analyzed in [9], [14], [22]. Previous studies
compare LOLP and EENS reliability indices for uncontrolled
charging versus smart charging [23], propose time allocation
strategies of home and public charging [17], quantify the
maximum permissible EV load without system reliability
degradation [24], [25], propose bidirectional control strate-
gies for EV charging stations [26], or focus on optimal EV
charging station allocation [27], [28]. Car parks with a large
number of EVs are considered as backup energy sources to
support the grid in case of feeder failure or feeder compo-
nent failure [29].

Aging failure of cables is considered in [30] for transmis-
sion networks, without considering loading fluctuations and
the aging process of transformers. Generally, studies on pow-
er distribution system reliability have overlooked aging fail-
ures due to insulation material degradation, assuming them
to be insignificant up to now. Therefore, to the best of our
knowledge, only sudden failures (repairable failure) with
time-independent failure probabilities or Monte-Carlo simula-
tions have been considered in the literature on power distri-
bution network reliability.

The aging status of the equipment is closely related to
temperature and loading conditions. Real-time dynamic ther-
mal rating (DTR) has been shown to significantly improve
system reliability in bulk power systems with accurate meter-
ing and weather data collection [31]. However, DTR is not
typically applied in medium- and low-voltage distribution
systems, primarily due to the inadequacy of metering sys-
tems, and it is not considered in this paper.

This paper focuses on the effects of temperature due to
load fluctuations, specifically due to EV charging processes,
building upon the approach introduced in our previous study
[2]. Uncontrolled home charging of EVs heavily exacerbates
the evening peak load [32] and reduces equipment lifespan
while increasing network unavailability.

This paper proposes a reliability-based optimization proce-
dure, with a cost minimization objective, considering custom-
er losses resulting from node unavailability, power utility in-
vestments in replacing aged equipment, EV charging, and
power losses. The developed optimization procedure consid-
ers the operational constraints of the distribution network,
EV charging load, power flows, and a linear representation
of the aging failure probabilities for low-voltage (LV) insu-
lated power cables and transformers.

The main scope of this paper is to estimate the impact of
EV smart charging on system reliability due to aging failure.
The design of situation awareness methodologies to mitigate
the effects of DG variations and sudden failures (e.g., due to
extreme weather events) on system reliability is beyond the
scope of this study.

The main contributions of this paper are summarized as
follows.

1) The mathematical formulation of the optimization pro-
cedure is proposed for the assessment of the influence of EV
smart charging on system reliability enhancement in terms
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of customer and power utility costs associated with aging
failures of LV transformers and cables.

2) A model for accurately representing the non-linear char-
acteristics of aging failures in transformers and cables is pro-
posed using piecewise linear constraints.

3) A multilayer perceptron (MLP) model is proposed for
the representation of EV charging load demand based on sur-
vey data.

The proposed optimization model is a mixed-integer qua-
dratically-constrained programming (MIQCP) model, which
is solved by using the Gurobi solver. The main constraints
of the optimization problem include the power flow equa-
tions, the representation of EV charging, and the proposed
piecewise linear model for estimating aging failures. The
framework of the proposed optimization model is illustrated
in Fig. 1.

Arrhenius- Information for Network
Constraints of Weibull linearized aging parameters,
transformers — distribution- failure whole-sale
and cables based aging probability electricity price,
failure models models load profiles
E,V travel Mathematical optimization in solver Gurobi
distance,
departure time, . . Customer cost
. . Aging failure o
arrival time Convex and utility cost
and network . .
power flow o > on aging failure,
i constraints el EV charging and
EV charging assessment Es
load estimation power loss

Fig. 1. Framework of proposed reliability optimization model.

This paper is organized as follows. Section II presents the
formulation of the optimization procedure. Section III de-
scribes the adopted two test networks (a 5-bus network and
the IEEE 33-bus network), the base load and EV charging
profiles, and the selected test cases. Section IV presents and
analyses the simulation results. Section V concludes this pa-
per.

II. FORMULATION OF OPTIMIZATION PROCEDURE

Considering the set of feeder buses N (with index i, while
i=N+1 indicates the substation transformer (ST)) represent-
ing the customers at each bus (where customer loads, includ-
ing EV charging, are aggregated), and the set of time slots 7,
(with index j) representing the optimization horizon, the vari-
ables in the model are organized as:

m,={E,E[. P P VieNVjeT,} (1)
m,={P;,0;,V,;.B,|Vie N,VjeT} )
my={1t,.Dh.piIVie N,Vje T, VeeN}} (3)
Ty ={A Dt/ IVie N+1,Vje T Vee N/} 4)

where 7, is the set of variables for EV charging at each bus,
in which E; is the energy level, £ is the required energy
for being fully charged, Pl.fV is the charging power, and P
is the maximum charging power considering the number of
EVs connected to the charging stations; 7z, is the set of the
power flow variables, in which P is the active power flow,
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O, is the reactive power flow, V; is the bus voltage square
magnitude, and B is the branch current square magnitude;
7, is the set of variables of the piecewise linear model of ca-
ble aging failure probability, in which /lfje is the binary vari-
able of the e" segment, Pj. represents the failure probability
at the e" segment, and p” is the failure probability of the i"
cable over a day; and =z, is the set of variables of the aging
failure probability piecewise linear models of distribution
transformers (DTs) and the ST, in which /1;(, is the binary
variable of the ¢" segment, pge represents the failure proba-
bility at the e" segment, and p! is the failure probability of
the i" transformer. In this paper, subscripts/superscripts T
and L are used to differentiate the parameters and variables
for LV transformers and cables, respectively.

The considered time horizon is one year. To simplify the
analysis, the base load demand (excluding EV charging) for
the entire year is clustered as load demand for three typical
days. Each day is divided into time slots of 1 hour duration.
The following subsections describe the various parts of the
model, the procedure for calculating the inputs, and the ap-
proach used to solve the optimization problem.

