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Highlights

Please indicate how your work links to systems science via your contributions to systems
practice, theory, and/or methodology.

e  This work contributes to systems practice by formulating protection coordination
in DER-rich distribution networks as an integrated offline-online preventive relay-
setting calibration problem, linking power system operation, protection coordination,
and data-driven decision support.

e  From a methodological perspective, the study develops a system-level framework
that combines offline heuristic optimization-based label generation with CNN-based
surrogate inference, enabling rapid recommendation of complete TMS and PCS setting
vectors from structured relay—fault-location fault-current signatures.

What are the main findings and/or the implications of the main findings?

e  The results show that the proposed CNN-based framework can restore primary—
backup relay coordination and maintain acceptable CTI margins under varying
DER-generation and load-demand conditions in both the 16-bus and IEEE 37-bus
test systems.

e  The findings indicate that data-driven surrogate models can support faster preventive
protection coordination in active distribution systems, while offline optimization,
setting-boundary checks, CTI verification, relay-sequence confirmation, and operator
or engineering approval remain necessary for safe implementation.

Abstract

The increasing penetration of distributed energy resources (DERs) introduces significant
operational uncertainties, challenging the reliability and robustness of conventional protec-
tion coordination in distribution networks. Traditional optimization methods can obtain
high-quality relay settings, but their iterative computational burden limits their direct
use for real-time adaptation. To address this issue, this paper proposes a deep learning-
based preventive relay setting calibration framework for enhancing protection coordination
robustness in DER-rich distribution networks. The proposed method adopts an offline—
online architecture. In the offline stage, a refined heuristic algorithm is integrated with
ETAP-based fault analysis to generate a comprehensive dataset of high-quality optimized
time-multiplier settings (TMSs) and pickup current settings (PCSs) under a wide range
of DER-generation and load-demand scenarios. Subsequently, a convolutional neural net-
work (CNN) is trained to learn a nonlinear mapping from multidimensional fault-current
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signatures to the corresponding optimized relay-setting vectors. In the online stage, the
trained CNN serves as a predictive surrogate model, rapidly recommending coordinated
relay settings for the current operating condition. The framework is validated using a
16-bus distribution system and the IEEE 37-bus test feeder. The results show that the pro-
posed method can restore correct primary—backup relay operating sequences and maintain
coordination time intervals (CTIs) within the required 0.2-0.4 s range under the studied
DER-rich operating scenarios. This CNN-based preventive calibration approach provides
a rapid, adaptive decision-support tool to improve protection coordination robustness
against DER-induced operating uncertainties.

Keywords: protection coordination; time multiplier setting; pickup current setting; convo-
lutional neural network; deep learning

1. Introduction

The global energy landscape is undergoing a profound transformation, driven by the
increasing integration of Distributed Energy Resources (DERs) to meet decarbonization
goals and enhance energy autonomy [1]. This paradigm shift, however, fundamentally
alters the passive, unidirectional nature of traditional distribution networks, turning them
into active, complex systems. The discipline of power system relaying has historically
centered on centralized generation, allowing for the meticulous calibration of protective
schemes within a predictable, hierarchical framework. Critically, the inherent intermittency
and bidirectional power flow capabilities of DERs introduce significant operational uncer-
tainties that challenge these foundational principles [2]. Consequently, legacy overcurrent
protection schemes, designed for predictable fault conditions, are often ill-equipped to
handle the dynamic environment of modern, DER-rich grids, leading to compromised
reliability and security [3,4].

The integration of DERs introduces several specific challenges that render traditional
relay coordination strategies ineffective. Firstly, bidirectional power flow, often occurring
when DERs are integrated mid-feeder, reverses the current direction during faults, which
can blind conventional protection devices designed for unidirectional current [2,3]. Sec-
ondly, fault current variability becomes a major issue; the contribution from DERs can either
increase fault magnitudes beyond switchgear ratings or, conversely, reduce the current
seen by upstream relays below their pickup thresholds, leading to protection failure [4].
This variability, compounded by the inherent intermittency of renewable sources like solar
and wind, makes it exceedingly difficult to maintain a reliable set of relay parameters. The
culmination of these issues is a systemic loss of protection coordination, in which the selec-
tive, swift isolation of faults can no longer be guaranteed, necessitating the development of
new, adaptive coordination strategies to maintain grid stability and safety [2—-4].

