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ABSTRACT Battery energy storage systems (BESS), demand response (DR) and the dynamic thermal
rating (DTR) system have increasingly played important roles in power grids worldwide. In addition to
storing energy, BESS can supply peak demands, thereby reducing the frequency of load interruptions
and deferring new asset investments. However, study on the precise BESS sizing (i.e. energy and power
ratings) to supply peak demands to improve the security of supply of transmission networks is still lacking.
The combined efficacy of BESS, DR and DTR have also never been studied, because their simultaneous
deployment has never been considered. The first contribution of this paper is proposing a probabilistic
evaluation method to evaluate various combinations of BESS power ratings and energy capacities and
determines their impacts on the reliability of transmission networks, in which peak demands are supported
by charges stored in BESSs to address the security of supply problem. The second contribution extends the
proposed method to examine the effects of deploying BESS alongside DR and DTR. Our results show that
the security of power supply improves along with BESS sizing by as much as 37.2%, and that its reliability
becomes more significant as its capability grows, with bigger BESS having more detrimental effects towards
EENS as it becomes unavailable than smaller BESS does. DTR and DR reduce the requirements of BESS
sizing without adversely affecting network reliability.

INDEX TERMS Battery storage, reliability, dynamic line thermal rating, demand response, power system.

I. INTRODUCTION
Under the backdrop of ageing power system assets, dis-
tributed generations and demand for the proliferation of
smart grids, battery energy storage systems (BESS) have
increasingly played important roles in power grids world-
wide [1], [2]. In addition to their energy storage function
for facilitating renewable integrations [3]–[5], BESSs can
also supply peak demands, thereby reducing the frequency
of load interruptions and deferring new asset investments [6].
Despite such application, there is still a lack of studies that
systematically quantify the energy capacity and power rating
of BESSs, both of which undermine the security of supply in
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BESS-supported systems, especially in meshed transmission
networks.

In [7], peak demands are lowered to reduce the energy
supply cost, rather than supported by BESS in a security of
supply application. As a result, the storage is inadequately
sized, and this approach therefore becomes unsuitable for
guaranteeing the security of supply applications despite sup-
porting decisions from a purely economic viewpoint. In [8],
the size and location effects of BESS in an active distribution
network are investigated. In this study, the total energy and
power ratings of storages are fixed, and their deployments
are not limited by physical sizes and land availabilities,
thereby leading to considerations that are more complex
than those observed in real-life situations. Based on fixed
ratings, the storage energy and power capacities are optimally
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distributed across the network. A similar study examined a
micro-grid containing BESS and distributed generators [9].
Results show that the well-being of the grid is enhanced by
increasing the BESS capacities. However, network operators
rarely conduct assessments in their cost/benefit analyses.
Although BESSs have also been used to accommodate heat
pumps and photovoltaic systems based on various combina-
tions of energy and power ratings, whilst considering storage
degradations [10], the use of these systems to support load
demand or security of supply has never been investigated.
Nevertheless, the sizing of BESS has been thoroughly inves-
tigated for wind [11]–[13] and solar [14] integrations, but
studies on the application of BESS for guaranteeing security
of supply remain lacking. In [15], large storages are used to
balance and shift the loads on large networks, but similar to
the aforementioned studies, the energy and power ratings of
the storage device are fixed, and their values are arbitrarily
selected.

In sum, the use of precise BESS sizing (i.e. energy and
power ratings) to supply peak demands in the context of
security of supply has never been examined in the litera-
ture. Examinations of transmission networks are also lacking.
Therefore, the first contribution of this paper is to present a
probabilistic evaluation method for BESS-integrated trans-
mission networks. This method evaluates various combi-
nations of BESS power ratings and energy capacities and
determines their impacts on the reliability of power networks
in which peak demands are supported by charges stored
in BESSs to address the security of supply problem. Sev-
eral factors, including load demand, BESS and transmission
network reliability and BESS operation criteria (i.e. charg-
ing/discharging rates and state-of-charge (SOC)), are all con-
sidered in chronologically developed scenarios in sequential
Monte Carlo (SMC) simulations. BESSs as network rein-
forcements have several advantages over conventional meth-
ods. For instance, these systems can support bus voltages,
gain revenue by participating in ancillary service markets,
lacks long-term commitments and involves a short plan-
ning process before its deployment. The proposed evaluation
method also determines the capacity and time required by
BESSs to supply peak demands in order to gauge the avail-
ability of these systems for ancillary services.

In addition, the simultaneous deployment of BESS,
demand response (DR) and dynamic thermal rating (DTR)
systems has never been examined in the literature. The effects
of DR and DTR on the role of BESS in supplying peak
demands also warrants further examination.

Electricity usage patterns demonstrate a particular
behaviour. Generally, the demand peaks during early
evenings and during either winter (in cold climate coun-
tries) or summer (in warm climate countries) months due
to the increased usage of heaters and air conditioners dur-
ing these periods. Although such peaks are only observed
occasionally [16], the design of the entire grid, including
the generators and transmission and distribution networks,
should accommodate these peak demands. Consequently,

most power components have been rarely used up to their
full capacities, thereby rendering their high costs and slow
returns on investment unjustified.

