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Abstract: Secure and reliable operation of power system in normal and contingency conditions is of great importance for
system operator. Natural disasters can seriously threaten power systems' normal operation with catastrophic consequences.
While hardening approaches may be considered for resiliency improvement, an application of a new and cost-effective
technology is proposed in this study. A planning procedure is proposed for integrating distributed series reactors (DSR)into
transmission grids for improving the resiliency against these disasters. DSRs are able to control power flows through meshed
transmission grids and thus improve the power transfer capability and the penetration level of renewable generation. The
problem of integrating DSRs into transmission grids is formulated as a mixed integer linear programming problem. Different load
and wind profiles and a predefined number of disaster scenarios are considered in evaluating the impacts of DSRs on system's
operational costs, wind curtailment and load shedding during disasters and normal condition. The uncertainty of wind generation
can affect economic viability of DSRs deployment which is handled using information gap decision theory. It is implemented on
the IEEE-RTS 24-bus test system and results show the functionality of DSRs in converting the conventional transmission grid
into a flexible and dispatchable asset.

௑Nomenclature
For quick reference, the main notation used throughout this paper
is stated in this section

Sets and indices

i index for network buses
ℓ index for network lines
t index for operation intervals
g index for thermal generating units
k index for blocks considered for piece-wise linear fuel cost

function
ΩB set of all network buses
Ωk set of blocks used for linearising the fuel cost function
ΩGb

set of generating units connected to bus b
ΩS set of disaster scenarios
ΩL set of lines in transmission network
ΩT set of time periods

Parameters

τt /s duration of time period t or scenario s (hours)
dt demand coefficient indicating the ratio of demand to

peak load in time t (normal condition)
n equipment lifetime (years)
ag, bg, cg fuel cost coefficients for unit g
P̄bi

ℓ flow limit of line ℓ in normal condition (MW)

P̄bi, s
ℓ flow limit of line ℓ in scenario s (MW)

λDSR investment cost for DSR ($)
r interest rate
Bbi

0 initial susceptance of line ℓ (Ω)
Pg, ini/fin

k initial and final values of power in block k of linearised
cost of thermal unit g (MW)

Cg, ini/fin
k initial and final values of cost in block k of linearised

cost of thermal unit g ($/h)

ΔPg
k length of block k of linearised cost of thermal unit g

(MW)
λD load shedding cost ($/MWh)
Δbi

min minimum possible deviation from initial susceptance of
line ℓ

NDSR
max maximum number of lines allowed to have DSR

Pg
min/max minimum/maximum operating range of thermal unit g

(MW)
Pg, s

min/max minimum/maximum operating condition of generating
unit g in scenario s (MW)

δb
min/max minimum/maximum operating condition of voltage

angle in bus b (rad)
Pb, t /s

L power demand at bus b and time t (MW)
ηn probability of normal condition
P̄b

L peak load in bus b (MW)
βc/o percentage of critical/opportunistic increase/decrease in

objective function
πs probability of scenario s
sg

k slope of cost in block k of linearised cost of thermal
unit g ($/MW)

λW wind curtailment cost ($/MWh)
wt wind coefficient indicating the availability of wind

resource in time t (normal condition)
γs wind coefficient indicating the availability of wind

resource in scenario s (contingency condition)
Λb

W wind capacity at bus b (MW)

Variables

Ibi binary variable indicating if DSR exists (1) in line ℓ or
not (0)

Cf /lsh/wc fuel, load shedding and wind curtailment costs ($)
Cg, t fuel cost of thermal unit g at time t ($)
Pg, t /s

G generated power of thermal unit g at time t or scenario s
(MW)

Pb, t /s
SH load shedding at bus b and time t/scenario s (MW)
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OFn/d objective function in normal/disaster condition
pg, t

k operating schedule of thermal unit g in block k at time t
(MW)

Pbi, t /s
ℓ power flow in line ℓ at time t or scenario s (MW)

Bbi, t /s susceptance of line ℓ at time t or scenario s
μb, t shadow price at bus b and time period t ($/MWh)
δb, t /s voltage angle of bus b at time t or scenario s
Pb, t /s

C wind power curtailment at bus b and time t/scenario s
(MW)

Pb, t /s
W wind power generation at bus b and time t/scenario s

(MW)

1௑Introduction
The two main challenges for developing more sustainable energy
systems are the resiliency improvement against high-impact events
and variable renewable resources. A class of risks, called high-
impact, low-frequency (HILF) events, has recently become a
renewed focus of risk managers and policy makers [1]. These
events include a variety range from deliberate attacks to weather-
related risks while severe weather conditions caused ∼80% of the
large-scale outages in recent years [2]. Besides, any transmission
constraints or bottlenecks in transmission system could prevent
perfect utilisation of renewable resources [3]. Thus, enhancing the
transmission grid resilience to HILF events and renewable
resources is becoming of increasing interest. In fact, the most
obvious measure for improving transmission system resilience is to
improve its transfer capacity by building new transmission lines.
However, due to necessity of public acceptance, huge investment
costs and long lead construction time, other measures attained
more attention in recent years.