To address these challenges, the discipline is increasingly focused on developing inno-
vative adaptive relay coordination schemes that dynamically adjust settings in response to
changing grid conditions [5]. Reference [6] introduces the Protection Coordination Index
(PCI) for DER-integrated meshed networks, which is solved via a two-stage nonlinear pro-
gramming method. A prominent research avenue involves applying sophisticated heuristic
optimization algorithms (HOAs) to obtain high-quality relay settings. A wide array of
methods, ranging from classic Genetic Algorithms (GAs) and Particle Swarm Optimization
(PSO) to more advanced techniques such as the Grey Wolf Optimizer (GWO) and the
Firefly Algorithm (FA), have been extensively analyzed and proven effective in solving
the overcurrent relay coordination problem [7]. A modified particle swarm optimization
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(MPSO) algorithm and a refined immune algorithm (RIA) represent a state-of-the-art exam-
ple in this domain, demonstrating the ability to find high-quality, optimized solutions [8,9].
However, a fundamental limitation shared by all heuristic methods is their iterative nature,
which imposes a significant computational burden. This high computational cost, while
acceptable for offline planning, limits their direct use in time-sensitive online applications
that require rapid responses to dynamic grid conditions.

To overcome the computational limitations of conventional optimization methods, a
complementary research direction based on artificial intelligence (AI) has emerged, aiming
to develop fast predictive models from data generated offline. Early studies primarily
employed artificial neural networks (ANNSs), including multilayer perceptrons trained
using the Levenberg-Marquardt backpropagation algorithm, as high-speed surrogate
models. These ANN-based methods have been applied to predict relay operating times [10],
model the operating characteristics of directional overcurrent relays (DOCRs) [11], and
determine adaptive relay settings for both radial and looped distribution systems [12].
ANN techniques have also been investigated for other protection-related tasks, including
centralized fault detection and location [13] and real-time anti-islanding protection, with
some studies progressing to hardware-in-the-loop validation [14].

More recently, advances in deep learning have enabled the development of data-driven
protection schemes capable of extracting more complex fault and system-state features.
Convolutional neural networks (CNNs) have demonstrated considerable potential for fault
diagnosis, classification, and recognition, particularly in power systems with high pene-
trations of inverter-based resources, where fault signatures may differ substantially from
those of conventional synchronous-generation systems [15,16]. In addition to CNN-based
approaches, other deep learning architectures have been introduced for protection appli-
cations. Reference [17] proposed a hybrid deep reinforcement learning-based protection
scheme that combines centralized single-agent protection with decentralized multi-agent
backup protection, allowing protection actions to be learned directly from simulated sys-
tem interactions. Reference [18] developed a hybrid PSO-DNN framework to improve
directional overcurrent relay coordination in AC microgrids under high-impedance faults,
in which PSO was used to optimize relay settings and DNN hyperparameters. At the
same time, the trained DNN provided adaptive relay settings under varying fault condi-
tions. Reference [19] proposed an LSTM-based method for fault-direction estimation and
communication-assisted protection coordination in networked distribution systems. These
studies demonstrate that deep learning can support fault identification, direct protection-
action selection, and adaptive relay-setting determination under increasingly complex
system conditions.

Despite these advances, several research gaps remain. First, many existing Al-
based protection methods focus primarily on fault classification, fault-direction estimation,
trip /no-trip decision-making, or selection among predefined relay setting groups. These
approaches do not directly predict the complete set of coordination parameters for all
primary and backup relays. Second, although some recent studies have considered adap-
tive relay settings, their applications are often restricted to specific fault types, network
configurations, or operating conditions, such as high-impedance faults in microgrids. Third,
many existing models are validated using a limited number of discrete operating states,
which may not adequately capture the continuous variation in DER generation and load
demand observed in practical distribution networks. Finally, relatively few studies evaluate
both the numerical accuracy of the predicted relay settings and their physical coordination
performance in terms of primary—backup operating sequence and CTI constraints.