Instead of conventional planning, utilities can apply var-
ious DR techniques that aim to manipulate load demand
patterns by incentivising desirable consumer behaviour
[17], [18]. The most common DR techniques include
peak-shaving (PS) and valley-filling (FV), which shift the
load demand above a certain percentage of the peak load to
off-peak times. Main goals of DR techniques are to shave
peak demands in order to increase the adequacy power supply,
reduce the occurrence of blackouts, and lessen the dependen-
cies on costly fast-ramping generators in exchange for a low
penalty cost on utilities due to interruptions from the normal
load usage of customers. DR and BESS can complement
each other given their purpose and their energy storage abil-
ity, respectively. Instead of fully depending on shifting load
demands as in DR, BESS can be used to supply peak demands
(i.e. peak matching), which would subsequently reduce the
deployment of DR and the frequency of load interruptions. By
contrast, the peak demands partially shifted by DR reduces
the capacity requirements of BESS in peak matching.

Apart from BESS and DR, the DTR system, which is a line
rating technology that allows utilities to take advantage of the
line rating variability based on environmental fluctuations,
can be deployed, especially on overhead lines (OHL) [19].
Most of the time, DTR systems increase OHL ratings higher
than the conventional method (i.e. static thermal ratings
(STR)) and unlock the additional power transfer capacity of
networks [20]. Given that this newfound capacity increases
the power supplied by generators to load points, the frequency
of load interruptions and amount of peak loads that require
support are both reduced, thereby reducing the deployments
of DR and BESS. In few instances, DTR drops below STR,
and operating DTR during these instances can prevent circuit
overloads and avoid jeopardising system security, which this
is impossible in STR based networks [21], [22].

Although the benefits of DTR [23]–[26] and DR [27] are
well known, their effects on the BESS peakmatching function
have never been studied because their simultaneous deploy-
ment with BESS has never been considered. Therefore, as its
second contribution, this study extends the proposed method
to examine the effects of deploying BESS alongside DR
and DTR. This extended method allows us to evaluate the
combined efficacy of BESS, DR and DTR in enhancing
system reliability (i.e. security of supply) by emphasising
peak matching instead of peak shaving whilst considering
enhanced OHL ratings. As opposed to using these meth-
ods individually, their combined application defers network
reinforcements and improves customer servicing better than
using any of the methods in isolation.

Fig. 1 illustrates the interaction amongst BESS, DR and
DTR based on the 24 h demand from a transmission bus bar
in Saudi Arabia, and the ratings for a particular transmission
line is as shown, which the DTR is determined based on
the hourly average of sampled weather conditions. From
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FIGURE 1. Effects of DR and DTR on BESS discharging requirements.

hour 0700 to 1300, the load level surpasses DTR. During
this period, DR can perform peak shaving or BESS can be
deployed to match the peak demand, with the latter being
less obstructive to customers by not imposing a particular
demand usage behaviour. The implementation of DR allevi-
ates the energy capacity requirement of BESS as reflected
in the reduced area between the load and DTR curves,
whilst the maximum power mismatch between load and OHL
limit (DTR) is treated as the power rating requirement of
BESS. Fig. 1 also shows that when operating with STR,
mismatch between rating and load demand (between hour
0700 and 2300) is much larger than if operating with DTR,
and the capability requirement of BESS for peak matching is
therefore much higher. Although DR can reduce the require-
ments of BESS in STR, DR may also cause the new load
profile to rise above the STR in some instances (between hour
0000 and 0200) due to its low level, thereby offsetting some
of the earlier effects of reducing the demand for BESS. This
phenomenon can be avoided in the DTR operation and shows
that operating with DTR and DR can alleviate both the energy
and power requirements of BESS.

II. METHODOLOGY
A. OVERVIEW: ASSESSMENT OF BESS PEAK MATCHING
This paper uses BESS instead of conventional network
assets (i.e. more and higher capacity transmission lines)
to improve the security of supply of customers. Therefore,
the effects of various energy and power ratings of BESS
on the power system reliability should be quantified; DR
and DTR are considered alongside BESS. A probabilistic
method based on SMC is employed to consider the possi-
bilities of large demand variations, the random statuses of
power network components and BESS and the chronological
developments of events. The reliability of the power net-
work is assessed by adopting the most widely used reliability
index, namely, expected energy not supplied (EENS), with
a high EENS corresponding to a low reliability, and vice
versa. The process of the developed SMC is described as
follows:

1) PREPARATION PHASE
1) Prepare hourly demand data for 8760 hours or 1 year

based on the allowable peak load specified in the DR
model (see Section II.B for DR modelling details).

2) Prepare hourly ratings of OHLs for the same timeframe
based on the DTR model (see Section II.C for DTR
system modelling details).

3) Prepare random statuses of OHLs and BESS (see
Section II.D for BESS modelling details). The reliabil-
ity of other power components, such as cables, gener-
ators and transformers, are not considered to prevent
these components from masking the failure effects and
capacity limitations of transmission lines (i.e. OHLs)
given that this study focuses on assessing the effects
of BESS on the security of supply at the transmission
network level. However, the capacity limits of these
components are still taken into consideration.

Random statuses are generated by using the basic inverse
transform method, in which a uniform random number at
each hour i, Ui, is drawn between 0 and 1, and the transition
time of event, which is either time-to-failure (TTF) or time-
to-repair (TTR), is determined as −ln (Ui) /x, where x is the
failure rate when generating TTF or the repair rate when
generating TTR. The summation of TTF and TTR yields
one complete cycle of sequential up-down statuses, and the
process of generating both TTF and TTR is repeated until 1
full year is satisfied.

