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Abstract

The provision of reliable and cost-effective electricity supply is vital for modern societies. Achieving this
balance between reliability and cost can be explored through stochastic optimization models. However,
these models are often perceived by practitioners as overly complex, intractable and demanding
extensive, often unavailable, reliability data. This paper presents a novel approach: the inverse
optimization problem of the probabilistic security-constrained optimal power flow (PSC-OPF). This
method enables the determination of missing outage and repair rates of network components, aligning
with observed supply continuity levels. By integrating the determined (or calibrated) outage and repair
rates into a transmission network expansion planning model, we assess the impacts of network
investments on enhancing supply continuity levels. We employ machine learning, decomposition and
regularization approaches to manage large-scale instances of stochastic problems. Through a real-world
application to the Chilean power system, we demonstrate that our proposed inverse model's calibration
leads to more accurate, realistic, and credible results that then can be used to appropriately plan network
investments. Our results informed the setting and upgrading of the transmission network reliability
standards in Chile, resulting in substantial cost savings and supply continuity enhancements for the

electricity consumers.

1. Introduction

Ensuring a reliable and cost-effective electricity supply to consumers is critical in power systems. At the
transmission system level, the application of reliability criteria has been the predominant reason to

undertake network investments (Joskow, 2006). However, these reliability criteria were developed
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several decades ago and are usually justified based on engineering judgement rather than on appropriate
cost-benefit analysis.

The right balance between costs and benefits associated with reliability network standards can be studied
through two-stage stochastic optimization models (Strbac, Kirschen, & Moreno, 2016). In these models,
investments in new network capacity (determined at the first stage) continue until the cost outweighs the
benefits of improved reliability, measured by reduced demand curtailment and enhanced supply
continuity (determined at the second stage). While the power industry often acknowledges the benefits
of probabilistic analysis and stochastic models for making investment decisions to enhance reliability,
these models are also viewed as overly complex and difficult to implement on a real-scale network.
Moreover, they require extensive amounts of often unavailable reliability data. In this context, this paper
features two chief contributions:

e Weintroduce the inverse optimization problem for the probabilistic security-constrained optimal
power flow (PSC-OPF), a novel approach that allows us to determine missing reliability data (i.e.,
outage and repair rates of network components) required to align with observed supply
continuity levels.

e We solve a series of stochastic optimization problems—specifically, the proposed inverse PSC-
OPF problem, the PSC-OPF problem, and the probabilistic transmission expansion planning
problem—on the real-world transmission network of Chile, which includes 2,200 lines and
transformers, and 2,400 buses. To manage the large-scale instances of these problems, we
employ various techniques such as machine learning, decomposition, and regularization
approaches.

Our analysis has led to the formulation of a new network reliability standard, which has been successfully
adopted by the Chilean authority since 2020. This standard, the first to be developed through operations
research, achieves an optimal balance between reliability levels and network investment costs,
contributing to enhanced supply continuity to the best possible tariff.

This paper is organized as follows. Section 2 provides the conceptual framework and introduces the
inverse PSC-OPF model. Section 3 outlines the solution strategy for the inverse optimization problem.
Sections 4 and 5 detail the real-world application of a network investment model for enhancing reliability
in the Chilean system, relying on our model's calibration. Section 6 presents the results that inform the
2020 security standards by the National Energy Commission (NEC) in Chile. Finally, Section 7 concludes by

highlighting the impact of our work.



2. The Background and Proposed Inverse OPF Problem

In this chapter, we establish the conceptual framework for our work by introducing the optimization
models traditionally used to study power systems' reliability. We begin with a description of the well-
known Optimal Power Flow (OPF) problem, followed by its extensions that incorporate reliability
considerations, based on either robust (deterministic) or probabilistic (stochastic) concepts. We also
demonstrate the application of these formulations to both operation and investment problems. We
emphasize that probabilistic models are sensitive to the reliability parameters of network components,
such as failure and repair rates, as these determine outage probabilities. In this context, we propose an
inverse optimization model that calibrates the reliability parameters of network components. This
calibration ensures that the (forward) OPF models with probabilistic security accurately reflect the supply
continuity levels experienced by consumers, thereby producing appropriate results.
2.1. The Optimal Power Flow Problem and Its Extensions

The OPF problem is a mathematical program that determines the flows through the network components
(e.g., lines and transformers) and power output of generators, so demand is supplied at minimum cost
while satisfying physical constraints (Stott & Alsac, 2012) (Cain, O'Neill, & Castillo, 2012). The aim of the
OPF model is usually to determine optimal system operation for a single operating condition (i.e., a
snapshot or timeslice), which can be a normal (also called pre-contingency) condition or a contingency
(also called post-contingency) condition. The pre-contingency operation can be planned in a robust
fashion to hedge the system against unplanned outages of components, adjusting the operating variables
in the normal condition to remain within safe ranges during contingencies without the need to shed
demand. These adjustments, known as preventive actions, can be obtained through additional constraints
in the OPF problem to ensure security margins for facing system contingencies. On the other hand,
corrective actions are those applied after the outage occurs and aim at minimizing its impact. They can
include delivering generation reserves, switching transmission lines, and utilizing power-flow controlling
devices, such as phase-shifting transformers and high voltage direct current systems (Hedman, O'Neill,
Fisher, & Oren, 2009) (Chen, Moreno, Strbac, & Alvarado, 2018).

