A Comparison of Deterministic Automation and
Machine Learning-Based Approaches for Protective
Relay Settings: A Formal Specification Perspective

Reza Teshnizi, PhD
SynchroGrid
Bryan, TX USA
reza.teshnizi @synchrogrid.com

Abstract—Protective relay settings are critical to the safe and
reliable operation of the electric power grid, yet the process of
developing relay settings remains a highly manual and time-
intensive task. The increasing complexity and size of the power
grid has naturally led to a demand for software-assisted tools
that can improve accuracy and reduce the time required to
develop relay settings. This paper presents a formal specification
framework in which a utility’s protection philosophy is expressed
as a deterministic function of fault study outputs and equipment
data. We compare two approaches for computing relay settings:
a) evaluating the protection philosophy directly through auto-
mated fault studies and prescribed equations, and b) training
machine learning models to approximate setting values from a
set of system and equipment features. We present a case study
using a synthesized realistic grid model with roughly 4600 lines
and instantaneous overcurrent pickup elements protecting each
line. We use the relay setting samples obtained from this grid
to train four machine learning architectures across four feature
configurations that systematically include or exclude the fault
current and mutual coupling parameters, and evaluate their
performance on three data splits: random hold-out, mutual cou-
pling hold-out, and 345 kV voltage class hold-out. We show that
the best model achieves 1.2% mean absolute percentage error
when the fault current is provided as input but degrades to 35%
when it is removed. We conclude that deterministic automation
provides the most reliable, accurate, and standards-compliant
method for computing protective relay settings, with machine
learning better suited for problems involving optimization of
free parameters rather than a replacement for core protection
engineering calculations.

Index Terms—Protective Relays, Formal Specifications, Relay
Settings, Power System Protection, Automation, Deterministic
Computation, Machine Learning.

I. INTRODUCTION

The electric grid is experiencing rapid growth, both in de-
mand and complexity, driven by factors such as the integration
of distributed energy resources, grid modernization, demand
management, and increasing interconnections among regional
systems [1]. According to NERC State of Reliability data
compiled from 2016 through 2022, incorrect settings consis-
tently account for approximately 30% of all protection system
misoperations, with human error contributing to roughly 40%
of misoperations overall [2]. This growth has led to a corre-
sponding increase in the time and effort required to ensure
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the safe and reliable operation of the grid, particularly in the
area of protective relay settings. To manage this complexity,
utilities are increasingly leveraging software-assisted tools that
improve accuracy and reduce the time required to develop
relay settings [3], [4].

In recent years, rapid advances in computational hardware
and the emergence of effective machine learning methods have
extended the application of artificial intelligence techniques
into engineering domains. At the same time, regulatory and
research bodies have begun to evaluate where Al can be
responsibly applied in safety-critical power system opera-
tions [5]-[7]. These developments have naturally prompted
the question of whether relay settings computation, which
traditionally has been performed through manual calculations
and rule-based procedures, could similarly benefit from data-
driven approaches.

This paper presents a formal framework in which a utility’s
protection philosophy is expressed as a deterministic function
of fault currents, grid topology, and equipment data. Using this
formalism, we perform a case study on a realistic transmission
grid model to evaluate whether machine learning can effec-
tively approximate the settings computed by the deterministic
approach. The main contributions of this paper are:

« A formal framework that expresses relay settings compu-
tation as a deterministic function of a formally specified
protection philosophy, fault study outputs, and equipment
data.

o A comprehensive empirical comparison of deterministic
computation and machine learning estimation of relay set-
tings, spanning four ML architectures, four feature con-
figurations, and three generalization-testing data splits.

o A practical taxonomy distinguishing where deterministic
methods, optimization, and machine learning are each ap-
propriately applied in protection engineering workflows.

The remainder of this paper is organized as follows. Sec-
tion II reviews prior work and the emerging role of Al
in protection engineering. Section III formally defines the
relay settings computation problem. Section IV presents the
experimental design and case study. Section V presents results.



Section VI discusses practical implications, and Section VII
concludes.

