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ABSTRACT Power system restructuring has changed transmission expansion planning (TEP) and caused
many complications due to conflicting and contradictory objectives. The transmission capacity expansion
would significantly affect the revenue of investor-owned renewable energy sources (RESs). Thus, the
investment decisions onmerchant RESsmust be considered in the TEP studies conducted by the transmission
system operator (TSO). In this regard, this paper aims to propose a multi-objective co-planning of investment
in transmission networks and merchant RESs with three objective functions: minimizing the investment
cost of newly deployed transmission lines, minimizing transmission congestion cost, and minimizing load
curtailment in N-1 conditions. Moreover, the TSO guarantees a desirable rate of return for private investors
to finance renewable energy projects. Further, a robust optimization (RO) technique is employed to cope
with the uncertainties associated with demand and renewable energy production. Also, a posteriori multi-
objective optimization algorithm, i.e., the non-dominated sorting genetic algorithm (NSGAII), is applied
to solve the advanced optimization problem, followed by the fuzzy min-max method to acquire the final
optimal solution. Finally, the IEEE RTS 24-bus test system is utilized to demonstrate the effectiveness and
applicability of the suggested approach.

INDEX TERMS Transmission expansion planning, renewable energy sources, robust optimization, multi-
objective, private investor, uncertainties.

NOMENCLATURE
A. SETS AND INDICES
L,L+ Sets of existing and candidate lines, respec-

tively, indexed by l.
E Set of representative days, indexed by e.
T Set of time intervals of a day, indexed by t .
N Set of network buses, indexed by n.
G Set of generation units, indexed by g.
I Set of candidate buses for installing renewable

units, indexed by i.
8 Set of contingencies, indexed by k .
s (l) , r(l) Indices of sending and receiving buses of

line l.

The associate editor coordinating the review of this manuscript and
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B. PARAMETERS AND CONSTANTS
cl Investment cost of line l.
τe Frequency of each representative day e.
ℵ The anticipated investment rate of return.
crei Investment cost of each renewable unit.
PMax Maximum capacity of each renewable unit.
0 Upper-bound of the investor financing

budget.
xMaxi Maximum number of renewable units at

candidate bus i.
cg Operation cost of generator unit g.
cshn Load shedding penalty

factor for demand at bus n.
ccui Curtailment penalty factor for renewable

unit i

P
RE
i,t,e Normalized renewable power production at

location i, time interval
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t , and day e.
Dn,t,e Forecasted demand at bus n, time t , and

day e.
Bl Susceptance of line l.
M Sufficiently large positive number.
PMaxl Maximum power capacity of line l.
PMaxg Maximum generation of unit g.

P
sh
n,t,e Maximum amount of allowed load shedding

of bus n, time interval t , and day e

C. VARIABLES AND FUNCTIONS
xl Binary variable linked with the installation

of candidate line l that is 1 if line l is
installed; 0 otherwise.

Pl,t,e Flowing active power through line l during
time interval t and day e.

λn,t,e The value of the locational marginal price
at bus n during time interval t and day e.

LCk
n,t,e The value of load curtailment at bus n

during contingency k , at time interval t ,
and day e.

PREi,t,e Power production of the renewable unit at
candidate bus i, time interval t , and day e,
and.

xrei Integer variable representing the number of
the installed renewable unit at bus i.

Pg,t,e Power production of generator g for each
time interval t and day e.

Pshn,t,e The amount of load shedding at bus n for
each time interval t and day e.

θn,t,e Voltage angle at bus n, respectively, for
each time interval t and day e.

I. INTRODUCTION
The major aim of deregulation can be briefed as developing
a competitive electricity market to maximize the total
social welfare of market participants while keeping the
power system reliability within an acceptable level [1].
In regulated power systems, the independent system operator
(ISO) is responsible for the expansion problem. In contrast,
in deregulated power systems, there are several private
investors with unlike interests that usually do not follow
the common interest [2]. The transmission network has
a key function since it must offer a non-discriminatory
and contesting atmosphere for all stakeholders. Thus, the
deregulation of power systems has raised new concerns in
transmission expansion planning (TEP) studies [3].

The authors in [4] provided a comprehensive review
of TEP research. The works focused on this area can
be categorized based on types of power systems, solving
methods, andmodeling of uncertainties. The objective of TEP
in a regulated environment is to economically provide the
future load demand so that reliability constraints would be
satisfied as well. However, in the deregulated environment,
TEP provides a competitive setting for all investors and

preserves power system reliability. For this purpose, multi-
objective formulations were proposed in which the social
welfare or social cost, the investment expenditure, trans-
mission congestion expenditure, and system reliability were
considered as the objectives [5], [6].