A. Objective Function

The objective function includes the customer cost (CC)
due to aging failures, the utility cost (UC) for the replace-
ment of damaged equipment, the EV charging cost (EVC),
and the cost associated to power loss (PLC):

min F=CC+ UC+EVC+PLC 5)

1) CC considers the aging failure probabilities of lines pZ,
DTs p”’, and ST p*". Considering the post-fault reconfigura-
tion (e.g., circuit breaker, switches), unavailability U/ at
bus i is defined by:

UiAF: UiL + UiT (6)
N N
Ul = ZRCik.dkLpé + zSCik.Sépi (7
=1 k=1
UT=dP" pPT+ a7 psT ®)

where RC, and SC, are the ik" entries of the replacement co-
efficient matrix and the switching coefficient matrix, respec-
tively [19]; d}, d”", and d*" are the durations for replacing
the & line, the i" DT, and the ST, respectively; and s* is the
switching duration of the k™ line.

The EENS at bus i is calculated by multiplying unavail-
ability by the average power 13,.:

EENS{*=U* P, ©)
The value of customer reliability (VCR) and EENS esti-
mate the customer loss due to aging failures on equipment:

(10)

The calculation of the aggregate VCR values, considering
different locational load components, is described in Section
1.

2) UC is calculated by combining the costs for purchasing
new equipment and replacing damaged ones with the aging
failure probabilities for each device:

N
CC(ny.m;.m,)= > EENS;"-VCR,
i=1
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N
UC(my.ms.my)= > (Clpi+CPTpP)+Cp (1)
i=1

where C, CP", and C°" are the costs for the i" cable, the i"
DT, and the ST, respectively.
3) EVC for utilities is expressed as:

N T
EVC(m,.my)= > > w,Pi At (12)

JT
i=1j=1

where w; is the wholesale electricity price at the J™ interval;
P;” is the charging power of EVs on bus i at the /* interval;
and At is the duration of one time slot.

4) PLC is defined as:

T,
PLC(ﬂ'l,ﬂ:z)z izW/PlossAt

i=1j=1

(13)

where P, is the power loss of the whole feeder.

The components in objective function (5) are influenced
by the implementation of EV smart charging. Indeed, EV
smart charging reduces the power flow and loading on ca-
bles and transformers during peak hours, leading to a de-
crease in aging failure probabilities and an improvement in
system reliability. Additionally, the adoption of EV smart
charging results in a reduction in power loss and payments
for EV smart charging.

B. Constraints

The constraints are related to the operational limits of the
network, EV load and charging power, and the piecewise lin-
ear representation of failure probabilities for cables and trans-
formers.

1) Probabilistic Aging Failure Constraints

Failure probabilities (p,p;) of transformer and line are re-
lated to their loadings, temperatures, and the functional age
(T,). T, is determined by historical operations, maintenance
conditions, and actual operational statuses [30]. 7, is the to-
tal number of time slots for aging failure estimation.

The real-time temperature of an equipment depends on the
ambient temperature and loading conditions. References [33]
and [34] show the mathematical expressions for the calcula-
tion of the temperature of cables and transformers according
to the current-carrying capacity/loading ratio, thermal con-
stants, and manufacturer data.

Higher loading increases the temperature, the relative ag-
ing speed (RAS), and the loss-of-life. The RAS is defined as
the ratio between the lifespans under rated temperature (6,)
and a specific hot-spot temperature (6,). RAS, and RAS/ at
the k" time slot for a transformer and a cable are expressed
as:

0707
RAS] =exp| = 0:) (14)
(07 +273)(60] +273)
b0=0;)
RASE =100 +27300+273) (15)
-

where a and b are the constants given by manufacturers.

Based on the Arrhenius-Weibull distribution, the cumula-
tive distribution function (CDF) for aging failure of a trans-
former and a cable are expressed as:
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/))T
Ty+ > RAS/
CDF,=1-exp|—| —<~=—% 16
T,+ S Rast)”
CDF,=1-exp|—| <= ""F 17

where L(@T) and L(0") are the rated lifespans of insulated
transformer and cable under the rated operating temperatures
O and 0", respectively; and 8, and 3, are the shape parame-
ters of the Arrhenius-Weibull distributions for cables and
transformers, respectively.

As described in [2], based on the definition of aging fail-
ures as the conditional probability of failure occurring within
a time interval after the device has operated for a specific
duration, the mathematical expressions of aging failure prob-
abilities for the transformer and cable (p,, p,) can be ex-
pressed as:

i br ; |
r Ty+ > RAS[ At Ty+ > RAS[ At
— 1 —ex k=1 _ k=1
pr= 24| [ ) o))
(18)
i = B ; A ]
r Ty+ > RAS{ At Ty+ > RAS{ At
_ 1—ex k=1 _ k=1
pi= 24 e | g L))
(19)

Due to the nonlinear characteristic of the aging failure
probability equations, a piecewise linearization is adopted:

Sl (k_kf'm')_’_plini k{"i<k<k2""i
Sz(k_kéni)‘i‘p;ni kéni<k<k3ini

p= : : (20)
Sn-1 (k_kzi;l\_il )+P§Gfll kzl;/'ii—l <k<k1{/'ii

where s, is the slop of the el segment, and e=1,2,...,N;
and £ and p™ are the initial location of the breakpoint and
the initial failure probability of the " segment, respectively.
The ending location of the breakpoint of the (e—1)" segment
k& is the equal to the initial location of the breakpoint of
the " segment k™. The so-called big-M formulation is ad-
opted for the representation of the aging failure probabilities
for cables and transformers:

(21)

e=1
k& =k, <M > Ay, Ve, ell,2....N,} (22)

e=1

k& —ky=—M Z‘AUE Ve,e{l,2,....N,} (23)
pijesse (kfj_/ly'ekém)"'pini (24)
pijeZSe(kij_/’{ljekém)—i_p:;ni_M(l _/’{fj@) (25)
Pije S Mj’(/’e (26)
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pWZO

T. N
pi= zzpz/e

j=le=1

27

(28)
where 4,, is the binary variable; p;, is the failure probability
of the " segment on the i" equipment at the j" interval; p,
is the aging failure probability at the i" equipment; M is a
big number (e.g., 1000); and k; is the actual load in per unit
for the i" transformer and temperature for the i" cable at the
J" interval.

