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Abstract—The global shift toward a low-carbon era requires
a greater integration of Renewable Energy Sources (RESs) and
the phase-out of power plants fueled by non-Renewable Energy
Sources (nRESs). Meanwhile, Climate Change (CC) and Ex-
treme Weather Events (EWEs) are increasingly affecting energy
systems, introducing new layers of uncertainties in long- and
short-term power system planning. This study presents a Multi-
Objective Transmission Expansion Planning (MO-TEP) model
aimed at improving the flexibility of the ERCOT grid while reduc-
ing Greenhouse Gas (GHG) emissions. This model uses real data
from Form EIA-860 for RESs penetration and decommissioning
of nRESs. The ACTIVSg2000 test case, a synthetic ERCOT-
like system, validates the study. The findings emphasize the
importance of incorporating high-impact, low-probability (HILP)
events into TEP decisions and highlight the critical role of grid
flexibility in enhancing resilience. This research contributes to
a more reliable and sustainable electricity network capable of
adapting to evolving environmental and operational conditions.

Index Terms—Climate Change, Flexibility, Low-Carbon En-
ergy Transition, Multi-Objective Optimization, NSGA-II, Trans-
mission Expansion Planning.

I. INTRODUCTION

A global movement towards a low-carbon revolution is
gaining momentum in a world marked by the repercussions of
High-Impact, Low-Probability (HILP) events, namely Climate
Change (CC) and Extreme Weather Events (EWEs) [1]. For
instance, in 2021, Texas was hit by a snowstorm, causing ex-
tensive damage [2]–[6]. The energy transition is a fundamental
shift for modern power systems. The Paris Agreement outlines
three pathways to accelerate this transition: a) increasing elec-
tricity generation from renewable energy sources (RESs); b)
decommissioning non-renewable sources (nRESs), particularly
nuclear and coal-fired power plants; and c) electrifying the
transportation sector [7], [8]. These changes are essential to
achieving net-zero carbon emissions by 2050 and mitigating
the adverse effects of CC and EWEs [9].

Recognizing the link between ecological balance and sus-
tainable development, nations are redefining energy policies
to build a greener electricity matrix [9], [10]. This trend
pushes decision-makers to assess rising RESs penetration and

its impacts, adding new layers of uncertainties in long- and
short-term planning, respectively: CC and EWEs [11]–[14].

Since TEP is a capital-intensive process, it requires a clear
and well-justified decision-making framework [15]. Large-
scale investments in transmission infrastructure must account
for future electricity consumption patterns and the evolving
generation mix. This study presents a multi-objective TEP
model that aims to enhance the flexibility of the Electric
Reliability Council of Texas (ERCOT) grid while reducing
Greenhouse Gas (GHG) emissions, and meanwhile consider-
ing the survey Form EIA-860 as a guideline for generator-level
specific information about commissioning planned generators
and decommissioning coal-fired power plants in the U.S. [16].

To validate the proposed approach, the ACTIVSg2000 test
case [17], a synthetic power system modeled after ERCOT’s
grid, is used. The analysis highlights:

• The critical role of incorporating HILPs, such as CC and
EWEs, into TEP decision-making.

• The correlation between grid flexibility and the power
system’s ability to adapt to extreme conditions.

By integrating these considerations, this study contributes to
a resilient and sustainable electricity network, ensuring long-
term reliability and efficiency amid evolving challenges.

II. MULTI-OBJECTIVE TRANSMISSION EXPANSION
PLANNING

TEP strategically guides power system development to
ensure economic and technical reliability. By upgrading infras-
tructure, creating new corridors, or adding reinforcements to
transmission networks, TEP determines when, where, and how
to expand transmission. By incorporating secondary goals,
the TEP becomes a Multi-Objective (MO-TEP), capable of
increasing the energy transport range, improving reliability and
flexibility, which can reduce GHG emissions [18].

