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Abstract—The increased deployment of distributed generation
calls for the coordination and interaction between the trans-
mission and distribution levels. This requirement is particularly
relevant for planning purposes when renewable-based generation
is involved. Unfortunately, in current industry practice, trans-
mission and distribution network planners solve their problems
independent of each other, thereby leading to suboptimal solu-
tions. Within this context, this paper addresses the integrated
expansion planning problem of transmission and distribution
systems where investments in network and generation assets
are jointly considered. Several alternatives are available for the
installation of lines as well as conventional and renewable-based
generators at both system levels. Thus, the optimal expansion
plan identifies the best alternative for the candidate assets under
the uncertainty associated with demand and renewable-based
power production. The proposed model is an instance of stochas-
tic programming wherein uncertainty is characterized through
a set of scenarios that explicitly capture the correlation between
the uncertain parameters. The resulting stochastic program is
driven by the minimization of the expected total cost, which
comprises the costs related to investment decisions and system
operation. The associated scenario-based deterministic equivalent
is formulated as a mixed-integer linear program for which finite
convergence to optimality is guaranteed. Numerical results show
the effective performance of the proposed approach.

Index Terms—Distributed generation, integrated transmission
and distribution planning, network and generation investment
decisions, stochastic programming, uncertainty.

NOMENCLATURE

The main notation used in the paper is defined in this
section. Superscripts “T” and “D” are used to denote the
correspondence of sets, parameters, and variables to the
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transmission and distribution levels, respectively. Additional
symbols related to the scenario-generation procedure are
defined in Section II.

Indices
a Index for distribution systems.
b Index for time blocks.
d Index for demands.
g Index for generators.
l Index for lines.
n Index for nodes.
p Index for generator types.
s Index for short-term uncertainty scenarios.
ω Index for long-term uncertainty scenarios.
Sets
A Index set of distribution systems.
B Index set of time blocks.
DD,DT Index sets of demands.
DD

n ,DT
n Index sets of demands connected to node n.

GD
p ,GT

p Index sets of existing generators.

GD+
p ,GT+

p Index sets of candidate generators.

GD
pn,GT

pn Index sets of existing generators connected
to node n.

GD+
pn ,GT+

pn Index sets of candidate generators con-
nected to node n.

LD,LT Index sets of existing lines.
LD+,LT+ Index sets of candidate lines.
ND, ND+

a , Index sets of distribution, new distribution,
N T , N∞ transmission, and interface nodes, respec-

tively, where ND+
a ⊂ ND and N∞ ⊂

N T .
PD,PT Sets of generator types. PD = {CD, WD}

and PT = {CT , WT}, where C and W
stand for conventional and renewable-based
power generation, respectively.

Sb Index set of short-term uncertainty scenar-
ios for time block b.

� Index set of long-term uncertainty
scenarios.

Parameters
fr(l), to(l) Sending and receiving nodes.
IC Annualized investment budget.
ICG,D

gp , ICG,T
gp Annualized investment cost coefficients for

generators.
ICL,D

l , ICL,T
l Annualized investment cost coefficients for

lines.
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MD, MT Sufficiently large positive constants.
OCG,D

gp , OCG,T
gp Production cost coefficients for generators.

OCU,D
d , OCU,T

d Load-shedding cost coefficients.

PD,D
d , PD,T

d Peak consumption levels.

P
G,T
gp , S

G,D
gp Power capacities of generators.

P
L,T
l , S

L,D
l Line power flow capacities.

RD
l Distribution line resistance.

VD, V
D

Lower and upper limits for distribution
nodal voltages.

XD
l , XT

l Line reactances.

X
G,D
gp , X

G,T
gp Upper bounds for installed generation.

�bs Number of hours for short-term uncertainty
scenario s at time block b.

μL
nbs, μW

nbs Average factors for demand and renewable-
based power production.

μLG
ω Demand growth factor.

πω Probability of occurrence of long-term
uncertainty scenario ω.

ρnb Nodal power factor.
Variables
cT Expected total cost.
cI,D, cI,T Annualized investment costs.
cO,D, cO,T Expected operating costs.
pG,D

gpbsω, pG,T
gpbsω Active power outputs of generators.

pL,D
lbsω, pL,T

lbsω Active power flows across lines.

pU,D
dbsω, pU,T

dbsω Levels of load shedding.

qG,D
gpbsω, qL,D

lbsω Generation levels and line flows of reactive
power.

vnbsω, δnbsω Squared magnitude and phase angle of
nodal voltages.

xG,D
gp , xG,T

gp Investment variables for generators.

xL,D
l , xL,T

l Binary investment variables for lines.

I. INTRODUCTION

TRADITIONALLY, demand has been supplied by large-
scale generating units connected to the transmission level,

thereby allowing distribution systems to be passively operated.
Therefore, transmission and distribution systems have been
conventionally operated and planned in a separate way [1]–[3].
A relevant example of such industry practice can be found
in Spain, where the set of input data for the transmission
network planner includes the investment decisions previously
made by the distribution network planners [4], [5]. However,
the increasing penetration of distributed energy resources, e.g.,
distributed generation (DG), in worldwide distribution systems
has triggered the need for the coordination and interaction
between the transmission and distribution levels [6]. According
to ENTSO-E [7], in a planning setting, such interactions
require integrated approaches that recognize the growing inter-
dependence of transmission and distribution networks. Thus,
planning approaches should jointly consider both system lev-
els to find the most effective and efficient network solution
and generation deployment. This requirement is particularly
relevant when renewable-based generation is involved [7].

The integrated operation of transmission and distribution
systems has been addressed in [8]–[15], among others. These
works proposed several coordination schemes where trans-
mission and distribution system operators play different roles.
However, to the best of our knowledge, little attention has been
paid so far to the joint consideration of transmission and distri-
bution systems within a planning context. Relevant exceptions
are [16], focused on distribution network planning, [17],
devoted to transmission network planning, and [18]–[21],
adopting an integrated planning framework.

In [16], the coordinated expansion planning of several
distribution systems was addressed while considering trans-
mission system operation. In [17], a transmission network
expansion planning model considering the operation of distri-
bution systems was proposed. Note, however, that integrated
planning decisions for both system levels were disregarded
in [16] and [17].

In [18], the simultaneous expansion planning of transmis-
sion and distribution networks was addressed by a determin-
istic model and a genetic algorithm.

In [19], a scenario-based stochastic programming frame-
work was proposed to make network investment decisions
under demand uncertainty. The planning problem was solved
through a decentralized optimization algorithm based on the
analytical target cascading.