II. BACKGROUND

The growing interest in artificial intelligence across the
energy sector has prompted regulatory and research bodies
to issue guidance on its appropriate use in safety-critical ap-
plications. In 2024, the U.S. Department of Energy published
an assessment of the potential benefits and risks of Al for
critical energy infrastructure [6], and NERC released a white
paper on the use of Al and machine learning in real-time
system operations [5]. Both documents emphasize the need
for trustworthiness, explainability, and careful risk manage-
ment when deploying Al in grid operations. The National
Renewable Energy Laboratory further explored this theme in
a technical report on trustworthy Al in the control room [7].
These publications reflect a broader recognition that while Al
offers substantial value in certain power system applications,
its deployment in safety-critical contexts requires rigorous
evaluation of where it genuinely adds capability versus where
it introduces unnecessary risk.

Within protection engineering specifically, machine learning
has demonstrated clear value in fault detection and clas-
sification, where the mapping from relay measurements to
fault characteristics is a pattern recognition problem well
suited to neural networks [8]-[10]. More recently, graph
neural networks have been applied to fault diagnostics in
distribution systems, leveraging the topological structure of
the grid [11], [12]. Relay coordination has historically been
addressed through mathematical optimization. Linear pro-
gramming [13], particle swarm optimization [14], and mixed-
integer linear programming [15] have been applied to find
optimal time dial and curve settings subject to coordination
constraints. These methods operate within the bounds of a
formally defined protection philosophy, searching a feasible
space but do not replace the underlying settings formulas.

Attempts to apply supervised learning directly to relay
settings computation — i.e., predicting numeric setting values
from system parameters — remain rare. Early work explored
neural networks for adaptive distance relay boundaries [16],
and support vector machines have been used to classify
impedance trajectories into protection zones [17]. More re-
cently, machine learning has been applied to select among
pre-computed settings groups for microgrid applications [18].
However, none of these approaches replace the deterministic
computation of settings from a formally specified philosophy
with a learned approximation trained end-to-end on system
parameters. This paper addresses that gap directly.

III. PROBLEM FORMULATION

In this section, we formalize the concept of a protection
philosophy as a specification and show how the specification
is used to compute relay settings. We introduce the notation
associated with a specification, describe how this specification
is instantiated for a specific relay on a given grid, and provide
an example for setting specification.

A. Formal Specification of Protection Philosophy

A protection philosophy for a single relay element type is
a tuple ¢ = (X, V,C, f), wherein

e X is a fault specification written as a set of rules de-
scribing fault types expressed in terms of topological
configurations,

e Vis a set of variables associated with a given relay device
and the line it protects,

« C is a set of numeric constants that apply across all relays
of the same element type, and

o f:RPI xRVl x RIl - R is a function that takes as
input a vector of fault currents, a vector of values for the
variables, and the constants, and returns a setting value.

A utility’s complete protection philosophy is the collection
® = {¢1,b2,...,¢Pn}, with one tuple for each relay element
type. The tuples are evaluated for a given element in the system
as described in the following subsection.

B. Deterministic Calculation of Relay Settings

When the philosophy is applied to a specific relay, r, in a
grid, G, the specification is instantiated using the following
steps. The grid is expressed as a graph G = (V, E), where
buses are vertices V' and transmission lines are edges FE.
Each relay is associated with a bus at one end of an edge
in F, and to collect the topological context for it graph
traversal algorithms — e.g., depth-first search and breadth-first
search [19] — can be used [2]. Using the topological context
for a given relay, each fault specification in X is translated to a
fault type and a set of locations the fault should be placed. For
example, “SLG at remote bus” is translated to a single-line-
to-ground fault at the remote bus connected to r via the line it
protects. Next, the fault types and locations are used in a short-
circuit solver to produce a vector of fault currents, denoted by
I> € R, Each entry in IZ corresponds to one rule in ¥
and records the maximum fault current observed across all
locations prescribed by that rule. Finally, the variables in V
are instantiated to their numeric values associated with relay
7, producing the vector v, € RIVI. The setting for relay r is
then calculated as

b
sy = f(I7, vr, C). )
In the above formulation, the function f and the constants C
are invariant across all relays of the same element type. In the
next subsection, we illustrate the construction of the function
f with a concrete example for a relay setting.

C. Relay Setting Example

Consider, as an example, the residual ground instantaneous
overcurrent pickup element. The protection philosophy for this



element is a tuple ¢IOC = (EIOC> Vloc,cloc, f]oc) where

SLG at remote bus,

SLG along mutual lines
V]oc = {CTR},
Cioc = {a},and

Yioc
fIOC(IZIOC7v’C) %XR(I)
Since Vioc contains a single variable, v,. reduces to the scalar
value of the current transformer ratio for relay r.