Improving the observability and operational flexibility of the
grid could be considered as a smart measure for improving the
transmission grid resiliency [4]. Different measures are proposed
for improving the transmission capacity of existing infrastructure
by deploying flexible AC transmission system (FACTS) or
distributed FACTS devices or line switching [5]. All these
measures are studied for proposing a smarter and dispatchable
transmission grid, extracting more value from existing network,
manage congestion and improve transfer capability of the network
by controlling the power flow pattern in the grid. While high
capital costs and low reliability restricted the widespread use of
FACTS devices, distributed series reactors (DSRs) could be
considered as a low cost, reliable and smart devices for power flow
control in transmission grids [6]. They have short lead times and do
not require substation modifications or special insulation design.
DSRs can shift the power from over-loaded or congested lines to
underutilised transmission lines, enhancing system overall
loadability. They can also monitor line temperature and work as a
sensor for dynamic rating of overhead lines. Previous research has
shown the ability of similar devices in improving the system
loadability and reducing load shedding due to transmission outages
[6]. However, decision makers need a comprehensive cost–benefit
analysis framework for deployment of DSRs. Evolutionary
algorithms have been proposed for the problem of optimal locating
of FACTS devices [7], with some specific advantages and
disadvantages. Sensitivity methods were also applied for
determining the most influential locations of series FACTS devices
[8].

Previous research on transmission grid resiliency improvement
were mainly focused on system hardening [9], whereas in [10], e.g.
line switching is proposed as a flexible measure for improving the
transmission resiliency against deliberate outages.

The main focus of this paper is to propose a planning algorithm
for optimal allocation of DSRs for improving system resilience to
HILFs (or disasters) and renewable resources variability.
Variability and uncertainty of renewable resources [11] should be
addressed in economic viability of DSRs deployment, thus the
information gap decision theory (IGDT) method [12] is applied for
estimating a robust level of benefits of DSR deployment. The
IGDT method can assess performance of different planning
alternatives under both dire and opportune future conditions. Under

the robust approach, this technique seeks to maximise robustness
of the final decision given minimum performance requirement.
Besides above ability to explore risks and opportunities
simultaneously, this method requires very low computational
burden which is crucial in planning studies for composing a
tractable formulation. It is a computationally powerful tool for
dealing with uncertainties especially when robust decision making
is preferred. In this regard, the main goal is to maximise optimal
solution immunity to the effects of deviation of wind generation
from what is estimated (as main source of uncertainty) or to
maximising info-gap robustness. Disasters are incorporated in the
model through a set of predefined outage scenarios. It is shown that
the optimal deployment of DSRs can increase renewable
generation penetration and improve system functionality under
severe disasters. The fundamental contributions of this paper are
three-fold as follows:

• To provide a framework for optimal allocation of DSR units to
increase the resiliency of transmission network.

• To develop a risk-averse (RA) strategy which considers the
uncertainties of wind turbine power generation and
contingencies.

• Computationally efficient uncertainty modelling is developed
which is suitable for severe uncertainty cases.

2௑Problem definition
2.1 Resiliency measures

Different definitions have been proposed for resiliency in the
literature. Generally, it can be defined as an index measuring the
capacity to sustain a level of functionality or performance for a
given infrastructure over a given period of time [13]. Different
performance measures are also proposed in the context of
infrastructure resilience such as: connectivity loss, power loss and
impact on the population [14]. However, in the context of power
systems, Panteli and Mancarella [15] present a comprehensive
definition: resilience is defined as the ability of a power system to
withstand extraordinary and high-impact-low probability events
such as extreme weather, rapidly recover from such disruptive
events and learn lessons for adapting its operation and structure to
prevent or mitigate the impact of similar events in the future. Thus,
resiliency has a multi-dimensional aspect and differs substantially
from classical reliability concepts.

It should be noted here that it is even impossible for addressing
all resiliency aspects in power system planning studies and here we
consider the main impact of disasters on power system
functionality as its main function is to deliver electrical energy to
end users. Any disaster can be assessed by its impact on power
outages and the duration of these outages. In fact, by calculating
the amount of load shedding originated by outages in the grid and
its duration, different performance measures could be addressed.
Thus in this paper, the overall load shedding and the duration due
to network outages are considered as the resiliency metric. It is
considered that network outage scenarios are known in advance
and the durations are also predictable. Outage scenarios could be
identified based on operator experience, climate analysis and
previous behaviour of the network under extreme events or even by
optimisation techniques specially developed in the context of
deliberate outage studies [10]. Furthermore, outage duration is a
function of network operational flexibility, adaptability and
operator situational awareness and restoration procedures and also
the disaster nature and behaviour which is out of the scope of this
paper.