In [20], network and storage investment decisions were con-
sidered at both voltage levels under two scenarios for future
generation capacity. To that end, a simulation-based algorithm
relying on several heuristic approaches was applied.

In [21], a hybrid robust and stochastic expansion planning
model was presented. Investment decisions for network and
conventional generation assets were considered. In addition, the
fleet of existing generators comprised conventional units and a
single wind power plant at the transmission level. The uncer-
tainty in wind power production at the transmission level was
incorporated through a robust optimization setting whereas the
uncertainty in demand at the distribution level was characterized
through a scenario-based stochastic programming framework.
The resulting problem was solved by using a modified version
of the decentralized method presented in [19].

Unfortunately, investment decisions on conventional gener-
ators at both system levels were ignored in [17]–[20] whereas,
in [16], investments in generators were solely considered at the
distribution level. Moreover, investments in renewable-based
generators at both system levels were disregarded in [16]–[21].
It is also worth noting that existing renewable-based genera-
tion at both system levels was neglected in [16], [18], [19]
and scarcely modeled for the transmission level in [21]. In
addition, the long-term uncertainty associated with demand
growth was disregarded at both system levels in [16]–[21].
Furthermore, the short-term uncertainty related to the vari-
ability of demand was neglected at both system levels in [16]
and [18] and only accounted for at the distribution level
in [21]. Analogously, the short-term uncertainty due to the
variability of renewable-based generation was ignored at both
system levels in [16], [18], [19] and only considered at
the transmission level in [21]. Note also that an insufficient
number of scenarios were used for the uncertain parameters
that were modeled in [17], [19], [21].
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TABLE I
COMPARISON OF PLANNING MODELS JOINTLY CONSIDERING TRANSMISSION AND DISTRIBUTION SYSTEMS

Motivated by the shortcomings of [16]–[21], in this paper,
we propose a novel scenario-based approach relying on
stochastic programming [22] for the integrated expansion
planning of transmission and distribution systems under
uncertainty. The proposed integrated model adopts a coor-
dination scheme whereby a centralized planner is respon-
sible for system-wide investment decisions at both the
transmission and distribution levels, as is the case in
Northern and Southern China. Such a coordination scheme
is analogous to the Transmission-System-Operator-managed
category described in [15] for operation. It should be
noted that the proposed approach substantially departs from
state-of-the-art works [16]–[21] from both the modeling
and methodological perspectives. Unlike [16]–[21], invest-
ment decisions comprise the installation of both lines and
generators, including conventional and renewable-based units,
at both system levels. Moreover, as another salient feature
over [16], [18], [19], [21], existing generation also comprises
conventional and renewable-based generators at both system
levels. In contrast to [16], [18], [19], [21], the short-term
uncertainty related to the variability of demand and renewable-
based power production is accounted for at both system levels
by a suitable set of scenarios that are generated using historical
data and the technique described in [23]. Thus, the correla-
tion between the sources of short-term uncertainty is properly
captured. In addition, the long-term uncertainty related to
demand growth neglected in [16]–[21] is also accounted for
in the proposed approach. As for network effects, a dc load
flow model is used to characterize the transmission network
whereas, different from [16]–[21], a linearized ac model is
used for the distribution network. As a consequence, the result-
ing scenario-based deterministic equivalent is formulated as a
mixed-integer linear program driven by the minimization of
the expected investment and operating costs. The relevance of
this distinctive methodological aspect with respect to [16]–[21]
is twofold. It is worth emphasizing that, based on the avail-
ability of both feasible and relaxed solutions setting bounds
for the optimal value of the objective function, existing tech-
niques for mixed-integer linear programming guarantee finite
convergence to the optimum while providing a measure of
the distance to optimality along the solution process [24].
For a proof of finite convergence to optimality, the interested
reader is referred to [24, Proposition 2.1]. Additionally, effec-
tive, albeit case-dependent, off-the-shelf software based on the

branch-and-cut algorithm is readily available [25], which is
advantageous for practical implementation purposes.

Thus, compared to previous closely related works [16]–[21],
the main modeling and methodological novelties of the
proposed approach are 1) the characterization of the long-term
uncertainty in transmission and distribution demand growth,
2) the consideration of an extended set of candidate assets
that includes renewable-based generators at both the trans-
mission and distribution levels, 3) the use of a linearized
ac model for the distribution network, and 4) the application
of mixed-integer linear programming under a scenario-based
stochastic programming framework. Table I summarizes the
above-described differences between this work and the state of
the art [16]–[21]. In this table, “T&D” stands for transmission
and distribution, whereas symbols “✓” and “✕” respectively
indicate whether a particular aspect is considered or not.

Within the context of integrated transmission and distribu-
tion system planning, the main contributions of this paper are
as follows:

1) For the first time in the literature, investment decisions
on conventional generation, renewable-based genera-
tion, and network assets at both the transmission and
distribution levels are co-optimized.

2) The long-term uncertainty associated with demand
growth and the short-term uncertainty related to the
variability of demand and renewable-based generation
are jointly considered under a scenario-based stochastic
programming framework.

3) A study of the benefits of the proposed model is
presented for several cases. This study demonstrates
the effective performance of the proposed approach and
the impact of uncertainty and distributed generation on
investment decisions, while providing insight into the
economic gain over a practical sequential approach.

The use of the integrated approach presented here
overcomes the weaknesses associated with the functional
decoupling of transmission and distribution network planning
currently implemented in industry practice, which may lead
to economic losses, reduced reliability, and a suboptimal use
of resources. As a result, the various stakeholders, regula-
tors, and practitioners are provided with the globally optimal
investment decisions, from a system-wide perspective, under
the long-term uncertainty in demand growth and the short-
term uncertainty associated with demand and renewable-based
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generation. From a practical viewpoint, the proposed approach
may be useful to system planners and regulators in two
respects. First, alternative strategies for the coordination and
interaction between transmission and distribution investments
could be assessed using the resulting integrated expansion
plan as a benchmark. In addition, the integrated expansion
plan may provide relevant information to determine suit-
able investments that would require appropriate incentives for
investors for their eventual installation. Note that the design
of such incentive mechanisms is beyond the scope of this
paper.

The rest of this paper is organized as follows. In Section II,
uncertainty modeling is characterized. Section III presents the
formulation for the proposed stochastic programming problem.
Numerical results are analyzed and discussed in Section IV.
Finally, some relevant conclusions are drawn in Section V.

II. UNCERTAINTY MODELING

Within an expansion planning context, the characterization
of both long- and short-term uncertainty sources is essential
particularly in the current transition toward a decarbonized
framework relying on highly variable renewable-based genera-
tion. Here, we model the long-term uncertainty associated with
demand growth as well as the short-term uncertainty associated
with demand and renewable-based generation.