When pre- and post-contingency operations are jointly modeled in the OPF problem to ensure that there
are no demand disconnections post-contingency, the model is known as the Security-Constrained Optimal
Power Flow (SC-OPF) problem (Monticelli, Pereira, & Granville, 1987), which is a robust optimization

program formulated as follows (see details in Appendix A of version used in paper):
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where x( represents pre-contingency operating decisions (i.e., during the “normal” system state, without
outages), and x, represents corrective actions under the s-th contingency. The objective function (1.a)
corresponds to the operational cost during normal conditions. Constraints (1.b) and (1.c) respectively
model restrictions associated with system operation in the normal state and during each one of the C
contingency scenarios. Constraints (1.d) capture the flexibility of corrective actions, limited by the
parameter A;.
The SC-OPF problem guarantees the security of supply across a range of contingencies deemed as
“credible” (typically those associated with the N-1 or N-2 criteria, which involve any single or double
outage, respectively; in the context of robust optimization, this represents the uncertainty set), thus
providing a robust solution for the operation problem. However, the resulting reliability levels depend on
the set of contingencies being considered instead of stemming from a balance of the cost and benefits of
the preventive actions required to provide reliability (He, Cheng, Kirschen, & Sun, 2011).
The stochastic counterpart of the aforementioned robust program is known as the Probabilistic Security-
constrained Optimal Power Flow (PSC-OPF) model. This model is a standard mathematical tool used to
quantify the effects of network outages on supply interruptions. It operates as a two-stage stochastic
program that minimizes the expected operational cost of the system under normal conditions and across
various contingency scenarios. In the first stage, the program determines pre-contingency operational
decisions. In the second stage, it addresses system operation under each contingency, which may include
demand interruptions at different locations. This approach balances the costs and benefits of preventive
and corrective actions, thereby achieving optimal reliability levels from an economic perspective. The PSC-

OPF is formulated as follows (Capitanescu, et al., 2011) (see details in Appendix B of version used in paper):
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which has a similar structure to the SC-OPF but presents two significant differences. Firstly, variables yg
are introduced to permit load shedding during the post-contingency operation. Secondly, the objective
function (2.a) considers operating cost during the normal state and the expected cost of corrective actions
during contingency scenarios, including demand curtailments, which allows to evaluate whether it is
convenient to leave unsupplied energy in some scenarios if the required preventive actions to avoid it are
too costly. In addition, the number of contingencies considered in the PSC-OPF, denoted by M, is usually
higher than those of the SC-OPF (denoted by C), as the impact of each contingency is weighted by its
probability. Using expected costs allows for the consideration of outage scenarios beyond those deemed
credible.

The previous PSC-OPF formulation can be readily extended to include network investment decisions in its
first stage (Krishnan, et al., 2016) (Zhang, Vittal, Heydt, & Quintero, 2012), thus modifying pre- and post-
contingency actions by increasing transmission capacity. In addition, the investment costs must be
considered in the objective function of the problem. This extended model is stated as follows (Strbac,

Kirschen, & Moreno, 2016) (see details in Appendix C of version used in paper):
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where z is the vector of investment decisions, whose costs c; are reflected in the objective function (3.a).
Constraints (3.b) define the set of feasible investment options, which may be limited in physical or
budgetary terms. The remaining restrictions are interpreted the same way as before, with (3.c) and (3.d)

explicitly recognizing their dependency on investment decisions.

2.2. Our Proposed Inverse Probabilistic Security-constrained Optimal Power Flow
The outage and repair rates of network components (also referred to as reliability parameters) are critical

inputs in probabilistic models as they determine the probability of each contingency scenario. However,
accurately determining these values is extremely challenging in practice.

While reliability parameters can be estimated from historical data, these records are often incomplete
and inaccurate (Rodrigues & Silva, 2013), leading to suboptimal decisions when identifying cost-effective
investments to enhance system reliability. For instance, (Alvarado, Moreira, Moreno, & Strbac, 2018)

highlight the impact of inaccurate reliability data on investment decisions in transmission expansion
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planning. Additionally, aging processes and inadequate maintenance can alter the outage probability of
components over time, which may require reliability data to be updated in a timely fashion (Alvarado,
Moreno, Orchard, & Kirschen, 2022). Furthermore, climate-driven events and other natural hazards can
affect reliability data (Panteli & Mancarella, 2015). All these factors make it challenging to reliably
estimate outage and repair rates.

Unlike the reliability parameters of transmission assets, supply continuity data has been made readily
available as regulators usually monitor the quality of supply closely (i.e., interruptions frequency and
duration, and the volume of unsupplied energy). In this context, our work proposes a novel methodology
that uses inverse optimization to find reliability parameters of network components based on known
supply continuity metrics. This approach leverages the straightforward availability of supply continuity
data, allowing us to calibrate the PSC-OPF problem to reflect the actual supply continuity levels perceived
by consumers. Consequently, this enhances the PSC-OPF model's ability, and its extended version that
plans network investments, to inform effective alternatives for improving reliability levels.