2) EXECUTION PHASE
The effects of all data in the preparation phase are assessed by
executing the direct-current optimal power flow (DC-OPF)
on the investigated power network. DCOPF is chosen over
alternating-current OPF (AC-OPF) for the following rea-
sons: (a) active power is more important than reactive power
constraints in long-term reliability studies; (b) DC-OPF is
significantly faster than AC-OPF and has previously gener-
ated accurate results [28]; (c) generators and reactive power
compensators provide adequate support to reactive power
demand; and (d) DTR affects only real power limits of OHLs.
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As implied by its name, DC-OPF screens for active power
violations at every hour of the SMC simulation. In each
detected violation, generators are re-dispatched, and then
BESSs are deployed to ensure maximum power supply to
load demand before load shedding takes place. This OPF
protocol minimises load curtailment and is in line with
actual power system operations. The function of DC-OPF is
expressed as

min

∑
l∈�LB

|LC l |

 , (1)

which is subject to∑
g∈�G

PGg +
∑
j∈�B

PBj =
∑
l∈�LB

(
PDDRl − LC l

)
, (1a)

PGming ≤ PGg ≤ PGmaxg ; g ∈ �G, (1b)

−PRj ≤ PBj ≤ PRj; j ∈ �B, (1c)

SOCmin
j ≤ SOC j ≤ SOCmax

j ; j ∈ �B, (1d)

0 ≤ LC l ≤ PDDRl ; l ∈ �LB, (1e)
n∑
i=1

GSFk,i × (PGi − PDl)

≤ f DTRk ; k ∈ �L , (1f)

where in (1), LC is the amount of load curtailment, and
�LB is the set of all load buses. In (1a), PGg is the power
output of generator g, �G is the set of all generators, PBj is
the power discharged by or charged into BESS j, �B is the
set of all BESSs and PDDRl and LC l are the power demand
profiles modified by DR and the amount of load curtailment,
respectively, of load bus l. In (1b), PGming and PGmaxg are the
minimum and maximum capacities of generator g, respec-
tively. In (1c), PRj is the power rating of BESS j that controls
the chargeable/dischargeable power of BESS at any moment.
In (1d), SOCmin

j and SOCmax
j are the minimum allowable and

maximum SOC of BESS j, respectively, and �B is the set
of all BESS. In (1e), the amount of LC l is limited by the
maximum power demand. In (1f), GSFk,i is the generation
shift factor of line k to generator i (limited by the maximum
capacity of line f DTRl , which is based on the values determined
by DTR systems), and �L is the set of all transmission lines.
DC-OPF is executed at each hour until the end of the

simulation period (i.e. a year), and the amount of power
demand and supply mismatched (i.e. energy not supplied
(ENS)) during the simulation is recorded. The preparation
and execution phases are repeated, and the values of the
expected ENS (EENS) are updated each time by considering
all previous ENS values. The entire SMC simulation stops
when the variation in EENS converges below 5% or after
5000 simulations have lapsed. EENS is formulated as

EENS =
1
Y

Y∑
y=1

8760∑
i=1

ENSi. (2)

Fig. 2 shows the algorithm of the proposed method for
assessing the EENS of a power network whose security of
supply is enhanced by BESS, DR and DTR systems. In each
year of the simulation, the random up/down statuses of OHLs
and BESSs, the load demand data modified by DR and the
line ratings enhanced by DTR are prepared in advance for
the entire year. At each time step, DC-OPF is executed to
determine the amount of power flowing into all load busses.
If the power capacities are lower than the demand levels, then
the energy gap is removed from BESSs; otherwise, the excess
power is charged and stored in BESSs. Both discharging
and charging cycles are performed with respect to the power
ratings and energy capacity of BESSs.

B. DEMAND RESPONSE MODELLING DETAILS
The PS and FV techniques are implemented in the DR
model given their capability to conserve the total energy
demand whilst flattening the load profiles to improve the
security of supply [29] by shaving away energy above a
certain percentage of peak load and filling them in durations
with low energy demand (i.e. with low percentage of peak
load). Those instances where energy is shaved and filled
are known as on-peak and off-peak hours, respectively. The
mechanism of the DR function implemented in this paper is
formulated as

L(t) =

{
P t ∈ {ψS : (L (t) > x%×max [L (t)])}
L (t)+ A t ∈ {ψF : (L (t) < y%×max [L (t)])},

(3)

such that

y < x, (3a)

P = x%×max [L (t)] , (3b)

A =

∑
t∈ψS (L (t)− P)

N =
∑

t∈ψF n
, (3c)

where in (3), the modified load curve, L(t), is limited to P
in all on-peak hours, ψS . An on-peak hour is recorded when
the original load curve, L (t), exceeds x% of the peak load,
max [L (t)]. The amount of load shaved is recovered during
off-peak hours, ψF , by an amount defined as A when L (t)
falls below y% of max [L (t)].
In (3a), the inequality constraint guarantees that y is always

lower than x to ensure that there is enough space to fill
shaved loads, to avoid the creation of new peaks and to
obtain load curves that are as flat as possible. Given that
such combination is difficult to determine, various combi-
nations of x and y values and their effects on EENS and
BESS utilisations are explored in the Results section. In (3b),
the value of P is defined to be equal to x% of the peak
load. In (3c), A is defined as the equal division of the
total amount of shaved load during on-peak hours, given by∑

t∈ψS (L (t)− P), among all N numbers of off-peak hours,
where n is each off-peak hour.
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FIGURE 2. Algorithm of the proposed method for evaluating EENS.

