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Abstract

The integration of renewable energy generating units, often located in remote regions
with limited grid connectivity, has created a pressing need for coordinated generation
and transmission expansion planning (G&TEP). However, considering full AC network
representation, the co-optimization of generation and transmission poses a challenging
non-convex mixed-integer problem that is prone to locally suboptimal solutions. In
this study, we propose a tailored global optimization framework to identify the most
cost-effective set of generating units and candidate transmission lines while satisfying
operational and investment constraints. The proposed solver employs second-order
cone relaxation, further enhanced through a set of relaxation-tightening constraints,
along with feasibility-based and optimization-based bound tightening techniques to
improve relaxation strength. A salient feature of the solver is the integration of a
no-good cut technique, which enables efficient exploration of alternative candidate
solutions within the feasible region. As demonstrated by numerical results, this
technique is specifically tailored to the G&TEP problem and significantly improves
solution quality while reducing the runtime required to achieve global optimality.
A comparative performance analysis with state-of-the-art global MINLP solvers
demonstrates that the proposed approach achieves tighter optimality gaps more
quickly and exhibits superior flexibility and scalability.
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Nomenclature

Sets

G/G* Existing/candidate generating units.

L/t Existing/candidate lines.

Gn/GF Existing/candidate generating units at bus n.

D, Demands at bus n.

Indices

g Index for generating units.

n, k Indices for buses.

[ Index for transmission lines.

ol /2o Index for receiving/sending bus.

t()/f(1) Receiving/sending terminal of line [.

20 /z! Disaggregated variables of x in the hull formulation.

T/x Upper /lower bound of x.

Parameters

0C, Operation costs of unit g.

ocC, Operation costs of the reactive compensator at bus n.

o Weight of the operation costs.

1C, Annualized investment cost for candidate line [.

IC, Annualized investment cost for unit g.

1B, Annualized investment budget for constructing new lines.

1B, Annualized investment budget for constructing new
generating units.

ymazx [/ min Maximum /minimum voltage at bus n.

M Big-M value.

B, Susceptance of line [ in m-model.

Gy Conductance of line [ in m-model.

Gsh Shunt conductance at bus n.

B Shunt susceptance at bus n.

Qe /Qaw Maximum reactive power generated/consumed by

compensator located at bus n.
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crer Capacity of transmission line /.

praz/ Pgmm Maximum /minimum active power capacity of generating
unit g.

Qyer/ Qg"m Maximum/minimum reactive power capacity of
generating unit g.

RT Setting for enabling relaxation-tightening constraints.

G Flag for considering generation expansion programming.

np Number of parallel computing threads.

Continuous variables

Vi Voltage at bus n.

0, Voltage angle at bus n.

0, Voltage angle difference across line /.

Up Auxiliary variable for voltage at bus n in conic model.

R/1 Auxiliary variables for line [ in conic model.

P,/Q, Active/reactive generation power at unit g.

P/Q Active/reactive power flow through line [.

Qcn/Qrn Reactive power generated/consumed by compensator at
bus n.

SR;/CR, Variables for sine/cosine relaxation of line /.

Integer variables

X Binary decision variable for candidate line [ selection.

Tg Binary decision variable for candidate generating unit ¢
selection.

1. Introduction

Power system expansion planning is a long-term decision-making process
that involves determining the optimal expansion and upgrading of power system
components to meet future demand while ensuring the reliability and security of
the electrical grid[1l, 2]. A key component of this process is transmission expansion
planning (TEP), which aims to decide on the location, number, and installation
timing of new transmission lines to accommodate demand growth at the least total
cost over a specified planning horizon.

Considering AC network representation, The TEP optimization problem is
recognized as a NP-hard problem, non-linear and highly non-convex problem, posing
significant challenges in achieving an optimal solution, especially for large systems[3].



To alleviate this complexity, the DC network representation has been extensively
considered in TEP (i.e., DC-TEP) [4, [5,[6]. The DC network representation simplifies
the problem by ignoring voltage stability, reactive power flows, and power losses,
thereby allowing for linear models. For example, in [6], DC-TEP is modeled as a
mixed-integer linear programming (MILP) model using disjunctive programming
techniques. However, studies such as [7] have shown that a major drawback of DC
models is that they often produce solutions that are infeasible when applied to AC
network-based TEP (i.e., AC-TEP).

Consequently, many attempts have been made in the literature to solve the
non-convex AC-TEP problem using convex relaxations. An approximation of the
AC-TEP problem was proposed by [§] using the conic programming relaxation
technique, which can significantly reduce computational complexity by convexifying
the feasibility space. However, this approach may still yield infeasible solutions
for the exact AC-TEP. Recently, a global optimization solver for AC-TEP problem
was introduced in [9] utilizing a branch-and-bound algorithm based on semi-definite
programming (SDP) relaxation. Although SDP models are widely regarded as the
strongest relaxations for AC-TEP, they are computationally expensive specially for
large systems. Moreover, as branch-and-bound must solve an SDP subproblem for
a significant number of tree nodes, it lacks scalability. To address this limitation,
[10] proposed an alternative advanced global solver for AC-TEP problem based on
second-order cone programming (SOCP) relaxation, which is further incorporating
relaxation-tightening constraints to improve the tightness of the relaxation. Compared
to the SDP-based approach, this SOCP-based solver demonstrated superior scalability
and significantly reduced runtimes.

Another key component of power expansion planning is generation expansion
planning (GEP), driven by the need to meet increasing demand, aging infrastructures,
and growing integration of renewable energy resources. GEP determines the optimal
location and capacity of new generating units. It is typically approached in one of
two ways: a market-based model, where private entities invest to optimize returns in
competitive markets, or a centralized model, known as integrated resource planning
(IRP), where a central authority plans and coordinates generation expansion to meet
system reliability and policy goals. The centralized approach is explored in [I1], which
develops a multi-objective MILP (MOMILP) model for GEP. This model optimizes
three objectives: minimizing expansion investment costs, reducing the environmental
impact of installed capacity, and minimizing the environmental impact of energy
generation.

Traditionally, GEP and TEP are planned independently, as they are managed by
different market entities. However, the increasing penetration of renewable energy



resources into power systems makes it essential to jointly address GEP and TEP[12].
The optimal locations for renewable installations, such as areas with the best wind or
solar conditions, are often far from demand centers and have poor interconnections
with the transmission network [I]. This mismatch can lead to renewable energy
curtailment due to limited transmission capacity and potential violations of voltage
stability constraints. A comparative study in [13] demonstrated that co-optimizing
generation and transmission expansion planning (G&TEP) achieves significant cost
reductions compared to solving GEP and TEP problems separately. This improvement
arises from the strong interdependencies between TEP and GEP, which render separate
planning approaches suboptimal.

