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Considering Uncertainties in Loads and
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Jiaming Li, Yan Chen, Haiqiong Yi, and Chang Lu

Abstract—This paper proposes a novel method for transmission
network expansion planning (TNEP) that take into account
uncertainties in loads and renewable energy resources. The
goal of TNEP is to minimize the expansion cost of candidate
lines without any load curtailment. A robust linear optimization
algorithm is adopted to minimize the load curtailment with
uncertainties considered under feasible expansion costs. Hence,
the optimal planning scheme obtained through an iterative
process would be to serve loads and provide a sufficient margin
for renewable energy integration. In this paper, two uncertainty
budget parameters are introduced in the optimization process to
limit the considered variation ranges for both the load and the
renewable generation. Simulation results obtained from two test
systems indicate that the uncertainty budget parameters used to
describe uncertainties are essential to arrive at a compromise
for the robustness and optimality, and hence, offer a range of
preferences to power system planners and decision makers.

Index Terms—Expansion planning, renewable generation, ro-
bust linear optimization, transmission network, uncertainty.

I. NOMENCLATURE

cij Cost of a line added between buses i and j (US$).
fL Vector of power flow with elements fij .
f̄ij Power flow limit of the transmission line i–j (MW).
S Coefficient matrix with elements sij (donates the

relationship between injected power of buses i and
j and power flow along line i–j).

g Vector of generations of conventional units.
gmax Vector of capacity of conventional unit.
d̃ Vector of loads.
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dmin Vector of minimum value of loads.
dmax Vector of maximum value of loads.
r Vector of load curtailment with elements ri.
g0 Generation of the unit in the slack node (MW).
w̃ Vector of generations of renewable energy re-

sources.
wmin Vector of minimum generations of renewable energy

resources.
wmax Vector of maximum generations of renewable ener-

gy resources.
α Penalty factor associated with ri (US$/MW).
nij Number of new lines added between buses i and j.
n0
ij Initial number of lines between buses i and j.
nmax
ij Maximum number of lines that can be added to i–j.

Ω Set of candidate lines.
l Number of elements in Ω.
Ω+ Set of all transmission lines.
l+ Number of elements in Ω+.
Jr Set of buses with renewable energy resources.
|Jr| Number of elements in Jr.
Γr Uncertainty budget of renewable energy resources.
Jd Set of buses with loads.
|Jd| Number of elements in Jd.
Γd Uncertainty budget of loads.

II. INTRODUCTION

AN increasing number of renewable energy resources, such
as large-scale wind farms, are being integrated into the

electricity transmission networks. The intermittency and strong
stochastic nature of renewable energy resources is a point of
concern for the security and reliability of the electric grid, and
has also come to play an important role in planning, operation,
and evaluation of transmission networks. Hence, a great deal
of attention has focused on transmission network expansion
planning (TNEP) and accounting for uncertainties of loads and
renewable generations. Many efforts related to this problem
can be found in the literatures [1]–[16], in which a range of
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considerations and assumptions are proposed to model uncer-
tain parameters in TNEP. The unascertained number model
in [1], connection number model in [2] and fuzzy models
in [3], [4] all have been adopted to describe the uncertain
elements, including loads, renewable generations and the
experience of decision makers. In references [5]–[8], the
deterministic constraints are converted into probabilistic ones
to form chance-constrained and probabilistic TNEP models in
order to account for the effects of uncertainties. In these works,
the probability distribution functions (PDF) are adopted to
quantify the uncertainties in loads and renewable generations.
These probabilistic models are then commonly solved through
sample techniques, such as Monte Carlo simulations (MCS) or
other derivative techniques, which take on the computational
burden. To reduce the formulation scale and improve the
efficiency, aggregated sampling techniques are introduced to
generate representative scenarios for uncertainties in [9]–[14].
However, a better method to obtain enough number of scenar-
ios still needs to be investigated. The interval model [15]–[17]
is another effective representation for uncertainties. Solutions
obtained from interval models guarantee the accommodation
of all possible realizations in the intervals while not relying
on the selection of PDFs.