To address these gaps, this paper proposes a CNN-based framework for calibrating
preventive relay settings to enhance the robustness of protection coordination in DER-rich
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distribution networks. The proposed method adopts an offline—online architecture that
combines the solution quality of heuristic optimization with the rapid inference capability of
deep learning. In the offline stage, the refined immune algorithm generates a large, diverse
dataset of high-quality, optimized relay settings, including both TMSs and PCSs, across
a wide range of DER-generation and load-demand scenarios. The resulting fault-current
patterns and optimized relay settings are then used to train a lightweight CNN. In the
online stage, the trained CNN maps the system’s multidimensional fault-current signature
directly to the complete TMS and PCS vectors of all coordinated relays. The predicted
settings are subsequently verified using primary-backup relay operating sequences and
CTI constraints, thereby enabling proactive relay setting adaptation before a fault occurs.
To further clarify the positioning of the proposed framework relative to existing Al-
based protection studies, Table 1 summarizes representative ANN-, DNN-, LSTM-, DRL-,
and CNN-based methods with respect to learning objective, input features, output parame-
ters; relay-setting prediction scope; CTI verification; and online decision capability. Existing
studies have demonstrated the effectiveness of Al for relay operating-time estimation, fault
detection, fault-direction identification, trip/no-trip decision-making, and adaptive setting
selection. However, relatively few studies directly predict the complete TMS and PCS
vectors for all coordinated relays from multidimensional fault-current signatures while also
verifying the primary-backup operating sequence and CTI constraints after prediction.
The main contributions of this study are summarized as follows:

e A preventive relay setting calibration framework: An offline-online framework is
proposed to support proactive relay setting adaptation under changing DER and load
conditions. Instead of repeatedly executing time-consuming heuristic optimization
during online operation, the proposed framework uses offline-optimized setting data
to train a fast predictive model for preventive calibration.

e A CNN-based surrogate model for complete TMS/PCS prediction: A lightweight
CNN-based regression model is developed to simultaneously predict the optimized
TMS and PCS values of all coordinated relays. Compared with Al-based methods
that focus mainly on fault classification, trip decisions, fault-direction estimation, or
partial setting selection, the proposed model directly generates complete relay-setting
vectors for protection coordination.

e  Validation using two distribution systems and physical coordination criteria: The pro-
posed framework is evaluated using a 16-bus distribution system and the IEEE 37-bus
test feeder under diverse DER-generation and load-demand scenarios. Its performance
is assessed not only by prediction accuracy, but also by protection coordination criteria,
including primary-backup relay operating sequences and CTI constraints.

A preliminary version of this work was presented in the conference paper [20]. Com-
pared with the preliminary conference version, the present journal article provides substan-
tial extensions in both methodology and validation. First, the scope of the study is expanded
from a CNN-based protection coordination decision-support system to a deep learning-based
preventive relay setting calibration framework with a more clearly defined offline-online
architecture. Second, the dataset generation procedure is substantially expanded and clarified
by considering wider DER-generation and load-demand variations, feasibility screening, and
scenario-level data partitioning. Third, the validation is extended from the original 16-bus test
system to include both the 16-bus distribution system and the IEEE 37-bus test feeder. Fourth,
additional analyses are provided, including sensitivity tests, CNN-MLP baseline comparison,
and computation-time analysis distinguishing offline optimization-based label generation
from online CNN inference. These extensions provide a more comprehensive assessment of
the proposed framework in terms of prediction accuracy, protection coordination performance,
robustness, and practical decision-support applicability.
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Table 1. Comparison of representative Al-based protection coordination studies.

Method/Reference

Main Task

Input Features

Output Parameters or
Decision

Relay-Setting
Prediction Scope

CTI/Relay-Sequence
Verification

ANN-based relay
models [10-12]

Relay operating-time prediction,
DOCR characteristic modeling,
or adaptive setting estimation

Current, relay, or system
operating variables

Relay operating time or
selected setting
parameters

Partial; usually limited to
specific relay parameters
or operating cases

Limited or
case-dependent

ANN-based protection
applications [13,14]

Fault detection, fault location, or
anti-islanding protection

Voltage/current
measurements and
system signals

Fault class, location, or
islanding decision

Not focused on complete
TMS/PCS prediction

Not the main focus

CNN-based fault
diagnosis [15,16]

Fault diagnosis, classification,
and recognition

Fault signatures, waveform
features, or image-like
feature maps

Fault type, location, or
class label

Not focused on
relay-setting prediction

Not the main focus

DRL-based hybrid . . . . Local measurements such as - . . No direct TMS/PCS Indirect through
. Direct protection-action learning  voltage, current, reactance, Trip /no-trip action dicti learned protection

protection [17] and breaker status prediction actions
PSO-DNN relay Adaptive DOCR coordination Fault and . . Fo.cused. on AC Considered for DOCR