C. DTR SYSTEM MODELLING DETAILS
The ratings of transmission corridors enhanced by the DTR
system are determined and updated hourly based on the IEEE
738 standard [30] as follows:

I =

√
qc (θ,Ta,Vw, ϕ)+ qr (θ,Ta)− qs

R (θ)
, (4)

where the steady state line current value, I , in ampere is
determined based on the balanced convection heat loss, qc,
radiated heat loss, qr , and solar radiation heat gain, qs. qc
is calculated based on the designed operating temperature
(DOT) of the conductor, θ , ambient temperature, Ta, wind
velocity, Vw, and incident wind angle, ϕ. qr is affected

only by two parameters, namely, θ and Ta. The resis-
tance of the conductor is also considered, and its value
changes based on the stipulated DOT, θ . The determined
values of I are converted into three-phase power based
on the voltage level, V , at which the lines are operating
(i.e.
√
3 VI ).

Transmission corridors are usually located far from one
another; therefore, the weather characteristics that affect each
corridor are unique. In this case, the weather data needed for
calculating DTR on each corridor are sampled from 250 km
radius locations. Furthermore, given that the length of each
transmission corridor is usually several tens of kilometres and
that the weather conditions in the same location considerably
fluctuate along the distance of the corridor, separate weather
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data for every consecutive 10 km radius along each corridor
are sampled to recognise these fluctuations. The sampled
weather data are then overlaid onto the investigated power
network.

Following the sampling criteria, the historical wind
speed and angle values for 20 years (from 2000 to 2019)
are obtained from the British Atmospheric Data Center
(BADC) [31]. However, these historical wind data are lim-
ited, and given that the required number of iterations for
the convergence of the SMC simulation exceeds the sampled
weather data, these data are fitted into the auto-regressive
moving-average (ARMA) model due to its ability to simulate
an unlimited number of wind values, thereby satisfying the
input requirement of the SMC simulation. The ARMAmodel
is also chosen due to its suitability for fitting time series data
[32], which match the format of the sampled wind speed and
angle values. During the fitting process, the ARMA model
considers the historical and random features of the data and
then uses such information to randomly simulate their values
whilst retaining the original propagation pattern of the data.
This simulation feature of the ARMAmodel is realistic given
that the future weather values are most likely different yet
their unfolding and propagation patterns are mostly similar.
For example, the seasonal changes in weather conditions
always follow the winter–spring–summer–autumn sequence,
but their values may randomly vary within each season and
hence are difficult to predict. The inherent random simulation
feature of the ARMAmodel also contributes to a probabilistic
study, which is the key purpose of performing SMC simula-
tions.

This ARMA fitting process is not performed for ambient
temperature, Ta, given that temperature is stable throughout
each season and covers a very large area. Therefore, only the
highest temperature in each season as recorded in the histor-
ical data is used to calculate DTR for the sake of simplicity.
Solar radiation angle and intensity are also based on conser-
vative values specified in IEEE 738 given that their effects are
much weaker than that of wind in the DTR calculations [33].

The ARMA models of wind speed and angle are formu-
lated as [32], [34]:

yt = α1yt−1 + α2yt−2 + · · · + αmyt−m + et − β1et−1
−β2et−2 − · · · − βnet−n, (5)

where αm and βn are the m-order auto-regressive and n-order
moving-average constants of the ARMAmodel, respectively,
et is the normal white noise coefficient that accounts for the
probabilistic simulations of wind speed/angle such that this
coefficient is normally and independently distributed (NID)
and centred at zero with σ 2 variance (i.e. et ∈ NID

(
0, σ 2

)
)

and yt is the simulated wind speed or angle values whose
timestamps are denoted by subscript t . The above equation
shows that the simulations of a particular yt depends on m
past simulated values (i.e. yt−1, yt−2, . . . , yt−m) and n past
random coefficients (i.e. et−1, et−2, . . . , et−n).

The correlations of all sampled wind data are consid-
ered during the simulations of ARMA models by combin-
ing the univariate normal distribution of each individual
ARMA model into a multivariate normal distribution as
follows:

V(et ) =
exp

{
−

1
2 (x − µ)

T6−1 (x − µ)
}

(2π)p/2 |6|1/2
, (6)

where p is the number of ARMA models, µ is the zero
mean vector that collects the mean values of all ARMA
models, 6 is the symmetry covariance matrix whose entries
include the correlations amongst all ARMA models and x
is a random vector with the same size as µ. Equation (6)
yields a vector of the correlated random values of all ARMA
models, V(et ).

Therefore, by substituting the random et generated from
(6) into (5), the wind speed and angle values that consider
the correlations amongst the historical sampled data are sim-
ulated. Afterwards, the simulated weather values are sub-
stituted into (4) to yield the DTRs of all lines, which are
also correlated in the same manner. Fig. 3 presents sample
simulated DTRs for a week (168 hours) and highlights the
maximum, mean and minimum values of DTR and STR. In
determining DTRs, the physical properties of the Drake Alu-
minium Conductor Steel Reinforce (ACSR) are used along
with one of its DOTs (75 ◦C). The other possible DOTs of
ACSR are either 50 ◦C or 65 ◦C [35]. The STR is determined
based on the 1% probability of exceeding actual line ratings
[36], which are also the simulated DTRs. Fig. 3 shows that
STR substantially undermines the capacity potential of lines
and causes line overloading in some instances.