A. Mathematical Formulation

TEP is an NP-hard problem integrating integer and contin-
uous decision variables in an optimization framework. As a
Mixed Integer Non-Linear Programming (MINLP) problem,
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the TEP task requires substantial computational effort. In this
paper, the comprehensive Multi-Objective Function (MOF )
described in Eq. (1) is composed by three objectives:

• minimize total costs (Z1), which includes costs incurred
over the planning horizon, such as investment in new
transmission assets (Cinv

t,σ ), unreliability costs (Cunr
t,σ ), and

Operation and Maintenance (o&m) expenditures (Co&m
t,σ ).

• minimize GHG emissions (Z2), by accounting for Car-
bon Dioxide (CO2), Nitrous Oxide (N2O), and Fluori-
nated gases such Sulfur Hexafluoride (SF6);

• maximize flexibility (Z3), by assessing the Relative
Flexibility Index (RFI).

MOF = (Z1, Z2, Z3) (1)

B. Expansion Planning Task Formulation

The initial stage focuses on solving the multi-stage deter-
ministic TEP problem, where a solution is considered feasible
if the investment portfolio guarantees proper system operation
with EENS = 0. Expansion decisions must be made in the
present timeframe when failures and operative and mainte-
nance costs are only forecasted. This temporal imposition ne-
cessitates solving the mathematical formulation outlined from
Equations (2) to (28) to ensure network resilience stressed
operative conditions and mitigate associated impacts.

min{
x∈X
g,τ,φ
L

}Z1 = ρ
∑
σ∈Ω6

∑
t∈Ω1

[
Cinv

t,σ + Co&m
t,σ + Cunr

t,σ

]
(2)

In this model, Ω1 denotes the set of stages; the initial
transmission topology (x0) and all new projects (x) are encom-
passed by Ω2. Meanwhile, Ω3 represents all buses within the
network. Additionally, Ω4 signifies the set of all non-renewable
generators, while Ω5 contains all renewable sources. Ω6 is the
set of all economic and operative N-1 scenarios.

1) Investment costs: As observed in [12]–[14], the TEP
problem is structured as a MINLP with upper and lower levels.
The upper-level problem, delineated by Equations (3) and (4),
determines the values of Cinv

t,σ , while the lower level provide
Co&m

t,σ and Cunr
t,σ . Therefore, the manager-worker relationship

between both levels is noteworthy. In the upper level, the
integer decision variables (x) symbolize the planned invest-
ments for new transmission assets, encompassing overhead
lines, cables, and transformers.

min
{x∈X}

Cinv
t,σ =

∑
(i,j)∈Ω2

x(i,j),t ·K(i,j)

(1 +R+ εσ)t
(3)

subject to:

0 ≤
∑

(i,j)∈Ω2

x(i,j),t ≤ x(i,j) (4)

In Eq. (3), R denotes the annual interest rate, while ε
expresses its long-term economic uncertainty over the years;
K expresses the projected initial cost for each project.; and t
signifies each stage within the planning horizon.

2) Operation and Maintenance costs: The lower-level
subproblem assesses the costs associated with continuous
decision variables, including generation (g), curtailment of
primary sources (τ ), overload (φ), as well as artificial variables
representing planned outages (ϖ) and failures (f ). These
variables are determined using an Interior Point Solver [19],
applied to the problem outlined from Equations (5) and (22),
for all t ∈ Ω1∧σ ∈ Ω6, and subject to the constraints detailed
from Equations (6) to (21), (23) and (24).

Operation costs in Eq. (5) include: G, as the function
representing the nominal cost per MWh for each generator;
and η, the curtailment penalty of 3 USD per wasted renewable
kWh [20]. The overload penalty ϕ is fixed at 1 USD/kWh.

min{
x∈X
g,τ,φ

}Co&m
t,σ = ϕ

∑
(i,j)∈Ω2

φ(i,j),t,σ · (x+ x0) +

η
∑
r∈Ω5

τr,t,σ +
∑
i∈Ω3

gi,t,σ · Gi,t

(5)

The rise in RESs adoption, particularly from photovoltaic
arrays and wind turbines, brings about short-term variations
in energy production and demand patterns. Due to the un-
predictable nature of these sources and demand, it is crucial
to strengthen power infrastructures addressing fluctuating load
and generation patterns.