This paper presents a method for transmission network
expansion planning with uncertainties considered. The loads
and renewable generations are taken as uncertain parameters
and limited by parametric intervals. The proposed model
is solved by the iterative process of network construction
planning and the load curtailment minimization (LCM) with
uncertainties. In network construction planning, the objective
is to minimize the total cost of a planning scheme, including
both the construction cost and the punishment of infeasibility.
The latter is obtained from the objective value of LCM, which
is used to determine whether a planning scheme is capable of
serving loads and adapting to the environment of uncertainty.
Robust linear optimization (RLO), which provides a means to
handle the uncertainties modeled with intervals, is adopted in
solving the LCM.

The remainder of this paper is organized as follows. First,
the mathematical basis of RLO and the TNEP problem con-
sidering uncertainties in loads and renewable energy resources
are briefly formulated in Section II. Then, how to obtain the
robust solution of this proposed model is illustrated in details
in Section III. The method is applied to the Garver 6-bus
system and a two-area RTS-96 system to validate for feasibility
and effectiveness. The results are analyzed in Section IV, and
the conclusion is given in Section V.

III. MATHEMATICAL FORMULATION

A. The Basic Idea of Robust Linear Optimization

The core idea behind robust linear optimization (RLO) is
to find an optimal and robust solution when uncertainties
are represented by the intervals. This approach provides a
tractable way to obtain the solution without a large number
of realizations of the uncertainties. The solution is considered
robust because it remains feasible when uncertainties take any

value from the intervals, that is to say, the solution is less
sensitive to uncertainties. The RLO proposed by Bertsimas
[18] introduces a parameter, named the uncertainty budget, to
adjust the robustness of the solution against the conservatism
level in dealing with the uncertainties. The restricted range
of intervals is realized by changing the uncertainty budget,
providing other compromising choices, with less conservatism,
to decision makers.

Consider the linear programming (LP) problem:

min cx (1)

s. t. Ax ≤ b (1.1)

l ≤ x ≤ u (1.2)

where x ∈ Rn is the vector of decision variables; l,u ∈ Rn

are the vectors of the lower and upper limit of x; c ∈ Rn,
b ∈ Rm, A = {amn} are coefficient arrays. Without loss of
generality, assume that only matrix A includes independent
uncertain parameters. Actually, the uncertain parameters can
exist in c and b, but they can finally be rewritten so as to form
a new matrix A′, which only contains uncertainties.

The assumption, applied in [18], that the ranges of the
uncertain parameters are symmetrically bounded around
their means may be inappropriate in reality. Thus, Kang
made an improvement to extend the effectiveness of RLO
by using the limited distributional information [19]. The
asymmetric uncertain parameter in matrix A assumes that
aij ∈ [aL

ij , a
U
ij ] with the mean value aij . And the forward

and backward deviations are defined as kF
ij = aU

ij − aij and
kB
ij = aij − aL

ij , respectively. Assume that Ji = {aij} is the
set of uncertain parameters in each row i of the matrix A,
and |Ji| is the number of the elements in Ji. The introduced
uncertainty budget Γi is applied to each row i with the range
0 ≤ Γi ≤ |Ji|. Thus the uncertainty set subject to Γi is
formulated as

<i (Γi) =

{
ai

∣∣∣∣∣ aij ∈
[
āij − βijkB

ij , āij + βijk
F
ij

]
,

0 ≤ βij ≤ 1,
∑

1≤j≤| Ji| βij ≤ Γi

}
.

(1.3)
Here, Γi = 0 is equivalent to the case that aij ∈ Ji is forced
to be its mean value. If Γi = |Ji|, each aij ∈ Ji can take
values from the range [aL

ij , a
U
ij ]. If 0 < Γi < |Ji|, it narrows

the range so that <i(Γi) contains a part of the range.
According to the set <i(Γi), the robust formulation of LP

with uncertainties (1)–(1.2) is then given by:

min cx (2)

max
ai ∈ <i

(
Γi

) {aix} ≤ bi, i = 1, . . . ,m (2.1)

l ≤ x ≤ u. (2.2)

The model (2)–(2.2) is then transformed into a deterministic
LP problem, which is called the robust counterpart and is easy
to solve.
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B. TNEP Considering Uncertainties in Loads and Renewable
Energy Resources

Based on the conventional static TNEP model, the method
for TNEP with uncertainties in loads and renewable energy
resources is formulated in (3)–(3.7). The uncertain parameters
are represented by letters with a wavy line symbol.