Importantly, our proposed method calculates reliability parameters with a systemwide perspective rather
than on a component-by-component basis, providing a coherent solution aligned with observed
continuity metrics. This is a significant advantage, as alternative methods that determine reliability data
at the component level, by inferring outage and repair rates from historical performance, often lack a
systemwide perspective and alignment with the continuity levels perceived by consumers, making their
results less credible in practice. The inverse PSC-OPF (also referred to as the "inverse" problem) is

formulated as follows:
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where 7 is a vector containing the reliability parameters of the PSC-OPF (namely, the outage and repair
rates of network components), h; represent mathematical expressions for the supply continuity metrics
(e.g., duration, frequency, and volume of interruptions) at different buses, while q; correspond to the
respective observed metrics, and €; quantifies the associated errors between the calibrated and observed
values. The objective function (4.a) minimizes the weighted sum of calibration errors, where the weights
a; express the relative importance of each metric to be calibrated, whose values might be determined

using expert knowledge. Constraints (4.b) compute each error, while (4.c) restricts the calibrated



reliability parameters to lie within prespecified ranges, thus allowing the search to be conducted only in
the vicinity of prior estimates (e.g., derived from the available, albeit poor, historical data).

A related problem to the abovementioned inverse PSC-OPF is presented by (Hu, Xie, & Tai, 2018) and (Niu,
etal.,, 2021), under the name of Inverse Power System Reliability Evaluation. They formulate an analytical
model based on nonlinear algebraic equations to obtain the unknown reliability parameters using a set of
specified reliability indices. Their scope, however, is limited to the case where the number of unknown
parameters equals the number of selected indices, which allows the set of nonlinear equations to be
solved numerically. In this vein, our work presents a more general framework to estimate (or calibrate)
the reliability parameters. Remarkably, as our approach is based on optimization, it allows for a much
simpler inclusion of additional constraints, which are often needed for specific applications in the power
industry.

Finally, it is important to note that even in the hypothetical case where reliability parameters are fully
available, using them in the PSC-OPF model may not necessarily lead to the supply continuity effects
observed in practice. This is because models, even large-scale and real-world ones like those used in this
work, are always idealized and simplified versions of reality. Therefore, a systemwide calibration process
not only addresses the issue of unavailable data but also mitigates errors induced by model
simplifications. This aspect is critically important when working with practitioners, as they expect the

model (and its input parameters) to accurately replicate observed effects before proceeding further.

3. The Proposed Methodology for Calibration via Inverse

Optimization
In this chapter, we further explore the inverse PSC-OPF problem described in equations (4.a) - (4.c),
providing the necessary definitions for power system reliability modeling and the analytical expressions
for the supply continuity metrics of interest. Next, we discuss a preprocessing step that prepares the data
by clustering it to make the model more tractable and avoid overfitting. Finally, we present the solution
strategy for the proposed inverse optimization problem.

3.1. Analytical expressions of the supply continuity metrics h;
We use a Markov process to represent the transitions between the different states of the system, which
allow us to determine the h; metrics as explained in (Billington & Allan, 1984). That is, for each asset i, the
availability A; and unavailability U; are calculated using its reliability parameters, specifically the outage 4;

and repair y; rates, through the following expressions:
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Then, the probability ps of each system state s (or scenario s) is calculated as follows:
ps = HAil_[ Ui, (6)
i€EBY  i€eBW
where B¥? and B?W are the sets of available and unavailable components, respectively, under the system
state s. In this paper, we use the following h; metrics: System Average Interruption Frequency Index (SAIFI)
[occurrences], System Average Interruption Duration Index (SAIDI) [hours], and Expected Energy Not

Supplied (EENS) [MWh], whose analytical expressions are:

sests
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Notice that T refers to the duration of the representative operating condition (e.g., if a year is represented
by a single timeslice, T equals 8760 hours), Fs; the frequency at which the system state s is reached from
any other state without load shedding S]Q in node j, s the transition between states k and s by using 4;
or y; as appropriate, and Lg; the load shedding for each system state s and node j. The states with and
without load shedding S}S and 5}), together with the amounts of load shedding Lg;, will be determined by
two OPF models, as explained later (Figure 1).
3.2. Implementation Strategy: Preprocessing data and the solution strategy

The proposed methodology is applied through a two-step process. The first step involves preprocessing
data, where the machine learning technique known as decision trees is used to cluster demand nodes and
network assets into groups. Given that outages are infrequent, historical records can be inaccurate or
biased due to the limited dataset. Therefore, we use groups rather than individual data avoiding
overfitting to individual (and potentially inaccurate) values. Additionally, clustering data into groups
enhances the model's tractability.

The second step involves solving the inverse PSC-OPF model, described in equations (4.a) - (4.c), using a
metaheuristic approach. This approach determines the reliability parameters of network components that
replicate the supply interruption levels observed in historical data. Below, we explain these steps in more

detail.



3.2.1. Clustering buses and assets
Buses: We aim to form W groups of (comparable) buses sharing similar topological and electrical

features, and where the variance of supply continuity metrics within each cluster ¥ is minimal. To

achieve this, we use decision trees, which predict the value of a target variable (in this case, a supply

continuity metric like SAIFI, SAIDI or EENS) by learning simple decision rules inferred from data features.

These rules shape the branches of the decision tree, ultimately defining each cluster. We use the

following four features to characterize each bus:

e Radiality: Indicates whether the node is connected to a radial or meshed part of the network. A node's
connection is considered radial if there is a single branch or circuit connecting it to the rest of the
system, meaning there are no loops. In the radial case, this metric reflects the distance between the
node and the closest meshed piece; otherwise, it is zero.

e Connectivity: The number of branches that are incident to the node (i.e., degree or valency).

e Voltage: The voltage level of the node.

e Distributed generation: The aggregated capacity embedded in the node.

We expect nodes connected to a meshed piece of the transmission network, with high connectivity and

voltage levels, and a larger capacity of distributed generation, to feature improved supply continuity

levels. Other features could be used as well, depending on the case and available data. This approach also
enhances model tractability as it reduces the number of h; metrics.