A hierarchical optimization model of distribution network
planning under active management was proposed consid-
ering various aspects such as balanced network loss, line
investment, power purchase cost, carbon emission cost, and
policy subsidies [7]. References [8] and [9] reviewed different
uncertainty handling methods and compared their pros and
cons. According to these works, stochastic programming
(SP) and robust optimization (RO) techniques are the most
common uncertainty-handling methods. The SP method
is extensively utilized to model the uncertainties in TEP.
Authors in [10] proposed a stochastic TEPmodel to deal with
the uncertainties associated with demand and wind power
production. In that study, the aim of the optimization problem
is minimizing the total planning cost while satisfying techno-
economic constraints. The work in [11] developed a stochas-
tic bi-level TEP problem in which the uncertainties relating
to demand and wind power production are modeled by a set
of scenarios. Authors in [12] proposed a stochastic risk-based
TEP mathematical formulation to mitigate the curtailment of
wind power in a highly renewable-penetrated power system.
Authors in [13] proposed a stochastic co-planning framework
to determine the optimal number of new transmission lines,
the optimal capacity of wind farms, and the optimal capacity
of wind farm lines. In that study, the uncertainties of demand
and wind power production as well as the contingencies,
are modeled by defining a set of scenarios. And finally,
reference [14] presented a stochastic TEP formulation under
the uncertainties of demand and considering the system
reliability. In this reference, the expected total planning cost
has been minimized to determine the optimal place, number,
and type of newly installed transmission lines.

The above-reviewed studies have provided valuable
insights into the SP-based TEP models under the uncer-
tainties of demand and wind power production. The main
drawback of SP method is its dependence on the availability
of historical data to model the uncertainties as random vari-
ables with known probability distribution functions, which
are often unavailable. In contrast, the RO technique is usually
easier to understand and does not require exact information
about uncertain parameters such as probability distribution
functions. The RO technique models the uncertainties by
defining parametric sets with inadequate information consid-
ering the lower and upper bounds of uncertain parameters; so
that to find the best solution associated with the worst-case
scenario in a settled interval [15], [16].

In the literature, several studies have proposed RO-based
TEP models from various characteristics [17], [18], [19],
[20], [21], [22], [23]. Authors in [17] proposed a robust TEP
model considering N − k contingency and the uncertainties
associated with load and renewable energy production. The
optimization problem in that study was reformulated as a
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mixed-integer linear programming model using the duality
theory. Reference [18] developed a new multi-stage robust
TEP problem to cope with the uncertainties of demand
and wind power generation. A two-stage TEP problem was
formulated in [19] that has modeled long-term uncertainties
of peak demand and generation capacity as well as short-term
uncertainties of demand and renewable power generation
employing the RO technique. In [20], a two-stage robust
TEP framework was developed to determine the worst-case
operating expense under demand and generation capacity
uncertainties. Also, the correlation between uncertainties
was considered via an ellipsoidal uncertainty set using the
variance-covariance matrix. Authors in [21] proposed a non-
linear bi-level optimization model for robust TEP problems
considering the uncertainties of renewable generation and
demand. The proposed model in this reference utilized
a convex relaxation and was solved using the Benders
decomposition method. Authors in [22] proposed a three-
level mixed-integer robust TEP model in which the third
level was substituted with the KKT optimality conditions,
and the resulting bi-level problem was solved using a
cutting plane decomposition algorithm. Authors in [23]
developed a robust adaptive TEP considering long-term
(demand growth) and short-term (such as wind/solar power
production) uncertainties. The proposed problem was solved
using the tailored implementation of the primal benders’
decomposition algorithm.

Moreover, several studies have focused on the RO-based
co-planning of transmission networks and renewable energy
sources (RESs) [24], [25], [26], [27], [28]. A three-level
optimization model was advanced in [24] to find the
optimal expansion of robust transmission and renewable
generation planning problems. Then, the original problem
was transferred into a bi-level problem to solve the opti-
mization problem using the Benders decomposition method.
Authors in [25] proposed a dynamic co-planning problem for
expanding transmission networks and renewable generation
based on a three-level adaptive RO method. Authors in [26]
proposed a two-stage min-max-min optimization problem to
determine the optimal transmission network expansion and
renewable generation capacity in the worst-case scenario.
Reference [27] proposed a robust transmission and renewable
merchant expansion model. In this reference, the authors
developed a three-level optimization problem that minimizes
the investment cost of transmission lines and DERs, deter-
mines the worst-case scenario, and minimizes the operation
cost in the upper, middle, and lower levels. An adaptive two-
stage min-max-min RO model was formulated in [28] to
determine the optimal expansion development of renewable
units and transmission networks. References. [29] has
proposed a robust model for joint transmission network
and energy storage systems expansion co-planning in which
nested column and constraint generation algorithm was
employed to solve the optimization problem. And finally, a
robust co-planning framework to determine the investment
decisions of the transmission network and energy storage

expansion planning from the perspective of the transmission
system operator (TSO) has been presented in [30].