The resiliency of power system to renewable generation
integration is also studied under normal and contingency
operations of the power grid. By increasing the share of
uncontrolled and variable renewable generation in power grids, the
resiliency of power systems against renewable generation has
attracted more attentions for maximising variable renewable
penetration [16].
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2.2 Distributed SRs

Grid resiliency could be improved through redundancy or through
flexibility. DSRs can provide flexibility to the grid by turning the
classical transmission grid to a dispatchable one which could be
controlled by the operator just like conventional power plants.
DSRs are clamped to phase conductors and powered by induction
from line current. A magnetic link allows the device to inject
inductive reactance to increase line impedance [6]. Also, embedded
sensors could be equipped with communication medium for
dynamic rating of transmission lines. In contrast to inverter-based
D-FACTS technology, DSRs proposed a reliable solution for power
flow control in meshed grids. These devices could be added
incrementally to transmission lines as it is needed which provide
more flexibility for their investment decisions. By increasing the
line impedance of a particular transmission line which is vulnerable
to overload, the power flow will be shifted to other parallel paths in
the grid. Thus, DSRs could be used for increasing system
loadability, altering the power flow pattern in the grid and more
utilising the existing infrastructure. In fact, DSRs could be used for
achieving controlled degradation of the grid during and after
extreme events [17]. In contrast to system hardening measures such
as system reinforcing by building new transmission lines, DSRs
could present a more economic, faster and smarter solution for
improving system resiliency. Any outages in transmission grid will
redistribute power flows and may trigger post disturbance
overloads in some corridors which consequently may cause
additional cascading outages. However, successful implementation
of DSRs can manage these outages by coordinated control with
other system wide measures such as generation redispatch [4]. In a
conventional non-dispatchable grid, the first line which reaches its
capacity limit will dictate the system transfer capability. By re-
routing the flow from over-loaded or congested lines to more
lightly loaded lines, DSRs can be used for managing system
constraints and minimising load shedding under line outages [6].

2.3 Optimisation model and uncertainty handling

Indeed any decision making in power system planning should
address various uncertainties or at least major ones in input
parameters to the decision-making process. These uncertainties
may adversely influence the objective and/or constraints and
consequently the final optimal solution. With increasing the wind
penetration level in power systems, all operational and planning
decision makings will encounter a severe uncertainty due to
intermittent and variable nature of wind generation. In this paper,
based on IGDT concept, a robust estimation of DSRs
implementation benefits will be calculated with regard to wind
generation uncertainty as the main source of uncertainty. Like other
transmission planning studies, the problem of DSR implementation
should be addressed in two phases. In the first phase, decision on
DSRs deployment will be made based on an overall optimisation
process considering simplified DC lossless model of the
transmission grid while AC feasibility, transient stability and other
criteria should be checked in the second phase. The benefits of
DSRs deployment is estimated by hourly optimising grid operation
under normal and outage conditions. The operator has different
measures for grid management, i.e. generation dispatch, wind
curtailment, DSR dispatch and load shedding. All these measures
are incorporated for minimising the sum of system investment and
operational costs and maximising robustness against wind
uncertainty under normal and disaster conditions which will be
detailed in the next section.

3௑Problem formulation
This section of this paper provides the proposed formulation with
the underlying assumptions.

3.1 Power system operation in normal condition

Objective function of the proposed algorithm includes operational
costs in normal operation, load shedding costs in normal and
contingency condition, wind curtailment cost in normal operation

and annualised investment costs of DSRs. The costs in normal
condition (OFn) which are defined as the total operating costs
should be minimised

OFn = Cf + Clsh + Cwc (1)

The different costs in (1) are defined as follows:

Cf = ∑
g, t

τtCg, t (2)

Clsh = ∑
b, t

τtλDPb, t
SH

(3)

Cwc = ∑
b, t

τtλWPb, t
C

(4)

where Cg, t is the fuel cost function (in $/h), which is modelled by a
quadratic function as follows:

Cg, t = agPg, t
G2 + bgPg, t

G + cg (5)

The fuel cost function described in (5) has a quadratic form and
can be linearised in order to improve the computational
performance of the proposed model. The procedure for obtaining
the piece-wise linear fuel cost function is depicted in Fig. 1. In this
way, non-linear fuel cost function in (5) will be replaced by set of
equations described in (6)

Cf = ∑
g, t

Cg, t (6a)