Constraints (21)-(23) determine the specific segment uti-
lized according to the value of k. Constraints (24)-(27) de-
fine the failure probability at each segment. Assuming
4;.=0, to meet the constraints (26) and (27), p;,=0; other-
wise, constraints (24) and (25) are equivalent to:

Pie=5, (k=2 k" )+p" (29)

The total failure probability p, is defined in (28) by the
summation of all the failure probability at each segment dur-
ing all intervals. The accuracy of the linearization depends
on the number of segments. A large number of segments
lead to high accuracy but increase the solution time. The
PWLF Python library [35] is used to find the optimal break-
point locations for all segments by employing least squares
fitting, considering the specified number of line segments.

The aging failure probabilities of transformers when load
varies from 0 p.u. to 2.0 p.u. by 0.001 are calculated using
(14). These values are the inputs of the PWLF library based
procedure that finds the optimal breakpoints (k™ k<),
slopes (s), and initial failure probability (p"™) for each seg-
ment. The piecewise linearization method demonstrates good
performance when the number of segments is set to be 10,
as observed from the comparison of failure probabilities us-
ing the linearized equations and the original model. Figure 2
illustrates the comparison between the original and linear-
ized data for aging failure probability on a transformer. The
sum-of-square error for this comparison is calculated to be
1.91x107"

—_
=]

o
o0

<
o

N
~

<
o

Failure probability (10-3)

—— Original data; —o— Linearized data

Fig. 2.
former.

Original and linearized data for aging failure probability on trans-

A similar procedure is adopted to linearize the aging fail-
ure probability of a cable based on the temperature. Follow-
ing the approach described in [33], the temperature is influ-
enced by the branch current obtained from power flow calcu-
lation and its specifications, such as square current-carry ca-
pacity (B,), ambient reference temperature (¢,), ambient tem-
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perature (¢,), and thermal time constant (z), as shown in
(30).

—At

B, A
k./'L:(grL_eo)B;(l_e ‘

—At

e
e’ +0,

B,

The input is the temperature (varied from 0 °C to 100 °C)
and the output is the aging failure probability for the piece-
wise linearization. Aging failure probabilities of cables are
obtained using (19). Breakpoints (k™ k"), slope (s"), and
initial failure probability (p“™) are determined using the
PWLF library [36]. The comparison between the original
and linearized data for aging failure probability on cable is
shown in Fig. 3 with 10 segments. The sum-of-square error
is 8.42x107".

+(ki = 0y) (30)

0.20

0.15+

0.10+

0.05+

Failure probability (10-3)

0 20 40 60 80 100
Temperature (°C)

—— Original data; —o— Linearized data

Fig. 3. Original and linearized data for aging failure probability on cable.

Table 1 shows the piecewise linearization information of
each segment for the calculation of aging failure probabili-
ties assuming the loss of life of historical operation are
170000 and 165000 hours for transformers and cables, re-
spectively. The initial load and temperatures (k™™,k"™) of
the ¢" segment are the ending load and temperatures
(k™ KR!y of the (e—1)" segment. The R® values are
99.995% and 99.997%, and the standard errors are in the in-
terval [2.09x107,4.16x107°] and [2.35%107,4.71x107]
for each segment of aging failure probabilities of transform-
ers and cables, respectively.

TABLE I
PIECEWISE LINEARIZATION INFORMATION FOR TRANSFORMERS AND CABLES

S . Transformer Cable

egmen ini ini

No. prfni o k" pL.im S =

(p-u.) (°C)
1 9.07x107° 261x10° 0 1.40x107° 286x10° 0
2 220x10° 4.02x10° 1.12 136x107 147x107 46.67
3 7.60x107° 9.01x107° 125 2.14x10° 593x107 60.27
4 2.59%x107° 2.59x10™% 146 897x10° 1.55x10° 71.79
5 6.08x107° 577x10™% 1.59 2.05x107° 2.78x10° 79.37
6 1.32x107* 1.12x107° 1.71 3.43x107° 4.13x10° 84.34
7 224x10* 1.71x107° 1.80 4.97x107° 570x10° 88.07
8 321107 232x107° 1.85 6.88x107° 7.57x10° 91.43
9 429x107* 3.16x107° 190 9.07x107° 9.74x10° 94.33
10 599% 10 4.46x107° 195 1.17x10™% 1.24x10° 97.03

JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 12, NO. 2, March 2024

The parameters of the piecewise linear model of cable ag-
ing failure probability refer to a generic insulated LV power
cable. Obtaining specific information on the type of cables
installed in the distribution network is crucial for developing
accurate models that can be effectively used in a specific
study.

2) EV Load Prediction and Constraints

A multi-layer perceptron (MLP) model predicts the travel
mileages of EV in the test system. The typical MLP model
is structured by an input layer, multiple hidden layers, and
an output layer. The mathematical relationship between input
layer (X) and output layer (O) of an MLP with one hidden
layer (H) is expressed as [36]:

H=f(,X"+5,) (31)

O0=g(u,H'+0,) 32)
where u,, ¢,, and f() are the weights, biases, and activation
function of hidden layer, respectively; and u,, &, and g()
are the weights, biases, and activation function of output lay-
er, respectively.