FIGURE 3. Algorithm of the proposed method for evaluating EENS.

D. BESS MODELLING DETAILS
The BESSs modelled in this paper are owned by utilities
and deployed on all load buses to support the load demands
and enhance the security of supply. Given that the power
supply, Sl , entering load bus l and that the demand level, Dl ,
of the load bus are determined and known at every simulation
hour i, the SOC of BESS j, SOC i

j, is updated based on one of
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the following conditions whilst taking the power ratings, PRj,
of BESS into consideration:

1) The supply is greater than the demand, Sl > Dl ,
the BESS is ready for charging, the potential for energy
storage, Ri−1j = SOC

max

j
− SOC i−1

j , is known, and

a) the BESS power rating is less than the
supply–demand mismatch, PRj < (Sl − Dl):

SOC i
j = SOC i−1

j + Rj, Ri−1j < PRj
SOC i

j = SOC i−1
j + PRj, Ri−1j > PRj, (7)

b) the BESS power rating is greater than the
supply–demand mismatch, PRj > (Sl − Dl):

SOC i
j = SOC i−1

j + Rj, Ri−1j < (Sl − Dl)

SOC i
j = SOC i−1

j + (Sl − Dl) , Ri−1j > (Sl − Dl) ,
(8)

where (7) shows the surplus of power supply and highlights
battery power rating as a limiting factor that determines
the maximum charging power at any period even when the
remaining battery storage room can sufficiently store all sur-
plus power. In instances when the remaining storage room
drops below the power rating, the storage room becomes
the limiting factor in determining the charging power level.
By contrast, in (8), given that the power rating exceeds the
surplus power supply, the amount of energy saved depends
entirely on the remaining storage room.

2) The supply is less than the demand, Sl < Dl , the BESS
is ready for discharging and
a) the BESS power rating is less than the demand

gap, PRj < (Dl − Sl):

SOC i
j = 0, SOC i−1

j < PRj

SOC i
j = SOC i−1

j − PRj, SOC i−1
j > PRj, (9)

b) the BESS power rating is greater than the demand
gap, PRj > (Dl − Sl):

SOC i
j = 0, SOC i−1

j < (Dl − Sl)

SOC i
j = SOC i−1

j − (Dl − Sl) , SOC i−1
j > (Dl− Sl) ,

(10)

where (9) shows a power supply shortage and that the bat-
tery power rating is smaller than the power gap. Therefore,
the power rating is the limiting factor that determines the
amount of power that the battery can discharge to support
load demand at any period. The battery storage is depleted
when the current energy stored is less than the power rating.
By contrast, in (10), the power rating exceeds the power
gap. Therefore, the current energy stored in the battery deter-
mines the amount of discharging power when supporting load
demand.
A level of maintenance SOC is also considered, which is

fixed at 20% of the BESS maximum SOC at all times.

III. CASE STUDY
The investigated transmission network is based on the IEEE
24-bus reliability test network (RTN) [37]. All loads and
generations are increased by fivefold to stress the network
capacity and to highlight the benefits of DR, DTR and BESS.
This increment in load level also represents future scenarios
of demand increase. The RTN produces a load profile every
hour for one year whilst considering seasonal load consump-
tion behaviour.
Given that the RTN is separated into two voltage levels

(138 kV and 230 kV), two types of ACSRs are deployed
in each voltage level according to their voltage capacity and
typical conductor deployment choice. The Drake and Lap-
wing ACSRs [38] constitute the lower and higher voltage net-
works, respectively. The weather data required for calculating
DTR are obtained from the BADC on an hourly basis from
2000 to 2019 according to the sampling rule mentioned in
Section II.C and are overlaid onto the RTN.
Although RTN is a relatively small network that is not

representative of any specific power system, the character-
istics used in designing the network are universal and hence
provide useful references for testing the impacts of various
applications, technologies and evaluation techniques; given
these designing criteria, the RTN represents as much as pos-
sible the different technologies and configurations that can
be encountered in any power system [37].Moreover, the com-
plete reliability data presented in the RTN is difficult to obtain
elsewhere, and using other kinds of network would render the
reliability evaluation performed in this paper impossible.

IV. RESULTS AND DISCUSSIONS
A. IMPACT OF BESS ENERGY CAPACITY AND POWER
RATING
The method and modelling details described in Section II are
used to estimate the impact of storage on the EENS of the
RTN. The energy capacity considered by BESS ranges from
20 MWh to 100 MWh, and the power rating ranges from
4 MW to 80 MW. Due to the maintenance SOC requirement
(20% of the energy capacity), the maximum power rating
of each energy capacity level is limited to 80% of the full
energy capacity. BESS is considered fully reliable here. DR is
implemented on the load demand profile at three percentages
of peak load (i.e. 5%, 10% and 20%). All aforementioned
BESS and DR settings are implemented on the RTN with
and without the DTR system (based on mean values of sim-
ulated DTRs), and the results are shown in Figs. 4 and 5,
respectively.
Results show that increasing the capability of BESS

(i.e. energy capacity and power rating) improves the EENS
of the network regardless of whether the DTR is employed
or not. This finding can be ascribed to the fact that a BESS
with high capacity and power rating can support more load
demand and thereby reduce load curtailment. In the above
figures, the EENS of the network improves as the percentage
of DR increases. A higher DR percentage produces lower
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FIGURE 4. Impact of BESS on EENS alongside DR and STR.