N S e Adaptive relay settings ~ microgrid and HIF -
coordination [18] under high-impedance faults system-condition data .2 coordination

conditions

LSTM-based protection Fault-dlr.ectlc-)n estimation and Fault-current waveform Fault dlrec-tlon and No direct TMS/PCS Supports protection

L communication-assisted . . faulty section . L
coordination [19] . o time-series data . ) prediction coordination indirectly

protection coordination information
. . Multidimensional Complete TMS and PCS  Full setting-vector Ve.r ified using
Proposed CNN Preventive relay setting . - primary-backup
o fault-current signature vectors for all prediction for all )

framework calibration operating sequence

under DER /load scenarios

coordinated relays

coordinated relays

and CTI constraints
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2. System Architecture of the Proposed CNN-Based Decision
Support System

The proposed framework for enhancing protection coordination robustness is built
upon a synergistic, two-stage architecture: an offline stage for intensive data generation
and model training, and an online stage for real-time decision support and preventive
calibration. This architecture is designed to decouple the computationally expensive
optimization process from the time-critical operational phase, thereby combining the
solution quality of heuristic algorithms with the rapid inference capability of deep learning.
Figure 1 illustrates the overall workflow of this system.

Off-line Stage

|
| CNN b Il Fault Current Data, Isc ! I
| Trainin Optmized BESCIIMS Heuristic Algorithm- !l (Fault Current Analysis || |
g Value for Each Rel & !
e O At C aY] based Program | by ETAP) il
| (Relay Setting Database) & [ y : |
| ! Relay Setting Data |
| CNN-based | (PCS,TMS, CT Ratio |, |
| Protection e e e e e e e e e e s e e e e s ;| Setting Value for Each |i |
| Eooxdiat I Real-time parameters —: i Relay) : I
oordination . i !
| Predicti I §PCS, TMS’ O fakio, DERS | i| Generation Data of DERs | |
| rediction generation, load data, etc.) i N
! |
| System =y = I : Historical Database of | l
L | y| & o : . SCADA 1
S e = = ata : i
: - [ Y
Backu i [
PCS & TMS P : Fault Detection Database |; |
Adjusting | )
Recommendation On-line Stage | i| Feeder Topology of the |
| ! Grid : |
- _ _ _ _ _ _ ____ _
S 1

S7E,

Distribution Power Grid

Protection Relay System

Operator

Figure 1. Framework of the proposed CNN-based protection coordination decision system.

2.1. Offline Stage: Data Generation and Model Training

The primary objective of the offline stage is to generate a high-quality, diverse dataset
and use it to train a robust CNN model. This process involves two key steps:
(1) Best-Found Solution Dataset Generation:
A comprehensive set of operating scenarios was generated by varying DER pene-
tration levels and load demand conditions. For each scenario, the corresponding power
system model was simulated in ETAP to obtain fault currents at all relevant fault locations
and relays. These fault-current values were then used as inputs to the refined immune
algorithm (RIA), which solves the relay coordination optimization problem subject to CTI
and parameter boundary constraints. Because RIA is a heuristic optimization method, the
resulting relay settings are referred to in this study as high-quality, rather than globally
optimal, solutions. This process was repeated for all predefined scenarios, resulting in a
dataset in which each sample consists of a system operating condition, its corresponding
fault-current signature, and the optimized TMS/PCS vector.

(2) CNN Model Training;:

The generated dataset was then used to train a convolutional neural network. The
fault-current values were organized into an R x M fault-current matrix as input to the
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CNN, where R denotes the number of coordinated relays, and M denotes the number of
predefined fault locations. The corresponding optimized TMS and PCS values formed
the output reference vector. The CNN architecture was designed to learn a nonlinear
mapping from the input fault-current signatures to the optimized relay-setting targets. The
dataset was partitioned into training, validation, and testing sets to evaluate the model’s
generalization capability and reduce overfitting.

2.2. Online Stage: Preventive Calibration and Decision Support

In the online stage, the fully trained and validated CNN model is deployed as a
real-time decision support tool. Its function is to provide preventive calibration for the
protection system. The workflow is as follows:

(1) Online Data Acquisition:

The system continuously monitors key grid parameters, such as DER output levels
and load demands, through a SCADA system.

(2) Fast Surrogate Inference:

When a significant change in the system’s operating state is detected (e.g., a large
cloud passing over a solar farm or a major industrial load coming online), the relevant
system data is fed into the trained CNN model.