Assets: The lack of richer outage data may lead to substantially different reliability parameters across

network components, even for comparable ones. This motivates sharing the same outage and repair rates

(per unit of length, in the case of lines) within assets of the same class. We define a class according to the

component type, its voltage level, and location (e.g., transmission lines of 220 kV located in a given zone

are assumed to feature the same reliability data). In our study, this feature is highly desirable for the
power industry as differences in reliability data for similar assets are difficult to justify in practice. This
approach also enhances model tractability as it reduces the number of outage and repair rates to be
calibrated. Depending on the application, these classes may be defined according to other features as well
(e.g., the aging of components).

3.2.2. The solution strategy to solve the inverse optimization problem
We use three concatenated optimization programs to solve (4.a) - (4.c) and determine the network

components' outage and repair rates that reproduce the historical levels of the supply continuity metrics
(Figure 1). First, we run a SC-OPF problem to determine the pre- and post-contingency operation for each

timeslice, aiming to replicate the system operator’s dispatches of generators for every operating



condition. Over this pre-contingency operation fixed, we simulate a higher set of contingencies to identify
in which scenarios load is disconnected and by how much, which is necessary to determine h;(r) metrics
(e.g., SAIDI, SAIFI and EENS, for different groups of nodes). Finally, we use an Adaptive Differential
Evolution metaheuristic (Zhang & Sanderson, 2009) to solve (4.a) - (4.c), which is suitable for non-convex

problems like ours.

SC-OPF g |[POST-CONTINGENCY OPF | x,,vy; /\j, 7y
N-1 on the main transmission > N-1 and N-2 on all METAHEURISTIC——>
corridors transmission corridors

Figure 1. Calibration process diagram.
The metaheuristic starts with an initial population of individuals, each representing a solution to the

inverse problem (i.e., a set of A; and y; values for each asset class), randomly generated within a
prespecified range. Subsequently, through crossover and mutation operators, new individuals are created,
and the initial population evolves according to a selection criterion based on a fitness function f sc (namely,
the inverse problem’s objective) that captures the adjustment errors €; relative to the historical metrics
q;. The process stops when the errors are less than or equal to a given tolerance or a maximum number
of iterations is reached.
Specifically, we consider target metrics at two aggregation levels: systemic (i.e., all demand nodes) and
clusters of nodes. Thus, the objective function is stated as follows:

fre= ansllessll+ ) aylieyl

pew (8)

where €5, and €y, denote the respective errors, and « values are the associated weights.

4. The application: Network Investments for Reliability Enhancements

4.1. Pure cost-benefit balance
In this work, the calibrated reliability parameters are used to determine the optimal set of investments in

transmission infrastructure to mitigate the impact of outages on system operations, thereby improving
the supply continuity levels perceived by consumers. To achieve this, we use the model stated in
equations (3.a) - (3.e). Given the application of this formulation to a very large-scale instance, we employ
decomposition and regularization techniques, along with additional methods detailed below.

For Benders decomposition, we follow the approach in (Moreno, Pudjianto, & Strbac, 2013), where
investment and pre-contingency operation decisions are included in the master problem, while the post-
contingency operations are handled by a set of subproblems that can be solved in parallel. Each
subproblem determines post-contingency operations given the investment and pre-contingency

operation proposals determined by the master problem.
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Regarding the regularization technique, we apply a variant of the method proposed by (Asamov & Powell,
2018), which introduced quadratic regularization as a term in the objective function that penalizes
deviations of state variables from their values in the previous iteration. This term diminishes as iterations
progress. Our variant differs in that we use the absolute-value distance instead of the Euclidean distance
to maintain linearity, as explained in (Cordera, Moreno, & Ordéfiez, 2023). Additionally, computational
complexity is further reduced by decoupling network investment decisions in radial and meshed
transmission assets, as the interaction between both is minimal.
4.2. Target supply continuity levels

Another feature of our model is the inclusion of SAIDI and SAIFI metrics as linear functions of EENS within
the set of constraints. We constructed these linear functions using linear regression analysis to enable
setting bounds for these metrics. Thus, the model not only identifies the portfolio of network investments
that optimally balances the costs of investments and unsupplied demand, but it also determines the
portfolio of network investments that achieves target supply continuity levels in each node at minimum
cost. This approach serves to analyse the Chilean energy policy outlined in the country’s Energy Roadmap
(Ministerio de Energia Chile, 2015), which sets explicit annual outage duration limits for each node.
It is important to mention that Benders decomposition cannot handle bounds on the supply continuity
metrics per node. Therefore, to find network enhancements that allow the system to respect these
bounds, we first determine the optimal investment portfolio from a pure cost-benefit balance point of
view (as in the previous section). With these assets fixed, we then run the monolithic investment model
(without decomposition) with bounds on the supply continuity metrics to add further investments to the
portfolio solution. This two-step approach significantly reduces computational times.

5. Case Studies and Input Data
We run one central case study and several sensitivities. The central case study determines the optimal set
of network investments justified due to a cost-benefit balance between (i) the investment (including
maintenance) costs of the new network infrastructure and (ii) the corresponding reductions in the
expected cost of energy not supplied (i.e., supply continuity improvements). Then, we run several
sensitivities that, rather than freely balancing these costs, impose a given supply continuity target for all
nodes, determining the optimal network enhancements that comply with such target. We run the model
for a wide range of targeted values of SAIDI, from 0.15h to 40h. The same SAIDI value is applied to all
demand nodes simultaneously. We use SAIDI as a targeted metric of continuity of supply as it is consistent

with the energy policy agenda in Chile. Before running the above case studies, we calibrate network
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components' reliability parameters using the method proposed in this paper, demonstrating that the

model can deliver credible results for the power industry.