Cg, t = ag(Pg
min)2 + bgPg

min + cg + ∑
k

sg
kPg, t

k

(6b)

sg
k =

Cg, fin
k − Cg, ini

k

ΔPg
k

(6c)

Cg, ini
k = ag(Pg, ini

k )2 + bgPg, ini
k + cg (6d)

Cg, fin
k = ag(Pg, fin

k )2 + bgPg, fin
k + cg (6e)

0 ≤ pg, t
k ≤ ΔPg

k, ∀k ∈ Ωk (6f)

ΔPg
k =

Pg
max − Pg

min

|Ωk|
(6g)

Pg, ini
k = (k − 1)ΔPg

k + Pg
min (6h)

Pg, fin
k = ΔPg

k + Pg, ini
k (6i)

Pg, t
G = Pg

min + ∑
k

Pg, t
k

(6j)

The DC power flow equations and constraints of the system are
as follows (∀t ∈ ΩT, ∀b, i ∈ ΩB):

∑
g = 1

ΩGb

Pg, t
G + Pb, t

W − Pb, t
L + Pb, t

SH = ∑
i = 1

ΩB

Pbi, t
ℓ : μb, t

(7)

Pbi, t
ℓ = Bbi, t(δb, t − δi, t) (8)

The Bbi, t in (8) is the dynamic susceptance of line connecting bus b
to bus i. It is dynamic only if it is equipped with DSR. The DSR
setting (ζbi, t) is formulated in (9)
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Bbi, t = Bbi
0

ζbi, t (9a)

1 − Δbi
min ≤ ζbi, t ≤ 1 (9b)

However, if (8) is substituted by (9) it will cause non-linearity of
the formulation. A linear formulation [8, 32] is used which can be
used for modelling the DSR as follows:

Bbi
0 − Δbi

min × Ibi ≤ Bbi, t ≤ Bbi
0 (10)

where the following limits are considered ∀t ∈ ΩT:

Pg
min ≤ Pg, t

G ≤ Pg
max, ∀g ∈ ΩG (11)

δb
min ≤ δb, t ≤ δb

max, ∀b ∈ ΩB (12)

−P̄bi
ℓ ≤ Pbi, t

ℓ ≤ P̄bi
ℓ , ∀ℓ ∈ ΩL (13)

0 ≤ Pb, t
W ≤ wtΛb

W, ∀b ∈ ΩB (14)

Pb, t
L = dtP̄b

L, ∀b ∈ ΩB (15)

0 ≤ Pb, t
C ≤ wtΛb

W − Pb, t
W , ∀b ∈ ΩB (16)

The maximum number of lines that can be equipped with DSR is
specified as follows:

∑
b, i

Ibi ≤ NDSR
max

(17)

3.2 Power system operation under contingency condition

Disasters are defined by a set of predefined outages or
contingencies and system resiliency is measured by calculating
amount of load shedding in each outage scenario. Spatial and
temporal dynamics of disasters can be captured through these
predefined outage scenarios with different time schedules.
Objective function in contingency condition (OFd) is defined as the
total load shedding costs which is needed to be minimised

OFd = Clsh
d (18)

The overall cost of load shedding in case of disasters is calculated
as follows:

Clsh
d = ∑

b, s

πsτsλDPb, s
SH

(19)

The DC power flow equations of the system are as follows
(∀s ∈ ΩS, ∀b ∈ ΩB):

∑
g = 1

ΩGb

Pg, s
G + Pb, s

W − Pb, s
L + Pb, s

SH = ∑
i = 1

ΩB

Pbi, s
ℓ (20)

Pbi, s
ℓ = Bbi, s(δb, s − δi, s) (21)

Bbi
0 − Δbi

min × Ibi ≤ Bbi, s ≤ Bbi
0 (22)

where the following limits are considered, ∀s ∈ ΩS:

Pg, s
min ≤ Pg, s

G ≤ Pg, s
max, ∀g ∈ ΩG (23)

δb
min ≤ δb, s ≤ δb

max, ∀b ∈ ΩB (24)

−P̄bi, s
ℓ ≤ Pbi, s

ℓ ≤ P̄bi, s
ℓ , ∀ℓ ∈ ΩL (25)

0 ≤ Pb, s
W ≤ γsΛb

W, ∀b ∈ ΩB (26)

0 ≤ Pb, s
SH ≤ Pb, s

L , ∀b ∈ ΩB (27)

The operating limits indicated in (23) and (25) may be different
with those provided in (11) and (13). The disaster may reduce the
thermal rating of transmission lines [18] or cause the total outage
of the component. The combination of (21) and (22) implies that

Pbi, s
ℓ ≥ (Bbi

0 − Δbi
min × Ibi)(δb, s − δi, s) (28a)

Pbi, s
ℓ ≤ Bbi

0 (δb, s − δi, s) (28b)

In (28a), the multiplication of Ibi and (δb, s − δi, s) makes the
formulation non-linear. The linearisation procedure is explained in
Appendix 1.