In the function fioc, « is a constant specified in the
protection philosophy, I*°c is the vector of the three times
single-line-to-ground zero-sequence fault current as measured
by a given relay, and CTR is the current transformer ratio of
that relay. In a typical grid configuration, max(I*¥°c), wherein
max(-) returns the largest element of the vector, equates to
the current resulting from a remote bus single-line-to-ground
fault. However, in the presence of mutual coupling effects,
the maximum current may be the result of a fault at a location
along one of the coupled lines. For this reason, Xjoc prescribes
these two fault types. Given that f, C, and Xjoc are all
provided by the philosophy specification, the calculation of
s, involves no free parameters and every relay’s setting is
uniquely determined by the fault study outputs and equipment
data. In Section IV, we use this element in the empirical
evaluation of the machine learning approaches.
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IV. EXPERIMENTAL DESIGN

Given the mathematical formulation of a formally specified
philosophy in the previous section, we now consider data-
driven approaches that attempt to approximate the settings
computation. All the code required for the experiments in
this section is implemented in Python using the scikit-learn
library [20].

A. Machine Learning Formulation

Data-driven approaches to replacing the function f, attempt
to learn the approximation fg, parameterized by weights 6
that are fitted to a training set of relay settings and their
associated system features. That is, the model attempts to learn
the mapping .

8 = f 0 (Xr) )

where x, is a feature vector describing relay r and its
surrounding grid characteristics. In contrast to Equation (1),
where s, is computed from a known function f applied to
fault study outputs and equipment data, the learned model fg
must infer this mapping from the features in x,., which may
or may not include the fault current I,

B. Data Collection

To evaluate the machine learning alternative described
above, we use the ground instantaneous overcurrent pickup,
as formalized in Section III-C. To construct a dataset for
training a model, we synthesized large-scale transmission
system representative of a major interconnection, comprising

Feature Description
Z1 mag, ang Positive-sequence line impedance
Zo mag, ang Zero-sequence line impedance

Zm mag, ang
Zmo mag, ang
Zm1 mag, ang
Mutual seg. length
Line length
CTR

‘/nom

Nlerm

Npar

Has mutual
[310

Mutual coupling impedance
Mutual segment zero-seq impedance
Mutual segment pos-seq impedance
Length of the coupled segment
Length of the protected line
Current transformer ratio

Nominal voltage level

Number of line terminals

Number of parallel lines

Binary: mutual coupling present
310 fault current

TABLE I: Feature Set for Machine Learning Models

Config Fault Current Mutual Detail Features
Cl1 v v 18
C2 v 13
C3 v 17
C4 12

TABLE II: Ablation Feature Configurations

approximately 4600 transmission lines spanning three voltage
levels: 69 kV, 138 kV, and 345 kV. To create a realistic
variation in setting values, we placed a residual ground instan-
taneous overcurrent relay at each end of every line in the grid,
as well as mutual coupling pairs to obtain zero-sequence fault
currents that arise due to interactions in parallel transmission
corridors. For each relay, the ground truth setting value was
calculated by evaluating the philosophy tuple ¢joc against the
grid model, as described in Equation (1).

C. Feature Set

For each relay r, a feature vector x, is constructed from
equipment and local system parameters. Table I summarizes
the complete set of features considered in our case study. With
the exception of the fault current, all other features are static
per equipment, and therefore can be extracted directly from
the grid model without performing simulation. However, the
fault current, I3/0 = max(I>) is the obtained via short-circuit
simulation and is the same value used in the function f to
calculate s,..

To understand the importance of specific input features in
model performance, we define four configurations that include
or exclude two feature groups: the fault current and the
mutual coupling segment information. Table II summarizes
the configurations. Configuration C1 provides the model with
all available features. This represents the best possible case
in training a model. To verify whether information about
the mutual coupling segments meaningfully impact training
performance, Configuration C2 removes the mutual segment
information. To test whether information about the char-
acteristics of the mutual segments can compensate for the



absence of the fault current, Configuration C3 removes only
the fault current. Finally, Configuration C4 removes both the
fault current and the mutual coupling segment information to
examine whether a trained model can predict relay settings
without any output from the short-circuit solver.

D. Model Architecture

For the case study, we evaluate four machine learning ar-
chitectures including neural network and tree-based ensemble
methods.