The open data of 2017 National Household Travel Survey
(NHTS) [37] are utilized to study the driving behavior of
EV owners and train the MLP model. To ensure a better rep-
resentation of practical experience, EVs with travel distance
larger than 250 miles have been removed from the original
dataset. The modified NHTS dataset is then divided into two
parts: 80% for training the MLP model and 20% for testing
the evaluation accuracy. The MLP model is trained using the
Scikit-learn Python library, with a configuration of 100 ep-
ochs and a batch size of 5. The accuracy evaluation metrics
used include correlation coefficient R°, mean squared error
(MSE), and mean absolute error (MAE). Based on the evalu-
ation results, the MLP architecture with 3 hidden layers and
50 nodes demonstrates the best performance, achieving ap-
proximately 1.0000 for R, 0.0035 for MSE, and 0.0124 for
MAE.

The probabilistic distribution functions of vehicle depar-
ture time (f,,,) and arrival time (f,,) have been modelled as
normal distributions:

l _ 2
fdep: : 041 . -5 [-921)3.04] 0<t<24 (33)
.04 2w
1 2
= : 521 e e—z[(t—16,43)/3,52] 0<t<24 (34)
52V 2w

These normal distributions are used to generate the EV ar-
rival time vector (T") and departure time vector (T%), giv-
en the number of EVs in the test system. The time range for
optimizing the aggregated EV charging load is between the
earliest arrival time and earliest departure time for simplici-
ty, as shown in Fig. 4. Since the time horizon for an interval
is 1 hour, the floor and ceiling functions are utilized to as-
sign the arrival time and departure time of all EVs to the
corresponding intervals.

The newly generated vectors of 7" and T/ are the in-
puts of the pre-trained MLP model to predict the EV travel
mileage vector (d°).



ZHAO et al.: AN OPTIMIZATION MODEL FOR RELIABILITY IMPROVEMENT AND COST REDUCTION THROUGH EV SMART CHARGING 613

Optimization period for aggregated ‘
EV charging load !
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T,~-1 T,-2 Ty

1 Arrival time (7,,,); | Departure time (Tyep)

arr.

Fig. 4. Time range for optimizing aggregated EV charging load.

Combining the travel mileage and the EV battery data (i.e.,
rated charging power and capacity), the state-of-charge
(SoC) level (SoC,), the initial stored energy (E;;"), and the re-
quired energy (E; ™) of the I" EV connected to the i" bus
are calculated by (35)-(37), respectively.

Di—w.,d

SOC~ — il il
il D:] (35)
E'=So0C,C}, (36)
Ej*™=(1-S0C;)C} (37

where D}, w,, dj, and C} are the rated travel mileage, type
(e.g., full electric or hybrid), expected travel mileage, and
rated capacity of the /" EV on the i" bus, respectively. Be-
fore being used in the optimization algorithm, these parame-
ters need to be categorized in a time sequence. The EV pene-
tration (¢) is defined as the ratio of the total number of EVs
to the total number of houses.

To generate the optimized EV load at each bus, the follow-
ing constraints (38)-(43) are implemented. Constraints (38)
and (39) define the limit of charging power. The maximum
charging power of bus i at the ;" interval P is furtherly
confined by (43). According to constraint (40), all EVs need
to be fully charged before any journey on the next day. Con-
straints (41) and (42) are utilized to calculate the energy re-
quired and energy stored by EVs on the i" bus at the ;" inter-
val, respectively.

P’>0 (38)
nePE < P (39)
T, T,
EE;;@%W _ zngprAt (40)
j=1 Jj=1
Ef1=Ef + Ef ™ —ni P At (41)
E,=E, \+E+niPE At (42)
P EX>Pr At
max _ )4 i i 4
Y {Ei;eq/At EFT<Pp"At 43)

where 7 is the average charging efficiency; P} is the rated
charging power of EV on the i" bus at the ;™ interval; and
Ej#+™ is the initial required energy by the EVs at bus i after
they arrive at their respective homes.
3) Power Flow Constraints

The power flow calculation in the optimization model is
based on the DistFlow model introduced in [38], [39] for ra-
dial networks. The power flow line model is illustrated in
Fig. 5, representing a branch of the feeder with the load lo-
cated at the receiving end. Several assumptions are made:
the voltage at the substation (bus 0) is fixed and equal to 1

p.u., the network has a radial configuration so that the num-
ber of buses is equal to that of branches (the branches are
identified by the respective numbers of the receiving-end
buses), the network is balanced, the single line representa-
tion is adopted, and the line charging currents are neglected.

Viptiy i .
| P+jQ, z=rtix P, +i0,
| i l
P74,

Fig. 5. Illustration of power flow line model.

The formulas of the model are expressed as:

P,=p,+rB,+ ;AikPk (44)
0.=q,+xB;+ ;A,ka (45)
V= Vup(l.)—2(riPi+xiQ,.)+(ri2+xf )B, (46)
P}+Q!-V,,,B,<0 (47)
V.20 (48)
B,>0 (49)
ymin < < max (50)
B,<B™ (51)
N
P,.= ZV,B[ (52)

where P, O, V, and B, are the active power flow at the
sending end of the branch, reactive power flow at the send-
ing end of the branch, the bus voltage square magnitude,
and the branch current square magnitude, respectively; V.,
is the square voltage at the sending bus of the i" branch; P,
and Q,, are the total active power and reactive power of
branch/branches connected by the i" bus directly, respective-
ly, which are calculated by the oriented graph matrix 4; 4,
is the ik" entry of A, it is equal to 1 when the i" bus is the
sending bus of the k" branch, 0 for otherwise; p, and ¢, are
the active power and reactive power drawn from the i" bus,
respectively; 7, and x, are the resistance and reactance of the
i" branch, respectively; V™™ and V™ are the lower bound
and upper bound for square voltage (e.g., 0.9025 p.u. and
1.1025 p.u.), respectively; and B! is the upper bound for
square current at the i" branch (e.g., 2 times of square of rat-
ed current).