As described in Eq. (6), the total generation (g) at each
bus is determined by summing the contributions from non-
renewable sources (N ) and renewable sources, specifically
hydro (H), wind (W ), and solar (Φ), while subtracting the
curtailed portion of primary sources (τ ). Additionally, Equa-
tion (6) accounts for: short-term wind fluctuation (w) modeled
as a Weibull Probability Density Function (PDF); photovoltaic
variations (s) addressed by a Beta PDF; (h) hydro inflow
uncertainties and short-term demand fluctuations (d) depicted
by Gaussian PDFs [13], [21], [22].

gi,t,σ =
∑
n∈Ω4

Ni,n,t +∑
r∈Ω5

[Φi,r,t +Wi,r,t +Hi,r,t − τi,r,t] +∑
r∈Ω5

[si,r,t,σ + wi,r,t,σ + hi,r,t,σ]

(6)

The lower-level constraints incorporate the AC-OPF model
from Eq. (6) to (21), (23) and (24), applying to all t ∈ Ω1,
(i, j) ∈ Ω2 ∨ i ∈ Ω3, and ∀σ ∈ Ω6, where: l represents the
annual load growth rate (in percentage); while voltages (V )
and their phase angles (θ) must satisfy the long-term active
and reactive power balance conditions, as defined in Eqs. (8)
and (9).

S2
(i,j),t,σ = P 2

(i,j),t,σ +Q2
(i,j),t,σ (7)∑

(i,j)∈Ω2

P (V, θ)(i,j),t,σ + cos (θ) · (Di,t + di,t,σ − gi,t,σ) = 0

(8)∑
(i,j)∈Ω2

Q(V, θ)(i,j),t,σ+sin (θ)·(Di,t+di,t,σ−gi,t,σ) = 0 (9)



P (V, θ)(i,j),t,σ = Vi,t,σ ·
∑

(i,j)∈Ω2

Vj,t,σ ·
[
G(i,j),t · cos θ(i,j),t,σ

+B(i,j),t · sin θ(i,j),t,σ
]

(10)

Q(V, θ)(i,j),t,σ = Vi,t ·
∑

(i,j)∈Ω2

Vj,t,σ ·
[
G(i,j),t · sin θ(i,j),t,σ

−B(i,j),t · cos θ(i,j),t,σ
]

(11)

|P(i,j),t,σ| ≤ P (i,j),t (12)

|Q(i,j),t,σ| ≤ Q(i,j),t (13)

V i,t ≤ Vi,t, σ ≤ V i,t (14)

D(i,t+1) = D(i,t) · (1 + l)t (15)

The constructed and planned equipment are integrated into
the availability matrix (A) subjected to vectors modeling
planned outages (ϖ) and failures (f ) for each uncertain
scenario (σ) in Ω6 and stage (t) of the planning process in
Ω1. The equipment availability cause direct impact on Co&m

t,σ

and Cunr
t,σ .

A(i,j),t,σ = A · (x+ x0) ·ϖ(i,j),t · f(i,j),t,σ (16)

0 ≤ ϖ(i,j),t ≤ 1 (17)

0 ≤ f(i,j),t,σ ≤ 1 (18)

Power systems should redirect flows during faults or outages
with minimal service disruption, ensuring user demand under
the N-1 reliability guideline. The planned solution (x) with the
initial topology (x0) must have redundancy for outages. The
N-1 safety criterion matrix (A) in Eq. (16) adds reliability to
the TEP task.

The transmitted apparent power from node Si to node Sj

is constrained by (19), considering the expected availability
matrix A for both the initial system topology x0 and the
planned transmission assets x. The overload rate (Θ) defines
the maximum overload allowed in the transmission network.
The overload (φ) in branches (i, j) expressed in Eq. (20) is
limited by 20% of its nominal power flow capability (S(i,j)).