(8) Proactive Setting Recommendation:

The trained CNN model rapidly outputs recommended TMS and PCS values corre-
sponding to the current grid condition.

(4) Decision Support and Setting Verification:

The recommended settings are not intended to be written directly to protection devices
without verification. Before implementation, the predicted TMS and PCS values should pass
setting-boundary checks, primary-backup relay sequence checks, and CTI verification. The
verified settings can then be presented to the system operator for confirmation or transferred
to intelligent electronic devices through a secure engineering procedure. Therefore, the
proposed framework is positioned as a preventive decision-support tool for relay setting
adaptation rather than an unrestricted automatic setting-update mechanism.

3. Methodologies
3.1. Overcurrent Relay Coordination Problem Formulation

In this paper, the relay protection coordination problem is formulated as an optimiza-
tion issue, a methodological approach also adopted by the authors in [8,9]. The objective is
to minimize the total cumulative operating time (COT) of all relays across all pre-scheduled
tracking routes in the system. Since the operating time of each relay depends on its PCS and
TMS, these two parameters are treated as decision variables in the optimization process.
The proposed method aims to achieve effective protection coordination by appropriately ad-
justing PCS and TMS while ensuring rapid and selective fault clearance. This optimization
problem can be mathematically formulated as follows:

Objective function:

TP FN RN ,Bi

Minimize COT = YY) p

k=1j=1i=1 If;, " .
PCS;-CT;

k
tibrj

x TMS; 1)

Subject to
k CT k
- ti,,,j 2 Ix,j (2)
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CTIy _min < CTI%; < CTIy ;_max 3)
PCS;_min < PCS; < PCS;_max 4)
TMS;_min < TMS; < TMS;_max (5)

where

COT: Object function of calculating the COT for all specified tracking routes.

i: The relay identifier.

j: The fault location identifier.

k: The coordination tracking route identifier (relay connectivity).

FN: The total number of fault locations is considered.

TP: The total number of specific tracking routes.

RN: The total relay number of the set of tracking routes.

TMS;: TMS parameter of relay i.

PCS;: PCS parameter of relay i.

If i»(,]-: Fault current through relay i when the jth fault occurs in the kth coordination
tracking route.

«;, Bi: Parameters of the standard normal time-current characteristic function [21] for
relay i.

CT;: CT ratio corresponds to relay i.

CTI ];j: CTI of the xth pair of primary/backup relay when the jth fault occurs in the
kth coordination tracking route.

tfp, i OT of primary relay i, when the jth fault occurs in the kth coordination tracking route.

ti-‘b i OT of backup relay i, when the jth fault occurs in the kth coordination tracking route.

CTI_min: The lower CTI bound is set to 0.2 s.

CTI_max: The upper CTI bound is set to 0.4 s.

TMS_min: The lower bound of TMS is set to 0.05.

TMS_max: The upper bound of TMS is set to 1.0.

PCS_min: The lower bound of PCS is set to 0.05.

PCS_max: The upper bound of PCS is set to 5.0.

Effective protection hinges on precisely setting the two key decision variables, TMS and
PCS. These parameters collectively define the Time-Current Characteristic (TCC) of the relay,
which governs the inverse relationship between fault current magnitude and operating
time, as mathematically expressed in Equation (1) and standardized in IEC 60255-3 [21].
For the offline data generation in this work, we adopt the specific optimization model
detailed in our previous studies [8,9]. This model conceptualizes the coordination problem
along predefined tracking routes, which represent primary/backup relay sequences based
on the network topology. Within this framework, the primary objective is to minimize the
COT for all relays along each route, subject to the CTI and parameter boundary constraints.
While the complete theoretical foundation and solution methodology for the heuristic
optimization are elaborated in [8,9], the primary focus of the present study is the subsequent
stage: leveraging the dataset generated by this robust offline process to train a CNN for
preventive calibration of protection parameters.

3.2. CNN Model Architecture and Training

The optimization formulation described in Section 3.1 is used in this study to generate
supervised learning targets during the offline stage. The main objective of this section is not
to repeat the detailed procedures of MPSO or RIA, which have been reported in previous
studies [8,9], but to describe how the optimized relay-setting dataset is transformed into a
CNN-based predictive model for preventive relay setting calibration. In this framework,
the offline heuristic optimization process provides high-quality optimized TMS and PCS
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values. At the same time, the CNN learns the nonlinear relationship between system
fault-current signatures and the corresponding relay-setting vectors. In the online stage, the
trained CNN model serves as a fast surrogate to provide relay-setting recommendations
without repeatedly running time-consuming optimization.

