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Abstract: The rapid incorporation of wind power resources in electrical power networks has
significantly increased the volatility of transmission systems due to the inherent uncertainty associated
with wind power. This paper addresses this issue by proposing a transmission network expansion
planning (TEP) model that integrates wind power resources, and that seeks to minimize the sum of
investment costs and operation costs while accounting for the costs associated with the pollution
emissions of generator infrastructure. Auxiliary relaxation variables are introduced to transform the
established model into a mixed integer linear programming problem. Furthermore, the novel concept
of extreme wind power scenarios is defined, theoretically justified, and then employed to establish
a two-stage robust TEP method. The decision-making variables of prospective transmission lines
are determined in the first stage, so as to ensure that the operating variables in the second stage can
adapt to wind power fluctuations. A Benders’ decomposition algorithm is developed to solve the
proposed two-stage model. Finally, extensive numerical studies are conducted with Garver’s 6-bus
system, a modified IEEE RTS79 system and IEEE 118-bus system, and the computational results
demonstrate the effectiveness and practicability of the proposed method.

Keywords: transmission network expansion planning; wind power; uncertainty; load shedding;
benders’ decomposition

1. Introduction

Conventional deterministic transmission network expansion planning (TEP) problem generally
aims at obtaining the optimal investment solution that minimizes the costs of power generation and
investment for new lines without consideration for environmental pollution effects, and without
incorporating wind power generation into the electric power system. In recent years, the large-scale
consumption of fossil fuels and massive discharge of pollutants has prompted the increasing
application of renewable wind power resources due to the relatively mature technology involved and
broad prospects for development. In China, the installed wind power capacity was 128.30 GW in
2015, which accounted for greater than 30% of the total installed wind power capacity worldwide [1,2].
China is expected to increase this value to greater than 200 GW by 2020, and to greater than 1000 GW
by 2030 to contribute toward meeting the targeted goal announced by the Chinese government of
non-fossil fuels representing 20% of all primary energy consumption [3]. However, the inherent
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unpredictability and intermittency of wind power generation introduces significant challenges for TEP
methods. Therefore, TEP processes must take the uncertainty of wind power resources into account.

Several optimization methods and algorithms have been employed to solve the TEP problem
without considering wind power uncertainty. These methods can be categorized into two main groups:
mathematical programming-based optimization methods and meta-heuristic optimization methods.
Specifically, Reference [4] uses linear flow estimation method to network design. Probabilistic search
optimization method is employed to search the optimal construction solution of neighboring
network [5]. Reference [6] solves the coordinated expansion planning model by games theory. A branch
& bound optimization algorithm is proposed to solve the mixed-integer planning problem in [7,8].
These mathematical optimization methods classically do not need to specify the initial parameters,
but they only solve the model with a specific structure. Meta-heuristic optimization methods include
ant colony method [9], bee algorithm [10], differential evolution [11], artificial immune system [12],
and frog leaping algorithm [13], etc. These meta-heuristic methods do not required to covert the
detailed TEP model into an optimization set, thus are easy to use and very straightforward. However,
the methods are quite sensitive to various parameter settings, and the solution is not unique for
each trial.

Currently, little research has been applied toward establishing nondeterministic TEP models,
and the existing work can be roughly classified into three categories: scenario-based stochastic
programming (SSP) [14–19], chance-constrained stochastic programming (CSP) [20–24], and robust
optimization (RO) [25–29]. Each of these approaches is associated with particular advantages and
disadvantages, which are discussed as follows.

The SSP approach assumes that wind power generation follows a predefined probability
distribution (e.g., a Weibull distribution or normal distribution) [15,16] that is usually obtained from
historical data. Then, an advanced sampling technique, such as Monte Carlo or Latin-hypercube
sampling simulation [17,18], is employed to generate a series of wind power scenarios that are
representative of all possible realizations of stochastic wind power outputs. Finally, the wind power
scenarios are employed for conducting TEP with the objective of minimizing the expected value
of expansion planning costs under all wind power scenarios. Since the SSP approach relies on
an approximation of the true distribution of wind power generation, the quality of the obtained
planning solution depends heavily on the representativeness of the preselected wind power scenarios.
Consequently, a massive number of scenarios are required to accurately represent the stochastic nature
of wind power, and thereby ensure the accuracy and reliability of planning solutions. However, this can
lead to excessive computational requirements and poor algorithm performance [19]. Moreover, pristine
historical data are generally assumed to be available for obtaining accurate probability distributions of
wind power generation. However, this assumption may be unrealistic because it is difficult to precisely
determine the concrete types and parameters of wind power probability distributions for TEP.

To overcome these disadvantages of SSP, the CSP approach was developed to address wind power
uncertainty problems in TEP by applying one or several constraints that should be satisfied with a
high probability, typically 90% or 95% [20–22]. However, a CSP problem can be converted into a
closed form expression and tractably solved only in a limited number of particular cases. The primary
reasons for this are: (1) probability constraints are generally difficult to compute analytically for any
feasible control variables due to their complex multi-dimensional integration formulation, and (2)
the feasible region defined by a series of probability constraints is generally not convex, even though
the original constraints without probability level are convex for any realization of wind power
generation. While these disadvantages have been addressed to some extent by applying Monte
Carlo or Latin-hypercube sampling simulation [23,24] to solve the resulting complex computational
problem by replacing the true distribution with a group of discrete approximations, the approach still
continues to suffer from problems associated with excessively high computational costs.

In contrast to SSP and CSP, the RO approach addresses wind power uncertainty problems
in TEP through establishing an output interval of wind power, rather than seeking to obtain an
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accurate probability distribution. The RO approach attempts to obtain an optimized solution that
is immune to the effects of all possible wind power realizations within the uncertainty interval.
Correspondingly, the approach minimizes the worst-case cost over all possible realizations of wind
power generation, rather than minimizing the total expected cost in SSP. Jabr [25] established a
three-layer minimum-maximum-minimum robust TEP model by adopting a polyhedral uncertainty
set, and merged the inner layer into the middle layer based on duality theory. In contrast, two robust
structures respectively corresponding to the criteria of minimax cost and minimax regret have been
proposed to address wind power generation uncertainties [26]. Here, the proposed models were solved
using Karush-Kuhn-Tucker (KKT) conditions in the inner layer of three-layer robust model, and the
models were finally transformed into two-stage optimization problems. Conejo [27] employed Konno’s
mountain climbing algorithm [30] to solve the previously adopted bilinear sub-problem [25,26],
and the results demonstrated the effectiveness of the proposed algorithm to some extent. Furthermore,
Mínguez and García-Bertrand [28] established an effective uncertainty set to reduce the computational
complexity and improve the convergence performance of TEP solutions. However, the approach still
requires considerable computation time when applied to an entire TEP model, and it readily becomes
trapped in local optimal solutions due to the highly non-linear and non-convex bilinear terms included
within the sub-problem. Moreover, the complex mathematical theory adopted in the algorithm greatly
obscures the physical meaning of the robust model, which limits its practical application.