A(i,j),t,σ · S(i,j),σ ≤ S(i,j) ·Θ (19)

φ(i,j),σ = S(i,j),σ − S(i,j) (20)

φ(i,j),σ =

{
φ(i,j),σ, if φ(i,j),σ > 0

0, if φ(i,j),σ ≤ 0
(21)

3) Unreliability costs: As shown in Equations (22), (23)
and (24), Cunr

t,σ depends on EENS and short-term load
shedding (L), with d as short-term demand and D as long-term
demand. The penalization factor γ is set at 1012 to prevent
deterministic EENS, while the Value of Lost Load (V oLL)
is 10 USD/kWh, accounting for demand uncertainties [20].

min
{L}

Cunr
t,σ =

[∑
i∈Ω3

γ · EENSi,t + V OLL · Li,t,σ

]
(22)

EENSi,t = Di,t + S(i,j),t − gi,t, (23)

Li,t,σ = Di,t,σ + di,t,σ + S(i,j),t,σ − gi,t,σ (24)

C. Carbon Emissions

Burning fossil fuels for electricity and heat contributes
significantly to global emissions. As in [23], [24], this work
prioritizes green megawatts over non-renewable sources, align-
ing with global efforts to reduce GHG emissions. Thus, GHG
emissions are included in the optimization process in Eq. (25),
with emission rates per MWh (E) shown in Table III.

min
g

Z2 = ρ
∑
σ∈Ω6

∑
t∈Ω1

∑
i∈Ω3

gi,t,σ · Ei(CO2, N2O,SF6) (25)

D. Relative Flexibility Index (RFI)

The RFI is a quantitative measure used to assess the
adaptability of a system, particularly in power grids and
energy infrastructure. It evaluates how efficiently a system can
respond to uncertainties, such as demand fluctuations, renew-
able energy variability, and unexpected failures. The RFI is
typically computed by comparing the operational performance
of a system under different scenarios, considering constraints
such as network capacity, resource availability, and response
time [25], [26]. A higher RFI indicates better resilience, while
a lower RFI signals rigidity and vulnerabilities. In this work,
RFI refers to grid flexibility as described in Eq. (26).

maxZ3 = RFI =
Sflex

Dmax

(26)

Sflex = min

 ∑
(i,j)∈Ω2

S(i,j),t −
∑

(i,j)∈Ω2

S(i,j),t

 (27)

Dmax = max
∑
i∈Ω3

(Di,t + di,t,σ) (28)

III. METHODOLOGY

This study assesses ERCOT system resilience under stress
and proposes a TEP that includes CC and EWEs to mitigate
potential damages. It starts by constructing a set of stressed
scenarios to model uncertainties accurately. In the second
stage, a scenario reduction technique is applied to mitigate
the computational burden. In the third stage, the optimiza-
tion process is led by the NSGA-II algorithm in parallel to
MATPOWER AC-OPF MIP solver aiming at evaluating the
proposed TEP solutions [19].

Fig. 1: Flowchart of the proposed methodology.

This study integrates a metaheuristic algorithm (NSGA-II),
a computation-driven approach inspired by Genetic Algo-
rithms (GA), with a self-adaptive mechanism to prevent pre-
mature convergence and mitigate potential discrepancies from
gradient-based algorithms. Key input parameters include the



population size, the number of replications, and the maximum
generations, serving as one of the stopping criteria. Further
details on the NSGA-II algorithm are available in [27].

A. Scenario Creation

Following the methodology in [14], the ERCOT system
was evaluated under stress by generating 300 challenging
operating conditions. These scenarios incorporated both long-
term uncertainties and short-term fluctuations, leveraging a
Monte Carlo-based approach. Figure 2 presents the variations
in PV generation over time, comparing scenarios that account
for climate change (CC) and extreme weather events (EWEs)
against those that do not. The influence of climate change
on solar irradiation results in a projected increase in PV
generation throughout the planning period.

Fig. 2: Boxplot of PV generation (in MW on Y-axis) over
each year of the planning Horizon (X-axis). a) shows the PV
generation disregarding climate change, while b) consider CC
and EWEs to compose the scenario set. [14]

B. Scenario reduction

Given the mathematical complexity of an NP-hard MINLP
problem coupled with the scenario set, the planner must
consider the computational time required for each iteration
of the optimization process. Therefore, a scenario reduction
technique was deployed to mitigate the computational burden
while preserving solution accuracy by identifying critical
operational scenarios across electrical zone-season pairings
throughout the planning horizon: i) demand peak; ii) net-load
peak; iii) maximum RESs generation regardless of demand;
iv) maximum RESs feed-in during valley demand.