min
∑

(i,j)∈Ω
cijnij + α

∑N

i=1
ri (3)

fL = S
(
g + r + w̃ − d̃

)
(3.1)

|fij | ≤
(
n0
ij + nij

)
f̄ij , (i, j) ∈ Ω+ (3.2)

g0 =
∑N

i=1
d̃i − gi − ri − w̃i (3.3)

0 ≤ g ≤ gmax (3.4)

0 ≤ r ≤ dmin (3.5)

0 ≤ nij ≤ nmax
ij , (i, j) ∈ Ω (3.6)

nij is an integer. (3.7)

In (3)–(3.7), it is assumed that the power system has N+1
buses, and the bus numbers are 0, 1, . . ., N with one slack
generator at bus 0. The objective (3) is to minimize the
expansion cost of candidate lines without any load curtailment.
(3.1) represents the relationship between nodal injected power
and power flow [2]. The coefficient matrix S is formulated
according to the configuration of the transmission network.
The power flow of each line is limited in (3.2) and the
power balance is enforced in (3.3). (3.4) and (3.5) limit
the generations of conventional units, and load curtailment,
respectively, to ensure the system operation requirement. The
number of candidate lines, which is an integer variable, is
limited by practical situations in (3.6) and (3.7).

From the aspect of engineering practice, it is acceptable to
limit the variations of renewable generations and loads within
intervals, shown as

w̃ ∈
[
wmin,wmax

]
(3.8)

d̃ ∈
[
dmin,dmax

]
(3.9)

Here, considering the extreme case of renewable genera-
tions, the minimum and maximum output is assumed to be
zero and the capacity, respectively. Prediction errors of loads
can be described by the normal distribution [14]; thus the
margin value obtained by a given confidence constant can be
used as the boundary value of the interval in (3.9).

The proposed TNEP with uncertainties in loads and re-
newable energy resources is finally composed of (3)–(3.9).
Since the coefficient matrix S is a function of the planning
scheme {nij}(i,j)∈Ω, the product of S and r makes (3.1)
nonlinear. However, when a planning scheme is given, the
integer variables are fixed, the matrix S is determined, and
the optimization is simplified into a linear LCM problem
with uncertainties. The solution of LCM is used to assess
the feasibility of the given planning scheme and promote the
improvement in optimizing network construction. Thus, we
formulate a decomposition strategy to solve this mixed-integer
nonlinear optimization with uncertainties.

IV. SOLVING METHOD

In this section, the robust linear optimization is first applied
in the load curtailment minimization problem to handle the
uncertainties in the loads and renewable energy resources.
Then, a hybrid algorithm that combines Greedy Search (GS)
and Particle Swarm Optimization (PSO) is adopted to opti-
mize the candidate planning schemes, thereby formulating a
joint relationship between the load curtailment minimization
problem and the network construction planning optimization.

A. Robust Counterpart of LCM

Considering that the planning scheme {nij}(i,j)∈Ω is fixed
and matrix S is determined, the target of LCM is to minimize
the load curtailment as shown in (4). After substituting (3.1)
and (3.3) into (3.2) and (3.4), respectively, the LCM problem
is formulated as (4)–(4.6):

minα
∑N

i=1
ri (4)

subject to

max
w̃ ∈ < (Γr)

d̃ ∈ <
(
Γd

)

(∑N

j=1
smjw̃j −

∑N

j=1
smj d̃j

)
≤

Øm −
(∑N

j=1
smjrj +

∑N

j=1
smjgj

)
(4.1)

max
w̃ ∈ < (Γr)

d̃ ∈ <
(
Γd

)

(∑N

j=1
smj d̃j −

∑N

j=1
smjw̃j

)
≤

Øm +

(∑N

j=1
smjrj +

∑N

j=1
smjgj

)
(4.2)

max
w̃ ∈ < (Γr)

d̃ ∈ <
(
Γd

)

(∑N

j=1
d̃j −

∑N

j=1
w̃j

)
≤

g0,max +
∑N

j=1
gj +

∑N

j=1
rj (4.3)

max
w̃ ∈ < (Γr)

d̃ ∈ <
(
Γd

)

(∑N

j=1
w̃j −

∑N

j=1
d̃j

)
≤

−g0,min −
(∑N

j=1
gj +

∑N

j=1
rj

)
(4.4)

0 ≤ g ≤ gmax (4.5)

0 ≤ r ≤ dmin (4.6)

where the maximum power flow of each line m in (4.1) and
(4.2) is calculated by Øm =

(
n0
ij + nij

)
f̄ij .