Table 1 reports a summary of the related research
works and compares them with the proposed co-planning
model in this paper in terms of the optimization problem,
uncertainty modeling, RES planning, considering private
investors, and considering reliability criteria. In this table,
SO and MO are the abbreviations for single-objective and
multi-objective optimization problems while SP and RO
respectively denote the stochastic programming approach and
robust optimization technique. As seen from this table, this
paper proposes a multi-objective robust co-planning model
to determine the optimum configuration of the transmission
network andmerchant RESs from the perspective of the TSO.
The proposed model provides an optimal TEP to minimize
the investment cost of newly added transmission lines,
congestion cost, and load curtailment in N-1 conditions. The
model also enables policymakers to find the optimal location
and size of RESs for incentivizing private investments. In this
regard, the model guarantees a minimum value of the rate of
return (RoR) for financing renewable energy projects to make
them appealing to stakeholders and/or investors. Thus, the
proposed model determines the best solution for developing
transmission lines and merchant RESs so that TSO can
integrate investor-owned RESs to decrease the investment
expenditure on new transmission lines. Compared to previous
publications that have not considered the profit of renewable
generation companies in the model, this work renders the best
plan for RESs that guarantees an acceptable RoR for private
investors. Moreover, the uncertain parameters pertinent to the
system demand and wind production are modeled through
the RO technique, and the eventual expansion planning is
determined by employing the developed version of the non-
dominated sorting genetic algorithm (NSGA-II) and fuzzy
min-max scheme. The key contributions of this paper to the
research field are:

• Proposing a multi-objective robust co-planning model
to determine the optimal expansion planning of the
transmission network and merchant RESs.

• Enabling policymakers to find the optimal location and
size of RESs to incentivize private investments with a
guaranteed RoR.

• Optimizing a three-level multi-objective optimization
problem embraces the investment cost of newly installed
transmission lines, transmission network congestion
cost, and load curtailment in N-1 conditions.

The remainder of this work is structured as follows.
Section II presents the general structure of the proposed
co-planning problem and the three-level mathematical for-
mulation of the robust multi-objective optimization problem.
In the following, the proposed NSGA-II approach and fuzzy
min-maxmethod for solving the resulting robust optimization
problem are represented in section III. Lastly, simulation
results and conclusions are given in sections IV and V,
respectively.
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TABLE 1. Taxonomy of related research works.

FIGURE 1. The general structure of the proposed transmission and RESs co-planning model.

II. PROBLEM DESCRIPTION AND FORMULATION
Herein, we exhibit the general structure of the suggested
robust optimization model, as shown in Figure 1. The
presented model is a two-stage three-level optimization
problem such that the expansion planning problem for
transmission lines andmerchant RESs is optimized in the first
stage, and the second stage determines the operating strategy
of normal and N-1 conditions in the worst-case scenario.
In other words, the LMP and power flow of transmission lines
in normal conditions and the amount of load curtailment in
N-1 conditions are determined in the second stage. In this
regard, the worst situations of uncertainties for normal and
N-1 conditions are determined in the second level of the
problem, and the optimal operation strategies to meet the

demand in normal and N-1 conditions are optimized in
the third level of the presented optimization problem.

Following this section, the mathematical formulation of
the proposed robust multi-objective co-planning problem
is described. For this purpose, at first, the deterministic
formulation is explained. Then, the model is extended in
the second step to consider uncertainties via the robust
optimization method.

A. DETERMINISTIC MODEL
The proposed deterministic planning model is a bi-level
optimization problem wherein the upper-level (UL) model
determines the newly added lines and installed RES units by
minimizing the investment expenditure of newly added lines,
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total transmission congestion expenditure, and total load
curtailment during contingencies over the expansion period.
The lower-level (LL) problem runs the market-clearing
problem to attain the locational marginal prices (LMPs) and
operational status of the power system as well as N-1 condi-
tions to determine load curtailment during contingencies.