To address the aforementioned shortcomings, we first define extreme wind power generation
scenarios in the present work to represent worst-case fluctuations in wind power output. We then
apply these extreme wind power generation scenarios to develop a novel robust TEP (RTEP) method
that avoids the emergence of non-convex bilinear terms. In detail, the following work is discussed in
this paper:

(1) A low-emission TEP model is established that considers the cost of pollution emissions produced
by generation units, and auxiliary relaxation variables are introduced to transform the non-linear
terms into linear forms, which helps to improve the computational performance of the model.

(2) The novel concept of extreme wind power scenarios is presented based on robust control and RO
methodology. We prove theoretically that the extreme scenarios can be fully representative of all
possible error scenarios over the entire wind power output space.

(3) We reduce the number of dimensions and the computational complexity of the problem by
adopting an effective iterative procedure based on a Benders decomposition algorithm to solve a
two-stage TEP model, where the master problem represents a mixed-integer programming (MIP)
problem while the sub-problem is made equivalent to a linear programming (LP) problem.

(4) The proposed method is applied to three test systems incorporating a high proportion of wind
power. The robustness and applicability of the proposed RTEP method are demonstrated by
comparing the results acquired by the proposed method with those acquired by a conventional
TEP method.

The remainder of this paper is organized as follows: the low-emission TEP model incorporating
wind power is introduced in Section 2. The two-stage RTEP method based on extreme wind power
scenarios is presented in Section 3. The Benders decomposition algorithm is presented in Section 4.
The numerical studies conducted using the three test systems are presented and analyzed in Section 5.
Finally, the conclusions of this paper are presented in Section 6.

2. Low-Emission Transmission Expansion Planning Incorporating Wind Power

The TEP problem of electrical power systems try to obtain a planning solution so that the system
can operate in an adequate way. In this paper, the low-emission TEP model is established with
the objective of minimizing the costs of investment for new lines as well as the costs of operation,
which includes the cost of pollution emissions produced by generation units, and the risk of load
shedding and wind power curtailment. The proposed TEP model is formulated as a two-stage
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optimization problem, with the first stage representing the decision making process of transmission
system operators (TSOs), and the second stage representing the operation simulation problem.
It should be noted that the expansion plan and the operation simulation part interrelate in the
process of optimization. The detailed mathematical expression of the model is presented as follows.

2.1. Objective

The objective of minimization includes the costs of investment for new lines and for the
maintenance of existing and new lines, denoted as CInv, and the costs of operation. Specifically,
the operation costs comprise three terms, namely the costs associated with power generation by
conventional power units (CGen), environmental pollution (CEnv), and the risk costs of load shedding
and wind power curtailment (CRis). Therefore, the objective of minimization is presented as follows:

min C = (CInv + CGen + CEnv + CRis) (1)

The detailed formulation of (1) can be given from left to right as follows. The detailed formulation
of CInv is given as follows:

CInv = ∑
(i,j)∈Ω

∑
k∈K+

ij

(
ςcL

ij,k Iij,k

)
+ ∑

(i,j)∈Ω
∑

k∈Kij

(
cM

ij,k Iij,k

)
(2)

Here, Ω denotes the set of all transmission corridors ij; Kij and Kij
+ respectively denote the sets

of all transmission lines and candidate transmission lines in Ω; cL
ij,k denotes the costs of building a

new transmission line k in corridor ij; cM
ij,k denotes the costs of maintenance for existing and new lines;

Iij,k is a binary decision variable indicating whether candidate transmission line k in corridor ij has
been built, where Iij,k takes a value of 1 if candidate transmission line k is installed in corridor ij, and
0 otherwise; ς denotes the coefficient associated with the equal annual value of a transmission line,
which can be calculated as follows:

ς =
z(1 + z)Y

(1 + z)Y − 1
(3)

where Y denotes the service life of transmission line; z denotes the discount rate of funds.
For the operation costs, the present work adopts a quasi-quadratic function with rectified

sinusoidal curve [31,32] and a linear function to express CGen and CEnv, respectively, which are
given as follows:

CGen = σ
N

∑
i=1

Gi

∑
g=1

(
ai,g + bi,gPG

i,g + ci,g

(
PG

i,g

)2
+ ei,g

∣∣∣sin ui,g(PG
i,g − PGmin

i,g )
∣∣∣) (4)

CEnv = σ∑
λ∈l

(
Cλ

N

∑
i=1

Gi

∑
g=1

(
δi,g,λPG

i,g

))
(5)

Here, N denotes the set of buses in the transmission system; Gi denotes the set of generators
connected with bus i; ai,g, bi,g, ci,g, ei,g and ui,g are the cost coefficients of power generator g at bus i;
PG

i,g denotes the power output of generator g connected with bus i; Cλ denotes the costs per volume for
treating pollutant emission λ included within set l of pollutant emissions from conventional generators,
which include CO, CO2, SO2, and NOx; δi,g,λ denotes the volume of emission λ per power generation
of generator g connected with bus i; σ denotes the equivalent factor to make the annualized investment
costs and operation costs comparable.

In Equation (4), the generation costs are approximated by two terms: the smooth quadratic
function and the rectified sinusoidal function considering the valve-point effects. It should be noted



Energies 2018, 11, 2116 5 of 22

that, although we employ a quasi-quadratic function for the generation costs, it can be transformed
into a linear form using a previously proposed piecewise linearization method [33].

Finally, CRis is formulated as follows:

CRis = σ

(
N

∑
i=1

(
cD

i RD
i

)
+

N

∑
i=1

(
cW

i RW
i

))
(6)

where cD
i and cW

i denote the cost coefficients of load shedding and wind power curtailment at bus
i, respectively, and RD

i and RW
i respectively denote the extents of load shedding and wind power

curtailment at bus i. Here, load demands and wind power outputs are considered to be non-controllable.
When the values of load demands or wind power outputs exceed the maximum transmission capability
of network, some emergency measures, i.e., load shedding or wind power curtailment, should be
taken to ensure the bus power balance in the transmission network.

2.2. Constraints

The constraints can be divided into two parts: the decision-making constraints of TSOs and the
operation constraints. The detailed formulation is presented as follows.

2.2.1. Decision-Making Constraints of TSOs

(1) The total budget for building new transmission lines is not infinite, and is constrained by a
maximum value v as follows:

∑
(i,j)∈Ω

∑
k∈K+

(
cL

ij,k Iij,k

)
≤ v (7)

(2) The following sequential installation constraints of lines should be satisfied within each
transmission corridor ij:

Iij,k+1 ≤ Iij,k , k = 1, · · · , Kij − 1 , ∀(i, j) ∈ Ω (8)

Equation (8) indicates that, when transmission line k in corridor ij is not selected for construction
(Iij, k = 0), transmission lines from k + 1 to Kij will not be built. Thus, transmission line k + 1 in corridor
ij will not be considered for construction until transmission line k has first been selected.