The uncertainty sets <(Γr) and <(Γd) are defined with
different uncertainty budgets to control the range of intervals
for loads and renewable energy resources, respectively.

< (Γr) =

w̃
∣∣∣∣∣∣∣∣

w̃i ∈
[
w̄i − βitBi , w̄i + βit

F
i

]
,

tBi = w̄i − wmin
i , tFi = wmax

i − w̄i
E (w̃i) = w̄i, 0 ≤ βi ≤ 1,

∑
i∈Jr

βi ≤ Γr


(4.7)
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< (Γd) =

d̃
∣∣∣∣∣∣∣∣

d̃i ∈
[
d̄i − γikB

i , d̄i + γik
F
i

]
,

kB
i = d̄i − dmin

i , kF
i = dmax

i − d̄i
E
(
d̃i

)
= d̄i, 0 ≤ γi ≤ 1,

∑
i∈Jd

γi ≤ Γd


(4.8)

where 0 ≤ Γr ≤ |Jr| and 0 ≤ Γd ≤ |Jd|.
Then, the constraints (4.1)–(4.4) that involve the uncertain

parameters can be transformed into the robust counterpart. And
(4.1) is taken as an example to describe how these constraints
are transformed into deterministic equivalents in detail.

First, divide the uncertainties in (4.1) into groups according
to the coefficients in matrix S as shown in (5) and (6).∑N

j=1
smjw̃j =

∑
smp>0

smpw̃p +
∑

smq<0
smqw̃q (5)

∑N

j=1
smj d̃j =

∑
smp′>0

smp′ d̃p′ +
∑

smq′<0
smq′ d̃q′ .

(6)
The left part of (4.1) is written with the mean values,

forward and backward deviations, and variable vectors β and
γ, enforcing the max operator to make sense.

max
w̃ ∈ < (Γr)

d̃ ∈ <
(
Γd

)

(∑N

j=1
smjw̃j −

∑N

j=1
smj d̃j

)

= max
w̃ ∈ < (Γr)

d̃ ∈ <
(
Γd

)

(∑N

j=1
smjw̄j −

∑N

j=1
smj d̄j

+
∑

smp>0
smpβpt

F
p −

∑
smq<0

smqβqt
B
q

+
∑

smp′>0
smp′γp′k

B
p′ −

∑
smq′<0

smq′γq′k
F
q′

)
. (7)

The coefficient sets related to renewable generations and
loads are

{
smpt

F
p

}
∪
{
−smqtBq

}
and

{
smp′k

B
p′

}
∪
{
−smq′kF

q′

}
in (7). To make a simpler expression, the coefficients of the
new variable vectors β and γ are sorted in a descending order.
Thus, sets

{
s′1, . . . , s

′
m1

}
and

{
s′′1, . . . , s

′′
m2

}
are used instead

for renewable generations and loads, respectively. Then, we get
a further description for the left part of (4.1):

max
w̃ ∈ < (Γr)

d̃ ∈ <
(
Γd

)

∑N

j=1
smjw̃j −

N∑
j=1

smj d̃j


= max

w̃ ∈ < (Γr)

d̃ ∈ <
(
Γd

)

(∑N

j=1
smjw̄j −

∑N

j=1
smj d̄j

+
∑m1

j=1
s′jβj +

∑m2

j=1
s′′jγj

)
. (8)

Variables vectors β and γ, which control the range of
intervals for each uncertain parameter, lie on the uncertainty
budgets. When Γ varies in its range, results with different
robustness can be obtained. To eliminate variable vectors β
and γ in (8), let bΓc be the integer that is nearest and smaller
than Γ because Γ may not be an integer. If bΓrc ≤ m1 = | Jr|,
let βj = 1 for 1 ≤ j ≤ b Γrc while the left part meets
βb Γrc+1 = Γr − b Γrc. Coefficients related to loads are dealt

with in the same way. Thus, (4.1) can be equally represented
by (9)–(9.2) from (8).(∑N

j=1
smjw̄j −

∑N

j=1
smj d̄j

)
+
∑b Γrc

i=1
s′i + ∆r

+
∑b Γdc

i=1
s′′i + ∆d ≤ Øm −

∑N

j=1
smjrj +

∑N

j=1
smjgj

(9)

∆r = (Γr − bΓrc)s′bΓrc+1,m1 > bΓrc (9.1)

∆d = (Γd − bΓdc)s′′bΓdc+1 ,m2 > bΓdc. (9.2)

Similarly, (4.2)–(4.4) can be handled to form the robust
counterpart of LCM, which is not shown here for lack of space.