3.3 Overall objective function

The overall objective function to be minimised includes system
operational costs in normal operation, load shedding costs during
outages and annualised investment costs of DSRs which is defined
as follows:

Fig. 1௒ Piece-wise linear fuel cost function
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OF = ηnOFn + (1 − ηn)OFd + Cinv (29)

where

Cinv =
r(1 + r)n

(1 + r)n + 1
∑
b, i

λDSRIbi (30)

In (30), n is the equipment lifetime. All operational costs in above
objective are subjected to wind generation uncertainty which is
handled by the IGDT method.

4௑Uncertainty modelling via IGDT
The decision making is defined as the procedure for finding the
optimal set of actions (decision variables) in order to minimise or
maximise a given set of objectives. Every decision-making tool
requires some input parameters. For example, in DSR allocation
problem, the technical characteristic of thermal/wind power
generating units as well as the connection points to the grid and
network topology constitute the input parameters. Some input
parameters such as wind generation pattern (which depends on
natural resources) are subject to uncertainty. The uncertainty of
input parameter makes the decision-making procedure a more
difficult task for the decision maker. The wind generation
uncertainty can highly influence the decision variables as well as
the objective function. There are some techniques to model these
uncertainties such as stochastic modelling [19], fuzzy modelling
[20] and robust optimisation (RO) [21]. Selecting the appropriate
tool for modelling the uncertainty highly depends on the level of
available information about the uncertain parameters. Stochastic
methods need probability density function, fuzzy models need
membership function and RO requires the detailed and precise
uncertainty sets. The stochastic models are usually solved using
Monte Carlo simulations [22] or scenario-based approach [23]. The
Monte Carlo requires multiple numbers of iterations in order to
provide some level of confidence for decision maker. On the other
hand, the scenarios in scenario-based approach should be carefully
defined. This is because of the fact that the obtained results are
highly dependent and sensitive to these scenarios and cannot
provide a guaranteed cost–benefit for the decision maker. The
fuzzy modelling approach requires running multiple simulations
for different levels of membership degrees [24] (two simulations
for every objective function in each membership degree). The RO
is usually a multi-level optimisation problem (the same as IGDT)
but needs more info regarding the uncertainty set. This technique is
not applicable in severe uncertainty cases. Almost all of these
techniques are computationally expensive. This would justify the
need for a powerful tool that would be able to overcome these
shortcomings.

The idea of IGDT was first introduced in [25]. The aim is
finding the optimal set of decision variables in a way that increases
the robustness against uncertainties or maximising the chance of
success. The DSR allocation problem can be expressed as a
minimisation problem as in (31)

min
ξ

OF

subject to

(1)‐‐(30)

(31)

The objective function in (31) is the total cost defined in (29)
which should be minimised. The decision variables (ξ) and the
input uncertain parameter (Pb, t

W ) should satisfy the specified
constraints (1)–(30). The decision variables include the thermal
generation schedules, wind power curtailment, DSR location and
settings in normal/contingency conditions as follows:

ξ = Pg, t /s
G , Pb, t /s

C , Pb, t /s
SH , Ibi, Bbi, t /s (32)

In IGDT literature, the most common way of describing the
uncertainties in IGDT framework is uniform bound model as given
in (33)

U(α, P̄b, t
W ) = Pb, t

W : Pb, t
W − P̄b, t

W ≤ αP̄b, t
W (33)

The forecasted value of wind power generation (P̄b, t
W ) is assumed to

be known. This is the only information available regarding the
uncertain parameter (Pb, t

W ). The variable (α) is ‘radius of
uncertainty’ which is also unknown. It shows the distance between
the predicted value (P̄b, t

W ) and what may actually happen in reality
(Pb, t

W ). The IGDT modelling has two forms as follows:

• RA [26].
• Opportunity seeker (OS) [27].

In both strategies, the base case cost ( f b) is calculated which is the
value of OF when there is no difference between the prediction and
actual value of wind availability. The formulated problem is solved
assuming that Pb, t

W = P̄b, t
W

f b = min
ξ

OF

subject to
(34)

α = 0

(1)‐‐(30)
(35)

4.1 RA strategy

The RA strategy tries to find the optimal decision variables to
maximise the tolerance against the uncertainty. This maximisation
is performed while constraining the objective function to a
predefined level of acceptable deterioration. This strategy answers
the question: ‘what is the maximum information gap (α^) that the
objective function can tolerate?’, i.e. remains below a critical level
Δc

α^(ξ, P̄b, t
W ) = max

α
α (36a)

max
Pb, t

W
OF ≤ Δc (36b)

Pb, t
W ∈ U(α, P̄b, t

W )

(1)‐‐(30)
(36c)

It should be noted that the optimisation in (36a) is performed for a
given value of (ξ) and decision variable is α. In the lower level
(36a), the optimisation is done assuming the values of α, ξ are
known.