FIGURE 5. Impact of BESS on EENS alongside DR and DTR.

peaks by shifting peak loads to off-peak hours and, as a
result, improves the adequacy of power supply and reduces
EENS. However, a too high DR percentage can create new
peak loads and may eventually be detrimental to the relia-
bility of the power network. Such factor is investigated in
Section IV. D.

A comparison of Figs. 4 and 5 clearly shows that the net-
work operating with STR has a much worse EENS than that
operatingwithDTR. Therefore, the additional power capacity
of the network unlocked by the DTR system can deliver
significantly more power supply to load points, thereby sub-
sequently reducing the EENS. The percentage improvement
in the EENS values is evaluated and shown in Fig. 6, which
reveals that the greatest improvement is recorded at 37.2%
when the capability of BESS reaches its peak and the per-
centage of DR is at 20%. By contrast, when the capability of
BESS and percentage of DR are at their lowest, the improve-
ment in EENS reaches its lowest level at 35.4%. In general,
Fig. 6 points out that higher BESS capability and DR percent-
age levels correspond to a higher percentage improvement in
EENS.

These results can be used to establish a boundary for BESS
energy capacity and power rating, with the acceptable level of
EENS left to the discretion of power system operators.

FIGURE 6. Percentage improvement of EENS.

B. IMPACT OF LOAD LEVELS
The results in Figs. 4 and 5 are obtained based on the load
level (LL) that has been increased fivefold. Such level of LL
increment is reduced in this section to examine the effects
of low LLs on EENS. The maximum power rating of each
energy capacity level of BESS is used, DR is implemented
at 20% of the peak load and the mean simulated DTR are
observed. The results are presented in Fig. 7, which shows
that lower LLs contribute to lower EENS on average by as
much as 10.9% in LL2 and 22.3% in LL3 across all BESS
energy capacities.

FIGURE 7. Effects of various LLs on EENS, with maximum BESS power
ratings at each energy capacity level, DR at 20% peak load, and mean
values of DTR.

According to the first arbitrary acceptable level of EENS,
which in practice is based on the discretion of system oper-
ators, the BESS energy capacity can be minimised under
the LL3 scenario and still satisfy the acceptable threshold of
EENS. However, the energy capacity of BESSmust be at least
50 MWh and above in the LL2 scenario to stay below the
acceptable EENS threshold. Meanwhile, in the LL1 scenario
and with the first EENS threshold being upheld, none of the
BESS capacity levels can steer clear of violating the thresh-
old. The LL1 scenario requires new asset investments, such
as new lines, cables or transformer connections. However,
if the second arbitrary acceptable level of EENS is used,
then both the LL2 and LL3 scenarios are completely safe
from violating the threshold regardless of the employedBESS
capacity. In the LL1 scenario, a BESS of at least 50 MWh is

181554 VOLUME 8, 2020



M. K. Metwaly, J. Teh: Probabilistic Peak Demand Matching by Battery Energy Storage

required to stay below the second arbitrary acceptable level
of EENS threshold.

Fig. 7 presents system operators an estimate of how long
their BESS deployments can maintain a safe/acceptable level
of reliability relative to the EENS thresholds. In practice,
these thresholds may represent a level in which a substantial
power outage or financial loss can occur, and crossing these
thresholds is either unacceptable or risky such that the prob-
ability of causing cascading blackouts is substantially high.

C. IMPACT OF BESS RELIABILITY
The results presented in the previous sections are based on
BESSs with 100% reliability. This section explores the reli-
ability impact of BESS on EENS based on the maximum
power rating at each energy capacity level of BESS, the DR
implemented at 20% of peak load, LL1 and the mean val-
ues of simulated DTR. The results are presented in Fig. 8,
which shows that the EENS deteriorates (i.e. increases) as
the reliability of BESS reduces from 100% to 85%. Inter-
estingly, this effect becomes more apparent as the energy
capacity of BESS increases. Initially, increasing the capacity
of BESS has a greater impact than increasing its reliability.
For example, the percentage increase in EENS at 100 MWh
energy capacity from 100% to 85% reliable BESS is about 2%
compared to only about 0.37% at 20MWh energy capacity.
The BESSs with larger capacity store more charges than
those with smaller capacity. When those BESSs with larger
capacity become unavailable, the RTN loses more power
supply than when those BESSs with lower capacity become
unavailable. The loss in power supply subsequently reduces
power supply adequacy. Therefore, the negative effects of
larger BESSs on EENS are much greater than those of their
smaller counterparts.

FIGURE 8. Effects of BESS reliability on EENS with the maximum BESS
power ratings, DR at 20% peak load, LL1 and mean values of DTR.

Fig. 8 also shows that splitting the large-capacity BESSs
into small modules can help prevent sudden power sup-
ply loss. Although larger BESSs produce lower EENS than
smaller ones, their network reliability benefits fluctuate more
than those of smaller BESSs during events of unavailability as
shown in Fig. 8. To avoid a huge power adequacy loss, system
operators can combine several small BESSs to increase their
energy capacity as desired.