1) UPPER-LEVEL PROBLEM
The major driving force behind any investment decision
in planning studies is the cost of new equipment [31].
Minimizing total investment cost is a classical objective in
planning problems [32]. Thus, the primary purpose of the
suggested model is to minimize the overall expansion costs:

Min.LIC =
∑
l∈L+

clxl (1)

where L+ is the set of candidate lines indexed by l, cl is the
investment cost of line l, and xl is the binary variable linked
with the installation of candidate line l that is 1 if line l is
installed; 0 otherwise.

Moreover, transmission congestion mitigation in power
systems contributes considerably to providing a competitive
and non-discriminatory environment for market partici-
pants [1]. Any form of congestion and constraints in a
transmission system could influence the competition between
market participants. For this reason, the power system
operators (e.g., TSOs in this work) are responsible for
planning the power systems with the aim of mitigating
transmission congestion by installing new lines to prevent
the creation of market power in the network. Thus, the
second objective function is defined as minimizing the total
congestion cost:

Min.TCC =
∑
e∈E

τe
∑
t∈T

∑
l∈L∪L+

Pl,t,e.
(
λr(l),t,e − λs(l),t,e

)
(2)

where Pl,t,e and λn,t,e that represent the flowing power
through line l and the LMPs are calculated by solving the
LL problem.

Besides, the power system planner’s duty is to improve
power system security to provide a reliable environment for
the stakeholders and encourage private investors to invest in
power systems. Thus, the suggested model’s third objective
is to minimize the load curtailment in N-1 conditions as a
reliability index [33], [34]. The mathematical model of the
suggested problem is as follows.

Min.TLC =
∑
e∈E

τe
∑
t∈T

∑
k∈8

∑
n∈N

LCk
n,t,e (3)

The UL problem is bounded by a set of constraints as
follows.∑

e∈E

τe
∑
t∈T

∑
i∈9I

PREi,t,eλi,t,e ≥ ℵ
∑

i∈9I
crei x

re
i P

Max (4)

∑
i∈9I

crei x
re
i P

Max
≤ 0 (5)

xrei ≤ xMaxi (6)

Constraint (4) reflects the expected profit of RES investors
in zone 9I over the planning period based on the anticipated
investment RoR ℵ. Constraints (5) and (6) restrict the upper
bound of the investor financing budget and the maximum
number of RES units (xMaxi ), respectively [27].

2) LOWER-LEVEL PROBLEM
The LL problem performs the market-clearing problem and
the operation of the power system in N-1 conditions for each
representative day [27]. Thus, the LL problem is considered
as two sets of subproblems associated with normal and N-1
operating conditions.
• Subproblem 1 (SP1):

The objective of SP1, i.e., LL problem in the normal operating
situation, for each representative day e is as:

min
3NLL

ZNe =
∑
t∈T

∑
g∈G

cgPg,t,e +
∑
n∈N

cshn P
sh
n,t,e

+

∑
i∈I

ccui
(
xrei P

Max ¯PREi,t,e − P
RE
i,t,e

))
(7)

where 3NLL =

{
Pg,t,e,Pshn,t,e,P

RE
i,t,e,Pl,t,e, θn,t,e

}
represents

the set of decision variables for SP1. The foremost term in (7)
is the generator’s operation cost, whereas the second and
third terms represent the load shedding and renewable energy
curtailment penalty. Note that the xrei is a parameter in the LL
problem and is resolved in the UL problem. The constraints
of SP1 ∀t ∈ T and e ∈ E are as follows.∑

g=n

Pg,t,e+
∑
i=n

PREi,t,e −
∑
s(l)=n

Pl,t,e +
∑
r(l)=n

Pl,t,e

+Pshn,t,e = Dn,t,e;
(
λn,t,e

)
∀ ∈ N (8)

Pl,t,e − Bl
(
θs(l),t,e − θr(l),t,e

)
= 0; ∀l ∈ L (9)

− (1− xl)M ≤ Pl,t,e − Bl
(
θs(l),t,e − θr(l),t,e

)
≤ (1− xl)M; ∀l ∈ L+ (10)

−PMaxl ≤ Pl,t,e ≤ PMaxl ; ∀l ∈ L (11)

−xlPMaxl ≤ Pl,t,e ≤ xlPMaxl ; ∀l ∈ L
+ (12)

0 ≤ Pg,t,e ≤ PMaxg ; ∀g ∈ G (13)

0 ≤ Pshn,t,e ≤ P
sh
n,t,e; ∀n ∈ N (14)

0 ≤ PREi,t,e ≤ x
re
i P

Max ¯PREi,t,e; ∀i ∈ I (15)