When Γr and Γd are given, the inequality (9) becomes a de-
terministic inequality. For some given value between the range
of uncertainty budget Γr and Γd, the feasible planning scheme
for transmission network should satisfy the requirement of
N∑
i=1

ri = 0. As the number of decision variables and the

number of constraints for the robust converted deterministic
optimization problem are kept the same, the complexity is the
same as that of the static TNEP for a given system. (4)–(4.8)
can be used to deal with the problems whether or not the
generation re-dispatch is involved.

B. Solution Algorithm

Intelligent algorithms have proven to be effective for solving
TNEP problems. A hybrid GS-PSO algorithm combining
Greedy Search (GS) and Particle Swarm Optimization (PSO)
is adopted here, where GS is used for local search and PSO
is used for the global search.

In the hybrid GS-PSO algorithm, each partial stands for a
planning scheme. The individuals of each partial i = 1, . . . ,M
are Xi = {xi1, . . . , xil}, represent the number of lines that can
be added. The fitness function (3) is the objective of network
construction planning, which is used to minimize the total cost
of a planning scheme, including both the construction cost and
the punishment of infeasibility.

The process of GS-PSO algorithm is described as follows.
Step 1 Generate the initial population with M particles.
Step 2 Determine the minimum load curtailment for each

particle by solving (4)–(4.8). Then, calculate the
fitness function of each particle according to (3) and
update the local optimal solution Xi,lb of Xi and the
global optimal solution Xgb.

Step 3 If there is a need for local searching, carry out the
GS algorithm for each individual and then update
the corresponding local optimal solution of the in-
dividual and the global optimal solution.

Step 4 If the maximum number of iterations is not reached,
update Xi and its velocity Vi with the current itera-
tion t, maximum iteration tmax, inertial coefficients
set {t, c1, c2}, random variables set {r1, r2}, and
rounding function Fix (·), and then go to Step 2.

vij (t+ 1) = w (t) vij (t)+c1r1 (Xi,lb (j)− xij (t))

+c2r2 (Xgb (j)− xij (t))
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if vij (t+ 1)>vj,max, vij (t+ 1) =vj,max

if vij (t+ 1) < vj,min, vij (t+ 1) =vj,min

xij (t+ 1) = Fix (xij (t) + vij (t+ 1))

if xij (t+ 1)>xj,max, xij (t+ 1) =xj,max

if xij (t+ 1) < xj,min, xij (t+ 1) =xj,min

w (t+ 1) = winitial − (winitial − wend) t/tmax.
(10)

Step 5 If the maximum number of iterations is reached,
the hybrid GS-PSO algorithm will stop. The global
optimal solution is regarded as the optimal planning
scheme.

The searching strategy of GS is introduced as follows. If
the current individual will lead to load curtailment, which is
regarded as infeasible, the number of each candidate line is
increased by 1. If the individual is feasible, two strategies are
implemented [20], [21]:

1) Remove redundant lines without causing load curtailment.
Select xij from Xi. If xij > 1, make xij ′ = xij − 1 to
form a new individual Xi

′. If the fitness function of Xi
′

is better than that of Xi, save Xi
′ in a temporary list.

Then traverse all individuals in Xi and choose the best
one in the temporary list to replace Xi.

2) Make a new “candidate list” by selecting randomly any
two lines among the candidates and increasing/decreasing
the number of lines by 1. If the modified candidate results
in a better fitness function, the original one is replaced.

The flowchart of solving the proposed TNEP with uncer-
tainties is shown below in Fig. 1.

 

Set the values of    and     .

Input the system data.

Set the parameter of the GS-PSO algorithm.

 
Generate the initial population with size of M.

Initialize the velocity of each particle.