For the long-term uncertainty, we propose the use of scenar-
ios representing demand growth forecasts [26]. Each long-term
scenario ω is associated with a demand growth factor μLG

ω and
its corresponding probability of occurrence πω.

For the short-term uncertainty, we propose the use of his-
torical data, namely hourly observations, to generate a set
of scenarios capturing the correlation of uncertain demand
and renewable-based power generation at each node of both
system levels. First, these data are expressed as per-unit fac-
tors by dividing them by the corresponding maximum level
(peak demand and maximum value of renewable-based power
generation). Hence, each set of factors represents the per-unit
demand and renewable-based power production profile at each
node. Subsequently, with the purpose of better characterizing
the different operating conditions, the set of per-unit historical
observations is divided into NB time blocks, e.g., according to
the seasons of the year. Finally, the k-means++ algorithm [23]
is applied to the set of observations of each time block, thereby
obtaining a pre-specified number of scenarios.

The k-means++ clustering technique combines the con-
ventional k-means method with a randomized initialization
technique that improves speed and accuracy. In essence,
k-means++ is an iterative algorithm aiming to reduce the ini-
tial data set composed of multiple observations by grouping
them into a pre-specified number of clusters, representing the
scenarios.

The step-by-step application of the k-means++ cluster-
ing technique to each time block b is described below
using the following notation. Observations are indexed by
o and Ob is the index set of observations for time block
b {φL

nbo, φ
W
nbo}∀n∈(N T∪ND), where φL

nbo and φW
nbo respectively

denote the demand factor and the renewable-based power pro-
duction factor at node n, time block b, and observation o.
In addition, K is the pre-specifed number of clusters, which
are indexed by k, OC

bk denotes the index set of observations
grouped in cluster k for time block b, cbk represents the
centroid of cluster k for time block b, and dbo is the short-
est distance between observation o and the closest centroid
for time block b. Based on [23], the k-means++ algorithm
comprises the following steps:

Step 1) Set k equal to 1 and the initial centroid, cb1 =
{μL

nb1, μ
W
nb1}∀n∈(N T∪ND), to be equal to the value of the oth

observation {φL
nbo, φ

W
nbo}∀n∈(N T∪ND), with o randomly picked

from Ob assuming that all observations are equiprobable.
Step 2) Set k ← k + 1 and the next centroid k, cbk =
{μL

nbk, μ
W
nbk}∀n∈(N T∪ND), to be equal to the value of the oth

observation {φL
nbo, φ

W
nbo}∀n∈(N T∪ND), with o randomly picked

from Ob considering that the probability for each observation

o is equal to
d2

bo∑
o′∈Ob

d2
bo′

.

Step 3) Repeat Step 2 until K centroids are identified.
Step 4) Assign observations {φL

nbo, φ
W
nbo}∀n∈(N T∪ND),∀o∈Ob

to the corresponding closest centroid cbk, thereby giving rise
to K clusters.

Step 5) For each cluster k, compute a new centroid as
cbk = {μL

nbk, μ
W
nbk}∀n∈(N T∪ND) using the average values of

the factors for demand and renewable-based generation of the
observations within the cluster, i.e., μL

nbk = 1
|OC

bk|
∑

o∈OC
bk

φL
nbo

and μW
nbk = 1

|OC
bk|

∑
o∈OC

bk
φW

nbo, ∀n ∈ (N T ∪ND).

Step 6) Repeat Steps 4 and 5 until the centroids no longer
change.

For each time block b, each cluster k yields a short-term
uncertainty scenario s, which is represented by the value of the
corresponding centroid {μL

nbs, μ
W
nbs}∀n∈(N T∪ND) and the num-

ber of hours associated with the observations grouped by the
corresponding cluster, �bs.

III. STOCHASTIC PROGRAMMING MODEL

The co-optimized expansion planning model under
uncertainty is formulated as an instance of stochastic
programming [22]. As is customary in power system
planning [27], [28], a static approach focusing on a single
target year is adopted. In addition, nodal uncertainty is
characterized by a set of scenarios, which are generated as
described in Section II.

Under the proposed integrated framework, the entity respon-
sible for system-wide planning decisions has access to all data,
which is consistent with industry practice [4], [5]. Note that
the correspondence of both existing and candidate assets to
each distribution network is modeled by the related index sets,
which are known as done in the extensive body of literature
on distribution network planning [3] and the recent references
on expansion planning jointly considering transmission and
distribution systems [16]–[21].

Moreover, network effects are characterized by two approx-
imate models. For the transmission network, the widely used
dc load flow [29] is adopted. For the distribution level, a
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linearized ac load flow [30], [31] is used. For the sake of sim-
plicity, losses are neglected at both levels. As compared with
more accurate approximations such as that based on second-
order cone programming (SOCP) [32], [33], the use of the
proposed simpler power flow model for the distribution level
allows leveraging efficient off-the-shelf software for mixed-
integer linear programming [25], yet bringing out the main
features of reactive power. Within the proposed scenario-based
integrated approach involving several distribution systems,
the consideration of an approximate SOCP-based power flow
model would require the convexification of as many power
flows as the number of scenarios times the number of dis-
tribution systems. Thus, even for moderately sized systems,
the resulting mixed-integer quadratically-constrained program
would be computationally challenging and would likely lead
to intractability for state-of-the-art SOCP solution algorithms
and current computing capabilities. Finally, the radial topology
of the distribution network is explicitly imposed. According
to [22], the stochastic programming model can be mathemati-
cally formulated as a scenario-based deterministic equivalent,
as described next.

We recognize that the application of the model presented in
this paper leads to results that may be optimistic. Therefore,
a complete study would require the consideration of 1) more
sophisticated operational models, and 2) alternative coordina-
tion schemes characterizing other types of interaction between
the different agents involved while also preserving information
confidentiality. These limitations notwithstanding, the use of
our model is interesting for integrated transmission and dis-
tribution planning purposes and provides stakeholders with
valuable information about the most economically efficient
investment plan.