The first two models are multilayer perceptrons (MLPs).
To study the effect of model capacity on performance, we
evaluate two MLP architectures with different sizes: MLP-
Small and MLP-Large. MLP-Small consists of three hidden
layers with 64, 128, and 64 neurons respectively, and MLP-
Large consists of four hidden layers with 256, 512, 256, and
128 neurons. Both networks use ReLU activation functions
and are trained with the Adam optimizer using mean squared
error loss, with early stopping on a 15% validation hold-
out to prevent overfitting. For tree-based ensembles models
we evaluate Random Forest and Gradient Boosting. Random
Forest is trained with 500 decision trees with no maximum
depth restriction and a minimum of two samples per leaf.
Gradient Boosting is trained with 500 trees at a maximum
depth of six and a learning rate of 0.05.

All features are standardized to zero mean and unit variance
prior to training via a standard scaler fitted on the training set.
The same scaler transformation is applied to the test set at
evaluation time.

V. RESULTS

This section describes the data splits used to evaluate
generalization, present the results across feature configurations
and architectures, and analyze the importance of individual
features in model performance.

A. Data Splits

The models are evaluated using the following three data
splits. The random 80720 split withholds 20% of randomly
selected relays from training. We anticipate this split provides
the most favorable training scenario, as the test set is drawn
from the same distribution as the training set. The mutual
coupling hold-out split excludes all relays on mutually coupled
lines from training and uses them exclusively for testing. This
provides insights into whether a model trained only on lines
without mutually coupled pairs can generalize to the zero-
sequence interactions induced by mutual coupling. Lastly, the
345 kV voltage class hold-out split removes all 345 kV relays
from training set. This verifies whether the model can perform
well on a voltage class with different fault current magnitudes,
impedances, and CT ratios.

B. Model Performance Evaluation

By construction, the deterministic approach arrives at the
ground truth values on all splits, as the ground truth labels are
themselves produced by evaluating the philosophy specifica-
tion. This reflects the fact that when the philosophy prescribes

an exact formula, the only correct output is the result of that
formula. Therefore, we ask whether a learned model can match
this output without access to the full computation pipeline.

Among the models described in Section IV-D, tree-based
ensembles achieved the best performance, with negligible
difference between the two. Table III presents the results
of the Gradient Boosting as the model with the best per-
formance. The results clearly show that removing the fault
current from the features noticeably degrades the model’s
performance. When the fault current is included the mean
absolute percentage error (MAPE) ranges between 1.2% and
5.6%. When the fault current is excluded the error is roughly
30 times worse, with MAPE ranging from 32.6% to 99.1%.
This drop in performance confirms that the fault current is
the main component in predicting the setting values and that
no combination of system parameters allows the model to
replicate the output of short-circuit simulation.

Conversely, adding the mutual coupling segment details
(i.e.,C1 versus C2 and C3 versus C4) does not meaningfully
impact the performance of the model. When mutually coupled
lines are excluded from the training set, even the most favor-
able configuration shows 15.5% of predictions exceeding 5%
error, indicating that the model cannot generalize to mutual
coupling effects. On the 345 kV hold-out, configurations
without the fault current perform poorly, with over 94% of
predictions exceeding 10% error.

Fig. 1 and Fig. 2 show the predicted versus actual setting
values for the Gradient Boosting model with and without the
fault current, respectively. In the former, predictions cluster
tightly around the diagonal with visible scatter on the mutual
hold-out split. In the latter, predictions deviate substantially
from the diagonal across all splits.

C. Model Architecture Comparison

To verify that the results are not an artifact of a particular
model architecture, Table IV presents the MAPE and percent-
age of predictions exceeding 5% error for all four architectures
on the random 80/20 split under Configurations C2 and C4.

With the fault current in the feature set, tree-based ensem-
bles outperform the neural network architectures. Gradient
Boosting achieves the lowest MAPE at 1.2%, followed by
Random Forest at 1.7%, whereas the MLPs range from 3.9%
to 4.8%. This advantage is consistent across all three data
splits, as shown in Fig. 3. However, when the fault current
is removed, all four architectures degrade to comparable error
levels, with MAPE values between 32% and 37% and over
79% of predictions exceeding 5% error. The convergence in
performance across fundamentally different model families
confirms that the error is not a capacity or architectural
limitation; it is indeed a consequence of the lacking capability
to model the underlying physics. No model, regardless of
its expressiveness, can estimate the fault current from static
system parameters.