In recent years, researchers have increasingly focused on co-optimizing the
G&TEP problem. Several studies have concentrated on DC network representation
(i.e., DC-G&TEP) [14] 15, 16, 17]. For instance, [17] developed and compared
three different MILP formulations for DC-G&TEP utilizing Benders decomposition
algorithm. While DC-based expansion planning models offer computational efficiency,
they fail to accurately represent voltage stability, reactive power constraints, and
nonlinear AC power flow, and may be infeasible in for AC network-based plannings.
Furthermore, a comparative study reveals significant differences in the solutions of
DC and AC based planning, highlighting the necessity of considering AC network
representation for more accurate and feasible planning solutions [I§].

The AC-based coordinated G&TEP (i.e., AC-G&TEP) has also been explored
using convex relaxations of AC power flow models [19, 20]. Specifically, [19] employed
linearized AC power flow models using first-order Taylor series approximations.
However, these relaxations may produce infeasible solutions for the exact AC model.
Additionally, the non-convex AC-G&TEP problems have also been addressed locally
using heuristic methods such as genetic algorithms [21] and metaheuristic methods
[22, 23]. For instance, in [24] using generic algorithms first find the binary variables
related to generating units and transmission lines, and then substituting the obtained
solution, solve the NLP problem locally. While these approaches can yield feasible
solutions, they can not guarantee convergence, and they often converge to local
optima, which may be significantly far from the global optimum. Determining the
deviation of these local optima from the global optimum is not trivial. For large-scale
economic assessments, such as power system planning that spans 15 to 20 years as a
planning horizon and does not require real-time solutions, aiming for a guaranteed
global optimum is preferable.

Despite recent advances in global optimization methods for AC-TEP, there remains
a significant gap in the literature for frameworks that address G&TEP globally. Most
existing approaches either rely on simplified linear or relaxed models that may lead to



AC infeasible solutions, or fail to provide convergence guarantees due to the inherent
nonconvexity of the exact AC power flow equations. Furthermore, state-of-the-art
general-purpose global solvers such as SCIP and Couenne struggle to handle the
mixed-integer, highly non-convex structure of AC-G&TEP, particularly when applied
to large-scale power systems.

Moreover, most existing methods for solving the G&TEP problem lack numerical
validation on large-scale test systems. For example, the G&TEP model proposed
in [22] is tested on 6-bus and 118-bus test systems, while the largest test system in
[19, 25] is limited to 24 buses. However, these test systems might be insufficient to
thoroughly assess the practicality of solution methods for real-world power systems.
Therefore, validation on larger test systems is crucial to evaluate the scalability and
effectiveness of the proposed approaches for practical implementation.

Motivated by the success of SOCP-based global solver in AC-TEP, the growing
need for coordinated G&TEP, and the computational limitations of standard MINLP
solvers in this domain, this work proposes a global optimization framework for
co-optimizing the AC-G&TEP problem with guaranteed optimality gap. The proposed
framework extends the Global-TEP model introduced in [I0] by incorporating
generation expansion and reactive power compensation planning, thereby enabling a
more comprehensive long-term planning formulation. To the best of our knowledge,
this is the first global optimization framework for solving the AC-based joint G&TEP
problem with a guaranteed optimality gap. The main contributions of this paper are
as follows:

e Two bound-tightening techniques are implemented to further improve the
relaxation and refine the search space. Feasibility-based bound tightening
(FBBT) is applied to narrow the bounds of decision variables for both existing
and candidate lines in a noticeably short runtime. A novel optimization-based
bound tightening (OBBT) method is introduced based on the continuous SOCP
relaxation of the problem. The proposed OBBT is applied to both continuous
variables and binary decision variables associated with candidate lines and
generating units, potentially decreasing the number of binary variables in the
problem and leading to a shorter solution time.

e A notable advancement in this study is the novel application of the no-good cut
technique. By excluding previously obtained solutions using no-good cuts, the
algorithm efficiently explores alternative candidate solutions within the feasible
region. Numerical results indicate that this technique substantially reduces the
computational runtime required to achieve the desired optimality gap.



e The performance of the proposed approach is compared with existing global
MINLP solvers SCIP and Couenne. Numerical results illustrate that the
proposed solver can reach high-quality solutions much faster. The AC-TEP
version of the proposed approach is also compared with the most recent and
advanced global AC-TEP solvers, demonstrating that the proposed approach
outperforms them in terms of both solution quality and computational time.

o A large-scale 1354-bus test case is utilized to assess the scalability of the proposed
method. The results demonstrate that the method can deliver high-quality
solutions for such a large-scale MINLP problem within a reasonable runtime.

The remainder of this paper is organized as follows. Section [2| presents the
mathematical formulation. The algorithm for the proposed approach (Global-G&TEP)
is detailed in Section [3] Numerical results and discussions are provided in Section [4]
Finally, Section [5| draws relevant conclusions.

2. Mathematical formulation

This section presents the AC-G&TEP formulation, which aims to determine the
most cost-effective combination of candidate generating units and transmission lines to
meet future demand and system constraints over a planning horizon, which is assumed
to be 20 years in this study. The proposed Global-G&TEP framework is based on static
network representation and formulated under the assumption of deterministic demand
and generation profiles. The model also assumes centralized system planning, with
the objective of minimizing the total annualized cost of generation and transmission
infrastructure over the planning horizon. Additionally, the model incorporates the
option to install reactive power compensators, which can reduce the need for costly line
upgrades or new installations. The overall objective function, given in equation (|1)),
includes investment costs associated with new generating units and transmission lines,
as well as the operational costs of generation and reactive compensation. Operational
costs are assumed to be linear with respect to generation output and are scaled by a
weighting factor (denoted by o) to ensure consistency with annualized investment
costs, as in [26].

mpin Z 1Cy - x4 + Z[Cl‘$l+U(ZOCQ'Pg+ZOCn'(QCrH’QLn)) (1)

geGt leL+ geG neB

The decision variables are presented in , including the binary variables for the
installation of new lines and generating units, as defined in (3)). If a candidate line
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or generating unit is selected for construction, the associated binary variable is set
to 1; otherwise, it is set to 0. Constraints and model the investment budget
limitations for expansion planning over the planning horizon.