(3) The binary variable value of the existing transmission lines is set to 1 before conducting
optimization, and the binary variable of the candidate transmission lines will be determined in the
process of model optimization:

Iij,k = 1 , k ∈ Kij/K+
ij

Iij,k ∈ { 0, 1 } , k ∈ K+
ij

(9)

(4) The transmission lines are defined along the pre-selected transmission corridors, and those
lines with the same beginning and end buses usually share a common corridor for the purposes of
resource saving [34]. However, the number of potentially constructed transmission lines allowed for
each corridor ij is constrained to a minimum value nmin

ij and a maximum value nmax
ij . nmin

ij refers to the
existing line number in corridor ij of the original network. In particular, when there are no existing
transmission lines in corridor ij, nmin

ij will be set to zero. The detailed expressions are given as:

nmin
ij ≤ ∑

k∈Kij

Iij,k ≤ nmax
ij , (i, j) ∈ Ω (10)

2.2.2. Operation Constraints

In this paper, the DC model is employed to establish the operation constraints of the TEP problem
since it is less complex and easier to solve than the AC model. Furthermore, the DC model can handle



Energies 2018, 11, 2116 6 of 22

disconnected systems where generators or loads are not electrically connected to the initial network.
Based on per-unit (p.u.) system, the detailed operation constraints are presented as follows:

(1) The branch power flow constraints of existing transmission lines are given as:

fij,k = bij,k(θi − θj) , (i, j) ∈ Ω, k ∈ K/K+, (11)

where bij,k denotes the susceptance of transmission line k in corridor ij, and θi and θj respectively
denote the voltage angles of buses i and j.

(2) The branch power flow constraints of candidate transmission lines are given as:

fij,k = Iij,kbij,k(θi − θj) , (i, j) ∈ Ω, k ∈ K+ (12)

Note that, when candidate transmission line k is selected, (12) is equivalent to (11). Otherwise,
the branch power flow of the transmission line is set to zero.

(3) The line transmission capacity constraints of existing transmission lines are given as:

− Fmax
ij ≤ fij,k ≤ Fmax

ij , ∀ (i, j) ∈ Ω, k ∈ K/K+ (13)

where Fmax
ij denotes the maximum capacity of transmission line ij.

(4) The line transmission capacity constraints of candidate transmission lines are given as:

− Fmax
ij Iij,k ≤ fij,k ≤ Fmax

ij Iij,k , ∀ (i, j) ∈ Ω, k ∈ K+ (14)

Similarly, (14) is equivalent to (13) if candidate transmission line k is selected. Otherwise, the line
capacity of the transmission line is set to zero.

(5) Bus angle constraints are given as:

θmin ≤ θi ≤ θmax , i ∈ N (15)

where θmin and θmax respectively denote the minimum and maximum bus angle values. Note that,
the branch power flow constraints (11), (12) are derived from the polar power-voltage AC power flow
model [35], where voltage angles θi are included in sine and cosine function. For simplicity, we can set
the values of θmin and θmax to be −π and π, respectively.

(6) Bus power balance constraints are given as:

∑
g∈Gi

(
PG

i,g

)
+ ∑

w∈Wi

(
PW

i,w

)
− RW

i + ∑
j∈Nreceive(i)

(
∑

k∈K
fij,k

)
= ∑

d∈Di

(
PD

i,d

)
− RD

i + ∑
j∈Nsend(i)

(
∑

k∈K
fij,k

)
, i ∈ N (16)

where PW
i,w denotes the output of wind turbine w connected with node i; Wi and Di respectively denote

the sets of wind turbines and loads connected with node i; RW
i and RD

i respectively denotes the
wind power curtailment and load shedding at bus i; Ωsend(i) and Ωreceive(i) denote the set of all
transmission lines with node i as the power sending end and receiving end respectively; PD

i,d denotes
the load demand d connected at bus i.

(7) Generator capacity constraints are given as:

PGmin
i,g ≤ PG

i,g ≤ PGmax
i,g , g ∈ Gi, (17)

where PGmin
i,g and PGmax

i,g respectively denote the minimum and maximum outputs of generator g
connected at bus i.

(8) Bus load shedding constraints are given as:

0 ≤ RD
i ≤ rD

i

(
∑

d∈Di

PD
i,d

)
, i ∈ N (18)
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where rD
i denotes the maximum allowed proportion of load shedding at bus i.

(9) To promote the consumption of wind power, wind power curtailment at each bus i should be
constrained to within a maximum allowed value rW

i , as follows:

0 ≤ RW
i ≤ rW

i

(
∑

w∈Wi

PW
i,w

)
, i ∈ N. (19)

2.3. Linearization of the TEP Model

The TEP model established in Section 2.2 includes nonlinear terms in (12), which are the products
of continuous variables and binary transmission decision-making variables Iij,k. To address this issue,
we first set pij,k = bij,k(θi − θj), and obtain fij,k = Iij,k pij,k. Secondly, we propose a linearization method
implemented by introducing auxiliary relaxation variables p̂ij,k = bij,k(θ̂i − θ̂j) to transform (12) into
the following set of mixed-integer linear expressions:

fij,k = pij,k − p̂ij,k. (20)

−Fmax
ij Iij,k ≤ fij,k ≤ Fmax

ij Iij,k. (21)

−Fmax
ij (1− Iij,k) ≤ p̂ij,k ≤ Fmax

ij (1− Iij,k). (22)

Iij,k ∈ { 0 , 1 }, k ∈ K+
ij . (23)

Here, we note that, when transmission line k in corridor ij is selected for construction, we can
obtain p̂ij,k = 0 by substituting Iij,k = 1 into (22). Thus, (20)–(23) degenerate into the branch power
flow constraints of the existing transmission line. Similarly, when transmission line k in corridor ij is
not selected, the branch power flow is set to zero by substituting Iij,k = 0 into (21). Therefore, the TEP
model can be transformed by replacing (12) with (20)–(23) into the mixed-integer linear expressions
(1)–(11) and (13)–(23). Here, the values of auxiliary relaxation variables θ̂i have no necessary relation
with that of θi, and are determined in the process of model optimization.

3. Two-Stage RTEP Method Based on Extreme Wind Power Scenarios

The RTEP model (1)–(11) and (13)–(23) can be rewritten in compact form as follows.
min F(x, y, χ)

s.t. H(x) ≤ 0
h(y, χ) ≤ 0
q(x, y, χ) ≤ 0

(24)

Here, x is a vector of decision-making variables representing the construction state of transmission
lines; y is a vector of operation variables such as generation output, load shedding, wind power
curtailment, voltage angles, and power flows; χ is a vector of wind turbine outputs; H(·) denotes
the constraints related to transmission line investment; h(·) and q(·) denote the operation constraints,
such as branch power flow constraints, line capacity constraints, and bus power balance constraints,
that respectively depend on y and χ, or x, y, and χ. It should also be noted that, although the constraints
in (16) are in the form of an equality, this can be transformed into an inequality constraint by the
equality relaxation method. However, we do not discuss this in further detail here. In addition, we
note that H(·), h(·), and q(·) in (24) are linear functions.