 

For each particle, solve (4) (4.6) to obtain the load 

curtailment. Calculate the fitness function of each particle

 by adding the expansion cost and the punishment of load 

curtailment together.

 

Update the local optimal solution of each 

particle and the global solution of the 

population.

Is the local searching needed?

Implement GS for each particle.

Is the maximum number of iteration reached?

Update each particle.

Output the best planning scheme.

Yes

Yes

No

No

rG dG

Is the local searching needed?

Y

Implement GS for each particle.

Is the maximum number of iteration reached??
s

Update each particle.

Output the best planning scheme.

Fig. 1. Flowchart of the algorithm.

C. Robustness Explanation

It is noted that the optimal transmission network expansion
should meet the requirement of no load and wind curtailment
with the minimum construction cost. If load curtailment exits
in the LCM model, the corresponding planning scheme still
needs to be optimized. Thus, the concept of “optimality”
means the planning scheme with minimum expansion cost can
serve the loads without any curtailment in the LCM model,
and the concept of robustness is defined under the precondition
of LCM optimality.

Assume that Γr
′ ≤ Γr

′′ ≤ | Jr|, Γd
′ ≤ Γd

′′ ≤ | Jd|, n′ and
n′′ are the optimal planning schemes for Γ′r and Γ′d, and Γ′′r
and Γ′′d. The expansion cost of n′ is less than or equal to that
of n′′. From the perspective of robustness, the interval range of
loads and renewable generations ensured by planning scheme
n′ is contained by n′′, i.e., <

(
Γr
′) ⊂ < (Γr

′′) and <
(
Γd
′) ⊂

< (Γd
′′) with Γ′r ≤ Γ′′r and Γ′d ≤ Γ′′d. The conclusion then is

that n′ is the feasible subset of n′′, but not vice versa. That
is to say, n′′ is more robust than n′. It needs a tradeoff since
the optimal planning scheme will cost more to achieve better
robustness.

To verify the effectiveness of the proposed TNEP with
uncertainties, the confirmatory experiment used in [14] is
adopted. First, generate K test scenarios by MCS based on the
distribution function of uncertain parameters. Then, choose the
planning scheme to be verified and check whether it can satisfy
the test scenario without any load or renewable generation
curtailments. After all test scenarios are checked, record the
total number of the satisfied test scenarios as K1. Define index
λ as the feasible percent of a planning scheme resulting in a
Monte Carlo simulation used in [14]. Finally, we can get the
reliability index by λ = K1/K × 100%. In this paper, the
number of the samples is set to be 10,000.

V. EXAMPLE STUDIES

A. Case Explanation

In this section, a modified Garver 6-bus system and a RTS-
96 system are adopted to prove the effectiveness and large
system feasibility of the proposed TNEP method, respectively.
In all test systems, only wind energy is taken as the renewable
energy resource, and the parameters of wind speed and wind
turbine generator are the same as that used in [14]. The shape
and scale parameter of Weibull distribution of wind speed is
1.9622 m/s and 11.0086 m/s, respectively. The parameters of
wind turbine generator are as follows: cut-in speed is 4 m/s,
rated speed is 13.61 m/s, and cut-out speed is 25 m/s. The
active power of a wind farm is calculated by the method
proposed in [6]. Set the maximum and minimum active power
of a wind farm as the rated capacity and 0, respectively. The
load is assumed to be normally distributed in which the mean
value µ is the same as the base case load data and the standard
deviation σ is 5% of µ [14].

Results obtained from TNEP with uncertainties proposed
in this paper are compared with those from the traditional
static TNEP method [14]. In the static TNEP, assume the
load in each node is µ + σ. Thre scenarios, denoted by
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TNEP-1, TNEP-2, and TNEP-3, are considered in which re-
newable generations are assumed as 0, half capacity value, and
full capacity, respectively.

The GS-PSO parameters for TNEP are set as follows. The
population size is 100, c1 = 0.8, c2 = 1.2, winitial = 1.1,
wend = 0.6. The speed limits are ± 2. The maximum number
of iterations is 30 for the modified Garver 6-bus system,
and 60 for the modified two-area RTS-96 system. Implement
local search strategy for each individual one time in every 5
iterations. The penalty factor α in (4) is set to be 100,000 in
order to find the planning scheme without load shedding. The
program is implemented using Matlab R2009b on a PC with
Intel Core 2 Duo of 3.0 GHz CPU and 2.0 GB RAM.