In the above equations, constraint (8) ensures the load
balance of each bus provided by producers, neighboring
transmission lines, and renewable units. The DC line power
flows for existing and new lines are bounded in (9)
and (10) [35], [36]. The reason behind considering the
DC power flow equations in the proposed planning model
is related to its computational efficiency. It is worth
mentioning that the computational burden of DC power flow
is significantly less than AC and linearized AC power flow
models [37], [38]. Moreover, since the X/R ratio in the

76050 VOLUME 11, 2023



L. Peng et al.: Developing a Robust Expansion Planning Approach

transmission level of power systems is very high, employing
the DC power flow model can be an efficient approach
in TEP studies [39]. Besides, the line flow constraints for
existing and new transmission lines are given in (11) and (12).
Generation capacity, allowable load shedding, and renewable
power production bounds are represented in (13) and (15).
Note that the dual variable of power balance constraint (8) is
the LMP at bus n.
• Subproblem 2 (SP2):

In addition to the normal operation condition, the suggested
model checks the operation of the reinforced power grid
for N-1 outages in the LL problem. The objective of the
LL problem in the N-1 operating situation (SP2) for each
representative day e and contingency k is as:

min
3NLL

ZEe,k =
∑
t∈T

∑
n∈N

LCk
n,t,e (16)

The constraints of SP2 are the same as (8)–(15) while
considering the outage of component k . Moreover, 3ELL is
the set of decision variables of SP2.

B. ROBUST TEP MODEL
The RO method initially proposed by Soyster [40] is one
proper way to model uncertainties in lieu of probabilistic [41]
and fuzzy methods [42]. This method does not require the
distribution function of uncertain variables and only requires
their bounds. Thus, it is applicable when there is insufficient
information about uncertain parameters [8]. This method
determines the worst-case scenario in the defined bound and
tries to attain the best solution immunizing against the worst
case.

In this work, the normalized power production of RESs
and the demand of the power system are considered uncertain
parameters denoted as the set U =

{
P̃REi,t,e, D̃n,t,e

}
,

respectively, such that the expected values are available.
Without loss of generality, presume that the deviation range
of uncertain parameters is symmetrically constrained as
follows [43]:

P̃REi,t,e ∈
[
(1− αp)P

RE
i,t,e, (1+ αp)P

RE
i,t,e

]
;

∀i ∈ I , t ∈ T , e ∈ E (17)

D̃n,t,e ∈
[
(1− αd )Dn,t,e, (1+ αd )Dn,t,e

]
;

∀n ∈ N , t ∈ T , e ∈ E (18)

where αp and αd denote the variation range of renewable
power production and system demand uncertainties, respec-
tively. According to the RO method, the subproblems SP1
and SP2 are reformulated to capture the worst realization
of uncertain parameters in the defined bounds. In other
words, the values of uncertainties (P̃REi,t,e and D̃n,t,e) in
the defined ranges should be selected in a way that the
objective values of SP1 and SP2 would be maximized.
Consequently, the deterministic SP1 and SP2 described in the
previous subsection are transformed into the proposed robust
subproblems RSP1 and RSP2.

RSP1:

max
U

min
3NLL

ZNe ; ∀e ∈ E (19)

Subject to:

(8)− (15)& (17)− (18) (20)

RSP2:

max
U

min
3NLL

ZEe,k ; ∀e ∈ E, k ∈ 8 (21)

Subject to:

(8)− (15)& (17)− (18) (22)

Note that P
RE
i,t,e and Dn,t,e in equations (7), (8), and (15)

associated with the RSP1 and RSP2 are replaced with ˜PREi,t,e
and D̃n,t,e, respectively. Equations (19)-(22) represent that
RSP1 and RSP2 should be solved twice. First, fixing the
uncertain parameters in set U and solving the minimization
problem and determining the variables3NLL and3ELL . In the
next step, fixing the values of3NLL and3ELL and solving the
maximization problem to obtain U .

III. SOLUTION TECHNIQUE
The suggested robust co-planning model is a multi-objective
three-level mixed-integer non-linear programming problem.
Such models are generally hard to solve due to the
nonlinearity and integer variables. In addition, finding the
worst-case scenario makes the model more challenging to
solve. Therefore, this paper employs the non-dominated
sorting genetic algorithm (NSGAII) approach to solve
the optimization problem. The fuzzy min-max method is
presented to obtain the final optimal solution.