We now propose the RTEP model incorporating wind power uncertainty based on (24) above.
The goal of our model is to obtain a solution for x that can adapt to any fluctuation in wind power by
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adjusting y. Assuming that all possible outputs will be used as error scenario constraints, the RTEP
model can be expressed as follows:

min ∑
u

F(x, yu, χu)

s.t. H(x) ≤ 0
h(y1, χ1) ≤ 0, q(x, y1, χ1) ≤ 0
...
h(ym, χm) ≤ 0, q(x, ym, χm) ≤ 0

(25)

Here, χu denotes the u-th wind power error scenario and yu denotes the operation variables
corresponding to the u-th error scenario. During the planning period, the binary decision-making
variables Iij,k, which represent a component of the first-stage variables of the RTEP, are determined
prior to network operation, and may not change with respect to χu. In contrast, the continuous
operation variables are fully adjustable for coping with the random fluctuations represented by χu,
and correspond to second-stage variables.

However, it must be noted that, from the perspective of mathematical optimization, an unlimited
number of wind power error scenarios will correspond to an unlimited number of operation constraints
in the second stage, and problems with unlimited constraints are generally not solvable. Therefore,
the present approach attempts to obtain a limited number of discrete scenarios with which to
represent the entire wind power output scenario space. To this end, we define extreme scenarios as
the boundary condition that constrains possible wind power outputs under all possible fluctuation
scenarios. This scenario space is illustrated in Figure 1 for one wind farm and two wind farms.
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In Figure 1, Pmin
w and Pmax

w denotes the lower and upper bounds of confidence interval in a wind
farm respectively, and P̂w is the arithmetic mean of Pmin

w and Pmax
w . It should be noted that, Pmin

w and
Pmax

w can be calculated by the probability density function of wind power under a given confidence
level. χs(s = 1, 2, 3, 4) denotes the extreme scenario that consists of confidence interval bounds of
wind farms. For a single wind farm, there exist two extreme scenarios (χ1, χ2) and other possible
wind generation outputs lie on the line segment between χ1 and χ2. Similarly, for two wind farms,
we can obtain four extreme scenarios (χ1, χ2, χ3, χ4), and other possible wind generation outputs
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lie in the rectangle made of χ1, χ2, χ3 and χ4. Thus, the value space of wind generation output
will be an n-dimensional convex polyhedron with 2n vertex when there are n (n ≥ 3) wind farms.
In addition, the characteristics of this constraining boundary condition are discussed and formally
verified as follows.

Theorem 1. The extreme scenarios are fully representative of all possible error scenarios in the entire wind power
output space. Therefore, provided the operation variables for a given decision-making solution of transmission
lines can be adapted to extreme scenarios, they can also be adapted to all possible error scenarios in the wind
power output space.

Proof of Theorem 1. Assuming that χ1, χ2, . . . , χS denote extreme scenarios in the wind power
output space and y1, y2, . . . , yS respectively denote the solutions corresponding to these extreme
scenarios, any scenario in the output space can be expressed as a linear combination of extreme
scenarios. Thus, for a group of positive rational numbers α1, α2, . . . , αS, and each error scenario
satisfies the following formulation:

χu = ∑
s
(αsxs) (26)

α1 + α2 + · · ·+ αS = 1 (27)

Here, αs ∈ [0 , 1], and s = 1, 2, . . . , S. Both of h(·) and q(·) in (24) are linear functions of x, y,
and χ. Therefore, without loss of generality, they can be expressed as follows:

h(y, χ) = By− Cχ ≤ 0
q(x, y, χ) = Mx + Ny−Oχ ≤ 0

(28)

Here, A, B, C, M, N, and O denote the coefficient matrix of constraints. This can be extended by
including s = 1, 2, . . . , S, which yields the following:

αsBys − αsCχs = αsh(ys, χs) ≤ 0 (29)

αs Mx + αsNys − αsOχs = αsq(x, ys, χs) ≤ 0 (30)

This yields the following constraint expressions:

∑
s
(αsh(ys, χs)) ≤ 0 (31)

∑
s
(αsq(x, ys, χs)) ≤ 0 (32)

According to linear programming theory [36], any point in the feasible region can be linearly
expressed by the boundary point y1, y2, . . . , yS. Thus, a group of positive rational numbers α1, α2, . . . ,
αS exists for which the following equation holds:

yu = ∑
s
(αsys) (33)

Substituting x with ∑
s

αsx for any scenario in the wind power output space, and similarly for y

and χ we can obtain the following:

q(x, yu, χu) = h(∑
s
(αsx), ∑

s
(αsys), ∑

s
(αsχs))

= M∑
s
(αsx) + N∑

s
(αsys)−O∑

s
(αsχs)

= ∑
s
(αs(Mx + Nys −Oχs))

= ∑
s
(αsq(x, ys, χs)) ≤ 0

. (34)
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In the same way, we can also prove:

h(yu, χu) = ∑
s
(αsh(ys, χs)) ≤ 0, (35)

which concludes our proof of Theorem 1. �

Accordingly, model (25) can be transformed into the following expression:

min ∑
s

F(x, ys, χs)

s.t. H(x) ≤ 0
h(y1, χ1) ≤ 0, q(x, y1, χ1) ≤ 0

...
h(yS, χS) ≤ 0, q(x, yS, χS) ≤ 0

. (36)

4. Solution of the Proposed Model

4.1. Two-Stage RTEP Method with Benders Decomposition Algorithm

It should be noted that the RTEP model contains a few binary variables and many continuous
variables, thus solving the problems as a whole is computationally exhausting and inefficient.
Benders decomposition algorithm [37–39] is adopted to transform model (36) into a two-stage RTEP
model. Accordingly, we first rewrite (36) as follows.

min
x,y

cTx + bTy

Ax ≤ e
By ≤ Cχ

Mx + Ny ≤ Oχ

x ∈ [0, 1], y ∈ Rn

. (37)

Here, the first stage represents the issue of line construction decision making to determine the
network topology under the line investment constraints. The second stage is the operation simulation
problem under the constraints of extreme scenarios after the determination of the network topology in
the first stage. Thus, problem (37) can be written as follows:

min
x

(
cTx + bTy

)
s.t. Ax ≤ e

x ∈ [0, 1]
min

y
bTy

s.t. By ≤ Cχ

Mx + Ny ≤ Oχ

y ∈ Rn

. (38)

Letting λ and µ denote the Lagrange multiplier vectors of By ≥ Cχ and Mx + Ny ≥ Oχ,
respectively, the second-stage sub-problem in (38) can be given according to duality theory as:

Sub(λ, µ) = max
λ, µ

λT(−Cχ) + µT(Mx−Oχ) (39)

subject to the following conditions:
−λT B− µT N = b
λ ≥ 0, µ ≥ 0

(40)



Energies 2018, 11, 2116 11 of 22

According to strong duality theory [40], when an optimal solution exists for the original
sub-problem in (38), an optimal solution will also exist for the dual problem (39)–(40). Furthermore,
the objective function value of the original problem is equal to that of the dual problem at the optimal
point. After solving the dual problem, we introduce an auxiliary variable η to return the valid Benders
cut information in (39) to the first-stage master investment problem of (38), as follows:

Mas(x) = min
x

cTx + η

Ax ≤ e
η ≥ λT(−Cχ) + µT(Mx−Oχ)

x ∈ [0, 1]

. (41)

Notice that, the dual sub-problem (39)–(40) is a linear programming problem without binary
variables, thus it can be solved by the dual simplex algorithm. Also, the master investment model
(41) is a mixed-integer programming problem and can be effectively solved by the branch-and-cut
algorithm which solves a series of linear programming problems. In our experiments, we implemented
the dual simplex algorithm and the branch-and-cut algorithm using the CPLEX solver [41].