A. Objective Function and Cost-Related Terms

The goal of the proposed model is the minimization of the
expected total cost, which is formulated as follows:

cT = cI,T + cO,T + cI,D + cO,D. (1)

The expected total cost in (1) comprises the annualized
investment costs and the expected operating costs for both
the transmission and distribution levels. Such cost terms are
formulated as follows:

cI,T =
∑

p∈PT

∑

g∈GT+
p

ICG,T
gp xG,T

gp +
∑

l∈LT+
ICL,T

l xL,T
l (2)

cO,T =
∑

ω∈�
πω

∑

b∈B

∑

s∈Sb

�bs

⎛

⎝
∑

p∈PT

∑

g∈
(
GT

p ∪GT+
p

)
OCG,T

gp pG,T
gpbsω

+
∑

d∈DT

OCU,T
d pU,T

dbsω

⎞

⎠ (3)

cI,D =
∑

p∈PD

∑

g∈GD+
p

ICG,D
gp xG,D

gp +
∑

l∈LD+
ICL,D

l xL,D
l (4)

cO,D =
∑

ω∈�
πω

∑

b∈B

∑

s∈Sb

�bs

⎛

⎝
∑

p∈PD

∑

g∈
(
GD

p ∪GD+
p

)
OCG,D

gp pG,D
gpbsω

+
∑

d∈DD

OCU,D
d pU,D

dbsω

⎞

⎠. (5)

Expression (2) represents the annualized transmission
investment cost, which comprises two terms related to the
installation of new generators and transmission lines, respec-
tively. In (3), the expected transmission operating cost is
formulated as the sum of the expected costs of production
and load shedding. Expressions (4) and (5) are respectively
analogous to (2) and (3) for the distribution system.

B. Investment Constraints

The constraints associated with investment decisions are
formulated as:

xL,T
l ∈ {0, 1}; ∀l ∈ LT+ (6)

xL,D
l ∈ {0, 1}; ∀l ∈ LD+ (7)

xG,T
gp ≤ X

G,T
gp ; ∀g ∈ GT+

p ,∀p ∈ PT (8)

xG,D
gp ≤ X

G,D
gp ; ∀g ∈ GD+

p ,∀p ∈ PD (9)

cI,T + cI,D ≤ IC. (10)

Constraints (6) and (7) set the binary nature of the variables
modeling investments in transmission and distribution lines,
respectively. Constraints (8) and (9) impose the upper bounds
for generation investment at the transmission and distribution
levels, respectively. Finally, an annualized budgetary limit for
investments is modeled in (10).

C. Transmission System Operation

This section is devoted to the operation of transmission
system components except the nodes where a distribution
system is connected through the corresponding substation.
These nodes, hereinafter referred to as interface nodes, are
characterized in Section III-E. For the other transmission com-
ponents, the operational model comprises the following set of
constraints:

∑

p∈PT

∑

g∈
(
GT

pn∪GT+
pn

)
pG,T

gpbsω −
∑

l∈(LT∪LT+)
|fr(l)=n

pL,T
lbsω

+
∑

l∈(LT∪LT+)
|to(l)=n

pL,T
lbsω =

∑

d∈DT
n

(
μLG

ω μL
nbsP

D,T
d − pU,T

dbsω

)
;

∀n ∈ (N T\N∞)
,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (11)

pL,T
lbsω =

1

XT
l

[
δfr(l)bsω − δto(l)bsω

];
∀l ∈ LT ,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (12)

pL,T
lbsω =

xL,T
l

XT
l

[
δfr(l)bsω − δto(l)bsω

];
∀l ∈ LT+,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (13)

δnbsω = 0; ∀n : ref.,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (14)



4118 IEEE TRANSACTIONS ON SMART GRID, VOL. 12, NO. 5, SEPTEMBER 2021

− P
L,T
l ≤ pL,T

lbsω ≤ P
L,T
l ; ∀l ∈ LT ,∀b ∈ B

∀s ∈ Sb,∀ω ∈ � (15)

− P
L,T
l xL,T

l ≤ pL,T
lbsω ≤ P

L,T
l xL,T

l ;
∀l ∈ LT+,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (16)

0 ≤ pG,T
gpbsω ≤ P

G,T
gp ;

∀g ∈ GT
p ,∀p ∈ CT ,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (17)

0 ≤ pG,T
gpbsω ≤ xG,T

gp ;
∀g ∈ GT+

p ,∀p ∈ CT ,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (18)

0 ≤ pG,T
gpbsω ≤ μW

nbsP
G,T
gp ;

∀n ∈ N T ,∀g ∈ GT
pn,∀p ∈ WT ,∀b ∈ B,

∀s ∈ Sb,∀ω ∈ � (19)

0 ≤ pG,T
gpbsω ≤ μW

nbsx
G,T
gp ;

∀n ∈ N T ,∀g ∈ GT+
pn ,∀p ∈ WT ,∀b ∈ B,

∀s ∈ Sb,∀ω ∈ � (20)

0 ≤ pU,T
dbsω ≤ μLG

ω μL
nbsP

D,T
d ;

∀n ∈ N T ,∀d ∈ DT
n ,∀b ∈ B,∀s ∈ Sb,∀ω ∈ �. (21)

The effect of the transmission network is characterized
in (11)–(13) by a linearized dc network model commonly used
in transmission network planning. Expressions (11) model the
power balances for all transmission nodes excluding interface
nodes. Power flows across existing and candidate transmis-
sion lines are formulated in (12) and (13), respectively. Note
that expressions (13) include nonlinearities related to bilinear
terms involving the products of continuous and binary decision
variables that can be linearized as described in Section III-F.
The voltage angles at the reference node are set in (14).
Constraints (15)–(20) impose the upper and lower bounds on
flows and injections for the existing and candidate assets in
the transmission system, namely lines as well as conventional
and renewable-based generators. Finally, nodal load shedding
is bounded in (21).

D. Distribution System Operation

Distribution system operation is formulated as follows:

∑

p∈PD

∑

g∈
(
GD

pn∪GD+
pn

)
pG,D

gpbsω −
∑

l∈(LD∪LD+)
|fr(l)=n

pL,D
lbsω

+
∑

l∈(LD∪LD+)
|to(l)=n

pL,D
lbsω =

∑

d∈DD
n

(
μLG

ω μL
nbsP

D,D
d − pU,D

dbsω

)
;

∀n ∈ ND,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (22)
∑

p∈PD

∑

g∈
(
GD

pn∪GD+
pn

)
qG,D

gpbsω −
∑

l∈(LD∪LD+)
|fr(l)=n

qL,D
lbsω

+
∑

l∈(LD∪LD+)
|to(l)=n

qL,D
lbsω

= tan−1(ρnb)
∑

d∈DD
n

(
μLG

ω μL
nbsP

D,D
d − pU,D

dbsω

)
;

∀n ∈ ND,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (23)

vto(l)bsω − vfr(l)bsω + 2
(

RD
l pL,D

lbsω + XD
l qL,D

lbsω

)
= 0;

∀l ∈ LD,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (24)

xL,D
l

[
vto(l)bsω − vfr(l)bsω + 2

(
RD

l pL,D
lbsω + XD

l qL,D
lbsω

)]
= 0;