The most relevant considerations in terms of input data, assumptions, and modeling are:

We use a 2400-bus representation of the Chilean transmission system (545 demand nodes, 450
generators, 1298 lines, and 869 transformers).

Demand per node, parameters of generators (capacities and costs), and the network topology
mentioned above correspond to those used and published by the Chilean system operator
(Coordinador Electrico Nacional, Documentos de modelacion del SEN, 2019).

Investment and maintenance costs of network components are taken from the Regulated Asset Value
report published by the regulatory authority for tariff purposes (Ministerio de Energia Chile, 2017).
The value of the lost load is equal to $12,960/MWh (Ministerio de Energia Chile, 2018).

For potential investments, we consider candidate network components so every branch in the network
complies with the N-1 redundancy criterion: 1,002 candidate lines and 225 candidate transformers.
Today, only a fraction of the transmission network complies with it.

We restrict our study to contingencies consisting of single or double outages (for the case of lines in
the same circuit). This is motivated by the nature of potential investments considered.

Prior estimates associated with the reliability parameters of network components are taken from
estimations by the Chilean system operator. We only consider data associated with forced outages
under milder events as planned outages and extreme events are ignored when SAIDI, SAIFI, and EENS
are measured (Coordinador Electrico Nacional, 2018).

The network companies report SAIDI, SAIFI, and EENS in all demand nodes to the Chilean regulatory
office. We use the data available between 2012 and 2018.

All studies are carried out for the present system condition (2019) to avoid investments due to demand
growth. Hence, investments can be justified only due to reliability benefits (i.e., post-contingency
congestion relief). We also add further constraints in the pre-contingency operation to mimic actual
power transfer limits applied by the system operator and thus obtain credible results for the power

industry (Coordinador Electrico Nacional, 2018).

6. Results and Discussion
6.1. Calibration

As outlined in Section 3, we cluster the network buses (or nodes) into groups based on their features such

as radiality, connectivity, voltage and volumes of distributed generation in different locations of the

system. Then, we calibrate the reliability data for each asset class to match the modeled and observed
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supply continuity data, specifically the systemwide SAIDI, and the SAIDI and SAIFI of each node group.
Importantly, to achieve these results, the errors in SAIDI and SAIFI for each cluster (i.e., modeled minus
observed historical values) were minimized to zero, resulting in a perfect calibration by adjusting the
outage and repair rates starting from the prior estimates. The resulting calibrated failure and repair rates
are depicted in Figure 2, showing that transformers have a lower failure frequency than lines. Additionally,

as expected, lines with higher voltages fail less frequently since higher voltage towers are more robust.

4
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Figure 2: Failure rates and repair rates of component classes (per 100 km lines and transformers; T/F
refers to transformers). The given prior estimates are presented in red color.

Figure 2 also shows significant variance in the reliability performance of network assets within the same
class, suggesting that local characteristics (e.g., environment and climate) and their particular state of
health (due to aging and maintenance policies) significantly affect reliability data. The large differences
between the calibrated rates and their prior estimates highlight the importance of our proposed
calibration method, as without it, a single prior value would be used for all assets in the same class,
potentially leading to inaccurate assessments.
6.2. Balancing Investment Costs and Reliability Enhancements

After calibrating the failure and repair rates, we proceed to enhance the transmission network. The
optimal solution for the transmission expansion planning problem, which balances investment and
unsupplied energy costs, involves $24.2M in annuitized investment costs. This results in $97.5M in savings
from the expected costs of energy not supplied, yielding a net benefit of $73.3M. Notably, the expected
energy not supplied is halved, and the systemwide SAIDI and SAIFI are significantly reduced by 48% and
25%, respectively. About 65% of the investment costs are allocated to building new lines, covering
approximately 1000 km. Additionally, the model installs about 1.7 GW in 25 new transformers. These

results are shown in Table 1.
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Table 1. Results of optimal investments (MS refers to millions of dollars).

No. lines | 48
Investments in Aggregated length [km] | 1,041
lines Capacity [MW] | 2,316
Investment cost (lines) [MS$/yr] | 15.7
Investments in No. tran.sformers 25
transformers Capacity [MW] | 1,765
Investment cost (transformers) [MS/yr] | 8.5
. Investment cost (total) [MS/yr] | 24.2
Cost-;::::i: Expected cost of energy not supplied (reduction) [MS/yr] | 97.5
Expected net benefit [MS/yr] | 73.3
Systemwide EENS (before — after investments) [GWh/yr] | (14-7)
supply continuity SAIDI (before — after investments) [h/yr] | (2.3-1.2)
metrics SAIFI (before — after investments) [occ/yr] | (1.3 -1)

From a policymaker's perspective, a critical issue with the above optimal solution is the uneven

distribution of reliability levels across the network. Figure 3 shows the distribution of nodal SAIDIs before

and after the investments. Although there is a significant improvement in the systemwide SAIDI (a 48%

reduction), local SAIDI remains poor for several buses. In Figure 3, dots with high SAIDI represent nodes

usually located far from the main meshed system and with small demand levels. In these areas, installing

redundancies is costlier than the corresponding savings in the expected cost of energy not supplied. We

address this "equity" problem in the next section.