4.2. Summary of the Two-Step RTEP Solution Algorithm

An iterative procedure based on the Benders decomposition algorithm is proposed to solve the
two-stage RTEP problem. Master problem (41) is solved at each iteration to update the lower bound of
the optimal value with progressively increasing values, and to provide new values for the first stage
variables. For given values for the first stage variables, the sub-problem is solved at each iteration
to obtain progressively decreasing values of the upper bound of the optimal value. The algorithm
terminates after the gap between the lower and upper bounds falls below a preset convergence
tolerance ε (here, ε = 10−6 in the present work). A flow chart of the algorithm is summarized in
Figure 2, and the proposed iterative steps are described in detail as follows:

(1) Initialization: Set the value of ε. Initialize the upper bound (UB) and lower bound (LB) to
UB = +∞ and LB = −∞, and set the iteration counter to l = 1.

(2) Initial Solution: Prior to conducting iterations, a feasible decision-making solution is first
computed. This can be obtained by solving the deterministic TEP without considering wind
power uncertainty, where the wind power output is set at the predicted values.

(3) Sub-problem: Solve the dual problem (39)–(40) by LP for given values of decision-making variables
to obtain the optimal dual variables (λ∗, µ∗). Compute Benders cut information and return it to
(41). Update the upper bound as UB = cTx∗ + Sub(λ∗, µ∗).

(4) Master Problem: Add Benders cut information into (41), and then solve (41) by MIP to obtain the
optimal master problem variables (x∗, η∗). Update the lower bound as LB = cTx∗ + η∗.

(5) Convergence Checking: If (UB− LB)/UB ≤ ε, terminate iterations and return the optimal solution.
Otherwise, update the iteration counter as l → l + 1 , and return to Step 3.
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5. Numerical Studies

In this section, we analyze the results of numerical studies to determine the effectiveness
of the proposed RTEP model in comparison with the results obtained for the conventional TEP
(CTEP) method that neglects to account for wind power uncertainty and the costs of pollutant
emissions. We first consider Garver’s 6-bus system [42] to illustrate the performance of the proposed
extreme-scenario-based method. We then consider the IEEE reliability test system (RTS-79) [43] to
investigate the low-emission performance of the proposed model. We employed the Monte Carlo
method for both systems to generate 8760 wind power scenarios in the operational simulations of the
obtained solutions. In addition, we employed two distinct types of operation simulations, including
stochastic operation simulation (SOS) and extreme operation simulation (EOS). In this paper, EOS is
defined as the scenarios with the worst operation cost in all possible simulation scenarios, which is
contained in the extreme scenario set. For simplicity, the valve-point effects are not considered in
numerical studies. The proposed two-stage solution algorithm for the RTEP model is implemented
using the commercial General Algebraic Modeling System (GAMS-24.4) mathematical optimization
software [41]. The MIP solutions of the master problem and the LP solutions of the sub-problem are
obtained using the CPLEX solver. All of the experiments were conducted on a personal computer
equipped with an IntelR Dual-coreTM i5 Duo Processor (2.6 GHz) and 8 GB of RAM.
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5.1. Garver’s 6-Bus System

5.1.1. Experimental Setting

The topology of Garver’s 6-bus system is depicted in Figure 3, and includes six buses,
three generators, and six lines. Two 300 MW wind farms are located at bus # 6. Up to three
transmission lines can be installed in each existing corridor or candidate corridor except for corridors
2–6 and 3–5, which can include up to four lines. The construction cost of transmission lines is set to
1.5× 105 $/mile, the discount rate is 10%, and the service life of transmission lines is 10 years. We set
the cost coefficients of load shedding and wind power curtailment at 1600 $/MWh and 150 $/MWh,
respectively. The maximum percentage of wind power curtailment is restricted to not more than 15%.
The network parameters is presented in Table 1. All of the other information regarding the locations of
loads and generators can be found elsewhere [42]. The wind power fluctuation was set to 40%, and the
output was uniformly distributed in the interval.

Table 1. Branch parameters for Garver’s 6-bus system.

From-To nij
min nij

max bij,k (p.u.) Fij
max (p.u.) From-To nij

min nij
max bij,k (p.u.) Fij

max (p.u.)
1–2 1 3 2.5000 1.00 2–6 0 4 3.3333 1.00
1–3 0 3 2.6316 1.00 3–4 0 3 1.6949 0.82
1–4 1 3 1.6667 0.80 3–5 1 4 5.0000 1.00
1–5 1 3 5.0000 1.00 3–6 0 3 2.0833 1.00
1–6 0 3 1.4706 0.70 4–5 0 3 1.5873 0.75
2–3 1 3 5.0000 1.00 4–6 0 3 3.3333 1.00
2–4 1 3 2.5000 1.00 5–6 0 3 1.6393 0.78
2–5 0 3 3.2258 1.00 - - - - -
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5.1.2. Comparison and Analysis of Optimal Results

The results obtained for the two methods under different simulation scenarios are presented as
Table 2. The proposed RTEP method provides an optimal solution that is immune to the realization
of all of the possible extreme wind power scenarios. As shown in Figure 3 and Table 2, the proposed
RTEP method constructs more transmission lines connected to wind farm node 6 than the CTEP
method, and two additional circuit transmission lines 2–6 and 4–6 are accordingly selected. Thus,
the investment costs for new lines is increased by 2.34 × 106 $ using the proposed RTEP method.
However, while the proposed RTEP method includes higher investment costs, it effectively improves
the ability of planning solutions to accommodate wind power output uncertainty. Thus, the proposed
RTEP method significantly reduces the quantity of wind power curtailment and the operation costs
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in the SOS, which therefore reduces the comprehensive costs by 19.42% relative to those of the CTEP
method. In contrast to the SOS results, both the CTEP and RTEP methods result in higher wind
power curtailment, operation costs, and comprehensive costs under the EOS. However, the RTEP
method can take extreme scenarios into account in the optimization process. Therefore, compared with
CTEP method, the proposed RTEP method reduces the wind power curtailment and the operation
costs by 6.355 × 105 MWh and 1.8428 × 108 $, respectively. Moreover, the proposed RTEP method
demonstrates a prominent advantage in terms of the comprehensive costs obtained under extreme
operation conditions, where the comprehensive costs are reduced by 28.30% relative to those of the
CTEP method.