Figure 2 shows the flowchart of the proposed NSGAII-
based approach followed by the fuzzy min-max method to
solve the proposed co-planning model. According to the
figure, at first, the initial population (i.e., a set of added
lines and installed renewable units) is randomly created in
the domain of solutions. Then, for each member of the
population, the investment cost of transmission lines are
calculated. In the next step, the values of αd and αp are set
equal to 0 and then the values of uncertain parameters ˜Dn,t,e
and P̃REi,t,e are calculated. Then, the RSP1 and RSP2 are solved
by fixing the values of uncertain parameters to determine
the minimum congestion costs and load curtailment in N-1
conditions. After that, the values of αd and αp are increased
gradually by 0.001 to αmaxd and αmaxp and RSP1 and RSP2
are solved for both lower and upper bounds of uncertain
parameters, i.e.(1± α) ¯Dn,t,e and (1± α) ¯PREi,t,e. Persuading
this procedure, the best state of objectives (minimum load
curtailment and minimum congestion cost in the worst-case
situation) are obtained for each plan. Then, the population is
sorted into Pareto fronts on the basis of non-dominancy ranks
and the crowding distance of each plan. In the following, the
new population is produced based on crossover, mutation,
and selection operators. Lastly, the process is iterated for the
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FIGURE 2. Flowchart of the proposed solution technique.

new generation until reaching the termination criterion, i.e.,
the maximum number of iterations and changes in the values
of objective functions. It is noteworthy that constraint (4) is
regarded in the NSGAII algorithm to penalize the objective
function in case of violation.

Furthermore, after determining non-dominated plans, the
decision-maker must select the best plan of the Pareto
solutions using a decision-making approach because, in the
end, planners need an expansion plan, not a set of non-
dominated solutions. While there are different decision-
making approaches, the fuzzymin-maxmethod is extensively
utilized to model the decision-maker’s preferences due
to its resemblance and simplicity to human personalized
rationale [1], [44]. This method enables the decision-makers
to obtain the optimal plan among Pareto solutions, especially
when the objective functions are not the same type. Hence,

the final optimal plan is determined by the fuzzy min-
max method in this work. Herein, the linear membership
function is assigned to each objective showing the decision-
maker’s belief (23). Herein, 0 and 1 represent themembership
function values for the worst and best Pareto optimal plans,
respectively [44].

µfk (X ) =



0 fk (X ) > f Maxk
f Maxk − fk (X)

f Maxk − f Mink f Mink ≤

fk (X ) ≤ f Maxk

1 fk (X ) < f Mink

(23)

In the second step, the decision-maker is requested to
determine the desirable level of objective functions (µdk ).
After that, for a certain set of µdk , the final optimal plan can
be attained by solving the following optimization problem.

Min
m∑
k=1

∣∣µdk − µfk (X )∣∣p ;X ∈ Solution Set (24)

where 1 ≤ p ≤ ∞ and m is the number of objective
functions. It can be seen that this technique minimizes the
p-norm deviations from the reference membership values.

IV. PERFORMANCE EVALUATION
This section evaluates the performance of the proposed
co-planning model’s numerical results based on the IEEE
RTS 24-bus test system to validate and demonstrate its
applicability and efficacy. The proposed model was imple-
mented on a PC with a Core i7 CPU (clocking at 2.2 GHz)
and 6 GB RAM. Besides, the optimization problem was
solved using GAMS and MATLAB interfacing with the
CPLEX solver in GAMS. In this regard, the upper- and
middle-level problems are simulated in MATLAB, while the
lower-level problem to determine the LMPs and operational
status of the power system as well as N-1 conditions to
determine load curtailment during contingencies are modeled
using the GAMS software. The population size and the
maximum number of iterations for the NSGAII algorithm
are assumed to be 300 and 200, respectively. Moreover,
we considered the maximum iteration as the stopping
criterion.
This study presumes that five private investors invest in

separate regions of the test system. Thus, the test system
was divided into five separate zones, corresponding to one
private investor, as indicated in Figure 3. The transmission
lines’ capacity of the test system is multiplied by 0.8 so as to
better illustrate the advantages of the transmission expansion
planning study. The investment and operation data of the
test system are taken from [32], [45], and [46]. In addition,
it should be noted that we assume up to three new lines can
be mounted in each corridor, and the cost of developing ac
substations for connecting lines and RES units is included in
their investment costs.
Also, we consider four representative days for demand

and wind power production in different zones. To determine
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FIGURE 3. The IEEE RTS 24-bus with five investors’ zones.

the representative days, we employ the K-means clustering
method. The hourly forecasted values of normalized demand
and wind power production in four representative days are
illustrated in Figure 4. The frequency of representative days
1–4 is 111, 83, 61, and 110, respectively. Besides, in this
work, we consider the expansion time horizon of ten years,
considering a 10% discount rate and 20% acceptable RoR
for private investors. In addition, it should be noted that we
assume up to three new lines can be mounted in each corridor.