For each operating scenario, the model receives an R x M fault-current matrix as
input, where R represents the number of coordinated relays, and M represents the number
of predefined fault locations. The DER output and load-demand conditions are reflected
in the resulting fault-current matrix and are treated as scenario-defining variables rather
than as an additional input dimension. As illustrated in Figure 2, the CNN processes the
structured fault-current matrix through convolutional layers to extract local correlation
patterns among fault locations and relay measurements. Pooling layers are then used
to reduce feature dimensionality while retaining representative features. The extracted
features are flattened and passed through fully connected layers to establish the nonlinear
mapping between the fault-current signature and the relay-setting parameters. Finally, the
output layer generates the recommended TMS and PCS values for all coordinated relays.

Fault Location @Bus
—_

-,
%2
e
Q&
Data Inputs /% ©
(=2
Condition 1 ~N
Two-Stage
Convolution H
Operation
Pooling Filters or Kernels
Flatten
Fully
Connected
Layer

Outputs [PCS: PCS: PCSs PCS: . .. PCSr| [TMS: TMS: TMSs TMS: . . . TMSr
Pickup current setting Time multiplier setting
72> 7

Targets [PCSi PCS» PCSs PCS:s ... PCSr| [TMS: TMS: TMSs TMS: . . . TMSk |

Figure 2. CNN training procedure.
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A CNN architecture was selected because the fault currents observed by different
relays under different fault locations are not independent scalar quantities. Instead, they
form a structured pattern associated with feeder topology, DER penetration, load variation,
and primary-backup relay relationships. The convolutional kernels are well suited for
extracting local, spatially correlated patterns from the fault-current matrix. The following
subsections describe the input data structuring, CNN architecture, and training protocol
used in the proposed preventive calibration framework.

3.2.1. Input Data Structuring

For each operating scenario, the fault-current data are organized into a two-
dimensional matrix. Let M denote the number of predefined fault locations, and R denote
the number of coordinated relays. The CNN input is therefore represented as an R x M
fault-current matrix, where each element corresponds to the fault current measured by
a specific relay at a specific fault location. This matrix is referred to as the fault-current
signature of the corresponding operating scenario.

The DER output levels and load-demand levels are not treated as an additional matrix
dimension in this study. Instead, they are used to define each operating scenario and to
generate the corresponding fault-current signature through ETAP-based fault analysis. In
other words, each DER/load condition corresponds to one independent sample, and the
input of that sample remains an R x M fault-current matrix. The optimized TMS and PCS
values obtained from the offline heuristic optimization process are used as the target output
vector for that sample.

This representation is consistent with the CNN training procedure shown in Figure 2,
where the fault-current matrix is constructed according to fault locations and relays. By
arranging the fault-current responses in a structured matrix form, the CNN can extract
local correlation patterns among fault locations and relay measurements. The output target
of each sample is a (2R)-dimensional vector containing the optimized TMS and PCS values
for all coordinated relays.

3.2.2. CNN Architecture

The proposed CNN model architecture, as illustrated in Figure 2, consists of two
convolutional blocks followed by two fully connected layers. This design balances fea-
ture extraction capability with computational efficiency. The detailed parameters of the
architecture are as follows:

1.  Input Layer

The input layer accepts the R x M fault-current matrix of each operating scenario,
where M is the number of predefined fault locations and R is the number of coordinated
relays. Each column corresponds to single fault location, and each row corresponds to a
relay measurement. The DER generation and load-demand conditions are used to form
different operating scenarios and are reflected in the resulting fault-current matrices; they
are not represented as an additional tensor dimension. Therefore, the scenario index is
treated as the sample index in the dataset.

2. Convolution Layer 1 and 2

Feature extraction is achieved using convolutional kernels. The first convolution
layer employs 32 kernels of size 3 x 3 to capture low-level local features, and layer 2 uses
64 kernels with the same kernel dimension to learn more abstract, higher-level feature com-
binations, again followed by a Rectified Linear Unit (ReLU) activation function. The ReLU
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is used as the activation function to introduce non-linearity. The convolution operation is

formulated as:
H

N

fj = ReLU ( Y Y We Xisp g + bk> (6)
p=1g=1

where W’gq and b¥ represent the kernel weights and bias of the k-th filter, and it is one of the

most widely used activation functions in deep learning. Mathematically, it is defined as:

0, x<0
x, x>0

ReLU(x) = { (7)

3. Pooling Layer 1 and 2

Dimensionality reduction in these two layers was performed via pooling operations,

defined as: 8

fi,j = Max. (fik+p,j+q p.q € Q) (8)

where () denotes the pooling region. A 2 x 2 pooling window was applied to down-

sample the feature map, retaining the most salient features while reducing computational
complexity.