∀l ∈ LD+,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (25)
(
VD)2 ≤ vnbsω ≤

(
V

D
)2;

∀n ∈ ND,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (26)

− S
L,D
l ≤ pL,D

lbsω ≤ S
L,D
l ; ∀l ∈ LD,

∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (27)

− S
L,D
l ≤ qL,D

lbsω ≤ S
L,D
l ; ∀l ∈ LD,

∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (28)

− S
L,D
l xL,D

l ≤ pL,D
lbsω ≤ S

L,D
l xL,D

l ;
∀l ∈ LD+,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (29)

− S
L,D
l xL,D

l ≤ qL,D
lbsω ≤ S

L,D
l xL,D

l ;
∀l ∈ LD+,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (30)

0 ≤ pG,D
gpbsω ≤ S

G,D
gp ;

∀g ∈ GD
p ,∀p ∈ CD,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (31)

− S
G,D
gp ≤ qG,D

gpbsω ≤ S
G,D
gp ;

∀g ∈ GD
p ,∀p ∈ CD,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (32)

0 ≤ pG,D
gpbsω ≤ xG,D

gp ;
∀g ∈ GD+

p ,∀p ∈ CD,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (33)

− xG,D
gp ≤ qG,D

gpbsω ≤ xG,D
gp ;

∀g ∈ GD+
p ,∀p ∈ CD,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (34)

0 ≤ pG,D
gpbsω ≤ μW

nbsS
G,D
gp ; ∀n ∈ ND,∀g ∈ GD

pn,

∀p ∈ WD,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (35)

− μW
nbsS

G,D
gp ≤ qG,D

gpbsω ≤ μW
nbsS

G,D
gp ; ∀n ∈ ND,∀g ∈ GD

pn,

∀p ∈ WD,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (36)

0 ≤ pG,D
gpbsω ≤ μW

nbsx
G,D
gp ; ∀n ∈ ND,∀g ∈ GD+

pn ,

∀p ∈ WD,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (37)

− μW
nbsx

G,D
gp ≤ qG,D

gpbsω ≤ μW
nbsx

G,D
gp ; ∀n ∈ ND,∀g ∈ GD+

pn ,

∀p ∈ WD,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (38)

0 ≤ pU,D
dbsω ≤ μLG

ω μL
nbsP

D,D
d ;

∀n ∈ ND,∀d ∈ DD
n ,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (39)

∑

n∈ND+
a

∑

l∈LD+
|(fr(l)=n∨to(l)=n)

xL,D
l = card(ND+

a ); ∀a ∈ A. (40)

Constraints (22)–(25) represent a linearized ac network
model that is suitable for radial distribution networks [30].
Active and reactive power balances at distribution nodes
are modeled in (22) and (23), respectively. Constraints (24)
and (25) relate nodal voltages to the active and reactive power
flows across existing and candidate distribution lines, respec-
tively. Similar to (13), constraints (25) feature nonlinearities,
for which a linear equivalent is provided in Section III-F. In
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addition, constraints (26) limit voltage magnitudes for distribu-
tion nodes. Constraints (27)–(39) impose the upper and lower
bounds on active and reactive power flows and injections for
the existing and candidate assets in the distribution system,
namely lines as well as conventional and renewable-based
generators. Based on [31] and [33], expressions (27)–(38)
represent linear approximations of the apparent power limits
coupling active and reactive power flows and injections. Note
that, as done in [31] and [33], both active and reactive power
flows across distribution lines are limited by their maximum
levels of apparent power flow in (27)–(30). Analogously, as an
extension of the model used for distribution lines, the active
and reactive power outputs of distributed generators are also
bounded by their corresponding maximum levels of apparent
power production, as modeled in (31)–(38). Expressions (39)
bound load shedding. Finally, expressions (40) preserve the
radial topology for every expanded distribution network. This
result, which is a consequence of the cost minimization driv-
ing the optimization process, relies on the practical assumption
that, at new disconnected load nodes, local generation is
insufficient to supply the corresponding nodal demand.

E. Interface Node Operation

The operation of interface nodes is modeled by the follow-
ing constraints:

∑

p∈PT

∑

g∈
(
GT

pn∪GT+
pn

)
pG,T

gpbsω −
∑

l∈(LT∪LT+)
|fr(l)=n

pL,T
lbsω

+
∑

l∈(LT∪LT+)
|to(l)=n

pL,T
lbsω −

∑

l∈(LD∪LD+)
|fr(l)=n

pL,D
lbsω

+
∑

l∈(LD∪LD+)
|to(l)=n

pL,D
lbsω

=
∑

d∈DT
n

(
μLG

ω μL
nbsP

D,T
d − pU,T

dbsω

)
;

∀n ∈ N∞,∀b ∈ B,∀s ∈ Sb,∀ω ∈ � (41)

vnbsω = 1; ∀n ∈ N∞,∀b ∈ B,∀s ∈ Sb,∀ω ∈ �. (42)

Constraints (41) correspond to the power balance equations
at those nodes connecting the transmission and distribution
levels. As can be observed, power flows across both trans-
mission and distribution lines are accounted for in (41),
thereby explicitly modeling the connection between both
levels. Finally, according to the assumptions made for the lin-
earized dc network model used for the transmission system,
constraints (42) set the voltage magnitude at interface nodes
equal to 1.

F. Mixed-Integer Linear Formulation

The proposed stochastic model is a mixed-integer nonlinear
program that can be recast as an instance of mixed-integer
linear programming by replacing nonlinear expressions (13)

and (25) with linear terms. Using the disjunctive-constraint-
based transformation described in [29], nonlinear expres-
sions (13) and (25) have the following linear equivalents:

− MT
(

1− xL,T
l

)
≤ pL,T

lbsω −
1

XT
l

[
δfr(l)bsω − δto(l)bsω

]

≤ MT
(

1− xL,T
l

)
; ∀l ∈ LT+,∀b ∈ B,∀s ∈ Sb,∀ω ∈ �

(43)

− MD
(

1− xL,D
l

)

≤ vto(l)bsω − vfr(l)bsω + 2
(

RD
l pL,D

lbsω + XD
l qL,D

lbsω

)

≤ MD
(

1− xL,D
l

)
; ∀l ∈ LD+,∀b ∈ B,∀s ∈ Sb,∀ω ∈ �.