70
60
50
40

SAIDI [h]

30

20

4

Before Investments

After Investments

Figure 3. Distribution of SAIDI across the nodes pre- and post-investment.

6.3. Reliability-constrained Investments: Improving Worst-served Areas
In this section, we study target reliability levels per node by enforcing an upper bound on the SAIDI levels

across all nodes. Figure 4 shows the annuitized investment costs associated with imposing different upper

bounds on SAIDI.
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Figure 4. Annuitized investment cost as a function of SAIDI’s upper bound applied on all nodes.
Expectedly, more stringent reliability levels drive higher costs. For instance, the aspirational energy policy

target of 0.5 hours leads to an investment cost of $95.1M per year, significantly higher than the optimal
investment cost found in the previous section ($24.2M). Interestingly, imposing a SAIDI limit of up to 3
hours on every node appears to be a reasonable compromise between costs and policy aspirations, as
investment costs escalate considerably below this threshold.

Finally, it is essential to highlight that improving reliability beyond the levels shown in Table 1 and
imposing arbitrary reliability targets may result in disproportionately high network costs and thus tariffs.
Additionally, our results demonstrate that these improvements are mainly undertaken in rural areas,
where increasing tariffs may be particularly complicated due to the consumers' socio-economic
backgrounds. Cross-subsidies may likely be needed to support more equitable and fairer solutions
regarding the distribution of supply continuity levels among network users.

7. Conclusions and impacts of this work

This paper introduces a novel inverse optimization approach for the PSC-OPF problem, enabling the
determination of missing reliability data to align with observed supply continuity levels. We apply this
method to the real-world transmission network of Chile, solving various stochastic optimization problems,
including the probabilistic transmission expansion planning problem. We showcase advanced techniques
such as machine learning, decomposition, and regularization to effectively manage large-scale instances.
Our results significantly influenced the development of Chile's transmission network reliability standards
in two chief ways. First, we demonstrated, from a pure cost-benefit analysis perspective, that further
network investments were necessary and beneficial. We identified specific investments totalizing $24.2
million per year in annuitized value, which would reduce expected energy not supplied cost by $97.5

million per year, resulting in a net benefit of $73.3 million per year for the consumers of the entire national
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power system. Secondly, we showed that the costs of meeting certain policy targets were
disproportionate to their benefits. Instead, we proposed adopting a 3-hour SAIDI target per node, which
was incorporated into the new network security standard enacted by NEC in 2020.

Importantly, the models developed in this paper were provided to NEC staff during the formulation of the
standards. In fact, NEC significantly contributed to the results presented in this paper. The process also
involved roundtable discussions among academia, government, and industry, where the models played a

critical role in testing different hypotheses, informing the debate, and shaping the final standards.

Appendix A. SC-OPF

The formulation described here falls within the framework of an SC-OPF and represents the starting point
of more complex formulations used in counter-security operation planning. More specifically, for each
contingency scenario, a short-term instant of operation is modelled (i.e. a short-term post-contingency
snapshot). In this, it is assumed that the generation units, due to their technical ramping limitations, can
only dispatch the reserves determined in the pre-contingency stage, representing the corrective actions,
and, furthermore, the safe transfer limits for the flows are relaxed. Additionally, decisions to turn on and
off generation units are incorporated in the pre-contingency state, enriching the set of preventive actions
available to the system. Finally, to model reality more reliably, line losses are incorporated. All the
parameters and decision variables of the model, together with the mathematical formulation, are then

presented:

Sets and indices

I: Set of all assets of system i (transmission lines and transformers).

N: Set of all nodes n of the system.

S: Set of all contingency scenarios s, including the pre-contingency state (s = 0).
G: Set of all generation units g of the system.

Z: Set of all geographical zones z into which the system is divided.

G,: Set of all the generation units g installed in node n.

G,: Set of all the g generation units installed in geographical zone z.

ST: Set of all the groups of secure assets st that share the same secure transfer limit.
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Parameters

to(1): Indicates the node n towards which line [ enters.

fr(D): Indicates the node n from which line [ exits.

M: Very large constant used for angular decoupling of failed assets.

F: Thermal limit for line [ [MW].

PZ““‘,PZ"““: Maximum and minimum generation limits respectively for unit g [MW].
r}jp'max,rgown’ma": Maximum and minimum reserve limits respectively for unit g [MW].
LST;: Safe transfer limit for the safe asset group st.

RYP RZOW™: Minimum reserve limits up and down respectively, for geographical area z [MW].
D,,: Power demand at node n [MW].

FC: Capacity factor of generation unit g.

FP: Loss factor over the network representing a percentage of the installed capacity of the system,

distributed among all assets susceptible to loss.

x;: Reactance of line [ [ohm].

length(l): Length of line L.

u: Minimum length threshold [km] of an asset i for it to present losses.

CV 4: Variable cost for generation unit g [S/MWHh].

CRZ”,CRSOW": Cost of maintaining up and down reserves respectively for unit g [S/MWAh].

Decision variables

Pg,0: Power generated for unit g in the pre-contingency state [MW].

f10: Power flow through line L in the pre-contingency state [MW].

f18°.f167: Power flows through line L in the pre-contingency state [MW], necessary to define the losses.

010: Phase angle for line L in the pre-contingency state [rad].
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down. Up and down reserves for unit g in the pre-contingency state [MW].