I'= {xl7Ig7Pg7 Qg7-Pl7Qlaun7 Rla Il?QC?% QLn} (2)
zg, 1, ={0,1}; Vge G .Vl e L (3)
» IC, -z, <IB, (4)
geGt
» IC,-w <1IB (5)
leL+

Nodal balances for active and reactive power in the network are modeled in @
and , respectively. Equations through model the active and reactive power
flows for existing lines. The parameters (G; and B; in these equations are calculated
using the m-model representation of transmission lines [22]. For candidate lines, a
disjunction can be used to express the relationship between the candidate line being
installed and the corresponding power flow. According to the disjunctive constraints
—, if a candidate line is selected, the power flow through that line should
satisfy the AC power flow constraints and bounds; otherwise, the power flow through
that line should be zero. These constraints, initially nonlinear and non-convex, are
further reformulated as a set of linear constraints in following section by applying
disjunctive programming techniques. Constraints and set limits on the
power flow through existing and candidate lines based on their transmission capacities.
For system security, it is essential to keep the nodal voltage magnitude near a nominal
value of 1.0 pu [27]. Constraint ensures that the voltage at each bus remains
within acceptable deviation limits from this nominal value, typically around 5%.

-S> r-> pr+ Y P+ Z PR+ > P+ Gtu, =090 (6)

9€Gn geGt 1|f()=n 11t(1) deD,,

=D Q=Y QD> QN+ D QM+ Qu—B un—Qca+Qun = 0;Yn (7)

geGn geGt If()=n It(l)=n deDy,

Pf = Gu, — GiR + BilI;; Ve Lon= f(I) (8)



PZR = G — GR; — B, 1; Vi € ,C, k= t(l) (9)

Qf = —Bu, + BIR — GiI;; V€ Ln=f(l) (10)
Qf = =By, + BiR + Gil;; VI € L,k =t(l) (11)
PP = (Gu, — GiR+ B,) -x; Ve LT n= f(l) (12)
PR = (Gux — GiR, — BL) - xp; Vi€ L%, k= t(]) (13)
QF = (=B, + BIR — GiI,) - z; VI € LY n=f(l) (14)
QF = (~Buy, + BIR, + GiI) - ;. Vi€ L7k =t(]) (15)
(F7)? +(QF) < (G)% Wl e{L, L} (16)
(P + (@) < (C)% Vie{L, L7} (17)
(Vnmin)Q S Uy, S (Vnmaa:)Q; \V/TL (18)

On the generation side, the active power generation limits for both existing and
candidate units are constrained by their respective capacities, as defined in equations
and . Similarly, constraints and specify the bounds for reactive
power generation. Additionally, constraints and model the reactive power
limits of compensators.

Pt < Py < P Vg e G (19)
Py, < Py < x P Vg e GF (20)
Qy" < Qy <Qy*; Vged (21)
Q;”mxg < Qq <z, QyT; VYgeGF (22)
0<Qcn < Q" n (23)

0 < Qrn < QP Vn (24)

In this study, we employ the polar power-voltage formulation of the AC optimal
power flow (AC-OPF) problem. The relationships of u;, R;, and I; are linked to the
magnitude and angle of the nodal voltages through equations 7, which are
non-convex and nonlinear. Although the variables u;, R;, and I; are not necessary to



formulate the problem, they serve as auxiliary conic variables to facilitate a better
understanding of the mixed-integer SOCP (MISOCP) relaxation of the problem.

up = (V)% (25)
Ry =V, Vicosty; Vie{L,LT}n=f(),k=t() (26)
I =V, Vpsiny; Vie{L,LT}n=f(),k=t() (27)

2.1. Reformulation of disjunctive constraints

2.1.1. Big-M reformulation

The big-M reformulation is employed to model the disjunctive constraints
as a set of linear constraints that describe the same feasible set by introducing
a large positive value (i.e., M). Equations f represent the power flow
constraints for candidate lines using the big-M technique. The selection of the
M value significantly affects the feasible region and, consequently, the runtime.
While the M value for each constraint needs to be sufficiently large, it should also
be as small as possible to tighten the feasible region. To determine the smallest
possible value of M for each constraint, we follow the instructions provided in [10].
For constraint , the smallest valid value of the M parameter is equal to the
largest possible value of ‘PIS — (Giu, — GiR; + BiI})|. Accordingly, M is defined
as max {max [PZS — (Glun — GR; + Bl]l)] , —min Pls - (Glun —GR + Bl[l)} }
Assuming all parameters G; and B; are positive, and using the variable bounds
P e [-Cpa Crax] (from (16) and w, € [(V,m)2, (V™5)2], the smallest valid M
value simplifies to M = C** + (B, + G;)(V,;™>)2. A similar interval-based arithmetic
procedure is applied to determine the smallest valid values of M for constraints ,

(32), and (34).

|Pf — (Guun, — GiR + BiI)| < (1 — ) - M; Yle LT, n=f() (28)

PPl <O gy Vie Lt (29)
|PE— (G, — GiRy — BiI)| < (1—a) - M; Vle Lt k=t() (30)
PR <O m; VieLlt (31)

|st — (=B, + BR —GL)| < (1—x)-M; Vie Lt n=f() (32)
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Q| < CP™ ay; Ve Lt (33)
QF — (=Bup + BR + GiI)| < (1 —a)) - M; Vle Lt k=tl)  (34)

QF < CP™ ;. Ve Lt (35)

2.1.2. Hull reformulation

Hull reformulation is a disjunctive programming technique used to convert a
disjunctive constraint into a set of linear constraints by introducing disaggregated
variables for each condition. These variables separate the conditions into distinct
terms, with the summation of all disaggregated variables equaling the value of the
original variable [28]. For example, in (36)), u, is split into v? and u), where u}

n? n

represents the voltage when the line 1 is installed, and u? represents the voltage
when it is not installed. Equations f represent the set of linear constraints
obtained by reformulating the disjunctions f using hull reformulation. While
this method increases the problem size by introducing additional continuous variables
and constraints, it eliminates the need for big-M parameters.

U, = ud +ul; Ve Lt n=f(l)

(36)

up = uy +uy; V€ LT k=t(l) (37)
Ri=R)+R; VieL" (38)
L=DI+1I' viecl" (39)

L—m)-u,; Vie Ll n=f() (
u 1—a)-uy; Vie Lt k=t() (
R-(1-xz)<R'<(1-m)-R; ViecL" (42
L-(1-a) < B <(l—wm) Iy VieLlt (

<z U, VieLltn=f() (44)
e m <up <ap-ug; Ve LT k=t() (45)
R -7 <R/ <z -R; ViecL" (46)
L oy <I}'<ax-I;; VieLlt (47)
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PP = Gl — GIR} + BiI'; Ve LT, n = f(l) (48)
f =Gy —GIR — BI'; Ve LYk =t(]) (49)
QP = —Bjul + BiR! — GiI}; Vi e LT, n = f(I) (50)
Qff = —Buuy, + B/R} + G/I}; Vi € LTk =t(1) (51)
)

In this work, we applied the big-M reformulation for the lower bounding (LB
problem presented later in the paper. This choice avoids increasing the problem size
by introducing additional variables and constraints, as required by hull reformulation.
However, for the continuous relaxed version of the problem, the hull reformulation
technique is employed to achieve tighter relaxations, as suggested in [29]. The
continuous relaxed problem is further utilized in OBBT process.