4.  Flatten Layer

The two-dimensional pooled feature maps are converted into a one-dimensional vector.
This transformation allows the feature maps to be connected to fully connected layers.

z = Flatten (}) 9)

where z is a one-dimensional vector.
5. Fully Connected Layer

The flattened vector is propagated through dense layers, represented as:
hl:ReLu(Wl-h"1+bl), 1=1,2, ..., L (10)

where h° = z, and W' and b/ are the weights and bias of the I-th connection layer. These
layers learn higher-level nonlinear feature representations. The fully connected layer
consists of 128 neurons with ReLU activation, which is responsible for integrating the
extracted features to facilitate high-level reasoning.

6.  Output Layer

The final layer has 2 x R neurons, corresponding to the predicted TMS and PCS values
for all R relays. As this is a regression task, no activation function is applied to this layer.
The final output produces the recommended protection coordination parameters, including
TMSs and PCSs for each relay, as shown on the left side of Figure 1.

Y = [TMSq,TMS,, ..., TMSgn,PCS1,PCS,, ..., PCSgn| (11)
where RN represents the total number of relays.

3.2.3. Model Training and Hyperparameters

This CNN model is trained using a supervised learning approach. As shown in
Figure 2, the training process aims to minimize the discrepancy between the CNN-predicted
settings and the offline-optimized reference settings generated by RIA or MPSO. The mean
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squared error (MSE) was selected as the loss function to quantify this discrepancy and
guide the network weight updates during training. The MSE between the predicted relay
settings and the offline-optimized reference targets is defined as:

1& o2
L=2) [Ivi-Yil (12)
Ti:l

The model training was implemented using the Adam optimizer, a highly effective
and widely used algorithm for deep learning applications. The sample dataset was parti-
tioned into a training set (80% samples), a validation set (10% samples), and a final test set
(10% samples). The model was trained for a maximum of 200 epochs with a batch size of
32. To prevent overfitting and ensure generalization, an Early Stopping mechanism was im-
plemented, which monitors the validation loss and terminates training if no improvement
is observed for 10 consecutive epochs, saving the model with the best performance.

3.2.4. Implementation Workflow of the Offline Stage

To synthesize the methodologies described in Sections 3.1 and 3.2, Figure 3 provides a
detailed, step-by-step flowchart of the entire offline implementation. This workflow guides
the process from initial scenario setup to the final generation of the trained CNN model.
The sequential steps of this workflow are as follows:

Input topology data of the system and
operation information of DERs

!

Generate High-Quality Optimized TMS and PCS
Reference Settings with compliance of coordination
according DERs contribution by using HOA.

¥

ﬁ Built the training database including load data,
2. fault currents, TMS and PCS of each relay, DERs
g locations, etc.
g
& v
Perform CNN training data
combination of database.
No
y _ __ . _______|\Xes_ _____________
Gen.
T DGs . sbased Varizrtlion
o ON/OFF —  Prediction g | =" -2
8_ status Network
%. * Fault
= Layout TMS and PCS prarrent
] patterns
l adjustment value

Figure 3. Offline implementation workflow for dataset generation and CNN training.
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Step 1: System Initialization

The process begins by initializing core system parameters and generating the complete
set of total unique operating scenarios, which represent a wide spectrum of DER penetration
and load levels.

Step 2: Data Generation Loop

A loop is initiated to process each scenario. For each iteration:

Sub-step 2a: The operational data for the current scenario is loaded into ETAP to
perform a comprehensive fault analysis.

Sub-step 2b: The fault-current data resulting from the ETAP simulation is extracted
and loaded.

Sub-step 2c: The fault-current data are fed into the HOA, such as RIA or MPSO, to
generate the optimized TMS and PCS reference vector used as the supervised learning target.

Sub-step 2d: Both the input features (fault currents) and the target labels (TMSs/PCSs)
for the scenario are saved to the dataset.