B. The Modified Garver 6-bus System

The method verification is taken on a Garver 6-bus system,
consisting of 6 buses and 15 right-of-ways [22]. It is assumed
that generators connected to Bus 3 and Bus 4 are wind farms.
The number of uncertainties is 7, including 5 loads and 2 wind
farms. The maximum power of generators at Bus 1 and Bus
6 are 300 MW and 600 MW, respectively. The data of wind
farms and load prediction are shown in Table I.

TABLE I
WIND FARMS AND LOAD DATA OF MODIFIED GARVER SYSTEM

Bus No. 1 2 3 4 5

Wind Power
(MW)

Min – – 0 0 –
Mean – – 156.62 31.06 –
Max – – 300 60 –

Load (MW)
Min 70.69 212.08 35.35 141.39 212.08

Mean 80 240 40 160 240
Max 89.31 267.92 44.65 178.61 267.92

The scenarios in the proposed TNEP with uncertainties are
generated by an increment of 1% of the maximum value of
uncertainty budget parameters Γr and Γd, as shown in Fig. 2.
The aim of the scenario generation is to get the most robust
planning scheme and other feasible planning schemes without
severe consideration in the uncertainty interval.
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Fig. 2. Number of test scenarios of Γr and Γd.

In Table II, a range of compromise planning schemes is
obtained by adjusting the uncertainty budgets Γr and Γd,

TABLE II
RESULTS FOR THE MODIFIED GARVER 6-BUS SYSTEM

Case
Planning Scheme

Cost
(104$)

λ

(%)Method Γr Γd

TNEP-1 – –
n1−5 = 1, n2−6 = 4,

n4−6 = 2
200 66.92

n1−5 = 1, n2−6 = 4 140 44.02

TNEP-2 – –
n1−5 = 1, n2−6 = 2,

n4−6 = 2
140 36.85

n1−5 = 1, n2−6 = 3,
n4−6 = 1

140 35.41

TNEP-3 – –
n2−6 = 2, n3−5 = 1 80 30.61
n2−6 = 1, n3−5 = 1,

n4−6 = 1
80 16.45

0–0.02
0–

0.05
n1−5 = 1, n2−6 = 3 110 19.27
n1−5 = 1, n2−6 = 2,

n4−6 = 1
110 18.71

0.04–
0.12

0.1–
0.3 n1−5 = 1, n2−6 = 3 110 19.27

0.14–
0.18

0.35–
0.45

n1−5 = 1, n2−6 = 2,
n4−6 = 2

140 36.85

n1−5 = 1, n2−6 = 3,
n4−6 = 1

140 35.41

n1−5 = 1, n2−6 = 4 140 44.02

Proposed
TNEP with
uncertainties

0.2–
0.26

0.5–
0.65

n1−5 = 1, n2−6 = 2,
n4−6 = 2

140 36.85

n1−5 = 1, n2−6 = 3,
n4−6 = 1

140 35.41

0.28–
0.32

0.7–
0.8

n1−5 = 1, n2−6 = 2,
n4−6 = 2

140 36.85

0.34–
0.56

0.85–
1.40

n1−5 = 1, n2−6 = 4,
n4−6 = 1

160 83.76

0.58–
0.64

1.45–
1.6

n1−5 = 1, n2−6 = 3,
n3−5 = 1, n4−6 = 2

190 93.14

0.66–
0.78

1.65–
1.95

n1−5 = 1, n2−6 = 4,
n3−5 = 1, n3−6 = 1

208 98.63

0.8 2.0 n1−5 = 2, n2−3 = 1,
n2−6 = 3, n4−6 = 2

210 99.06

0.82–
0.84

2.05–
2.1

n1−5 = 1, n2−6 = 4,
n3−5 = 2, n3−6 = 1

228 99.03

0.86 2.15
n1−5 = 1, n2−6 = 3,
n3−5 = 1, n3−6 = 1,

n4−6 = 2
238 100

0.88–
0.98

2.2–
2.45

n1−5 = 1, n2−3 = 1,
n2−6 = 4, n3−5 = 1,

n4−6 = 2
240 100

n1−5 = 2, n2−3 = 1,
n2−6 = 4, n4−6 = 2

240 99.99

1–2 2.5–5
n1−5 = 1, n2−3 = 1,
n2−6 = 4, n3−5 = 1,

n4−6 = 2
240 100

which depict the relationship between expansion cost and
robustness of planning schemes. It is indicated that a more
strengthened transmission network has a better ability to
accommodate the uncertainties in the power system, but may
lead to a larger investment. The average computation time of
the proposed KRO-TNEP model and static TNEP are 45 s and
35.5 s, respectively.