(44)

If xL,T
l is equal to 1, the corresponding constraint (43)

becomes 0 ≤ pL,T
lbsω− 1

XT
l

[δfr(l)bsω−δto(l)bsω] ≤ 0, which is iden-

tical to the condition pL,T
lbsω = 1

XT
l

[δfr(l)bsω − δto(l)bsω] resulting

from (13). Conversely, if xL,T
l is equal to 0, the corresponding

constraint (43) yields −MT ≤ pL,T
lbsω− 1

XT
l

[δfr(l)bsω−δto(l)bsω] ≤
MT , i.e., |δfr(l)bsω − δto(l)bsω| ≤ MT , since pL,T

lbsω is equal to
0 as per (16). Thus, for a sufficiently large positive value
for parameter MT , no relation between nodal phase angles
δfr(l)bsω and δto(l)bsω is imposed, as modeled in (13) for xL,T

l
equal to 0. Analogously, if xL,D

l is equal to 1, the corre-
sponding constraint (44) becomes 0 ≤ vto(l)bsω − vfr(l)bsω +
2(RD

l pL,D
lbsω + XD

l qL,D
lbsω) ≤ 0, which is identical to the condi-

tion vto(l)bsω − vfr(l)bsω + 2(RD
l pL,D

lbsω + XD
l qL,D

lbsω) = 0 resulting
from (25). Conversely, if xL,D

l is equal to 0, the corresponding
constraint (44) yields −MD ≤ vto(l)bsω − vfr(l)bsω ≤ MD, i.e.,
|vto(l)bsω − vfr(l)bsω| ≤ MD, since pL,D

lbsω and qL,D
lbsω are equal to

0 as per (29) and (30), respectively. Thus, for a sufficiently
large positive value for parameter MD, no relation between
nodal voltage magnitudes vfr(l)bsω and vto(l)bsω is imposed, as
modeled in (25) for xL,D

l equal to 0.
For the sake of completeness, the resulting mixed-integer

linear program is formulated as:

Minimize
cT ,cI,D,cI,T ,cO,D,cO,T ,pG,D

gpbsω,

pG,T
gpbsω,pL,D

lbsω,pL,T
lbsω,pU,D

dbsω,pU,T
dbsω,qG,D

gpbsω,

qL,D
lbsω,vnbsω,δnbsω,xG,D

gp ,xG,T
gp ,xL,D

l ,xL,T
l

cT (45)

subject to:

Constraints (1)–(12), (14)–(24), and (26)–(44). (46)

The proposed instance of mixed-integer linear programming
is suitable for off-the-shelf software based on the state-of-the-
art branch-and-cut algorithm [25].

IV. RESULTS

This section presents and discusses results from two case
studies. For proof-of-concept purposes, a 36-node test system
is first analyzed. The scalability of the proposed approach is
subsequently validated with a larger case study comprising
334 nodes.
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The long-term uncertainty associated with demand growth
and the short-term uncertainty related to the variability of
demand and renewable-based generation are jointly considered
in both case studies. Based on forecasts, three equiproba-
ble realizations for demand growth are accounted for. The
characterization of both short-term uncertainty sources relies
on historical data. Each transmission node is subject to dif-
ferent demand and wind power profiles. For the sake of
simplicity, it is assumed that each distribution node is sub-
ject to the same demand and wind power profiles as the
interface transmission node where the corresponding distri-
bution system is connected. Moreover, four seasonal time
blocks are considered with durations equal to 2160 h/year,
2208 h/year, 2232 h/year, and 2160 h/year, respectively. For
each time block, 35 different conditions of demand and wind
power production are accounted for according to the proce-
dure described in Section II. As a result, 420 scenarios (3
long-term uncertainty scenarios, 4 time blocks, and 35 short-
term uncertainty scenarios per time block) are analyzed for
the target year, which is consistent with industry practice
in Spain [5]. Detailed information on the characterization of
uncertain demand growth, nodal demands, and wind power
generation is provided in [34].

For both case studies, existing generation assets only com-
prise conventional generating units whereas the fleet of can-
didate generators only includes wind-based generating units.
According to (42), voltages at interface nodes, where sub-
stations are located, are set to 1.00 p.u., whereas upper and
lower bounds for voltages at distribution nodes are equal to
1.05 p.u. and 0.95 p.u., respectively. The load-shedding cost
coefficients, OCU,T

d and OCU,D
d , are based on those provided

in [35]. Note that the solutions reported hereinafter remain
unaltered for larger values of these coefficients. For the sake
of reproducibility, system data and results for both case studies
are also available in [34].

In order to assess the impact of DG on the expansion plan-
ning of the overall system, both case studies are first solved
disregarding existing and candidate DG units. Subsequently,
existing DG units are considered and investment in DG is
allowed. For computational purposes, the simulations for the
mixed-integer linear models with DG have been initialized with
the optimal solution for the corresponding model with no DG.

Additionally, for both case studies, results from the
proposed integrated approach have been assessed with those
provided by a sequential implementation based on indus-
try practice in Spain [4], [5]. First, the expansion planning
problem for each distribution system is solved for a given
investment budget. The required values for the energy supplied
by substations are based on those used in [36]. Subsequently,
the transmission expansion planning problem is solved for a
pre-specified transmission investment budget. For the sake of
a fair assessment, the resulting investment plans have been
compared with those from the proposed integrated approach
for an overall investment budget equal to the sum of the distri-
bution and transmission investment budgets considered in the
separate models.

Finally, the suitability of the linearized ac distribution
network model has been examined by implementing a modi-
fied version of the proposed planning model wherein the effect

of the distribution network is characterized by the formulation
presented in [33], which is based on second-order cone pro-
gramming. This modified version is also used to compute more
accurate values of the total expected costs for the solutions
provided by the proposed approach. To that end, the resulting
second-order cone program is solved with expansion decisions
fixed to those featured by such solutions.

Simulations have been run on a Dell PowerEdge R920X64
with four Intel Xeon E7-4820 processors at 2.00 GHz and 768
GB of RAM using GAMS 29.1 [37]. The instances of mixed-
integer linear programming were solved to optimality by the
branch-and-cut algorithm implemented in CPLEX 12.9 [25],
i.e., the optimality gap was set to 0%. Note that using larger
optimality gaps may yield significant computational savings.
The alternative instances of second-order cone programming
were solved using Gurobi 9.0 [38], which, according to [13],
computationally outperforms CPLEX for this kind of prob-
lems. The execution of Gurobi was stopped when either the
optimal solution was found or a time limit of one week was
reached.

A. Illustrative Example

Fig. 1(a) depicts the one-line diagram of the test system,
which is composed of a transmission system based on that
described in [39] and two distribution systems. The transmis-
sion system comprises 6 nodes, represented by long bars, and
14 lines, indicated by thick lines. Both distribution systems are
topologically identical and each comprises 15 nodes, depicted
as short bars, and 23 lines, denoted by thin lines. Such dis-
tribution systems are connected to interface nodes 4 and 5,
respectively. Note that transmission node 6 and distribution
nodes 48, 58, 415, and 515 are not initially connected to the
system.