2.2. MISOCP relazxations of the AC-GESTEP

By introducing conic variables and reformulating the disjunctive constraints,
equations f remain as the only non-linear and non-convex constraints. The
MISOCP relaxation of AC-G&TEP is achieved by relaxing these constraints with a
second-order cone constraint for both existing and candidate lines. Therefore, key
equations —, —, —, and the constraint define the MISOCP
relaxation of the AC-G&TEP problem. This proposed MISOCP relaxation is convex
and can be solved globally using standard MILP solvers such as CPLEX.

UpUp = (Rl) (Il)Q; Vi e {‘C’ ‘C+}7n = f(l)’ k= t(l) (52)

2.3. Relazation-tightening constraints

To further tighten the MISOCP relaxed problem, several convex
relaxation-tightening constraints are considered. Nodal voltage angle and
magnitude are bounded as specified in equation (53). The angle difference over
each line (i.e., ;) is defined and bounded in equations and (56]), respectively.
Additionally, constraint [54] sets the voltage angle of the reference bus to zero. The
next step involves relaxing the trigonometric terms of the constraints and .
A quadratic relaxation based on exploiting convex envelopes for cosine and sine terms
is presented in — for both existing and candidate lines. These constraints
are valid within the range [—7/2,7/2]. In this study, the maximum input angle
difference is considered to be 7. However, after applying FBBT and OBBT, this
angle difference decreases significantly. Notably, in practical power network design,

the acceptable phase angle difference can be as small as -, as reported in [29]. The
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maximum possible estimation error of these relaxations is expressed in terms of 6,
[29]. As a result, tightening the bounds on angle differences significantly impacts the
tightness of sine and cosine relaxations.

ymin <y, <y g,0<6, <0, Vn (53)
Ores = 0; (54)
(55)
(56)

=6, 6 Yiell. LYYV n=f()k=tl) 55
0, <0, <0; Vvie{L LT} 56
1—cosf; , n
COR <1—-——B%p yicir ) (57)
(6,)

CR; >cos(0); Vle{L, L")} (58)

gl gl . al +
SR, < COS<§) (0, — 5) —|—s1n(5); Vie{L,LT} (59)

[ N N
SR; > cos (5) (6 + 5) - sm(a); Vie{L, LT} (60)

Next, the convex hull of the trilinear terms in and is derived using
the lambda technique, with the associated constraints detailed in [10]. Additionally,
convex hull for the tangent function and a strong relaxation for the cycle basis
constraint are also considered. A comprehensive description of these tightening
constraints is provided in [10].

3. Solution algorithm

3.1. Bound tightening techniques

3.1.1. FBBT

FBBT is an effective bound tightening technique for tightening variable bounds
with minimal runtime. It leverages interval arithmetic on problem constraints to
determine feasible variable bounds [30], resulting in significantly tighter feasible region
that improve solution times. Furthermore, since the tightness of relaxations depends
on variable bounds, applying FBBT enhances the overall relaxation quality[30].

To demonstrate FBBT formulation, we present two examples of bound tightening
using this approach. Based on equations and , we can conclude that
{PZS , PE.Q7, ZR} € [-Cp®, C*]. Applying interval arithmetic to the constraints
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—, we can calculate the feasible bounds for the variable I; as and . The
same approach is applied to the variables R; and u,,. To account for any numerical
errors due to the computation process, a very small positive value ¢ (e.g., 10710) is
considered. Subsequently, using the updated tightened bounds of these variables and
considering equation , we can reduce the domain of 0; as . FBBT is applied
to other variables for both existing and candidate lines. Further details can be found
in [10].

Gl(vnmcw;)Q _ GIE[ + Clmaac

I, = I -
1, max{_l, B, €,
Gi(V"m)? = GiR — O
b (61)
—B(V,"")* + BiR + O
— G, ’
_Bl(vnma:r>2 + Blﬁl _ Clmax B 6}
G
min\2 __ D _ (Ymaz
I, = min{f;, Gi(Va"™) Gt = G + €,
—B,
G (Va2 —BGZE, rop
. (62)
BV + B, — e
+ €,
—G,
_Bl(vnmin)2 + Blﬁl + Clmax
G + (—:}
1 1,

)) — €} (63)

6, = max{#,, arcsin (max(vnmmvkmm, Vs
3.1.2. Proposed OBBT

The OBBT technique is widely used in MINLP problems to reduce the problem
domain. It involves calculating the minimum and maximum values of a decision
variable by solving a relaxed version of the problem. OBBT is based on the principle
that the feasible region of the relaxed version of the problem encompasses that of the
original problem; thus, the calculated minimum and maximum values serve as valid
bounds for the corresponding variable. OBBT requires solving up to two optimization

14



problems for each variable, which can be computationally expensive, especially for
large systems. However, because these optimization problems are independent, they
can be solved in parallel.

To reduce the runtime of OBBT, we employ a continuous relaxed version of the
problem by converting the integer variables to continuous variables in the range of
[0,1]. We utilize the hull reformulation technique for the power flow disjunctive
constraints for candidate lines, as it is demonstrated in the literature that the hull
reformulation technique leads to stronger continuous relaxations compared to the
big-M technique [15], 29]. The continuous relaxed problem is an SOCP relaxation of
the AC-G&TEP problem, which can be efficiently solved by existing solvers in a short
runtime. Fig. [1| presents the performance of the proposed OBBT on 6, for the IEEE
118-bus system, demonstrating that OBBT can significantly improve the bounds of
0, for all existing lines, tightening them from the initial range of [—m /3, 7/3] to much
narrower bounds, as shown by the green bars.

In this work, the OBBT technique is also applied to integer variables. If the
maximum value of an integer variable obtained through OBBT is less than 1, the
associated candidate line or generating unit is deemed infeasible and removed from
the candidate set. This approach helps reduce the number of binary variables in
the problem by eliminating infeasible candidates, thereby decreasing runtime. To
the best of the authors’ knowledge, this is the first application of OBBT to integer
variables in G&TEP.