D. Feature Importance

To understand which features the models rely on when pre-
dicting the setting values, we compute permutation importance



Random 80/20

Mutual Hold-out

345kV Hold-out

Config MAPE  >5% >10% MAPE >5% >10% MAPE >5% >10%
C1 (310 + mutual segment) 1.3% 4.5% 2.0% 5.6% 15.5%  15.1% 1.4% 6.8% 1.4%
C2 (310, no mutual segment) 1.2% 4.2% 2.3% 5.5% 155% 15.1% 1.2% 2.7% 0.3%
C3 (mutual segment, no 310) 345% 829% 69.6%  327% 8718% 15.6%  99.1% 97.2%  94.0%
C4 (no 310, no mutual segment) 352% 82.1% 662%  32.6% 87.4% 751%  922% 96.5% 94.0%

TABLE III: Gradient Boosting Results Across Feature Configurations and Data Splits
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Fig. 2: Predicted vs. actual settings for Gradient Boosting without fault current (Configuration C4). The red and orange bands

indicates a 5% and 10% error margin, respectively.

C2 (with 310) C4 (no 310)
Model MAPE >5% MAPE >5%
MLP-Small 4.8% 257%  373%  84.0%
MLP-Large 3.9% 147%  324%  82.5%
Random Forest 1.7% 7.1% 322%  79.1%
Gradient Boosting 1.2% 4.2% 352%  82.1%

TABLE IV: Model Comparison on Random 80/20 Split

for all four architectures on the random 80/20 split under

Configuration C1, where all features are available. Permutation
importance measures the increase in prediction error when the
values of a single feature are randomly shuffled to break its
relationship with the target. Table V reports the permutation
importance for the Gradient Boosting model, which achieved
the best overall performance.

The results reveal a heavy reliance of predictive on just
two features: the fault current with an importance of 16.59,
and the CT ratio at 6.04. Together, these two features ac-
count for over 95% of the total permutation importance. All
remaining features — including line impedances, mutual cou-
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Fig. 3: MAPE and percentage of predictions exceeding 5% error
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across all four model architectures and three data splits

(Configuration C2). Columns from left to right: MLP-Small, MLP-Large, Random Forest, Gradient Boosting.

pling parameters, voltage level, and topology descriptors —
contribute negligibly. This pattern is consistent across all four
architectures and directly reflects the structure of the function
fioc used to compute the ground truth values, which is defined
as s = a x max(I*)/CTR. The model is effectively learning
the known relationship between the fault current, the CT ratio,
and the setting value, that is a. The system parameters that
describe the grid topology and line characteristics provide
almost no additional predictive value, confirming that these
features cannot substitute for the fault current when it is
absent.

Feature Importance
Fault Current 16.59
CTR 6.04
Mutual Z mag 0.12
Mutual seg. Zp mag 0.09
Mutual seg. Z1 ang 0.06
Mutual seg. length 0.01
All other features < 0.01

TABLE V: Permutation Importance — Gradient Boosting, C1

VI. DISCUSSION
A. Why Machine Learning Fails at Settings Computation?

The results across all configurations, splits, and model
architectures point to a single structural explanation. The
computation of a relay setting has two distinct components:
obtaining the fault current and evaluating the setting formula.
The formula itself is trivial — a multiplication and a division.
The fault current, however, is the output of a full network
solution that accounts for the impedances of all interconnected
elements, source contributions from every generator, and the
topology of the grid under the specified fault condition.
A machine learning model receiving only local equipment

parameters — line impedances, CT ratios, voltage levels —
has no mechanism to obtain this network solution. The fault
current at a given relay depends not only on the protected
line’s impedance but on the parallel paths, source impedances,
and interconnections throughout the surrounding grid. These
quantities require a system-wide computation and cannot be
inferred from the local feature vector.

Mutual coupling provides the clearest illustration of this
limitation. As formalized in Section III, the maximum fault
current measured by the instantaneous overcurrent element
may occur at an intermediate point along a mutually coupled
line, where induced zero-sequence currents increase the 310
magnitude above the remote bus fault current value. Identify-
ing this location requires sweeping faults along all the coupled
lines and comparing the resulting currents, requiring a search
that the deterministic calculation process performs as part of
its normal operation. A machine learning model sees only the
static mutual impedance value in its feature vector and lacks
sufficient information to simulate faults at varying locations or
to discover that the fault current results from a specific point
along a coupled segment.

This is not a limitation of model capacity or training data.
It is a fundamental mismatch between the problem statement
and the learning paradigm wherein the information needed to
compute the setting is not contained in any fixed-length feature
vector but in the solution of a system of network equations
conditioned on a specific fault scenario.