Constraints (44)-(49) are the power flow formulas [40].
Constraints (50) and (51) limit the voltage and current, re-
spectively. Constraint (52) calculates the power loss of net-
work.

C. Solution Approach

The flowchart of the solution approach is illustrated by
Fig. 6. The MIQCP model incorporates various components,
including decision variables, objective function tailored to
the simulation scenario, constraints for equipment aging fail-
ure probabilities, EV charging representation, power flow
model, and current and voltage limits. The proposed MIQCP
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model is solved by using the Gurobi 9.1 solver. All the input
parameters of the test cases are described in Section III.

Input information: load profile, network configuration
parameters, wholesale electricity price, EV data, VCR,
replacing cost of cables and transformers

|

Piecewise linearization of aging failure probabilities on
cables and transformers (Arrhenius-Weibull distribution)

]

Optimization model in Gurobi

‘ Variables: z,, 7,, 7y, @, ‘

|

‘ Objective function according to (5)-(13) ‘

| |

EV charging power | |Power flow constraints, Aging failure

constraints, required voltage constraint, constraints of
energy constraint current constraint transformers and
((35)-(43)) ((44)-(52)) cables ((21)-(29))

|

Decision variables on EV charging, power flow, and aging
failure probabilities on transformers and cables

Fig. 6. Flowchart of solution approach.

III. SIMULATION CASES

A. Test Networks

The proposed procedure is applied to two different test
networks: a 5-bus network and the IEEE 33-bus network.

The 5-bus network, shown in Fig. 7, is used to illustrate
the main characteristics and feasibility of the proposed meth-
od. Bus 0 (BO) is the slack bus with fixed voltage (1.0 p.u.)
at the primary side of the ST. DTs (DT1-DT5) are connected
by all the buses, and all the branches 1-5 (L1-L5) are named
after their receiving-end bus numbers (BI1-BS). A circuit
breaker is positioned at branch 1, a manual switch is in-
stalled at branch 3, and two fuses are located at branches 4
and 5.

B5 pT5

BO supply

P, +j0,

P40, P3+j0s
N Fuse; — — Switch; . Circuit breaker

Fig. 7. Configuration of 5-bus network [19].

Table II shows the bus data including number of custom-
ers, rated load active power, DT capacity at 1.0 power fac-
tor, and weighted VCR values at each bus [28]. Parameters
of transformers and cables are adapted from [34], [41]. The
nominal lifespans for transformers and cables are 180000
and 175200 hours for the rated temperatures of 110 °C and

80 °C, respectively. The replacement time of the substation
transformer (7°"), DTs (#*7), lines (%), and the tripping time
(s™) of protecting devices is 30 hours, 20 hours, 20 hours,
and 0.5 hour, respectively. The current-carrying capacities at
the reference ambient temperatures (6,,) for branches 1-5 are
300 A, 150 A, 100 A, 50 A, and 50 A, respectively. Table III
shows the power utility costs for replacing branches and
transformers, taking the equipment cost and installation cost
into consideration [20].

TABLE 1II
Bus DATA
Bus No. Number of Rated load Tran;former VCR
customers (kW) capacity (kW) (AUD/kWh)
1 50 240 240 3721
2 40 200 240 36.38
3 60 240 240 38.46
4 30 120 240 25.95
5 30 120 240 25.95
TABLE III

REPLACEMENT COST FOR BRANCHES AND TRANSFORMERS

Replacement cost (kAUD)

No.
Branch DT ST
1 66 70 200
2 132 70 -
3 98 76 -
4 102 70 -
5 186 70 -

To further assess the applicability of the proposed optimi-
zation procedure, IEEE 33-bus network [42], already used in
[43], is employed. The network has one substation transform-
er of 5 MVA, 32 DTs, and 32 branches numbered by the
ending bus of each branch. The rated power of the load at
the buses are 100 kW (bus 1), 90 kW (buses 2, 17-22), 120
kW (buses 3, 13, 28, 29, 31), 60 kW (buses 4, 5, 8, 9, 11,
12, 14-16, 25-27), 100 kW (buses 6, 7), 40 kW (bus 10),
210 kW (buses 23, 24), 150 kW (bus 30), 80 kW (bus 32),
with power factor of 0.895. The current-carrying capacities
at the reference ambient temperature are 300 A, 200 A, 100
A, and 50 A for branch 1, branch 2, branches 3-5, and
branches 6-32, respectively.

The losses of life due to historical operation for all the
transformers and cables are equal to 170000 hours and
165000 hours, respectively, for both test networks. The piece-
wise linearization of Table I is used to estimate the aging
failure for transformers and cables. The base load is generat-
ed by multiplying the nominal load with different load pro-
files described in the next subsection. The EV charging load
is provided by the implemented MLP model.

B. Base Load, Electricity Price, and EV Charging Load

Residential load forecasting plays an important role in
short-term operation of distribution system and the applica-
tion of demand response techniques [44]. As this paper fo-
cuses on evaluating the effect from smart EV charging on
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system reliability due to aging failure in a long-term (i.e., 1
year), clustered load profiles with corresponding probabili-
ties from [45] are utilized to represent the base load. Consid-
ering the focus of the paper and for the sake of simplicity,
we assume that all the EVs are of the same type (full elec-
tric), disregarding various factors such as low-carbon aware-
ness and governmental subsidies that may influence the pene-
tration and types of EVs in reality.

Figure 8 shows the clustered load profile (3 typical days,
denoted as clusters 1-3) without EV integration for a year.
The probabilities of clusters 1-3 are 31%, 17%, and 52%, re-
spectively. The corresponding wholesale electricity prices for
each typical day are also shown in Fig. 8.