A. DETERMINISTIC TEP
In this part, the outcomes of the deterministic model
are presented after solving (1) - (16) using the predicted
loads of the IEEE 24-bus test system. To this end, the
presented NSGA-II approach is exerted by 200 populations
and 200 iterations to unravel the optimization problem.
In this regard, the set of non-dominated solutions was
achieved after 116 iterations. The average running time of the
deterministic optimization problem is around 260 minutes.
The non-dominated solutions are indicated in Figure 5a-
c. As can be deduced from the figure, the non-dominated
optimal solutions signify a range of the investment expense
between $8.9–$12.7 million, while the congestion cost is
between $0–$88 thousand.

Moreover, this figure shows that the load curtailment
varies between 0–4000 MW. After determining the trade-
off between the objective terms, the planner finds the best
expansion schedule by selecting the desired levels of the
objectives. In this study, we assumed that the developers
select the following desirable levels:

• µd1 = 0.9 : for investment cost

TABLE 2. Results of the deterministic model.

TABLE 3. Results of the proposed RO model.

• µd2 = 0.8 : for congestion cost
• µd3 = 0.8 : for load curtailment

The final solution is determined using the fuzzy min-
max approach mentioned in section III. Table 2 shows the
final optimal development plan of the transmission network
and RESs and the values of objective functions. As seen
in the table, the investment cost, congestion cost, and load
curtailment of the final optimal plan are $11.835 million,
$0, and 20 MW, respectively. Moreover, the table shows
that private investors would invest in wind power installation
equal to 340 MW in zone 1, 300 MW in zone 2, and 150 MW
in zone 4 (RoR > 20%).

B. ROBUST TEP
RO is a risk management technique presenting a conservative
decision for risk-averse investors. Such investors prefer a
plan with lower returns than higher ones that are more
robust against uncertainties. Thus, we have solved (19)-(22),
and Figure 5d-f shows the non-dominated solutions of the
optimization for αd = αp = 0.1. As seen in the figure,
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FIGURE 4. The normalized demand and wind power forecasts for different zones.

the non-dominated optimal solutions for αd = αp =

0.1 represent a range of investment expenditure between
$8.46–18.7 million, while the congestion expenditure is
between $0–164 thousand. The load curtailment varies
between 0–4901 MW in the non-dominated optimum
solutions. Besides, the trade-off between investment and
congestion expenditures is contradictory, which means that
when the amount of investment cost increases, the congestion
cost decreases. In other words, the trade-off shows that more
investment in transmission line installation would decrease
congestion in the transmission network. Additionally, the
trade-off trend of investment cost and load curtailment
is similar, denoting that more investment in transmission
line installation decreases load curtailment. In contrast,
less investment in transmission networks increases load
curtailment.

The final optimal solution can be determined by assuming
the aforementioned desirable levels. Table 3 shows the final
optimal solution of the robust co-planning problem for αd =
αp = 0.1. By comparing the results reported in Tables 2 and 3,
it can be concluded that employing the RO technique for
modeling the uncertain parameters increases the investment
cost of newly added lines, the congestion cost, and the load
curtailment in the optimal expansion plan. This observation
indicates that the RO technique optimizes for the worst-case
scenario over the deviation range of uncertain parameters.

To carefully examine the impact of transmission expansion
in mitigating wind curtailment, the value of wind production
and curtailment in two cases with and without the expansion
of the transmission network is illustrated in Figure 6.
As inferred from the figure, the wind curtailment would
be lessened intensely by installing new transmission lines.
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FIGURE 5. Non-dominated solutions for the deterministic model (a)–(c) and for the robust model with αd = αp = 0.1 (d)–(f).

FIGURE 6. Wind energy production and curtailment in different cases.

In other words, by capitalizing on the transmission network,
the wind energy curtailment decreases by 77.3 and 71.5%
in zones 1 and 2, respectively. The result represents the
capability of the proposed model in solving the transmission
planning problems with high penetration of wind resources.