Table 2. Results of the proposed RTEP method and the conventional TEP (CTEP) method for Garver’s
6-bus system 1.

OST TEPM OPS NIL IC ($) WPC (MWh) LS (MWh) OC ($) CC ($)

SOS
CTEP 2–6(3), 3–5, 4–6(2) 6 6.64 × 106 4.03 × 105 0 5.4345 × 108 5.5009 × 108

RTEP 2–6(4), 3–5, 4–6(3) 8 8.98 × 106 2.62 × 104 0 4.3427 × 108 4.4326 × 108

EOS
CTEP 2–6(3), 3–5, 4–6(2) 6 6.64 × 106 7.14 × 105 0 6.3629 × 108 6.4293 × 108

RTEP 2–6(4), 3–5, 4–6(3) 8 8.98 × 106 7.85 × 104 0 4.5201 × 108 4.6099 × 108

1 OST denotes the operation simulation type, including the stochastic operation simulation (SOS) and the extreme
operation simulation (EOS). TEPM denotes the TEP method. OPS denotes the optimal planning solution obtained
with the corresponding planning method. NIL denotes the total number of newly installed lines. WPC and LS
respectively denote the extent of wind power curtailment and load shedding. IC, OC, and CC denote the investment
costs for new lines, the operation costs, and the comprehensive costs, respectively.

Both the SOS and EOS results indicate that the RTEP solution includes some degree of wind power
curtailment, rather than incorporating all of the possible wind power fluctuations. However, it should
be noted that an optimization that simply pursues the goal of incorporating all of the wind power
without any curtailment does not always provide an optimal solution in terms of both investment
costs for new lines and the capacity for accommodating wind power. In fact, allowing for some degree
of wind power curtailment may be more conducive toward obtaining an optimal decision-making
solution. Actually, the RTEP method can be regarded as a competitive process between concerns
related to investment costs and the capacity for accommodating wind power. Here, although a solution
suggesting the construction of fewer new lines can reduce investment costs, the correspondingly
decreased capacity for accommodating wind power may lead to greater wind power curtailment.
Conversely, a solution suggesting the construction of additional new lines increases the capacity for
accommodating wind power, resulting in reduced wind power curtailment. However, the installation
of additional new lines increases the investment costs. To some extent, the RTEP method searches for a
solution that represents a reasonable trade-off between line investment and wind power capacity.

5.1.3. Analysis of Wind Farm Location

To illustrate the impact of different wind farm locations on the RTEP solution, we test the RTEP
model under three location scenarios of wind farms and conventional generators: (1) scenario # 1:
wind farms are located at bus # 1, and conventional generators are located at buses # 3 and # 6; (2)
scenario # 2: wind farms are located at bus # 3, and conventional generators are located at buses # 1
and # 6; (3) scenario # 3: wind farms are located at bus # 6, and conventional generators are located at
buses # 1 and # 3. The SOS results of RTEP obtained under different wind farm location scenarios are
listed in Table 3, and the detailed selected transmission line solutions are presented in Figure 4.

Table 3. RTEP results obtained under different wind farm locations.

Scenarios NIL IC ($) WPC (MWh) LS (MWh) OC ($) CC ($)

Scenario # 1 8 8.91 × 106 0 0 4.2668 × 108 4.3559 × 108

Scenario # 2 8 8.51 × 106 0 5.36 × 103 4.3452 × 108 4.4303 × 108

Scenario # 3 8 8.98 × 106 2.62 × 104 0 4.3427 × 108 4.4326 × 108
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It can be seen in Table 3 and Figure 4 that although the obtained solutions under different
location scenarios have the same number of newly installed lines, the specific locations of the
proposed transmission lines and the total investment costs for newly installed lines are quite different.
The highest investment costs are found in scenario # 3 where wind farms are located at bus # 6,
because bus # 6 is isolated and far away from the controllable generators and loads, compared with
the other two scenarios. Note that, more than half selected transmission lines have relation with the
bus with wind power integration in all obtained solutions. The transmission lines connected to wind
farm bus are more inclined to be selected for construction, for the purpose of promoting wind power
consumption and reducing wind power curtailment. Thus, in practice, to improve the capacity of
wind power consumption, an appropriate location should be considered when we carry out wind
farm planning.
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5.1.4. Analysis of Wind Power Fluctuations

To illustrate the impact of different levels of wind power fluctuation on the RTEP solution,
we employed the wind power deviation intensity β to characterize the maximum degree of wind
power fluctuation. Here, β is defined as the maximum percentage that the actual output of wind power
PW

i,w deviates from its predicted output P̂i,w, which can be expressed as follows:

β = max


∣∣∣PW

i,w − P̂i,w

∣∣∣
P̂i,w

 (42)

For the sake of simplicity, it is assumed that a single value of β applies to all wind farms. Note that,
the predicted output P̂i,w is a fixed value, which can be obtained by multiple wind power forecasting
technologies [44], i.e., artificial neural network method, support vector machine regression method,
neuro-fuzzy network method, etc. Thus, the value of β is determined by PW

i,w, and β obtains its
maximum value when wind power PW

i,w reaches the lower or upper bounds of confidence interval.

That is, β =
(

Pmax
i,w − P̂i,w

)
/P̂i,w =

(
P̂i,w − Pmin

i,w

)
/P̂i,w. It should be noted that, β can greatly influence

the obtained solutions via the values of Pmax
i,w and Pmin

i,w . For a given confidence level, the value of β

reflects accurate wind power forecasting technology to a certain extent. The results of RTEP obtained
under different values of β are listed in Table 4.

Table 4. RTEP results obtained under different levels of wind power deviation intensity β.

fi IC ($) WPC (MWh) LS (MWh) OC ($) CC ($)

0% 6.64 × 106 0 0 4.2924 × 108 4.3588 × 108

20% 7.81 × 106 0 0 4.2924 × 108 4.3705 × 108

40% 8.98 × 106 7.85 × 104 0 4.5201 × 108 4.6099 × 108

60% 1.0858 × 107 8.58 × 104 2.30 × 105 7.9049 × 108 8.0135 × 108

74% NA 2 NA NA NA NA
2 This indicates that an RTEP solution was not available (NA).