Fig. 3 shows the convergence characteristics of the proposed
algorithm, which guarantees the acceptable computation time.
The proposed TNEP method can provide more comprehensive
information and flexible solutions for power system planners
to make decisions based on the tradeoff between the expansion
cost and the integration of renewable energy resources. And
the results also reveal that the proposed TNEP is rather
effective in describing the uncertainties with intervals when
compared to the static TNEP.
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Fig. 3. The fitness curve of algorithm.

C. The Modified Two-area RTS-96 System

After that, a modified two-area RTS-96 system is used to
prove the proposed method’s feasibility in a large system.
The modified two-area RTS-96 system consists of two 24-bus
systems through three interconnections [23]. The load data in
each area are the same as that in the IEEE 24-bus system. In
this system, there are 69 existing lines and 71 right-of-ways
with three lines that can be added to each branch. Four wind
farms are connected to Bus 120, Bus 207, Bus 216, and Bus
222, respectively. The parameters of wind farms are shown in
Table III. The parameters of the three area-connecting lines
are shown in Table IV.

TABLE III
WIND FARMS DATA OF MODIFIED TWO-AREA RTS-96 SYSTEM

Bus No. 120 207 216 222

Wind Power
(MW)

Minimum 0 0 0 0
Mean 214.01 475.03 158.69 475.27

Maximum 400 900 300 900

TABLE IV
THREE AREA-CONNECTING LINES DATA OF MODIFIED TWO-AREA

RTS-96 SYSTEM

Tie Lines
No. n0

ij From Bus To Bus Cost
(104$)

1 1 107 203 42
2 0 113 215 104
3 0 123 217 102

Results in Table V show the compromises that satisfy ro-
bustness while imposing few additional network construction
costs when compared to TNEP-1. These results are more ac-
commodating in dealing with uncertainties and offer decision
makers a rich set of information.

Similarly, we conclude that the proposed TNEP can provide
more compromising results with both higher robustness and
lower cost for uncertainty considerations in power systems.
The computation time of the proposed TNEP model and static
TNEP is 89 m and 60 m on average, respectively, which
indicates that with acceptable extra time consumption, we can
obtain a more applicable planning scheme in large systems.

TABLE V
RESULTS OF MODIFIED TWO-AREA RTS-96 SYSTEM

Case Cost
(104$)

λ

(%)Method Γr Γd

TNEP-1 – –
834 88.43
834 88.42

TNEP-2 – – 529 13.35
TNEP-3 – – 372 24.85

Prposed TNEP
with uncertainties

1.3 0.15 898 95.77
1.1 0.29 890 97.71
1.1 0.09 860 99.04
1.0 0.14 868 92.89

VI. CONCLUSION

The paper has proposed a novel method to tackle the TNEP
taking into account uncertainties of both loads and renewable
generations. The challenge lies in the approach to handle
these uncertainties. By limiting uncertain parameters within
intervals, robust linear optimization is applied and provides a
means to convert the uncertainty problem into a deterministic
one. The number of decision variables and constraints for the
equivalent deterministic optimization are the same as those
of the traditional static TNEP. And the utilization of PDFs is
avoided in eliminating the uncertainties in an optimization. All
these observations highlight the superiority of RLO in dealing
with uncertainties without increasing the computational com-
plexity.

The proposed TNEP method has been evaluated in two
test systems and demonstrated to be practical. Results have
proved that the robustness of planning schemes is correctly
verified by the Monte Carlo method. The results also indicate
that a strengthened network would possess a better robustness
against uncertainty but it may require more investments. Fur-
thermore, the compromise between the accommodation with
uncertainties and the expansion cost, which is realized by
selecting a range of uncertainty budgets, can offer flexible
choices for power system planners and decision makers to
determine a final TNEP based on their preferences.
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