Lines and generators in transmission and distribution
systems are categorized as existing and candidate. Existing
lines are represented by solid lines in Fig. 1(a) whereas candi-
date lines are drawn as dashed red lines. As shown in Fig. 1(a),
existing generators are located at nodes 1, 3, 6, 44, 54, 411,
and 511. In addition, transmission node 1 is a candidate loca-
tion for the installation of wind-based generation with an upper
limit equal to 250 MVA, which is also depicted in red, whereas
all distribution nodes are candidate locations for the installa-
tion of wind power generators with an upper limit equal to
5 MVA per node. For quick reference, additional information
on line and generation capacities is provided in Fig. 1(a). The
annualized investment budget is $25 million.

The attainment of optimality required 191.5 s for the case
without DG and 402.9 s for the case with DG. It should be
noted that, for the latter, initializing CPLEX with the optimal
solution for the case with no DG gave rise to a considerable
34.5% computational gain. Figs. 1(b) and 1(c) respectively
show the investment decisions and topologies associated with
the optimal solution for each case. Newly installed lines are
depicted in orange whereas newly installed wind power gen-
erators are represented by blue icons. As can be observed,
investment decisions in both systems significantly differ at
both the transmission and distribution levels. For the case with
DG, demand growth is partially compensated for by the instal-
lation of wind power generators at the distribution level. For
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Fig. 1. 36-node system: (a) One-line diagram, (b) Optimal integrated investment plan without DG, (c) Optimal integrated investment plan with DG, (d)
Optimal investment plan for the sequential approach with DG.

every installed wind power generator, the investment upper
bound (5 MVA) is binding except for the new units at nodes
54, 55, and 511, for which 3.0 MVA, 2.9 MVA, and 4.2 MVA
are installed, respectively. Note also that the consideration of
DG prevents the installation of a second circuit in 1) the trans-
mission corridors respectively connecting nodes 1 and 5 and
nodes 2 and 3, and 2) the distribution corridor connecting
nodes 51 and 52. Moreover, a further difference between both
solutions arises in the distribution line connecting node 515

to the system. In addition, the total installed wind power gen-
eration grows from 188.5 MVA, for the case with no DG, up
to 195.2 MVA, when DG is allowed. In other words, the con-
sideration of DG increases the penetration of renewable-based
generation by 3.55% over the case wherein DG is disregarded.

Table II lists the values of the different expected costs asso-
ciated with the optimal solutions for both cases. As can be
noted, the incorporation of DG yields a higher total genera-
tion investment cost. Moreover, for the case with no DG, the
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TABLE II
36-NODE SYSTEM–EXPECTED COSTS (106 $)

generation expansion cost is solely incurred at the transmis-
sion level whereas, for the case with DG, part of this cost is
shifted to the distribution level. The network investment costs
at both system levels are lower when DG is considered and,
therefore, the total network investment cost is reduced. Finally,
both total production and load shedding costs are also lower
for the case with DG. As a consequence, a 7.48% reduction
in the total cost is attained by the solution with DG, which
constitutes a total cost saving of $7.724 million.

Results from the application of the sequential approach to
the case with DG are presented next. Investment budgets for
the distribution systems connected to interface nodes 4 and
5 are $5 million and $8 million, respectively, whereas the
investment budget for the transmission system is $12 million.
Fig. 1(d) and Table II summarize the results for the sequential
planning. As can be observed in Fig.1(d), the investment plan
significantly differs as less distributed generation is installed
as compared to that shown in Fig. 1(c) for the proposed inte-
grated approach. Moreover, sequentially planning the systems
requires the installation of a second circuit in the distribution
corridor connecting nodes 51 and 52. The comparison of the
results reported in Table II for the case with DG reveals that
the proposed integrated approach attains a substantial 4.74%
reduction in the expected total cost over that obtained by the
sequential approach. This cost decrease mainly comes from the
15.35% reduction in the total production cost that outweighs
the 60.94% increase in the total generation investment cost.

Confidence about the effective performance of the proposed
approach can be gained by solving the case with DG while
adopting a second-order cone programming model for the dis-
tribution network. By fixing the investment plan identified
by the proposed approach in the second-order cone program-
ming model, an expected total cost equal to $99.308 million
was obtained. By contrast, for the more accurate planning
model, the optimal expected total cost amounts to $98.244
million, as identified by Gurobi after 15295.6 s. It is worth
mentioning that the proposed approach incurred a moderate
1.08% cost increase while significantly reducing the computa-
tional effort by 97.37%. Thus, this result corroborates that the

TABLE III
36-NODE SYSTEM WITH DG–RESULTS OF THE

OUT-OF-SAMPLE ASSESSMENT

use of the proposed linearized ac distribution network model
is acceptable in terms of solution quality and computational
burden.

Moreover, the convenience of using a stochastic rather than
a simpler deterministic solution approach is analyzed for the
case with DG. To that end, a widely used metric, namely the
value of the stochastic solution (VSS) [22], is calculated. For
a minimization problem, the VSS is defined as the difference
between two terms. The first term, denoted by cDP, repre-
sents the value of the objective function obtained from the
stochastic model by fixing decision variables not dependent
on scenarios to the values resulting from solving the asso-
ciated deterministic problem. Note that the solution for the
deterministic model can be obtained by solving the stochastic
model considering a single scenario for the uncertain param-
eters. The second term, denoted by cST , represents the value
of the objective function resulting from the stochastic model.
Thus, the VSS quantifies the potential gain associated with the
stochastic solution. For the problem under consideration, cDP

is equal to the value of cT obtained from solving the stochas-
tic model (45)–(46) by fixing decision variables xG,D

gp , xG,T
gp ,

xL,D
l , and xL,T

l to the values resulting from solving the deter-
ministic model. For this particular case study, cDP amounts
to $900.238 million, whereas cST corresponds to the value
of cT provided by the stochastic model (45)–(46), which, as
can be seen in Table II, is equal to $95.534 million. Thus, the
VSS amounts to $804.704 million, which represents a potential
89.39% improvement upon the deterministic solution.