In addition, to investigate the positive impact of mer-
chant RESs, the proposed robust co-planning problem for

TABLE 4. Results of the comparative analysis.

transmission networks and merchant RESs is compared with
the robust TEP problem. In this regard, Table 4 shows the
optimal transmission expansion plan, the investment cost of
newly added lines, the congestion cost, and the load cur-
tailment in the above-described cases. This table shows that
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FIGURE 7. Installed wind power and investment cost of newly added
lines for different RoR.

without employing the merchant RESs, 4 more transmission
lines are required to meet the test system’s demand optimally.
Also, this table indicates that corridors (6-10) and (14-16)
with the most installed transmission lines are the vulnerable
corridors of the test system in the proposed co-planning
and TEP problems, and corridors (15-21) and (16-23) can
be called as vulnerable corridors in the TEP problem.
Also, several corridors, including (3-24), (6-10), (10-11),
(11-14), (14-16), (15-21), (16-17), and (16-23), are among
the selected corridors to install new transmission lines in the
proposed co-planning and TEP problems which shows the
high importance of these corridors. Besides, this table shows
that employing merchant RESs in the expansion planning
studies improves the network conditions. As inferred from
this table, employingmerchant RESs along with transmission
network expansion decreases the investment cost of added
lines by 1.177 million$, the congestion cost by 4100 $, and
load curtailment by 30 MW.

In the last step of the simulation study, a sensitivity analysis
is conducted to measure the influence of private investors’
minimum RoR on wind power’s installed capacity and
the transmission network’s investment expenditure. In this
regard, running the proposed robust TEP model, the total
capacity of wind farms, and the investment cost of newly
added lines for different values of the minimum RoR are
determined and illustrated in Figure 7. As seen in the figure,
when the acceptable RoR of private investors decreases,
the capacity of wind power generation increases. Besides,
the figure shows that the minimum investment cost of
transmission networks occurs when the RoR equates to
15%. When the RoR significantly decreases (for instance,
RoR = 5%), the TSO would invest in more installation of
new transmission lines with higher penetration of wind power
so as to mitigate wind curtailment. On the other hand, with
increasing the RoR (for instance, RoR = 30%), the capacity
of wind power decreases in the grid. Thus, the TSO decides
to strengthen the transmission network so as to decrease load
curtailment and congestion costs.

C. COMPUTATIONAL COMPLEXITY
The computational complexity of the proposed co-planning
model is characterized in this section by the number of

TABLE 5. Computational complexity of the proposed planning model.

constraints and variables. Table 5 shows the number of
constraints and variables for the RSP1 and RSP2 optimization
problems based on the number of buses (nB), generator
units (nG), existing and candidate lines (nL and nL+ , RES
units (nI ), time intervals (nT ), representative days (nE ) and
contingencies (nk ). As illustrated in this table, the number
of time intervals, representative days, and contingencies
have the most impact on the solution time of the problem.
However, both RSP1 and RSP2 can be decomposed and
solved for each of them. Hence, the number of subproblems
would increase for larger test systems. It should be noted that
the number of decision variables for the upper-level problem
(decision variable for NSGAII algorithm) is nL+ + nI .
Moreover, we utilize the αd and αp parameters for realizing
the worst-case situation of uncertainties that increases the
number of times that RSP1 and RSP2 will be solved.

V. CONCLUSION
This paper developed a novel co-planning framework so as
to determine the optimal expansion of transmission networks
and merchant RESs from the perspective of TSO. The RO
method was employed to cope with the uncertainties associ-
ated with renewable generation and demand. The suggested
problem was formulated as a three-level multi-objective
optimization problem. The investment cost of newly added
transmission lines, congestion cost, and load curtailment
was minimized in the upper-level problem. Besides, the
worst-case scenario of uncertainties and the best planning
strategy in normal and N-1 conditions were determined in
the middle- and lower-level problems, respectively. Finally,
the presented multi-objective mixed-integer non-linear pro-
gramming model was solved utilizing the NSGA-II approach
followed by the fuzzy min-max technique to find the
optimum solution. The simulation study demonstrated that
the optimal expansion schedule of the proposed co-planning
framework could effectively improve the network conditions.
The numerical results show that employing the merchant
RESs with 20% acceptable RoR for private investors in the
TEP problem would decrease the investment cost of newly
added lines by 8.3%, the transmission network congestion
cost by 11.3%, and the load curtailment by 14.2%. Besides,
the results confirmed that employing private investors in
renewable energy projects with an acceptable RoR of 15%
would optimize the investment cost of the installation of
new transmission lines. Thus, the optimum value for RoR,
considering TSOs and private investors’ preferences, would
be 15%.
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Future works can focus on developing a co-planning
framework for transmission networks and RESs, considering
the impact of different penetration levels of distributed energy
resources on the optimal expansion plan. Further, future
research works can focus on mitigating the computational
burden of the proposed optimization problem for large-scale
power systems. In this regard, decomposition techniques and
constraint reduction algorithms can be applied to large-scale
power systems to improve the computational performance of
the proposed model.
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