It can be seen from Table 4 that the investment costs for new lines increases with increasing β,
and the optimal solution becomes increasingly conservative for the sake of accommodating stochastic
fluctuations in wind power, and for promoting the effective integration of wind power. For β ≤ 20%,
the solutions can fully accommodate the stochastic fluctuations in the wind power, and no wind power
curtailment or load shedding is required during operation. In contrast, we note that an increasing
degree of wind power curtailment and/or load shedding is required for β > 20%, which indicates that
the additional investment costs that would be required for incorporating all wind power without any
curtailment are greater than the costs associated with the adopted degree of wind power curtailment
and load shedding. Thus, it is preferable to adopt a partial abandonment of wind power, rather than
continuing to increase the investment costs for new lines. In addition, the absence of a feasible solution
for β = 74% indicates that the range of wind power fluctuation that can be accommodated by the
planning model has limits due to the limited number of candidate corridors and transmission lines.
Thus, in practice, an appropriate value of β should be secured via accurate wind power forecasting
technology and the experience of TSOs.

In this paper, we define the extreme wind power deviation intensity as the maximum value of
β that the planning model can accommodate. Then, we investigated the effect of the degree of wind
power penetration on the extreme wind power deviation intensity. This effect was investigated for five
levels of wind power penetration, and the results are presented in Figure 5.



Energies 2018, 11, 2116 17 of 22

Energies 2018, 11, x FOR PEER REVIEW  17 of 22 

 

power penetration on the extreme wind power deviation intensity. This effect was investigated for 
five levels of wind power penetration, and the results are presented in Figure 5. 

0%

20%

40%

60%

80%

100%

50% 60% 70% 80% 90%

97.50%

64.58%

41.07%

23.44%

9.72%

 
Figure 5. Extreme wind power deviation intensity under different degrees of wind power penetration. 

It can be observed from Figure 5 that the maximum value of β  that the planning model can 
accommodate decreases significantly with increasing wind power penetration. The reasons for this 
are expected to be twofold: (i) the upper limit on the number of candidate corridors and transmission 
lines that the system can include limits the total possible quantity of wind power that the system can 
accommodate. Thus, wind power fluctuations are increasingly restricted with increasing wind power 
penetration; (ii) the relative proportion of flexible resources (i.e., coal-fired generators and gas-fired 
generators) decreases with increasing wind power penetration, and a lower proportion of flexible 
resources limits the ability of the system to accommodate extreme wind power fluctuations. These 
results suggest that increasing the number of candidate transmission lines or increasing the 
penetration of flexible resources can increase the maximum value of β  that the planning model can 
accommodate to some extent. 

5.2. IEEE RTS-79 System 

The modified IEEE RTS-79 system includes 38 existing lines, 85 candidate lines, and 25 
generators. Buses # 2, # 7, and # 22 are respectively connected with six, four, and six wind turbines, 
each with a rated capacity of 350 MW, and the wind power penetration was 52.1%, which represents 
a typical high-penetration wind power system. The other buses are connected with conventional coal-
fired generators, except for bus # 23, to which three 500 MW gas-fired generators are connected. All 
of the other information regarding network parameters and the locations of loads and generators can 
be found elsewhere [43]. The pollutant emission coefficients of the individual generator types are 
listed in Table 5 [45,46].  

Table 5. Pollutant emission coefficients for individual generator types. 

Pollutant Emissions CO CO2 SO2 NOx 
Treatment Costs ($·kg−1) 1.160 0.033 7.283 9.687 

Pollutant Emission 
Coefficient 

(kg·(MWh)−1) 

Wind Turbine 0.000 0.000 0.000 0.000 
Coal-fired Generator 0.140 834.746 0.514 4.007 
Gas-fired Generator 0.000 402.000 0.003 0.010 

Here, it should be noted that the generation costs and emission characteristics of gas-fired and 
coal-fired generators are quite different. Gas-fired generators have a greater generation cost, but 
environmental pollution costs are reduced due to their low-emissions characteristics (i.e., CO, CO2, 
SO2 and NOx). In contrast, although coal-fired generators have a relatively low generation cost, 
greater environmental pollution costs are incurred per equivalent power generation because they 
generate more emissions during the power generation process. 

Figure 5. Extreme wind power deviation intensity under different degrees of wind power penetration.

It can be observed from Figure 5 that the maximum value of β that the planning model can
accommodate decreases significantly with increasing wind power penetration. The reasons for this
are expected to be twofold: (i) the upper limit on the number of candidate corridors and transmission
lines that the system can include limits the total possible quantity of wind power that the system
can accommodate. Thus, wind power fluctuations are increasingly restricted with increasing wind
power penetration; (ii) the relative proportion of flexible resources (i.e., coal-fired generators and
gas-fired generators) decreases with increasing wind power penetration, and a lower proportion of
flexible resources limits the ability of the system to accommodate extreme wind power fluctuations.
These results suggest that increasing the number of candidate transmission lines or increasing the
penetration of flexible resources can increase the maximum value of β that the planning model can
accommodate to some extent.

5.2. IEEE RTS-79 System

The modified IEEE RTS-79 system includes 38 existing lines, 85 candidate lines, and 25 generators.
Buses # 2, # 7, and # 22 are respectively connected with six, four, and six wind turbines, each with
a rated capacity of 350 MW, and the wind power penetration was 52.1%, which represents a typical
high-penetration wind power system. The other buses are connected with conventional coal-fired
generators, except for bus # 23, to which three 500 MW gas-fired generators are connected. All of the
other information regarding network parameters and the locations of loads and generators can be
found elsewhere [43]. The pollutant emission coefficients of the individual generator types are listed
in Table 5 [45,46].

Table 5. Pollutant emission coefficients for individual generator types.

Pollutant Emissions CO CO2 SO2 NOx

Treatment Costs ($·kg−1) 1.160 0.033 7.283 9.687

Pollutant Emission Coefficient
(kg·(MWh)−1)

Wind Turbine 0.000 0.000 0.000 0.000
Coal-fired Generator 0.140 834.746 0.514 4.007
Gas-fired Generator 0.000 402.000 0.003 0.010

Here, it should be noted that the generation costs and emission characteristics of gas-fired and
coal-fired generators are quite different. Gas-fired generators have a greater generation cost, but
environmental pollution costs are reduced due to their low-emissions characteristics (i.e., CO, CO2,
SO2 and NOx). In contrast, although coal-fired generators have a relatively low generation cost, greater
environmental pollution costs are incurred per equivalent power generation because they generate
more emissions during the power generation process.
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5.2.1. Comparison and Analysis of Optimal Results

A comparison of the results obtained for the two methods under different simulation scenarios
are listed in Table 6. In terms of the investment costs for transmission lines, the proposed RTEP
method constructed 15 more transmission lines to accommodate the uncertainty associated with a
high penetration of wind power than the CTEP method, which accordingly increased the investment
costs for new lines by 8.623 × 107 $. As for operation costs, the RTEP solutions significantly reduced
the extent of wind power curtailment and load shedding under both SOS or EOS conditions. Thus,
the proposed RTEP method effectively improved the robustness of the solution for accommodating
wind power fluctuations, and the operation costs were reduced significantly. Specifically, the operation
costs of the proposed RTEP method under SOS and EOS conditions were respectively reduced
by 9.2213 × 109 $ and 1.4387 × 109 $ relative to the corresponding operation costs of the CTEP
method. Overall, the decrease in operation costs was much greater than the increase in investment
costs, such that the proposed RTEP method demonstrated a prominent advantage with respect to
comprehensive costs.