3.2. Lower/upper bounding problem

The proposed MISOCP relaxation serves as the LB problem for the AC-G&TEP
problem. The proposed approach introduces a trade-off between the tightness of
relaxation and computational complexity, controlled by the RT setting. When
RT = 0, the nonlinear constraints of — are relaxed using constraint . By
setting RT = 1 and RT = 2, the MISOCP relaxation is progressively tightened by
incorporating relaxation-tightening constraints for existing transmission lines and
extending these constraints to candidate lines, respectively. As a result, the RT
setting makes the proposed approach more flexible.

For the upper bounding (UB) problem, the corresponding AC-OPF is solved by
fixing the binary decision variables to the values obtained from solving the LB problem.
Regardless of the fixed binary configuration, the resulting AC-OPF solution represents
a locally optimal solution for the original AC-G&TEP problem and therefore provides
a valid upper bound. It is important to note that, since the final power flow solution
is derived from the AC-OPF, it remains fully AC feasible irrespective of the computed
optimality gap.
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Figure 1: OBBT results on 6; of existing lines for the IEEE 118-bus system.

3.3. No-good cuts

No-good cuts are constraints introduced during the solution process to exclude
specific regions of the solution space, thereby preventing the solver from revisiting
these areas. This approach is particularly beneficial in branch-and-bound algorithms,
where it helps to prune the search tree, excluding regions associated with suboptimal
solutions, and reducing computational burden [31]. One general form of this constraint
is given in that excludes a particular solution & of a problem region. By choosing
a proper €, we ensure that no other possible solution is removed [32]. The challenge
here is that inequality is non-convex. However, in mixed-integer programming,
when the solution 7 is a set of binary variables, as in G&TEP, we can reformulate
the no-good constraint to a linear form, and € can be set to 1. Therefore, the no-good
cut constraint for G&TEP to exclude the solution {Z;,%,} is expressed in (65)).

[ (64)

Somt Y w+ Y -m)+ Y (A-z) =1 (65)

leLt ;=0 geGt,24=0 leLt ;=1 geGT 34=1

In this work, we introduced a novel application of no-good cuts to check the global
optimality. After solving the LB and UB problems, the solution {i;,2,} obtained
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from the LB problem can be excluded from the problem region by adding the no-good
cut constraint to the LB problem to evaluate alternative solutions. Considering
that the objective value obtained from the UB problem (AC-OPF problem) provides a
valid upper bound for the AC-G&TEP problem, while the lower bound obtained from
the LB model represents a valid lower bound, if the new lower bound obtained by
resolving the LB problem within the excluded region, L B*, exceeds the UB associated
with {2, 2,}, it indicates that any solution in the residual region cannot be better
than the excluded solution {%;,Z,}. Therefore, {Z;, Z,} is the global optimal solution
to the problem, as no other feasible solution can provide a lower objective value,
resulting in an optimality gap of zero.

Proposition 1. Let & € F be a feasible solution to the original optimization
problem with objective value z = f(Z), where F is the feasible region. Let F' :=
F \ {2} denote the feasible set after applying a no-good cut excluding . If the
optimal value of the LB problem over F’, denoted LB’, satisfies LB’ > Z, then T is
the globally optimal solution to the original problem over F.

Proof. Assume, for contradiction, that z is not globally optimal. Then, there
must exist some other feasible solution 2’ € F, with objective value f(z') < Z. Since
T ¢ F but 2/ € F', the LB problem solved over F' would have detected z’ and
returned a lower bound LB’ < f(2') < Z, which contradicts the assumption that
LB’ > z. Therefore, no such x’ exists, and  is the globally optimal solution over F.
|

3.4. Global-GETEP algorithm

Algorithm [1] outlines the pseudocode for Global-G&TEP approach. The algorithm
begins by setting solver parameters: RT for the tightness level of the proposed
MISOCP relaxation (RT = 0 ignores relaxation-tightening constraints, RT = 1
applies these constraints to all existing lines, and RT" = 2 extends them to candidate
lines as well), gap' for the desired optimality gap, and np for the number of threads
used for parallel computing. Additionally, there are two flags: G, which indicates the
consideration of generation expansion, and the No-good-cut flag, which enables the
no-good cut technique. These settings make the proposed approach quite flexible.
The algorithm operates in a loop with two stopping criteria: a specified number of
iterations (i.e., imay) or achieving the desired optimality gap (i.e., gap').

Within the main loop, FBBT is first applied to tighten the variable bounds.
Subsequently, the LB problem, which is a MISOCP relaxation, is solved to determine
a candidate combination of lines and generating units (z;, Z,) and establish a lower
bound for the objective function (LB"¢"). Then, the UB problem (AC-OPF problem)
is solved for the given (Z;, Z,) to find a valid upper bound for the problem. If the
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Algorithm 1 Proposed Global-G&TEP algorithm

1: Input system information

2: Set 4yq, and gap'®

3: Set G « {0,1} (default = 1)

4: Set RT «+ {0,1,2} (default = 0)

5. Set np < {1,2,...} (default = 1)

6: Set No-good-cut < {True, False} (default = True)
7. while i < i,,4, and gap > gap'” do

8:  bounds < FBBT(bounds)

9:  Run LB problem to find LB™", 7, &,

10: LB «+ max(LB, LB"")

11:  Run UB problem by fixing %;, Z,

12 UB <« max(UB,UB"*")

13:  gap < (UB— LB)/UB

14:  if gap < gap'™ then

15: break

16:  end if

17: Run LB problem with no-good cuts to find LB*
18: if LB* > UB then

19: gap < 0 and break
20:  end if
21:  bounds < OBBT(bounds, UB) (can be in parallel)
22:  if ¢ > *" and No changes in gap then
23: if RT # 2 then
24: RT < RT + 1
25: end if
26: end if

27: end while
28: return x;, x4, gap
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optimality gap between the obtained lower bound and upper bound falls below the
desired optimality gap (gap'®), the final solution is achieved. Otherwise, the no-good
cut technique is applied. Incorporating the no-good cut into the LB problem ensures
that the given solution is not revisited, allowing us to evaluate the new lower bound
(LB*) in the excluded feasible region. If LB* exceeds the upper bound associated
with solution (Z;, Z,), we can conclude that the solution (Z;, Z,) is the global optimal
solution, achieving a zero optimality gap. Otherwise, OBBT is applied to further
tighten the bounds of the decision variables. This results in tighter relaxations in the
subsequent iteration due to the more stringent bounds. Furthermore, as mentioned
earlier, OBBT is also applied to the binary variables to remove infeasible candidate
lines and generating units, potentially decreasing search space and computational
burden. Notably, both the LB and UB problems are initialized using standard
warm-start values commonly employed in power system optimization. Specifically,
voltage magnitudes are initialized at 1.0 per unit and voltage angles at zero, providing
a numerically stable and physically meaningful starting point. The binary variables
require no explicit initialization, as they are determined in the first iteration by
solving the LB problem (MISOCP model).