U
5070

xg’() = {

1, if unit g is on in the pre — contigency state.
0, otherwise.

P(g,s): Power generated for unit g of scenario s in the post-contingency condition [MW].

f @,s): Power flow through line [ of scenario s in the post-contingency condition [MW].

S f(£4: Power flow through line [ of scenario s in the post-contingency condition [MW], necessary to

define the losses.

8(15): Phase angle for line [ of scenario s in the post-contingency condition [rad].

Mathematical formulation

Zpg,s‘l' z fis =Dn+ Z fl,s+% Z

geG,

leL|to(D)=n

: up..up down,.down
Min . Z CVgpgo+ CRG g0 + CRG" " 'rgh
P fasfils gee
fE88asriGoy
798 %90

leL|fr(D=n leL|(to(D)=n
Vir()=n)
Nlength(D)=u

—Mays + 5(9 frys — Oroys) < frs < ;l(gfr(l),s — Btoq,s) + MayVIELVSES,

frs = f12° — £1€9,50S51(f725,f1¢9) VI € LVs € S,

—(1—a)F < fis <Fi(1—a, ) VIELVsES,

—_ LSTSt S Z fl,O S LSTSt,VSt € ST,

lest

Pgo Tt T'Z’p() < PrgnaxxgloFCg,Vg € G,
Pgo—Ta8™ = Pg"xg0 Vg €G,
0<rgh<rm*Vgeqa,
0< rg‘oown < rzown,max’vg € G,

Z rdo=RP VzZEZ,

g€z

S s rovz e

gEz
Pg0— 98" < Dgs < Pgo + T, Vg € G,¥s € S\{0},
xg0€{0,1},Vg €G,

FP(fP% + f129) ¥yn € NYs €S,

(A.2)

(A.4)

(A.3)

(A.5)

(A.6)

(A.6)
(A7)
(A.8)
(A.9)

(A.11)

(A.12)

(A.13)
(A.14)
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where (A.1) represents the objective function to minimize, which considers the operating costs in the pre-
contingency state, (A.2)-(A.5) represent the energy balance (A.2) and angular coupling (A.3) constraints at
each node, and the losses (A.4) and thermal limits (A.5) on the transmission lines, for all contingency
scenarios including the pre-contingency state, (A.6 ) represents the safe transfer limits for transmission
lines in the pre-contingency state, (A.7)-(A.12) model the generation and reserve limit constraints for the
pre-contingency state, (A.13) represents the corrective action constraints, and finally (A.14) sets as binary

variables the switching on and off of generation units.

Appendix B. PSC-OPF

This model corresponds to an extension of the SC-OPF described in Appendix A, where an additional
medium-term post-contingency snapshot is incorporated. In this, a re-dispatch similar to the pre-
contingency one is solved, however, being a fault state, no reserves are kept and no safe transfer limits
are imposed, but there is flexibility to reallocate the running generators, representing the corrective
actions. In addition, the costs and benefits of preventive and corrective actions are balanced in the
objective function, quantifying the cost of unsupplied demand through the incorporation of a load
disconnection variable in both snapshots, further imposing that this should be lower in the medium-term
snapshot due to the flexibility allowed. For the formulation of this model, additional definitions are

needed:
Sets and indices

Y: Set of all snapshots y, where y = 1 and y = 2 represent the short- and medium-term post-contingency
snapshots respectively, while y = 0 represents a snapshot for the pre-contingency state, which is only

defined to allow for a more compact notation of the model.

A: Set of all combinations of indices (s,y) except (s=0Ay>0)A(s>0Ay=0).
Parameters

VoLL: Cost of energy not supplied [S/MWAh].

By: Calibration weight for the post-contingency snapshot y.

~ (1, if the asset lis failed.
aLs =10, otherwise.

P(as): probability of occurrence of contingency s (previously defined in Section 3).
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Decision variables

Ln,s,y): Load shedding at node n of scenario ¢ in the post-contingency snapshot y [MW] (previously

defined in Section 3).

Mathematical formulation

: . UP.U; down,.down
m;n E P(as) E Bylé CVgsyPgsy + CRGPTE, + CRGV'Trgdy + E VOLLLn,S,yl'

Pgsyyl syy  ses

yeY gEG nenN

fUsyyf @y

OasyylnsyyXgsy
d
s @5y

(B.1)

1
Doyt D Fuy=Dat D fuy—luyty D FP(AG+fEVnENSESy € (sy
gEG, leL|to(D)=n leL|fr(D)=n leL|(to(D)=n (Bz)

Vfr()=n)
Alength(D)=u

—Ma; s + ;1(9 Frisy — OtoD,sy) < flsy < 5(9 FrDsy — Bto,sy) + MaysVI€ELs €Sy €Y,(s, (B.3)

fusy = 185 — f1$5,S0S1(f1%5,f1$9). VI E Ls €S,y €Y (s,y) €A, (B.4)
—(A— a)F < floy < F1—a)VIELSESy €Y (sy) EA, (B.5)
— LST4 < Z fro0 < LST,Vst €ST, (B.6)
lest

Pg00—T408 S Dgsy <Dgoo+ 70 Vg € Gs € S\{0}y €EY\{2},(s,y) €A, (B.7)
0<Lpsy<DpVn€eN,s€eSyeY\{2},(s,y) EA, (B.8)
0<Lpsy<Lns1,Vn€N,s €5\{0},y €eY\{1},(s,y) EA, (B.9)
Lyoo=0YneN, (B.10