D. IMPACT OF THE DR PERCENTAGE OF PEAK LOAD
The peak load at which the DR is implemented has thus far
focused only on three percentage values (5%, 10% and 20%).
This section further explores the effect of applying DR at
other percentages of peak load and determines their effects on
EENS. In doing so, fully reliable 100 MWh BESSs rated at
10 power rating levels equally spread from 8 MW to 80 MW
are considered along with LL1 and the mean simulated DTR.
Fig. 9 presents the results.

FIGURE 9. Effects of DR percentage of peak load on EENS, with 100MWh
BESS at various power ratings, LL1 load level and mean values of DTR.

Fig. 9 shows that in all DR levels, the EENS of the stud-
ied network benefits from having BESSs with high power
ratings. Interestingly, all BESS ratings show that the relia-
bility of the network improves and that EENS reduces as
the percentage of DR increases from 0% to 25%. However,
following such increase, these benefits are tapered off and a
reversed trend is observed, thereby suggesting that increasing
the percentage of the peak load beyond the 25% level during
the deployment of DR (i.e. more loads are being shifted) is
detrimental to the reliability of the power network. Before
reaching the DR 25% level, load shifting generates load
profiles that are flatter than the original load profiles, and
these profiles help improve the EENS, adequacy and security
of the power supply as the number of peak loads and the
rating requirements of lines and generators are both reduced.
Although a greater amount of peak loads is being shifted after
theDR 25% level, the fillings of clipped loads during off-peak
hours generate new peaks, which are higher than the original
peak loads, as the percentage of DR continuously increases.
Therefore, the EENS value increases after reaching the DR
25% level. In short, deploying DR helps improve the load
matching ability of BESS, but the improvement stops beyond
the 25% peak load level.

Fig. 10 plots a sample load demand profile of the RTN’s
load bus 8 at DR 0% (no DR deployment), 25% and 40%
for 4000 h to illustrate the effects of these DR percentages
on peak loads. DR 25% shifts the original peak loads without
generating new peaks and creates a flat load profile. However,
when DR 40% is deployed, new and huge peak loads are
visibly generated; too much loads have been clipped and
that there are not enough valleys to accommodate the shifted
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FIGURE 10. Load demand profiles at DR 0%, 25% and 40%.

loads, those peaks that are higher than their original levels are
created.

E. IMPACT OF DTR
This section considers the maximum, mean and minimum
simulated DTR values along with BESS with a 100 MWh
energy capacity. The considered power rating ranges from
4 MW to 80 MW, whereas DR is deployed at a 20% peak
load and load level is LL1. Given that the results presented
in the previous sections are simulated based on mean DTR
values, this section investigates the effects of a wider range of
DTR values on the EENS of the investigated power network.
Fig. 11 presents the results alongside the STR scenario.

FIGURE 11. Effects of maximum, mean and minimum DTR on EENS with
100 MWh BESS at various power ratings, DR deployed at 20% peak load
and LL1.

Fig. 11 shows that when the weather conditions are desir-
able and when maximum DTR values are produced, the net-
work shows significant improvements in reliability, thereby
reducing EENS by 30.9% on average across all power ratings
as compared with the mean DTR value scenario. By contrast,
compared with the mean DTR value scenario, the minimum
DTR value scenario deteriorates the reliability of the network,
and the EENS increases by 49.9% on average. Nonetheless,
the performance recorded in this scenario is at least 5.2% bet-
ter than that observed in the STR scenario. Fig. 11 shows that
the actual EENS of the network is lower than that recorded
in the conventional STR scenario. Even when operating in
the mean DTR scenario, which is conservative compared

with the maximumDTR scenario, the reliability performance
(i.e. EENS) of the network is 36.7% better than that in the
STR scenario. Therefore, STR undermines the security of the
supply potential of BESS.

F. BESS UTILISATION
Depending on whether the BESS is deployed alongside DR
and DTR, the proportion of time that the storage is used
and the amount of power discharged to provide security
of supply will be affected. These two factors are presented
in Figs. 12 and 13, respectively, based on the maximumBESS
capabilities (100 MWh and 80 MW), LL1, DR at 25% peak
load, STR and the maximum, mean and minimum values of
simulated DTR.

FIGURE 12. Percentage power discharge of BESS alongside DR deployed
at 25% of peak load, STR and DTR.

FIGURE 13. Percentage utilisation of BESS alongside DR deployed at 25%
of peak load, STR and DTR.

Figs. 12 and 13 show that DTR substantially lowers the
percentages of power discharged and utilised by BESS.
Fig. 12 shows that the BESSs in the third scenario (operating
alongside DTR) discharge 6.8% lesser power on average than
those in the first scenario (operating alongside STR). This
percentage is calculated by taking the average relative change
in the maximum, mean and minimum values between the two
scenarios. Meanwhile, Fig. 13 reveals that the BESSs in the
third scenario have 9.8% lesser utilisation than those in the
first scenario.
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The second and fourth scenarios are similar to the first
and third scenarios, respectively, except that DR has now
been deployed. Figs. 12 and 13 show that DR expands the
gap between the maximum and minimum percentages of
power discharged and utilised by BESS. The increase in the
maximum values can be ascribed to the elevation of valley
loads during off-peak hours as a result of the load fillings
by peak loads that have been clipped. These valley loads
increase the demand for security of supply and subsequently
leads to the discharge of additional battery power and an
increased utilisation of BESSs. By contrast, the reduction in
the minimum values can be ascribed to the clipping of peak
loads, which effect is opposite to that of reducing the demand
for security of supply, thereby reducing the amount of power
discharged from batteries and the utilisation of BESS. These
changes are more prevalent than those triggered by the DTR.
For example, the maximum values in the second scenario
are 1.7% and 1.3% higher than those in the first scenario
where STR is deployed as shown in Figs. 12 and 13, respec-
tively, and these differences are only 0.4% and 0.6% lower
than those observed in the fourth and third scenarios where
DTRs are deployed, respectively. The narrow maximum gaps
observed in scenarios with DTR (instead of STR) reveal that
the higher power transfer capacity unlocked by DTR can
offset the negative effects of load increment during off-peak
hours when DR is deployed.