Pinpointing gross and net load peaks enables efficient
resource allocation and capacity planning to meet demand
requirements. Additionally, assessing the fluctuation of RESs
contribution by identifying minimum and maximum feed-in
during peak and valley demand periods captures key opera-
tional states pivotal to system performance and resilience.

IV. SIMULATIONS AND ANALYSIS

A. Outline of the tests

This section assesses the impact of HILP events, specifically
CC and EWEs, on Transmission Expansion Planning. Two
simulations were conducted on the ACTIVSg2000 test system
to achieve this goal:

• Simulation 1: TEP task considering CC and EWEs.
• Simulation 2: Testing Pareto solutions under the extreme

conditions that hit Texas in February 2021.
ACTIVSg2000 is a synthetic 2000-bus test case developed

to represent the Texas bulk power system, as detailed in [17].
It includes transmission networks at 115, 161, 230 and 500 kV
to better simulate the ERCOT grid.

B. Texas Rotating Outages

In February 2021, a severe snowstorm devastated Texas,
freezing gas pipelines and turbine blades, drastically reduc-
ing the state’s power generation capacity. The storm caused
unprecedented generation losses, with 61.8 GW knocked of-
fline [28]. During that event, demand spiked to nearly 70 GW,
while 35 GW of coal, nuclear, and gas power plants went
offline, disrupting the ERCOT system. Figure 3 depicts this
terrifying scenario.

The financial impact was staggering, with losses from
infrastructure damage and disrupted productivity estimated at
$130 BUSD in Texas and $155 BUSD nationwide [4]–[6].
This decline in electricity generation persisted until Febru-
ary 19, resulting in EENS = 998.8 GWh. Unforeseeable
events are an operational reality, but their consequences could
have been mitigated with more resilient network planning
and protective measures, transforming black swans into grey
ones [13], [29].

Fig. 3: ERCOT hourly net generation by energy source (Feb
7 – Feb 17, 2021) [30]

C. Form EIA-860

Form EIA-860 is a U.S. Energy Information Administration
(EIA) survey that collects data on the status, characteristics,
and operations of electric power plants with 1 MW or greater
capacity [16]. It includes information on generator types,
fuel sources, planned capacity additions, and environmental
controls, supporting analysis of the nation’s power generation
infrastructure. Thus, Form EIA-860 is used in this paper as the
generation expansion plan, allowing a better fit with the ER-
COT plan. Figure 5 illustrates the coal-fired decommissioning
plan, while Fig. 6 shows the planned RESs penetration.

D. Simulations

The simulation utilized scenarios covering long-term uncer-
tainties like economic factors, demand growth, and CC, along



with short-term fluctuations such as real-time load variations,
wind speeds, solar irradiation, and extreme weather events.

The simulation utilized scenarios covering both long-term
uncertainties, such as economic factors, demand growth, and
CC impacts, as well as short-term fluctuations, including real-
time load variations, wind speeds, solar irradiation, and EWEs.
For the NSGA-II algorithm governing upper-level decisions,
the initial population consisted of 20 particles, with each
iteration involving 3 replicated populations for analysis. As
a stopping criterion, the simulation halted if 20 consecutive
iterations showed no improvement in the Pareto front, with a
maximum of 200 iterations. The planning horizon spanned 10
years in simulation 1, while in simulation 2, it represents 120
hours starting from Feb. 15 at 00:00.

1) Simulation 1 - TEP considering CC and EWEs:
The simulation results indicate that each iteration took an aver-
age of 7 minutes and 30 seconds, with the algorithm reaching
convergence after 38 iterations. A key insight from the analysis
is the relationship between transmission investments, the Re-
silience Flexibility Index (RFI), and GHG emissions. As more
capital is correctly allocated to transmission infrastructure,
RFI tends to increase, allowing the system to better adapt
to uncertainties and operational stress. Simultaneously, CO2

emissions tend to decrease, suggesting that a more flexible grid
facilitates the integration of RESs. However, the relationship
between RFI and emissions is not strictly linear, indicating
that other operational factors influence the trade-off.