L0 Cluster 1 =140 — Cluster 1
— Cluster 2 g — Cluster 2
F o9l Cluster 3 2 120 Cluster 3
a a
~ =]
2 <100+t
g08 3
E £ sl :
% o7 z L
o U. > =
— | = 60 v
] £ =
2
0.6 . . . . m 40 . . .
0 6 12 18 24 0 6 12 18 24
Time (hour) Time (hour)
(a) (b)
Fig. 8. Clustered load profile without EV and wholesale electricity prices.

(a) Load profile. (b) Electricity price.

The rated travel mileage is 120. The rated capacity is 40
kWh. The maximum uncontrolled charging power is 10 kW.
Assuming a EV penetration of 200% (i.e., every house has
two EVs) in the test system, the departure time and arrival
time are input to the pre-trained MLP model to predict the
travel mileage of each EV. Then, SoC, the energy left and
needed of each EV can be calculated by (31)-(33). After col-
lecting those data, the aggregated information of each bus is
summarized.

Figure 9 shows the EV charging load profiles with uncon-
trolled charging mode at buses 1-5 with a EV penetration of
200%. Uncontrolled charging starts when customers arrive
their homes. Load demand from EV charging is not only de-
pendent on the number of EVs but related to the travel dis-
tance. Therefore, even if bus 4 and bus 5 are feeding users
with the same number of EVs, the average EV charging load
is higher at bus 4 compared with that at bus 5 due to longer
travel distances.
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Fig. 9. EV charging load profiles (p=200%) with uncontrolled charging
mode. (a) Cluster 1. (b) Cluster 2. (c¢) Cluster 3.
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C. Test Cases

Three cases are considered as follows.

Case 1: the costs related to aging failure and power utili-
ties are calculated for the uncontrolled EV charging mode,
without any optimization.

Case 2: the effects of the optimization are analyzed with
the objective of minimizing the sum of charging costs and
power loss costs, represented by EVC+ PLC in (5).

Case 3: the effects of the optimization are analyzed by
considering all the components of objective function (5).

IV. SIMULATION RESULTS AND ANALYSIS

This section first compares the results of integrated load,
aging failure probabilities of transformers and cables, cus-
tomer loss due to aging failures, utility cost for managing ag-
ing failure, and utility payment on the wholesale market for
EV charging load and power loss for the 5-bus network.
Then, the simulation results on the IEEE 33-bus network are
presented to illustrate the feasibility and effectiveness of the
proposed optimization procedures.

A. Simulation Results on 5-bus Network

1) Total Load Including EV Charging for Different Cases

The simulation results of total loads including optimized
EV charging demands with different objective functions are
compared with uncontrolled charging for 3 clusters, respec-
tively, as shown in Figs. 10-15.

5]
S ~ [5)
Ez 120 R e I‘OE
= e m— " l\./.\KFb—Fb—V 9 ’;
3 g 60 ~a—n—u—g—a—50.5 _g‘ a
= g o
2 o N — 0 3

m 13:00 15:00 18:00 21:00 24:00 03:00 06:00

Time

—>— Load; —=— Electricity price

Fig. 10. Base load and electricity price for cluster 1 from 13:00 to 06:00.

Figures 10, 12, and 14 show the base load and electricity
prices for clusters 1-3 from 13:00 to 06:00 next day without
EV charging load. Typically, peak load occurs from 17:00 to
21:00 with higher electricity price. Figures 11, 13, and 15
show the total loads including EV charging demands at ST
and each bus of different cases for clusters 1-3. For case 1
(uncontrolled EV charging mode), the load peak exacerbates
when electricity price is high. For case 2 (minimization of
utility cost to feed EV load and power loss), the EV charg-
ing load is shifted to the period when electricity price is low.
For case 3 (minimization of the total costs including reliabili-
ty), the load demands at ST and each bus have the minimum
fluctuations.

2) Aging Failure Probability

This subsection presents aging failure probabilities of ca-
bles and transformers for the considered 3 cases in a year.
As aging failure probability is affected by temperature and
power flow, all the cables and transformers have the highest
aging failures due to high aging speeds at peak hours for
case 1, as shown in Table IV.