The convergence of the proposed algorithm is guaranteed when a feasible solution
exists. The solver automatically increases the relaxation-tightening level (RT) to
further tighten the LB problem if the optimality gap does not improve after a
predefined number of iterations *"¢. As a result, the LB problem becomes progressively
tighter through the addition of relaxation-tightening constraints and finer piecewise
approximations. This refinement ensures that the optimality gap between the LB and
UB problems can be reduced below the desired threshold. If no feasible solution exists,
the algorithm terminates after reaching the maximum number of iterations (i.e., imax)-
Notably, infeasibility in the UB problem (i.e., AC-OPF) indicates that the AC-G&TEP

problem has no feasible solution under the current candidate configuration.

3.4.1. Computational complexity analysis

In this section, we analyze the theoretical complexity of each major component
per iteration of the proposed Global-G&TEP algorithm using Big-O notation. First,
FBBT, which propagates constraints via interval arithmetic, runs in O(E), where
E is the number of constraint expressions, typically proportional to the number
of continuous variables being tightened. FBBT operates independently of binary
variables, and its cost is negligible relative to the core optimization tasks. Second,
the LB problem, which is a MISOCP solved via a branch-and-bound strategy, has
worst-case complexity O(2F - poly(C')), where B and C represent the number of
binary and continuous variables, respectively. Each node requires solving a convex
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SOCP, typically handled by interior-point methods in CPLEX. The polynomial term
poly(C') is usually approximated as C? for interior-point methods. Although the
theoretical bound is exponential, solver-level features such as branching heuristics,
cutting planes, presolve reductions, and parallel processing significantly improve
performance in practice. The practical runtime using CPLEX scales approximately as
O(B*-C?), where k € [1,3] and « € [2, 3], depending on problem sparsity, relaxation
strength, and solver features. In typical instances, only a small fraction of the full
branch-and-bound tree is explored, and interior-point solves at each node benefit
from warm-starting and sparsity exploitation. Third, the UB problem is an NLP
solved using IPOPT, with runtime approximately O(I - C®), where [ is the number of
interior-point iterations and « € [2, 3], depending on problem sparsity and structure.
However, solving the AC-OPF model using IPOPT is generally very efficient and
adds minimal overhead compared to the LB model.

When a no-good cut is triggered, it only requires an additional LB re-solve. Finally,
OBBT solves up to 2P continuous relaxations to tighten bounds, where P is the
number of variables being tightened, with worst-case complexity O(P - C?). This step
is parallelized in practice to reduce wall-clock time. Notably, increasing RT from 0 to
1 adds continuous variables in proportion to the number of buses, existing lines, and
piecewise segments, while RT = 2 introduces approximately 19 additional continuous
variables per candidate line along with more binary variables. As the number of
buses and candidate lines increases, higher RT levels significantly enlarge the problem
size. For instance, in the 118-bus system, the number of continuous variables roughly
triples when increasing RT from 0 to 1, which can affect the LB problem time in
corresponding iterations.

4. Numerical results

4.1. Test systems

The proposed Global-G&TEP solver is evaluated on three widely-used AC
transmission system test cases: the IEEE 24-bus system, the 46-bus Southern Brazilian
system, and the IEEE 118-bus system. Additionally, to assess the scalability of the
proposed method for real-world applications, it is tested on a recently developed
large-scale Casel3b4pegase benchmark, which consists of 1354 buses [33].

4.1.1. Definition of candidate generating unit sets

Candidate generating unit sets are defined for the first three cases (i.e., 24-bus,
46-bus, and 118-bus systems). At each bus, we consider a standard generating unit
with an active power generation range of 0 to 600 MW. The reactive power generation
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for each unit is considered to range from -200 MVAr to 200 MVAr. The annualized
investment costs for generating units over the planning horizon are randomly selected
from a uniform distribution between $5 million and $15 million, using a uniform
probability distribution. Data for candidate generating units for the 1354-bus system
can be found in [33].

Table 1: Test system configuration and problem size for AC-G&TEP instances

. South
Characteristics/Test  1ppp o) 1o Bragilian IEEE 118-bus Casel354pegase
systems A6-bus
Existing lines 34 47 175 1991
Ex.lstmg generating 14 17 54 260
units
Candidate lines 41 79 30 30
Ca.nd1date generating 94 A6 118 50
units
Binary variables 65 125 148 80
Continuous variables 721 1238 2369 21537

Table [1| summarizes the characteristics of each test system, including the number
of existing and candidate transmission lines, generating units, binary variables, and
continuous variables. The Casel354pegase system features over 21,000 continuous
variables and 80 binary variables, corresponding to the total number of candidate
generating units and transmission lines.

The code is implemented in Julia 1.7.3 [34], utilizing the JuMP v0.21 [35]
optimization modeling language. The LB models are solved using ILOG CPLEX 12.9
[36], while the UB model is solved using IPOPT version 3.12.10 [37]. Simulations
are conducted on an ASUS PC with 8 GB of RAM and a 2.40 GHz Intel CPU. To
benchmark the performance of general-purpose global MINLP solvers, SCIP 9.0.0
[38] and Couenne [39] are tested on a high-performance computing (HPC) platform
featuring 40 Intel Skylake cores running at 2.1 GHz per node.

4.2. AC-TEP results

As no dedicated global optimization solver currently exists for the AC-G&TEP
problem, we evaluate the performance of the proposed method by comparing
its TEP variant with several advanced solvers. First, we consider two most
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recent and advanced global AC-TEP solvers: the SOCP-based global solver
enhanced with relaxation-tightening techniques proposed in [10], and the SDP-based
branch-and-bound solver introduced in [9]. The best results in terms of optimality
gap are considered from these solvers for comparison. Additionally, we compare our
results with a recent AC-G&TEP optimization method proposed in [25], which solve
AC-G&TEP locally using a metaheuristic-based approach using hybrid algorithms
such as HBA-TS and DE-TS. Due to the unavailability of candidate generation
unit data, the comparison is limited to the TEP results provided for the IEEE
24-bus system. Finally, general-purpose global MINLP solvers SCIP and Couenne are
included as baselines to assess computational performance and optimality quality..
SCIP and Couenne are configured with their default settings. To isolate the TEP
component in proposed Global-G&TEP, the G flag is set to zero. The numerical
results for the IEEE 24-bus system, the 46-bus Southern Brazilian system, and the
IEEE 118-bus system are shown in Tables [2}{4]

Table 2: AC-TEP results for 24-bus test system

Optimality  Runtime
gap (%) (Sec.)