B. Taxonomy of Protection Engineering Problems

The results presented in this work should not be interpreted
as a general argument against the use of machine learning (or
artificial intelligence in a broader sense) in protection engi-
neering. Rather, they highlight the importance of matching the
computational tool to the nature of the problem. We identify
three distinct problem classes in protection engineering, each
suited to a different approach.



Settings computation is the focus of this paper. When the
protection philosophy is written as a formal specification via
exact formulae, the inputs are available from a fault study
and equipment data, then the computation is deterministic
and produces the correct result with zero approximation error.
There is no benefit to replacing this computation with a learned
approximation.

Coordination optimization is a problem that arises when
the philosophy permits a range of acceptable values. For
instance, selecting a time dial setting or curve type that satisfies
coordination time interval constraints with adjacent relays.
This is a constrained optimization problem with genuine
degrees of freedom, and methods such as mixed-integer linear
programming, linear programming, and genetic algorithms are
well suited to searching the feasible space for an optimal
solution [21], [22]. Importantly, these methods operate within
the constraints defined in the philosophy specification by
selecting among compliant alternatives rather than replacing
the settings formulas.

Fault detection and classification involves identifying the
type and location of a fault from real-time relay measure-
ments — waveforms, phasors, and sequence quantities. This is
a pattern recognition problem where the governing equations
are not known in closed form and where the mapping from
measurements to fault characteristics must be inferred from
data. Neural networks and other machine learning methods
are genuinely well suited to this class of problems [8]-[10].

C. Practical Implications

The distinction between the three problem classes is clear.
When the function is known the task is to simply evaluate it.
When the feasible space must be searched, optimization meth-
ods are appropriate. When the mapping must be discovered,
learning methods excel.

For settings computation, the practical advantages of the
deterministic approach extend beyond accuracy. The process
described in Section III is deployed at production scale at ma-
jor utilities globally [3], [4]. When the protection philosophy
is updated or the grid topology changes, the specification is re-
evaluated and the affected relays are re-assessed by applying
the revised philosophy to the current fault study data. Com-
puted settings are fully traceable to the rules in the philosophy
specification that produced them, the fault study that provided
the current, and the equipment data that supplied the variables.
This traceability is essential for compliance with regulatory
standards — such as NERC PRC-027-1 [23] — which require
documented, reviewable processes for the development and
coordination of protection system settings.

In contrast, a machine learning approach would require
retraining whenever the philosophy specification or system
changes, relying on new labeled data that can only be gen-
erated by running the deterministic pipeline on the updated
system — creating a redundancy in which the machine learn-
ing model depends on the very process it seeks to replace.

While a trained model can produce predictions faster than
running a full short-circuit simulation for every relay, this

speed gain is irrelevant in the face of the approximation errors
demonstrated in this study. Moreover, the fault study must
be run regardless for coordination verification, compliance
documentation, and validation of protection schemes. Once
the fault currents are available, evaluating the philosophy
specification is computationally trivial.

VII. CONCLUSION

This paper presented a formal framework for specifying
a utility’s protection philosophy as a function of fault study
outputs and equipment data, and provided an empirical com-
parison against machine learning approaches for computing
protective relay settings. Through a case study on approxi-
mately 4,600 relays from a realistic transmission grid model,
we evaluated four model architectures across four feature
configurations and three data splits designed to test the models’
capability in generalization. The best learned model achieves
1.2% MAPE when provided the fault current as input, but de-
grades to 35% MAPE when it is removed. Feature importance
analysis confirms that the fault current and CT ratio account
for over 95% of the model’s predictive power, and that no
combination of static system parameters can compensate for
the absence of the simulated fault current. Adding detailed
mutual coupling segment parameters provides no meaningful
improvement under any configuration. We argued that deter-
ministic automation provides the most reliable, accurate, and
standards-compliant method for computing protective relay
settings, while machine learning is better suited for problems
involving optimization of free parameters or approximation
of unknown functions, rather than a replacement for core
protection engineering calculations. Future work will extend
this comparison to additional relay element types, including
distance and time overcurrent elements, and to broader test
systems encompassing multiple grid models. We also plan
to investigate the boundary between settings computation and
coordination optimization more formally, and to evaluate new
avenues for employing optimization and data-driven methods
in adjacent areas such as setting calibration, misoperation
analysis, and coordination.
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