616

JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 12, NO. 2, March 2024

2.0 — 3
= @ = £ 140 1.0~
“ L Z~ Z _
2= }g ey == 04t . et ;Z 0 ,,.,,:ngk: b::::b—>~>_k’_k 0s g_
EZ08 *\faam%ﬁf_:“*‘j 5 202 Hl\.g:*% SeaN 2g M 02
= 04 ) e 8 ‘ 2% o ‘ ‘ ‘ ‘ 0 &
13:00 18:00 24:00  06:00 13.00 18.00 24.00 06:00 B 13:00 15:00 18:00  21:00  24:00  03:00  06:00
Time Time Time
(a) (b) —»— Load; —=— Electricity price
o 0.6 o 0.6 Fig. 14. Base load and electricity price for cluster 3 from 13:00 to 06:00.
2204 " ES04L
R e el A Pl e s~ B Y -
S o0 ‘ ‘ .3 ‘ ‘ ‘ 2~ 16 2
) ) . ) . . ) . 5= N 2
13:00 18:00 24:00 06:00 13:00 18:00 24:00  06:00 _‘g s 1.2 , . =
Time Time g <038 .ea-—:\-'e& _\_f T3
(©) (d) = 04 . S0 s s ;
+ 04 w04 13:00 18:00 . 24:00  06:00 13:00 18:00 . 24:00  06:00
g g Time Time
S 2
=202 -~ =202 @ ®)
32 MBIy g LA g 06 3 06
S 0 ‘ ‘ S0 ‘ ‘ : 2204 2204
13:00 18:00 24:00 06:00 13:00 18:00 24:00 06:00 = § s e
Time Time E ‘% 0.2 ""h-'f :: :ﬁ 'g'g ‘% 0.2 \"'k‘_é:\‘éﬁf: -t
(e) ) — ' 0 .
. Case 1: - Case2: + Case 3 13.00 18.00 24.00 06:00 13:00 18:00 24:00 06:00
ase 1; ase 2; ase Time Time
Fig. 11. Comparison of total loads including EV charging demand at ST (©] (d)
and buses 1-5 for cases 1-3 of cluster 1. (a) At ST. (b) At bus 1. (¢) At bus < 0.4 w04
2. (d) At bus 3. (e) At bus 4. (f) At bus 5. Eo 2o
=202 = 22020, .,
32 g2 e e
g 210 1.8 g 0 ‘ ‘ .8 0 ‘ ‘ ‘
Bz ’5 13:00 18:00 24:00 06:00 13:00 18:00 24:00 06:00
=S 140 . 12 & Time Time
RN o= S S b= ¢
25 70 —a—e a2 t06 8 (e) ()
E) < — —=—Case 1; —— Case 2; —+— Case 3
m 0 ‘ s s s s 0
13:00 15:00 18:00 21:00 24:00 03:00 06:00 Fig. 15. Comparison of total load including EV charging demand at ST
Time and buses 1-5 for cases 1-3 of cluster 3. (a) At ST. (b) At bus 1. (c) At bus
—>— Load; —=— Electricity price 2. (d) At bus 3. (e) At bus 4. (f) At bus 5.
Fig. 12. Base load and electricity price for cluster 2 from 13:00 to 06:00.
TABLE IV
20 AGING FAILURE PROBABILITIES OF CABLES AND TRANSFORMERS
— O —
S 2 § 04
212 TN -t s Aging failure probability (%)
= +.)>. osssoo, To0s =S WIVTN Item
§ =0.8 l’é*" {-\-\.,. . '§ 202 iy Case 1 Case 2 Case 3
0.4 . 2 ]
1300 18:00 2400 06:00 3:00 1800 2400 06:00 Cable 1 100.000 6.890 7.307
Time Time Cable 2 63.690 7.094 2.145
(2) (b) Cable 3 5.762 0.338 0.410
o 06 o 06 Cable 4 0.075 0.072 0.074
3 5~
fl=) =) —n—
- . = AN Cable 5 0.070 0.071 0.073
< " < e =8-¢-8_4
Z ')kﬂix;. e g 2 02¢ e R e DTI 3.747 1.067 0.905
Q Q
— 0 | 0 . . .
13:00 18:00 24:00 06:00 13:00 18:00 24:00 06:00 D12 6.294 1.552 0.938
Time Time DT3 10.030 2.163 0.979
(c) (d) DT4 16.510 1.733 0.956
T 0.4 o 0.4 DT5 4.483 1.447 0.911
E 2
= s ST 3.089 1.401 1.348
=202) 5 202 .
LR <) ey o & P o PPN TOOSS
8 0 il 8 0 SR
T 1300 18:00 2400 06007 13:00 18:00 24:00 06:00 The aging failure probability of cable 1 is 100%, indicat-
Time Time ing the termination of its life within one year when the oper-
(e) ®) ation loss of life for cable 1 is 165000 hours respect to its to-
——Case |; —+—Case 2; —+ Case 3 tal lifespan of 180000 hours. For cable 2, the aging failure
Fig. 13. Comparison of total loads including EV charging demand at ST probability is higher than 50% in case 1. Cables 4 and 5

and buses 1-5 for cases 1-3 of cluster 2.
2. (d) At bus 3. (e) At bus 4. (f) At bus 5.

(a) At ST. (b) At bus 1. (c) At bus

show similar aging failure probabilities for case 2 and case 3
since the minimization of the electricity payments reduces

the loading fluctuations.
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Similarly, the aging failure probabilities of ST and DTs
are reduced in cases 2 and 3 compared with case 1. As ex-
pected, all transformers have the lowest failure probability in
Case 3, which also depends on the transformer capacity. To
better illustrate the impact of EV smart charging on the
equipment aging failure, Fig. 16 compares the aging failure
probabilities without (case 1) and with EV smart charging
(cases 2 and 3) according to the data in Table IV.
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Fig. 16. Comparison of aging failure probabilities without/with EV smart
charging in 5-bus network. (a) Cable. (b) DT. (c¢) ST.

3) Reliability Indices and Total Cost

Tables V and VI show the probabilistic network reliability
indices including bus unavailability and EENS for the con-
sidered three cases in a year. For case 1, the highest unavail-
ability is at bus 5 followed by bus 2 and bus 1. The maxi-
mum EENS occurs at bus 1. Compared to case 1 with aver-
age unavailability of 23.024 hours, the average unavailabili-
ties in cases 2 and 3 are 2.383 hours and 1.785 hours, re-
spectively. Moreover, the average EENSs are 2850.7, 298.4,
and 228.11 kWh in cases 1-3, respectively. The comparison
of node unavailability and EENS without (case 1) and with
EV smart charging (cases 2 and 3) is also shown in Fig. 17.

TABLE V
Bus UNAVAILABILITY FOR CASES 1-3

Unavailability (hour)

Case
Bus 1 Bus 2 Bus3 Bus4 Bus 5 Average
Case 1 34.440 34.950 4904 6215 34.610 23.020
Case 2 3.481 3.443 0.813  0.765 3.411 2.383
Case 3 2.478 2.484 0.730  0.740 2.494 1.785

TABLE VI
EENS FOR CASES 1-3

c EENS (kWh)
ase

Bus 1 Bus 2 Bus 3 Bus 4 Bus 5 Average
Case |  5291.20 4295.60 903.98 572.860 3189.60  2850.70
Case 2 533.13 421.73 15195 71.824 313.36 298.40
Case 3 389.96 312.80 132.20 68.130 235.46 228.11
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Fig. 17. Comparison of unavailability and EENS without and with EV
smart charging in 5-bus network.