Table 6. Results of the proposed RTEM method and the CTEP method for the IEEE RTS-79 system.

OST TEPM IC ($) WPC (MWh) LS (MWh) OC ($) CC ($)

SOS
CTEP 8.4840 × 107 6.1977 × 106 8.9919 × 105 1.4260 × 1010 1.4340 × 1010

RTEP 1.7107 × 108 1.0888 × 106 0 5.0387 × 109 5.2098 × 109

EOS
CTEP 8.4840 × 107 1.3224 × 107 9.1702 × 105 2.3532 × 1010 2.3617 × 1010

RTEP 1.7107 × 108 2.9958 × 106 0 9.1450 × 109 9.3161 × 109

5.2.2. Analysis of Environmental Pollution

As discussed, the environmental pollution costs associated with power generation is embedded
in the objective function of the proposed RTEP model, and the impact of environmental pollution on
RTEP solutions is illustrated by comparing the planning results and pollutant emissions obtained with
the RTEP model with those obtained with the CTEP method that neglects environmental pollution
costs. The results are listed in Table 7.

Table 7. Results of the proposed low-emission RTEP method and the CTEP method for the IEEE
RTS-79 system.

TEPM LA 3 NIL
Pollutant Emissions (kg)

OC ($) CC ($)
CO CO2 SO2 NOx

RTEP
9–11,

10–11,
19–23

36 1.6254 × 104 1.4019 × 108 5.9997 × 104 4.6628 × 105 5.0387 × 109 5.2098 × 109

CTEP
13–14,
15–24,
16–19

36 3.0605 × 104 1.8433 × 108 1.1238 × 105 8.7600 × 105 5.3300 × 109 5.4905 × 109

3 LA denotes the different transmission lines added by the two decision-making solutions.

It should be noted from Table 7 that, although the RTEP and CTEP solutions construct the same
number of transmission lines, the specific locations of the proposed transmission lines differ, and the
investment costs for new lines are slightly higher for RTEP than for CTEP. This is because the CTEP
solution is obtained without considering the environmental pollution costs associated with generator
infrastructure. Thus, the optimal solution is more inclined to construct transmission lines 13–14,
15–24, and 16–19 connected to the coal-fired generator buses at buses # 13, # 15, and # 16 because
of the lower generation cost of coal-fired generators compared with that of gas-fired generators.
In contrast, the low-emission characteristics of gas-fired generators are taken into account in the
RTEP solution, such that the obtained optimal solution is more likely to invest in transmission lines
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connected with gas-fired generators to reduce emissions. Furthermore, we note from Table 5 that the
CO, CO2, SO2, and NOx emissions obtained by the proposed RTEP method are significantly reduced
by 46.89%, 23.95%, 46.61%, and 46.77%, respectively, relative to those obtained by the CTEP method.
In addition, we note that the operation costs and comprehensive costs obtained by the proposed RTEP
approach are respectively 5.47% and 5.11% less than those obtained by the CTEP model. Therefore,
the RTEP approach can yield economic benefits for TEP solutions, and demonstrates good engineering
application value.

5.3. IEEE 118-Bus System

To show the applicability of proposed RETP method, we test the large-scale case based on the
modified IEEE 118-bus system in this part. The system comprises 118 buses, 186 existing lines,
61 candidate lines, 54 generators, and 94 loads. Buses # 49, # 77, and # 100 are respectively connected
with seven, four, and five wind turbines, each with a rated capacity of 350 MW. All of the other
information regarding the network parameters and the locations of loads and generators can be found
elsewhere [47]. The results obtained for the two methods under different simulation scenarios are
presented as Table 8.

Table 8. Results of the proposed RTEM method and the CTEP method for the IEEE 118-bus system.

OST TEPM IC ($) OC ($) CC ($)

SOS
CTEP 8.8575 × 107 9.295 × 1010 9.3036 × 1010

RTEP 1.4177 × 108 9.282 × 1010 9.2958 × 1010

EOS
CTEP 8.8575 × 107 9.623 × 1010 9.6322 × 1010

RTEP 1.4177 × 108 9.401 × 1010 9.4147 × 1010

In terms of the investment costs for transmission lines, the proposed RTEM method increased the
investment costs for new lines by 5.3195× 107 $ compared with CTEP method, since more transmission
lines are selected for construction to accommodate wind power uncertainty. However, the proposed
RTEP solutions could effectively improve the robustness of the solution for accommodating wind
power fluctuations, and significantly reduce the operation costs. As a whole, the decrease in
operation costs was much greater than the increase in investment costs, such that the proposed
RTEP method demonstrated a prominent advantage with respect to comprehensive costs. Specifically,
the comprehensive costs of proposed RTEP method under SOS and EOS conditions were respectively
reduced by 7.8× 107 $ and 2.2× 109 $ relative to the corresponding operation costs of the CTEP method.

6. Conclusions

This paper proposed a novel definition of extreme scenarios for conducting TEP with high
wind power penetration and wind power output uncertainty. It was theoretically proven that
decision-making solutions adaptable to extreme scenarios in the wind power output space can be
adapted to all possible error scenarios therein. Extreme scenarios were then adopted to establish a
two-stage robust TEP model that considers the pollution emissions of the generation infrastructure.
Here, the first-stage optimization pertains to the issue of line construction decision making, and the
second-stage optimization represents the operation simulation problem under the constraints of
extreme scenarios. The proposed model avoids the emergence of non-convex bilinear terms that can
arise in conventional robust TEP methods, while ensuring that the obtained solutions can accommodate
any degree of wind power fluctuation. Numerical studies conducted with Garver’s 6-bus system,
a modified IEEE RTS-79 system and IEEE 118-bus system demonstrated the good applicability and
robustness of the proposed model. The detailed conclusions of the study are given below:

(1) Compared with the CTEP model, the proposed RTEP model can effectively reduce operation
costs and the extent of wind power curtailment, and therefore yields lower comprehensive
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costs. Moreover, the proposed RTEP method demonstrates a prominent advantage in terms of
comprehensive costs under both the SOS and EOS.

(2) The decision-making solutions obtained by RTEP exhibit increasing costs associated with line
investment, wind power curtailment, and load shedding with the increasing extent to which the
actual wind power output deviates from its predicted output. This limits the maximum extent of
this deviation that can be accommodated by the planning solutions obtained by RTEP to a value
that decreases with increasing wind power penetration.

(3) Compared with the CTEP model, the proposed RTEP model can significantly reduce the pollution
emissions of power generation.

This study is a first attempt to build the extreme scenario based TEP model incorporating
the uncertainty of wind power. Apart from its advantages, it inevitably has certain drawback.
The computational cost will largely increase when the model is employed to the large-scale power
system with wind power uncertainty. In addition, the proposed model mainly focuses on the
uncertainty of wind power. Further research can extend the model to accommodate more complex
uncertain factors.
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