Although the difference between the third and fourth sce-
narios is not as significant as that between the first and second
scenarios, the reliability benefit resulting from the combina-
tion of BESS, DTR and DR is substantially better than that
observed in the absence of DTR and DR.

V. DISCUSSIONS
The method and results presented thus far support the inclu-
sion of BESSs in transmission networks. This section dis-
cusses the implications of these results from the technical,
commercial and regulatory perspectives.

A. TECHNICAL IMPLICATIONS
The above results indicate how BESS, DTR and DR and their
combinations can improve the security of supply of transmis-
sion networks. In the IEEE 24-bus RTN system, the deploy-
ments of the DTR system and DR at 25% of peak load can
lead to the best security of supply achieved by BESS. The
DTR system is also more beneficial in tackling load growth
than DR because the demand is most likely to be above STR
for most of the time. DTR is also more effective than DR
in reducing the utilisation of BESS and the percentage of
power discharged for peak matching, thereby allowing BESS
to perform additional commercial services and extending its
operational lifetime. This extension is vital given that the
combination of BESS, DTR and DR can greatly enhance
network reliability and withstand high load demands.

However, the future energy requirement of BESS at each
period must be known in advance. Consequently, an accu-
rate forecasting of load demand and network ratings, which

depend on weather conditions, is crucial. Moreover, BESS
needs to perform ancillary services, such as frequency
response, and optimising BESS for these services can affect
the energy and power requirements of storage. Nonetheless,
the proposed method can be used to optimise the energy
capacity and power rating of BESS such that there is addi-
tional capacity being reserved for ancillary services, with a
high certainty that the reserved capacity is not required for
security of supply.

B. REGULATORY AND COMMERCIAL IMPLICATIONS
This paper shows that BESS, DTR and DR can reinforce
the reliability of transmission networks and that costly
asset-based solutions are not necessary. However, the existing
network regulations in Saudi Arabia, Malaysia and many
parts of the world are not equipped with frameworks that
recognise such alternative approach. The proposed method
should be considered in these regulations to quantify its bene-
fits and to encourage its adoption. The firm capacity approach
employed inmost existingmethods are not suitable for BESS,
DTR or DR. Instead, a probabilistic-risk-based approach is
preferred as demonstrated in this paper.

The proposed probabilistic-based method can be used to
generate network performance data during a full economic
appraisal. This economic analysis enables cost–benefit com-
parisons with alternative solutions and asset-based strategies.
Although the results presented here are directly applicable,
a full economic analysis is outside the scope of this paper
given that such analysis is affected by many factors other than
BESS, DTR and DR. BESS is most likely used to provide
ancillary services when not matching peak loads, and many
of these services are currently fulfilled by existing genera-
tors. To incentivise the adoption of BESSs and to create a
market that is conducive to such adoption, the existing regu-
lations and terms should be changed. Consequently, if BESS
is favoured over other transmission network reinforcement
methods, then the regulations must be changed either to allow
network operators to own and operate storage devices or to
create a new system that allows third-party BESS operators to
engage in contract with network operators and provide peak
matching services, thereby improving the security of supply,
which can be part of the transmission network ancillary ser-
vice market.

VI. CONCLUSION
This paper presents a new probabilistic assessment method
for determining the appropriate size (energy capacity and
power rating) of BESSs in peak matching applications to
enhance the security of supply of transmission networks. This
method considers the variability of demand and line ratings,
the energy and power limitations of storage, the reliability
of BESSs and the different DR percentages of peak load
deployment.

This paper is the first to examine and quantify the com-
bined benefits of BESS,DTR andDR to the security of supply
of transmission networks. The benefits of a combination of
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these technologies are greater than their individual benefits,
and both DTR and DR can relieve the utilisation of BESS in
peak matching applications, thereby subsequently extending
its lifetime and allowing its use in other commercial and
ancillary services.

The security of supply of the system improves along with
the energy capacity and power rating of BESS. The reliability
of BESS also becomes a significant factor when its size
reaches a level where its capability to match the peak load
becomes significant. DTR andDR increase the value of BESS
and reduce the requirements of BESS energy capacity and
power rating without adversely affecting network reliability.
The technical, regulatory and commercial barriers that inhibit
the widespread adoption of BESS are also discussed along
with some potential solutions.

Finally, it is worth noting that the impacts of charg-
ing/discharging frequency and the amount of power
exchanged during each cycle towards the operable lifetime
of the BESS are never considered in this paper, which should
be taken into account as future studies.
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