The values of EVC, PLC, UC, and CC in a year are pre-
sented in Table VII and Fig. 18. The total costs are 797.71,
138.2, and 129.38 kAUD for cases 1-3, respectively. The to-
tal cost declines significantly with the use of smart charging
algorithms. Compared with case 2, in case 3, EVC and CC
increase, whilst UC and CC decrease. Figure 16 shows the
values of total cost function F defined in (5) in different cas-
es.

TABLE VII
COSTS FOR 5-BUS NETWORK

Cost (kAUD)
Case
EVC PLC uc cc Total
Case 1 107.97 12.71 191.46 458.57 797.71
Case 2 70.67 8.64 16.79 42.11 138.21
Case 3 73.45 8.70 13.63 33.60 129.38
800

600

kAUD 668.3
400

200

Total cost for a year (KAUD)

Case No.
ENCL, BN UC; Il PLC; B EVC

Fig. 18. Total cost without and with optimization for 5-bus network.
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With EV charging load optimization, there is a yearly cost
reduction of 659.5 kAUD (case 2) and 668.3 kKAUD (case 3)
with respect to the fast-charging condition (case 1).

B. Simulation Result on IEEE 33-Bus Network

The base load, EV charging load profile, and VCR are the
same as those adopted for the 5-bus network. Aging failure
probabilities of cables and transformers for the considered 3
cases based on the proposed model are calculated by apply-
ing the procedures presented in Section II. Aging failure
probability for ST is reduced from 3.22% (case 1) to 1.26%
(case 2) and 1.10% (case 3). The highest aging failure proba-
bility reduction is the one of DT23: from 29.4% (case 1) to
2.04% (case 2) and 1.50% (case 3) with EV smart charging.
The aging failure on cable 1 reduces from 9.88% to 0.07%
with EV charging optimization.

Figure 19 shows the aging failure probabilities for the ST,
six selected cables (Nos. 1, 2, 12, 16, 24, 30), and the DTs
(Nos. 9, 12, 23, 24, 29, 31) without and with EV smart
charging in IEEE 33-bus network. As expected, compared
with cases 2 and 3, the aging failure probabilities on cables
and transformers are higher due to uncontrolled EV charging
in case 1.
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Fig. 19. Aging failure probabilities of cables and transformers without/
with EV smart charging in IEEE 33-bus network. (a) Cable. (b) DT. (c) ST.

Similarly, the unavailability and EENS for a year at buses
9, 12, 23, 24, 29, and 31 without and with EV smart charg-

ing in IEEE 33-bus network are presented in Fig. 20. With
lower aging failure probability for cases 2 and 3 with EV
smart charging, as expected, the unavailability and EENS
are lower compared with the results in case 1.
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Fig. 20. Comparison of unavailability and EENS on selected buses with-
out/with EV smart charging in IEEE 33-bus network.

The yearly cost related to EV charging, power loss, and
reliability cost due to aging failure is shown in Table VIII
and Fig. 21 for the test cases. Compared with the cost of
1160.2 kKAUD for case 1, the total cost is reduced to 743.67
kAUD and 692.42 kAUD for cases 2 and 3, respectively. As
expected, the insulation aging on transformers and cables are
improved with EV smart charging, thus leading to higher re-
liability and lower cost.

TABLE VIII
CosTs FOR IEEE 33-BUS NETWORK

Cost (kAUD)

Case

EVC PLC uc cC Total
Case 1 668.81 43.93 89.51 357.96 1160.20
Case 2 549.54 18.21 39.73 136.19 743.67
Case 3 550.25 19.62 25.24 97.31 692.42

The EVC, PLC, UC, and CC values for the IEEE 33-bus
network are higher due to the complexity of network, larger
number of EV integration, and higher power losses on the
branches compared with the simulation results of the 5-bus
network. However, as illustrated in Fig. 19, the total cost re-
ductions are 416.5 kAUD and 467.8 KAUD by EV smart
charging for case 2 and case 3, respectively. These smaller
values with respect to those relevant to the 5-bus network
are justified by the lower base load and less thermal effect.

V. CONCLUSION

This paper presents an optimization procedure based on
an MIQCP model including the linearized aging failure mod-
els for transformers and cables, EV charging constraints, and
power flow calculation. The procedure can assess network re-
liability improvement and utility cost reduction obtained by
the optimization of EV charging load.
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The application of the procedure to two different test net-
works (a 5-bus network and the IEEE 33-bus network)
shows the characteristics of the approach and its feasibility
for the analysis of real operating conditions.

The results show the significant impact of high aging fail-
ure probabilities on network reliability when the EV smart
charging is absent, leading to increased power utility costs
and customer losses. By adopting EV smart charging, the ag-
ing failure probabilities for cables and transformers are re-
duced by an average of 31% and 6%, respectively. Network
reliability is improved, resulting in reduced node unavailabil-
ity and EENS of 21 hours and 2.5 MWh, on average, respec-
tively, for the 5-bus network. Likewise, the implementation
of EV smart charging improves system reliability in the
IEEE 33-bus network by reducing aging failure probabilities.

The most substantial improvement in network reliability is
obtained by applying a smart charging strategy that minimal-
izes the total cost of customer loss and utilities (referred to
as case 3 in this paper).

In this study, the clustered base load is adapted from his-
torical data, as the principal focus is on the assessment of
the capability of EV charging optimization to improve sys-
tem reliability and reduce yearly customer costs. All the EVs
are assumed as fully electric with the same charging power.
However, accurate load prediction, incorporating EV load
profile and considering additional factors (e.g., the combina-
tion of decentralized and centralized fast charging), deserves
further investigation. Additionally, given the benefit of vehi-
cle-to-grid technology, controlled discharging of EVs can be
also integrated into the proposed reliability optimization
model.

Restrictions on uncontrolled charging carry significant le-
gal and economic implications, which have not been explicit-
ly addressed in this paper. These aspects require specific con-
sideration and further analysis to fully understand their im-
pact on the implementation of EV charging policies.
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