The critical level Δc in (36b) is usually specified by the planner
as a percentage of increase (βc) in base case cost ( f b) such as:
Δc = (1 + βc) f b.

The final step is to maximise the α^(ξ, P̄b, t
W ) using the decision

variables (ξ)

Rc = max
ξ

α^ (37a)

α^(ξ, P̄b, t
W ) = max

α
α (37b)

max
Pb, t

W
OF ≤ Δc (37c)

Pb, t
W ∈ U(α, P̄b, t

W )

(1)‐‐(30)
(37d)
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The problem described in (37) is a tri-level optimisation problem.
At the lowest level, Pb, t

W ∈ U(α, P̄b, t
W ). This means that

(1 − α)P̄b, t
W ≤ Pb, t

W ≤ (1 + α)P̄b, t
W . The solution for (37c) and (37d) is

(1 − α)P̄b, t
W = Pb, t

W  since the reduction in wind power would
increase the fuel cost of thermal units. The solution for the second
level (37b) is trivial α = ((P̄b, t

W − Pb, t
W )/P̄b, t

W ). The tri-level
optimisation (37c) would become single level as follows:

Rc = max
ξ

α (38a)

Pb, t
W = (1 − α)P̄b, t

W (38b)

OF ≤ (1 + βc) f b

(1)‐‐(30)
(38c)

4.2 OS strategy

Owing to the nature of the problem under study (which is RA), the
OS strategy is not applicable. However, it is described here to
provide a better understanding. In OS strategy, the decision maker
tries to find the best set of decision variables to increase the chance
of reduction in objective function (compared with f b) if the
uncertain parameter behaves in favour of cost reduction. The first
step (the same as RA) is calculating the base case value ( f b) by
solving (34). The second step is finding the minimum radius of
desired uncertainty (α⌣) that the objective function can reach an
opportunity level Δo ≤ f b

α
⌣(ξ, P̄b, t

W ) = min
α

α (39a)

min
Pb, t

W
OF ≤ Δo (39b)

Pb, t
W ∈ U(α, P̄b, t

W )

(1)‐‐(30)
(39c)

The minimum required uncertainty level is found in (39) as
α
⌣(ξ, P̄b, t

W ). The final step is to minimise the α
⌣(ξ, P̄b, t

W ) using the
decision variables (ξ) as follows:

Ro = min
ξ

min
α

min
Pb, t

W
α (40a)

OF ≤ Δo = (1 − βo) f b (40b)

Pb, t
W ∈ U(α, P̄b, t

W )

(1)‐‐(30)
(40c)

The opportunity level Δo in (40) is usually specified by the planner
as a percentage of decrease (βo) in base case cost ( f b) such as:
Δo = (1 − βo) f b. More detail can be found in [25].

5௑Simulation results
5.1 Data

The proposed IGDT-based model for integration of DSRs in
transmission systems is implemented on the IEEE-RTS 24-bus
reliability test system (Fig. 1). The data of this system is adopted
from [28] with some modifications. The overall loading of the
system is given in Table 1. Interest rate (r) is assumed to be 3%.
All transmission lines, except transformers are considered as the
candidate lines for installing DSRs. The mathematical model of the
proposed framework is implemented in general algebraic
modelling system [29] environment and solved by CPLEX solver
[30] running on an Intel Xeon central processing unit E5-1620 3.6 
GHz personal computer with 8 GB random access memory. The
DSR flexibility is assumed that Δbi

min = 0.2Bbi
0 . 

A period of 1 year operation of the system is analysed for
evaluating the objective function proposed in (38). Wind-demand
condition and duration are obtained based on the method
introduced in [31] for addressing correlations between wind and
demand. In this analysis, three different outage scenarios are
defined as in Table 2 which are also depicted in Fig. 2. These
outage scenarios could be defined based on historic data or by
running optimisation procedures for finding most severe outage
conditions by methods presented in works on deliberate outages
[10]. These scenarios define the duration (τs) and severity of the
contingency in terms of affected components and the probability of
occurrence. 

It should be noted that the sum of contingency probabilities (πs)

is 2% and they are all assumed to be equal. This means that the
system is ηn = 98% in normal condition and 1 − ηn = 2% in
disaster (contingency) operation. It is assumed that four wind
power generators are connected to the grid on different buses as
indicated in Table 3. 