Solver Objective value

Global-G&TEP

(RT =0) 173.86 0.000 13.3
(No-good-cut = True)
UB = 173.86
[10] LB 17amg 0040 17.5
[9] 173.86 - 955
[25] 174.07 - 180
UB = 173.86 2696
SCIP LB = 173.86 0-000 on HPC
Couenne UB =- - 3600
LB=172.34 on HPC

For all test systems, the proposed Global-G&TEP solver consistently outperforms
existing global optimization approaches in both solution quality and computational
efficiency. For instance, in the 46-bus system (Table , the global-TEP solver
proposed in [I0] achieves an optimality gap of 0.139% in 2513 seconds, whereas the
proposed method obtains the same planning solution with a zero optimality gap
in just 21 seconds. A similar pattern is observed for the 118-bus system (Table
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Table 3: AC-TEP results for 46-bus test system

. Optimality  Runtime
Solver Objective value sap (%) (Sec.)
Global-G&TEP
(RT =0) 143.591 0.000 20.9
(No-good-cut = True)
UB = 143.591
[10] LB — 143.391 0.139 2513
UB = 245.939 3H
SCIP LB = 132.492 46.116 n HPC
C UB = - 3H
otenne LB = 141.52615 on HPC
Table 4: AC-TEP results for 118-bus test system
Solver Objective value ;);;tl(lzn%ashty (f;z(?t)lme
Global-G&TEP
(RT = 0) 51.706 0.000 27.1
(No-good-cut = True)
UB = 51.706
[10] LB — 51.604 0.022 726
UB = - 3H
SCIP LB = 38.989 i on HPC
C UB = - 3H
orenne LB = 18.695 on HPC
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), where the proposed solver reaches the same optimal solution as in [10] while
reducing runtime by approximately 96.3%. These results highlight the effectiveness
and scalability of the proposed framework.

The comparison with the SDP-based solver in [9] for the 24-bus system shows that
both SDP and SOCP relaxations achieve the same optimal solution, indicating that
the SOCP-based relaxation when combined with bound tightening techniques, offers
relaxation tightness comparable to that of SDP relaxations. However, as presented
in Table , the SDP-based solver in [9] requires 955 seconds to converge, while
the SOCP-based solvers in [I0] and the proposed method reach the same planning
solutions in just 17.5 and 13.3 seconds, respectively. This significant reduction in
runtime demonstrates that SDP relaxations, despite their tightness, lack scalability
due to their difficulty in integrating into mixed-integer frameworks and the need to
solve many SDP subproblems across branch-and-bound nodes.

The comparison with the local AC-G&TEP solver introduced in [25] on the
IEEE 24-bus system, as shown in Table [2| reveals that [25] yields a feasible
solution with an objective value of 174.071, while the proposed Global-G&TEP
method achieves a superior objective value of 173.86. Although both solutions are
feasible, the discrepancy confirms that the local solver may converge to a suboptimal
solution, highlighting the need for globally optimal approaches when addressing highly
non-convex planning problems.

Lastly, the performance of general-purpose global MINLP solvers, SCIP and
Couenne, highlights their limitations in addressing non-convex AC-based planning
problems. While SCIP is able to solve the 24-bus case with a zero optimality gap,
it requires 2860 seconds on a HPC node. As system size increases, both solvers
exhibit significant performance degradation. For the 46-bus system, SCIP achieves
an optimality gap exceeding 46% after three hours, whereas Couenne fails to identify
any feasible solution. In the 118-bus system, neither solver returns an upper bound,
and the reported lower bounds are notably weak, underscoring their inability to scale
with problem size.

4.3. AC-GESTEP results

The coordinated AC-G&TEP problem is considered in this section. By setting
flag G = 1 the proposed Global-G&TEP framework solves the coordinated planning
problem with a guaranteed optimality gap. The performance of the Global-G&TEP
solver is benchmarked against two state-of-the-art global MINLP solvers, SCIP and
Couenne. Simulation results for the four aforementioned test systems are presented
in Tables [BHS|

As illustrated by the results from Tables enabling relaxation-tightening
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Table 5: AC-G&TEP results for 24-bus test system

. Optimality  Runtime
Solver Objective value cap (%) (Sec.)
Global-G&TEP
(RT =0) E]]?? : ;jjg 0.025 5.9
(No-good-cut = False) T
Global-G&TEP
(RT = 2) E]]; :5‘24£6 0.023 18.1
(No-good-cut = False) o
Global-G&TEP
(RT =0) 54.46 0.000 8.1
(No-good-cut = True)
UB = 54.46 2860
SCIP LB = 53.39 1.965 on HPC
Couenne UB = - - 3000
LB = 53.22 on HPC
Table 6: AC-G&TEP results for 46-bus test system
Solver Objective value gaitl(l?%ghty (P;zgglme
Global-G&TEP UB — 109.82
(RT = 0) LB — 10059 0275 12.5
(No-good-cut = False) T
Global-G&TEP
(RT = 2) ILHS B 1183 '583 0.209 237.2
(No-good-cut = False) .
Global-G&TEP
(RT =0) 109.82 0.000 23.6
(No-good-cut = True)
UB = 264.4 10H
SCIP LB = 108.2 14441 on HPC
o UB= - 10H
ouenne LB = 73.25 ) on HPC
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Table 7: AC-G&TEP results for 118-bus test system

Solver Objective value gOaI;tl(I;Shty (%th)lme

Global-G&TEP
(RT = 0) Eg’ B 5511;112 0.020 23.1
(No-good-cut = False) T

Global-G&TEP
(RT = 2) E]g - 5511312 0.014 404.8
(No-good-cut = False) T

Global-G&TEP
(RT = 0) 51.42 0.000 41.3
(No-good-cut = True)

Global-G&TEP
(RT =0) UB =51.42 0.016 321.5

UB = - 18H
SCIP LB=42.02 ) on HPC
UB = 51.77 18H
Couenne LB=19 40 62.524 on [IPC
Table 8: AC-G&TEP results for 1354-bus test system
Solver Objective value Optimality ~ Runtime

gap (%) (Sec.)