From a decision-making perspective, risk-averse stakehold-
ers might prioritize higher RFI, valuing system adaptability
and robustness under extreme conditions. Conversely, risk-
prone decision-makers may focus on minimizing costs, fa-
voring solutions that require lower investments. To support
decision-making, this study provides a multi-objective per-
spective, enabling planners to evaluate different expansion
strategies and balance their preferences between system flexi-
bility, environmental impact, and financial constraints. Figure 4
shows the non-dominant solutions.

2) Simulation 2 - Testing Pareto solutions under the ex-
treme conditions that hit Texas in February 2021:
After obtaining the Pareto front with the suggested TEP
solutions in Simulation 1, this study evaluates their resilience
under conditions similar to those in Texas in February 2021.
To perform this test, a 120-hour generation contingency was
simulated using the ACTIVSg2000 model [2], [3], [17], [30].

In this way, all the non-dominated solutions on the Pareto
front surface were tested with the aim of achieving the one
that behaves better under extreme conditions. The metric used
to evaluate the TEP solutions was EENS.

E. Discussion

This HILP event emphasized the need for weather-resistant
infrastructure and adaptable practices due to shifting climate
patterns. Therefore, it was tested all solutions from Simulation
1 against the Texas crisis scenario to determine their Expected
Value (EV ) and Expected Energy Not Supplied (EENS)

(a) Non-Dominated Solutions.
(b) Trade-off between total costs
and Relative Flexibility Index.

(c) Trade-off between total costs
and greenhouse emissions.

(d) Trade-off between RFI and
greenhouse emissions.

Fig. 4: Non-Dominated Solutions from MO-TEP: Trade-Off
Analysis Between Investment, GHG Emissions, and RFI. The
red circle highlights the best solution in Simulation 2.

TABLE I: Selected Solution for Risk-Averse Decision-Makers.

Year New connections Year New connections
1 1004-3133, 1037-1071 2 1048-1047, 1053 1081,

1079-1071
3 3048-1079, 2021 2002, 4 6264-6263, 8126-5049

2113-8126
5 6335-6043, 1079-1071 6 2101-5083, 4012-4103
7 7235-7315, 2127-5164 8 7043-7042
9 2017-2096, 2017-2127 10 2127-2011

during the event. Table II displays the economic difference
between the proposed solutions and the current infrastructure.

TABLE II: MO-TEP Result by Planning Horizon.

Metric Sim. 1 Sim. 2 Estimated Damages
10 years 120h of crisis in ERCOT (Feb. 2021)

Cinv [BUSD] 0.753 0.753 -
Co&m [BUSD] 121.335 0.178 -
Cunr [BUSD] 0.001 119.75 -
EV [BUSD] 122.089 120.681 $130∼$155 [4]

EENS [GWh] - 812.45 998.8 [5]

V. CONCLUSION

Adopting an environmentally conscious approach requires a
major transformation of power systems. As RESs integration
grows, so does grid uncertainty. This study accounts for per-
turbations from CC and EWEs, strengthening TEP robustness.
Although incorporating these uncertainties raises investment
costs compared to traditional TEP methods, it makes networks
more resilient to HILP events. However, implementing this



shift toward a more resilient ERCOT bulk system demands
political commitment, significant financial investments, and a
transition to a risk-averse approach.
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APPENDIX

TABLE III: Emission Rates per Energy Source [31], [32].

Energy Source CO2

[kg/MWh]
N2O

[g/MWh]
SF6

[mg/MWh]
Biomass 130 0.177 5.79
Gas Combined-cycle turbines 500 0.079 0.60
Gas combustion turbines 500 0.079 0.60
Oil combustion turbines 850 0.177 5.79
Geothermal units 70 0.177 5.79
Hydro power plants 100 0.177 5.79
Internal Combustion Engines 550 0.079 0.60
Photovoltaic (solar) 40 0.177 5.79
Coal-Fired Steam Turbines 1050 0.382 330.30
Gas-Fired Steam Turbines 550 0.079 0.60
Wind power 10 0.357 5.79
Nuclear power plants 118 0.079 0.60

Fig. 5: Retirement plan for coal-fired Megawats in Texas (2006
– 2040). Data source: [16].

Fig. 6: Planned energy source penetration in Texas (2023 –
2030). Data source: [16].