The cost of each set of DSRs (three phases) (λDSR) is assumed
to be $4500. The DSR lifetime is assumed to be 20 years in this
paper.

Table 1 Peak demand values in different buses
Bus Peak demand, MW Bus Peak demand, MW
1 108 10 170
3 100 13 265
4 74 14 100
5 50 15 317
6 136 16 100
7 125 18 333
8 137 19 181
9 155 20 128
 

Fig. 2௒ IEEE reliability 24-bus test system and the considered
contingencies
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5.2 Uncertainty analysis

To investigate the performance of the proposed framework, the βc

parameter is changed from 0 to 15%. The contingency case-I
described in Table 2 is used to model the contingencies in this
section. The RA strategies have been implemented in this work.
The variations of tolerable uncertainty versus cost target are plotted
in Fig. 3. 

It is observed from Fig. 3 that the tolerable uncertainty
increases from 0 (βc = 0) to 0.4244 (βc = 15%). This means that
the cost target has increased from 168.2220 M$ (base case) to
193.4553 M$ [(βc = 15%)]. It is expected to have more tolerance
toward the uncertainty when the cost target is increased. The
average computation time of IGDT method is 3.31 s as shown for
different βc values in Table 4. 

Fig. 3 shows the relation between the tolerable uncertainty and
cost target.

The optimal allocation of DSRs in the network is shown in
Fig. 4 for βc = 5%. Choosing the value of βc depends on the choice

of decision maker. In this work, βc is assumed to be 5% which
covers up to 14.5% of wind power generation uncertainty as
depicted in Fig. 3. It is observed that ten lines are chosen to have
DSR in this case. 

The DSR units will react to the loading condition and
availability of wind turbines as well as the other technical
characteristics of the network to reduce the overall costs. The
optimal DSR settings in different lines and time periods are shown
in Fig. 5 for three sample location periods. 

In βc = 0 (base case), the shares of thermal units and wind units
are 84.65 and 15.34% in supplying the demand, respectively. In
RA strategy, the shares of wind decreases to 8.83% and thermal
units to 91.16% (βc = 15%).

5.3 Sensitivity analysis

In this section, the incremental effect of deploying DSRs in the
system is analysed. The optimal locations of DSRs are obtained by
the proposed method sequentially with a constraint on the
maximum number of lines that can host DSRs (NDSR

max  = 0 to 10).
Two case studies have been investigated:

• Case-I: (scenarios S1, 2, 3 in Table 2) tries to find out the line only
contingencies.

• Case-II: (scenarios S4, 5, 6 in Table 2) investigates the
simultaneous outages of transmission lines and generating units.

Table 2 Contingency scenarios
τs, h Scenarios Affected

components
(case-I)

Scenarios Affected
components

(case-II)
8 S1 ℓ10 − 12 S4 ℓ11 − 13, ℓ12 − 13

10 S2 ℓ10 − 12, ℓ9 − 12 S5 ℓ1 − 5 and ∀gPg, b = 1

6 S3 ℓ10 − 12, ℓ13 − 11 S6 ∀gPg, b = 2

 

Table 3 Wind capacities and the connection points
Number Λb

W, MW Connection bus

w1 120 22
w2 120 16
w3 240 13
w4 120 9

 

Fig. 3௒ Tolerable uncertainty versus cost target (RA)
 Table 4 Maximum tolerance level against wind uncertainty

and computation time for each (second) βc level
βc α Computation time, s
0.00 0.00001 3.703
0.01 0.02995 4.750
0.02 0.05920 3.094
0.03 0.08803 3.235
0.04 0.11683 3.500
0.05 0.14560 3.187
0.06 0.17435 2.922
0.07 0.20300 3.375
0.08 0.23162 2.750
0.09 0.26016 3.219
0.10 0.28864 3.125
0.11 0.31706 3.344
0.12 0.34463 3.234
0.13 0.37135 3.016
0.14 0.39793 3.265
0.15 0.42441 3.297

 

Fig. 4௒ Optimal allocation of DSR in the network in RA strategy (βc = 5%)
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(i) Contingency case-I: The line outage scenarios (S1, 2, 3) are taken
from Table 2. The optimal DSR connection branches are provided
in Fig. 4. The total load shedding costs ($) in case of disaster (i.e.
outage scenarios) versus number of lines equipped with DSR are

shown in Fig. 6. The total costs and operating costs ($) versus the
number of lines equipped with DSR are shown in Fig. 7. The total
costs in Fig. 7 are calculated in (29). As it can be seen in Fig. 6, the
load shedding cost is monotonically decreasing by increasing the
lines equipped by DSRs but with different rates showing the
capability of a flexible transmission network to manage disaster
consequences. Please note that the amount of load shedding
presents the most important measures of resiliency, i.e.
connectivity loss, power loss and impact on end users. 