Global-G&TEP
(RT =0) E]]; B 881125331 0.076 8H,45min
(No-good-cut = False) N ’

24H
SCIP ) B on HPC
o UB = - 24H
ouenne LB = 23329.6 on HPC
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constraints (RT = 2) improves the optimality gap compared to when these constraints
are disabled (RT = 0). With RT = 2, the relaxation-tightening constraints strengthen
the relaxation in the LB problem, leading to an improved lower bound. However,
this improvement enlarges the problem size and complexity by introducing more
constraints and variables, and comes at the cost of a significantly increased runtime.
Notably, increasing RT from 0 to 2 results in a threefold increase in runtime for the
24-bus case and an 18-fold increase for the 46-bus case, illustrating the exponential
growth in computational time with increasing system size.

The novel application of the no-good cut technique significantly improves solution
quality while reducing the runtime required to achieve global optimality. For
instance, as shown in Table [7] for the 118-bus system, the proposed solver achieves
a zero optimality gap in just 41.3 seconds with the no-good cut technique, whereas
without it, the solver requires 404.8 seconds to reach a 0.014% gap at RT = 2.
Incorporating no-good cuts allows the algorithm to bypass the computationally
expensive relaxation-tightening constraints and avoid multiple iterations by enabling
the possibility of certifying global optimality early. Notably, as shown in Tables
PH7, the effectiveness of the no-good cut technique is maintained as system size
increases. From the 24-bus to the 118-bus case, the number of decision variables
more than triples, yet the solver continues to certify global optimality efficiently with
minimal additional runtime. These results demonstrate that the proposed no-good
cut technique is tailored for the AC-G&TEP problem and contributes to the solver’s
efficiency and scalability.

The impact of the proposed OBBT is evaluated in the 118-bus system, as presented
in Table [7] Applying the proposed OBBT improves the optimality gap by providing
a stronger relaxation of the lower-bound problem, which is directly related to the
tightness of the variable bounds. The proposed OBBT utilizes the continuous relaxed
version of the problem, resulting in a short runtime. Additionally, since the proposed
solver enables parallel computing, solving OBBT in parallel can further reduce the
total runtime.

To further evaluate the scalability of the solver, we tested the performance
of the proposed approach on the large-scale 1354-bus system, which includes
21537 continuous variables and 80 binary variables. As illustrated in Table [§] the
Global-G&TEP solver is able to find a solution with an optimality gap of 0.076% in 8
hours and 45 minutes. Given that G&TEP typically considers a long-term planning
horizon of 15 to 20 years, the observed runtime is acceptable for practical applications
and highlights the method’s scalability for large-scale power system planning.

The results from global MINLP solvers, Couenne and SCIP, demonstrate their
limitations in solving the AC-G&TEP problem. SCIP is able to return a solution
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only for the small 24-bus case, requiring 2,860 seconds to achieve a 1.965% optimality
gap. However, as the test system size increases, SCIP fails to converge, even after
extended runtimes (e.g., 24 hours for the 1354-bus system). Similarly, Couenne
fails to produce feasible solutions or achieve convergence for any of the test cases,
even after extended runtimes, and its lower bounds degrade significantly as the
problem size increases. This is due to the lack of problem-specific structure in these
general-purpose solvers, which limits their ability to generate tight relaxations and
leads to excessive exploration of infeasible or suboptimal regions of the solution space.
These results highlight the necessity for a specialized global solver for the AC-G&TEP
problem, capable of providing global optimal planning decisions within reasonable
computational times.

Comparing the results for AC-TEP and AC-G&TEP, we observe that solving the
joint G&TEP problem may increase the computational time due to the increased
number of binary variables and the overall larger problem size. However, solving
the joint G&TEP problem results more optimal than the best one obtained from
the TEP problem. For instance, in the 46-bus system, the objective value decreases
from $143.591 million to $109.82 million when solving the coordinated G&TEP
problem compared to solving the TEP alone. This reduction can be attributed
to the interdependencies between planning systems, which make separate planning
approaches suboptimal. These findings suggest the superiority of the co-optimization
G&TEP to have more cost-effective solutions.

Lastly, to emphasize the importance of a global optimization framework for
the AC-G&TEP problem, we compare the total objective values obtained using
the proposed Global-G&TEP solver and the state-of-the-art local MINLP solver
Knitro [40]. All solver settings are kept at their default values, except for the
maximum number of mixed-integer heuristic iterations, which is increased to 10,000
(i.e., mip_heuristic_mazit = 10000) to allow sufficient time for exploring the solution
space and identifying high-quality local solutions. As illustrated in Figure 2] for
the small-scale 24-bus system, both solvers converge to the same solution. However,
for the larger 46-bus and 118-bus systems, Knitro consistently converges to feasible
yet suboptimal solutions, yielding higher objective values compared to the globally
optimal solutions obtained by the proposed Global-G&TEP solver. Similarly, for the
1354-bus test system, Knitro yields an objective of 81626.7, while the Global-G&TEP
method attains a superior value of 81560.1. These results highlight the necessity of
global optimization frameworks for solving the non-convex AC-G&TEP problem.
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Figure 2: Objective value comparison between the proposed Global-G&TEP and a local Knitro
solver across the 24-, 46-, and 118-bus systems.

5. Conclusion

This study proposes a global approach for co-optimizing G&TEP, incorporating
compensator expansion planning. The G&TEP problem, modeled as an MINLP
using AC network representation, is addressed through a framework based on SOCP
relaxations, which can be further tightened using relaxation-tightening constraints.
Two bound-tightening techniques, FBBT and OBBT, are integrated to significantly
tighten the bounds of decision variables, resulting in stronger relaxations and faster
convergence. Additionally, a novel application of no-good cut constraints is introduced,
enabling the solver to explore alternative feasible regions effectively.

Comparative analyses are conducted for both TEP and G&TEP versions of the
solver. The TEP version, benchmarked against existing global solvers for AC-TEP,
demonstrates superior performance by obtaining higher-quality solutions faster. The
G&TEP version is evaluated against state-of-the-art global MINLP solvers, SCIP
and Couenne, which are shown to be incapable of solving the AC-G&TEP efficiently.
In contrast, the proposed method finds an optimal solution within a reasonable
timeframe. For instance, the solver achieves the optimal solution for the 118-bus
system in 41 seconds, whereas SCIP and Couenne fail to converge after 13 hours.
Furthermore, coordinated planning is observed to yield lower total costs compared
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to solving the problems independently. The proposed approach is further validated
on the large-scale 1354-bus system, demonstrating its scalability. These results
underscore its potential for future studies addressing stochastic uncertainties inherent
in renewable energy sources.

Future research can extend the proposed framework to account for uncertainty
associated with long-term demand forecasts and, in particular, the inherent variability
of renewable energy sources. Additionally, incorporating dynamic aspects, such
as multi-period planning and generator ramping constraints, would also improve
applicability in systems with high renewable energy penetration.
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