)
PyMxg sy SDgsy < Pi®xg5yFCe Vg € G, s € S\{0}y € Y\{1},(s,y) € A, (B.11

)
Pg00 + T80 < PT%xg00FCy Vg E G, (B.12

)
Dgo00— ToGF = PInx 00Vg € G, (B.13

)
0 <1gbo=<1g"""* Vg EGQG, (B.14

)
0 < iR <ri*™mvg €, (B.15

)
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Tghy =0Vg € G, s € S\{0}, € Y\{0}, (B.16
)

rdown = 0,vg € G, s € S\{0}, € Y\{0}, (B17
)
Z riho=RP VzELZ, (B.18
gE€z )
Z révs = RI vz € Z, (B.19
gE€z )
Xgsy €{0,1}Vg € Gs €S,y e Y\{1},(s,y) EA, (6.20

)

where (B.1) represents the objective function to be minimized, which is weighted by the probability of
contingencies, and considers the pre-contingency state operating costs plus the cost of corrective actions
of the short (reserve dispatch) and medium term (generation unit reallocation) weighted post-
contingency snapshot, (B.2) represents the nodal balancing constraint with load shedding, (B.8)
represents the maximum allowed load shedding limit, (B.9) models the fact that the increased flexibility
in the medium-term snapshot causes the load shedding to be lower than that obtained in the short-term
snapshot, and (B.10), (B.16), and (B.17), represent consistency constraints due to the use of compact

notation. All other restrictions are the same as those presented in Appendix A.

Appendix C. PSC-OPF planning problem

This model corresponds to an extension of the PSC-OPF described in Appendix B, where the cost of new
network infrastructure is quantified in the objective function, through the incorporation of a decision
variable to determine reliability-justified network investments. For the formulation of this model,

additional definitions are needed:
Sets and indices

I: Set of all candidate network assets i.
Parameters

c™”: Cost of new network asset i [$].

Decision variables
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_ (1, if active candidate i is installed.
Yi=10, otherwise.

Mathematical formulation

min Z v + Z P(as) z Bylz CVgsyPg,sy + CRUPTYD  + CRIWrdonn Z VOLL Ly, yJ
Pusnfusy g €S €y €G €N
ottty ’ er " (C.1)
605y AD (nsiyy X g5y,
T@syr{gsmvi

1 N\
Z Pgsy + Z fl,s,y + Z fi,s,y =Dp+ Z fl,s,y + Z fi,s,y - Ln,s,y + E Y
geG, leL|to(D)=n i€l|to(i)=n leL|fr(D=n i€l|fr(i)=n LleL|(t
Nlengt (C 2)
(R +f19) +5 . FP(E%+ f15) ¥neNsESy eV (sy) €A
i€l|(to(D)=n

Vfr(H=n)
Nlength(i)=u

—Mays + ;1(9 Frsy — Otoysy) < flsy < ;(9 Frsy — Otod,sy) + Mayg V1€ Ls €S,y €Y,(s; (C.3)

frsy = f125, — f1¢9,5051(f725, 1Y) VIE LS ES Y EY,(sy) EA, (C.4)
—(1— al,s)l_?l < frsy<Fi(1— alys),Vl ELSESyYEY,(sy) EA, (C.5)
— LSTg < Z fro0=<LSTg,Vst €ST, (C.6)

lest

1 1
_M(l - vi) + ;(gfr(i),s,y - eto(i),s,y) < fi,s,y = ;(Hfr(i),s,y - gto(i),s,y) + M(l - Ui)'Vi €lseS (C.7)
i i :
€Y, (sy) €A,

fisy = fP%5 — £149,50S1(fF%5,f1e9) Vi € s €Sy €Y,(s,y) €A, (C.8)
—VFi < fisy<FW,Vi€ELsESyEY,(sy) €A, (C.9)
Dg00— To8T < Pgsy < Pgoo + o0, Vg € G,s € S\{0},y € Y\{2},(s,y) € A, (c.10
)
0<Lpsy<DpVn€eNs€eSy€eY\{2},(sy) EA, (C.1a
)
0<Lnsy<Lys1,¥n€Ns€eS\{0},y e Y\{1},(sy) EA, (C.12
)
Lnoo=0YneN, (c.13
)
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Py sy S Dgsy < Pi®xg5yFCe Vg € G, s € S\{0}y € Y\{1},(s,y) € A, (C.14
)

Pg00 1 1400 < Pg*xg00FCyVg EG, (C.15
)
Pg,00 — rgf’o",von > PP'"x00,Yg € G, (C.16
)
0 <1l S TPMryg € G, (C.17
)
0 < riQf < rdvnmiyg e G, (C.18
)
Tghy =0Vg € G, s € S\{0}, € Y\{0}, (C.19
)
rdon=0,vg € G, s € S\{0}, € Y\{0}, (C.20
)
z rgo = RP VZEZ, (€21
g€z )
D vl Riyz e Z, (€22
gez )
v;€{0,1},vi e Lixgsy € {01} vgeG,se S,y eY\{1},(s,y) EA, (C.23

)

where (C.1) represents the objective function to minimize, which is similar to the model presented in
Appendix B but adding the network infrastructure investment costs, (C.2) represents the nodal balance
incorporating the flows through the new network infrastructure, and (C-7) - (C.9) represent the angular
coupling, losses and thermal limits of this new infrastructure. All other constraints are the same as

presented in Appendix B.
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