The graph shown in Fig. 6 shows the impact of no DSR (zero
lines equipped with DSR) and ten DSR units installed on the
system. Here, $314090.61 (no DSR)−$270993.64 (ten DSRs) = 
$43096.97. In other words, 13% reductions in total load shedding
costs can be achieved by equipping ten branches with DSRs. The
DSR settings in contingency case-I are given in Table 5. 

DSRs can shift the power flow from over-loaded lines to the
lightly loaded ones and improve transmission system overall
performance. This capability can influence the operational
flexibility of the system in hosting wind generation. The total wind
curtailment cost ($) versus number of lines equipped with DSR for
different percentages of increase in wind capacity is depicted in
Fig. 8. It is clear that the DSRs are more beneficial with higher
wind penetrations. These sensitivity studies depicted in Figs. 6–8
show the acceptable performance of DSRs for improving system
operational efficiency and resiliency. 

(ii) Contingency case-II: The line-generation outage scenarios
(S4, 5, 6) are taken from Table 2. The optimal DSR allocation is
provided in Fig. 4 which is the same as the contingency case-I. The
total load shedding costs ($) in case of disaster (i.e. outage
scenarios) versus number of lines equipped with DSR are shown in
Fig. 9. 

The graph shown in Fig. 9 indicates that the use of DSR (in ten
lines) can reduce the total load shedding costs by $54565.12 in
contingency case-II. This is ;25% reduction of load shedding costs
compared with no DSR units case. The DSR locations in case-II is
the same as those in case-I. However, in contingency condition the
operating setting would be different since the network topology
changes. The DSR settings in contingency case-II are given in
Table 6. Comparing Tables 6 and 5 reveals the fact that the DSR
setting can adaptively change in case of different contingencies to
reduce the total load shedding costs. 

In scenario S4 of Table 6, the branch ℓ13 − 12 is out of service,
thus its corresponding DSR setting is not reported. The average
computation time of IGDT method for case-II is 3.18 s.

6௑Conclusion
The proliferation of renewable energy resources and recent natural
disasters have amplified the need for an agile power system
capable of handling future uncertainties. A key step to develop a
sustainable energy system is to improve its resiliency by physical
reinforcement or by smarter solutions such as flexibility measures.
DSRs are a newly introduced technology for altering static
conventional transmission grid to a smarter flexible and
dispatchable asset for controlling power flows and to more utilising

Fig. 5௒ DSR setting in different lines and time periods (normal condition)
(βc = 5%)

 

Fig. 6௒ Total load shedding costs (OFd) in case of disaster versus number
of lines equipped with DSR (case-I)

 

Fig. 7௒ Total cost and operating costs ($) versus number of lines equipped
with DSR

 

Table 5 DSR settings [(Bbi, t/Bbi
0 )] in contingency case-I

DSR location S1 S2 S3

ℓ2 − 1 1 1 0.8
ℓ3 − 1 0.8 0.8 0.8
ℓ10 − 6 0.8 0.8 0.8
ℓ10 − 8 1 1 1
ℓ13 − 12 0.8 1 1
ℓ14 − 11 0.8 0.8 0.8
ℓ17 − 16 0.8 0.8 0.8
ℓ20 − 19 0.8 1 0.8
ℓ21 − 18 0.8 0.8 0.8
ℓ23 − 20 0.8 1 0.8
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existing infrastructure. DSRs are used for improving system
operational efficiency and resiliency in the presence of wind power
generation uncertainty and disaster outages in this paper. The
problem of deploying these devices in transmission system is
formulated as an mixed integer linear programming (MILP)
optimisation problem and wind generation uncertainty is handled
by the IGDT method. The main aspects of resiliency, i.e.
connectivity loss, power loss and impact on the end user is

assessed by obtaining load shedding through DC optimal power
flow. Also, decreasing wind curtailment costs is incorporated in the
objective function and results show the performance of optimally
allocated DSRs in controlling load shedding, wind curtailment and
operational costs. Increasing transmission lines reactances by
DSRs may adversely affect the system voltage and dynamic
behaviour which is considered for future work by the authors.
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Table 6 DSR settings [(Bbi, t/Bbi
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9௑Appendix
௑
9.1 Appendix 1

Linearised product of a binary and a real variable.

Suppose it is needed to linearise the product of two variables
[one binary and one real variable (δ ≥ 0)]

Z = I × δ (41)

I is the binary variable and δ is a real one. The following equations
are the linear representation of (41):

Z ≤ δ̄ × I (42a)

Z ≤ δ (42b)

Z ≥ δ − (1 − I)δ̄ (42c)

Z ≥ 0 (42d)

where δ̄ is the maximum limit of real variable δ.
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