In order to further analyze the performance of the deter-
ministic solution and the expansion decisions provided by the
proposed stochastic approach, an out-of-sample assessment
based on Monte Carlo simulation has been conducted for the
case with DG. To that end, for the investment plans identified
by both models, the optimal system operation has been deter-
mined for 10000 random samples of the uncertain parameters.
For the generation of samples, the demand growth factor was
characterized by a discrete function with values and proba-
bilities equal to those used in the proposed approach. Nodal
demand factors and nodal renewable-based power production
factors were each characterized by a distribution function that
was generated based on historical data using the commercial
software @RISK [40]. Table III presents the out-of-sample
results, namely the average sampled total cost and the condi-
tional value-at-risk (CVaR) of the sampled total costs under a
95% confidence level, i.e., the average total cost over the 5%
worst samples. As can be seen, the stochastic solution sub-
stantially outperformed the deterministic plan in terms of both
metrics, thereby corroborating the superiority of the proposed
approach.
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TABLE IV
36-NODE SYSTEM WITH DG–IMPACT OF THE NUMBER OF SCENARIOS

Fig. 2. 36-node system with DG: Expected value of the total cost versus
level of wind power production availability.

Additionally, the effectiveness of using 420 scenarios has
also been assessed for the case with DG. Table IV sum-
marizes the results obtained by the proposed approach for
several instances considering between 24 and 2100 scenarios.
In columns 3 and 5, εC and εT respectively denote the per-
cent cost and time differences in relation to the base instance,
which corresponds to 420 scenarios. As can be observed, for
relatively low numbers of scenarios, both the total costs and
the simulation times are lower due to the imprecise characteri-
zation of extreme scenarios (high demand and low wind power
production) and the reduced number of associated variables
and constraints, respectively. For relatively larger numbers
of scenarios, it can be seen that the total costs are slightly
higher due to a better representation of the extreme scenarios
at the expense of a significant increase in simulation times.
Therefore, it can be concluded that, unlike [17], [19], and [21]
where fewer than 40 scenarios were considered, the selected
number of scenarios is suitable for the problem under con-
sideration and gives rise to an acceptable trade-off between
accuracy and computational tractability.

Finally, in order to analyze the effect of wind power pro-
duction availability, the average factors for renewable-based
power production, μW

nbs, have been scaled between 0% and
200% of their original values. Fig. 2 shows the optimal val-
ues of the expected total cost determined by the proposed
approach for the case with DG. Note that the expected total
cost decreases as the level of wind power production avail-
ability increases, thereby backing the economic benefit of
renewable-based generation.

TABLE V
334-NODE SYSTEM–EXPECTED COSTS (106 $)

B. 334-Node Case Study

The second benchmark consists of a transmission system
based on the IEEE 118-bus system [41] and 6 topologically
identical distribution systems each based on that presented
in [42]. The transmission system comprises 118 nodes and
147 lines. The distribution systems, each including 36 nodes
and 46 lines, are connected to interface nodes 10, 21, 54, 62,
80, and 117.

For an investment budget equal to $350 million, CPLEX
required 10.65 h for the case without DG and 24.50 h for
the case with DG. For this latter instance, the aforemen-
tioned initialization procedure of CPLEX yielded a lower
albeit still significant 8.4% time reduction. Table V presents
the economic results associated with both solutions. As can
be observed, unlike in the illustrative example, the total pro-
duction cost increases when DG is allowed. However, this cost
increase is offset by the significant reductions in the total gen-
eration investment and load shedding costs. Note also that
part of the generation investment and production costs are
shifted from the transmission level to the distribution level
while reducing the network investment costs at both levels.
Overall, when DG is considered, the expected total cost is
substantially decreased by 5.09%.

The case with DG has also been solved by the sequential
approach based on industry practice. Investment budgets for
the distribution systems connected to interface nodes 10, 21,
54, 62, 80, and 117 are $0.012 million, $0.018 million, $20
million, $20 million, $24.97 million, and $20 million, respec-
tively, whereas the investment budget for the transmission
system is $265 million. Economic results for the sequential
approach are also presented in Table V. The comparison of the
results reported in Table V for the case with DG shows that
the proposed integrated approach attains a 0.35% reduction in
the expected total cost over that identified by the sequential
approach. This cost decrease mainly comes from the 5.12%
reduction in the total production cost along with the 18.03%
reduction in the total network investment cost that offset the
12.46% increase in the total generation investment cost.
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Finally, results from the application of second-order cone
programming to the case with DG are presented. For compari-
son purposes, for the investment plan obtained by the proposed
approach, the associated expected total cost using the second-
order cone programming model was equal to $972.053 million.
Unfortunately, for the resulting mixed-integer second-order
cone program, Gurobi was unable to reduce the optimality
gap under 29.94% after a with week (168 h). More impor-
tantly, the corresponding best feasible solution featured an
expected total cost equal to $1384.841 million, thereby being
42.47% more expensive. These results substantiate the suitabil-
ity of the proposed linearized ac distribution network model
for large instances of the integrated planning problem under
consideration.

V. CONCLUSION

This paper has investigated the integrated expansion plan-
ning of transmission and distribution systems considering
investments in both network and generation assets. Both the
long-term uncertainty in demand growth and the short-term
uncertainty in demand and renewable-based power genera-
tion have been characterized through a stochastic programming
framework based on a set of scenarios. The resulting integrated
expansion planning model is a stochastic program whose asso-
ciated scenario-based deterministic equivalent is cast as an
instance of mixed-integer linear programming. Hence, finite
convergence to optimality is guaranteed.

The proposed integrated tool allows identifying the expan-
sion plan with the lowest possible system-wide expected cost
while considering practical uncertainty sources. This relevant
outcome is of utmost interest to practitioners, stakeholders,
and regulators as it enables assessing alternative coordination
schemes that may lead to economic losses, reduced reliability,
and a suboptimal use of resources. Moreover, the resulting
expansion decisions can be deemed as a reference invest-
ment plan constituting the basis for future developments under
different coordination strategies.

The proposed methodology has been successfully validated
using two test systems. Numerical results reveal that incorpo-
rating DG decisions gives rise to a substantial reduction in the
total cost over the case with no DG. Additionally, the eco-
nomic benefits with respect to a practical sequential approach
have been illustrated. Moreover, compared to an alternative
integrated planning model relying on the use of second-order
cone programming for the distribution network, the effective
performance of the proposed approach in terms of solution
quality and computational effort is also empirically evidenced.
Finally, results also show the convenience of using a stochas-
tic approach as well as the suitability of the selected number
of scenarios by exploring the trade-off between accuracy and
computational tractability.

Further work will be devoted to implementing alterna-
tive coordination schemes and considering strategic planners,
which may require the use of game theory while accounting for
information confidentiality. Research will also be conducted to
adopt a multistage or dynamic framework. Another interesting
avenue of research is the extension of the proposed approach to

consider practical aspects such as a more accurate power flow
model, the discrete nature of generation investments, other
generation technologies, and storage devices.
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