Sub-step 2e: The process checks if all scenarios are complete. If not, the loop counter is
incremented, and the process repeats for the next scenario.

Step 3: Training Data Preparation

Once the data generation loop is complete, the whole sample dataset is loaded and
prepared. This step involves structuring the data and splitting it into the training, validation,
and test sets (as defined in Section 3.2.3).

Step 4: Model Compilation

The CNN model, with the architecture specified in Section 3.2.2, is formally built and
compiled with the Adam optimizer and MSE loss function.

Step 5: Model Training Loop

The training process begins.

Sub-step 5a: The CNN model is trained on the training data (e.g., for one epoch).

Sub-step 5b: The system then checks if the stopping criteria (e.g., convergence of
validation loss or activation of Early Stopping, as detailed in Section 3.2.3) have been met.

Sub-step 5c: If the criteria are not met, the training loop continues. If they are met, the
loop terminates.

Step 6: Finalization

The best-performing trained CNN model is saved for subsequent use in the online
preventive calibration and decision-support stage described in Section 2.2.

4. Simulation Results

To validate the performance, robustness, and scalability of the proposed CNN-based
preventive calibration framework, two distinct distribution test systems were modeled.
This chapter details the experimental setup for both systems, followed by a comprehensive
analysis of the simulation results.

4.1. Case Studies and Experimental Setup
4.1.1. Test System 1: 16-Bus System

The first case study utilizes a 16-bus, 22.8 kV actual distribution network, supplied
by a 50 MVA, 161/22.8 kV main transformer. The system topology, which includes six
Distributed Generators (DGs), is illustrated in Figure 4. The rated capacities of these DGs
and specific locations are detailed in Table 2. To simulate diverse operational conditions
and generate the training dataset, four distinct DER penetration rates (PRs) were defined,
representing power outputs of 10%, 30%, 50%, and 70% of the DGs’ rated capacities. Table 3
shows the load bus location and power demand specification of the 16-bus system.
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Figure 4. The topology of the 16-bus system.

Table 2. The installation and generation data of the DGs of the 16-bus system.

Case 1 Case 2 Case 3 Case 4
DG No. DG
Location Bus Gen. (kW) Gen. (kW) Gen. (kW) Gen. (kW)

1 8 475 1425 2375 3325
2 15 463 1389 2315 3241
3 11 438 1314 2190 3066
4 12 475 1425 2375 3325
5 5 238 952 1190 1666
6 6 316 948 1580 2212

Total Gen. 2405 7215 12,025 16,835

(kW) (PR 10%) (PR 30%) (PR 50%) (PR 70%)
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Table 3. Load specification of the 16-bus system.

Load T Lumped Load

i oa e

Load Location Bus yp P, (kW) Oy (KVAR)
3 PQ 2640 1391
6 PQ 2883 1130
8 Z 1190 518.7
9 Z 1706.6 300

11 PQ 1870 1159
12 PQ 2771 1717
13 Z 2295 1422
14 PQ 2592 1607
15 Z 3395 1446
16 PQ 2125 1317
Total 24,036 12,657

4.1.2. Test System 2: IEEE 37-Bus System

To evaluate the framework’s scalability, the standard IEEE 37-bus test feeder was
adopted as the second case study. The system was modified to include nine DGs, as shown
in the single-line diagram in Figure 5. The operational data and locations for these DGs are
presented in Table 4. The load bus location and power demand specification are shown in
Table 5. For this system, scenarios were generated at three DER penetration levels: 50%,
65%, and 82%.

3

Relay10

27

Figure 5. The topology of the IEEE 37-bus system.
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Table 4. DG Generation of IEEE 37-Bus System.

Case 1 Case 2 Case 3
DG No. ]?G
Location Bus Gen. (kW) Gen. (kW) Gen. (kW)

1 13 300 1000 1000
2 14 600 800 1600
3 17 500 700 1150
4 19 700 800 800
5 22 650 750 800
6 25 500 750 950
7 29 650 500 550
8 32 600 700 750
9 37 700 1000 1200

Total Gen. 5200 7000 8800

(kW) (PR 50%) (PR 65%) (PR 82%)

Table 5. Load specification of the IEEE 37-bus system.

) Load T Lumped Load

Load Location Bus oad lype PL (kW) 0Oy (kVAR)
2 PQ 630 315
5 PQ 425 200
8 PQ 425 200
9 PQ 210 105
10 PQ 700 350
11 PQ 630 310
13 PQ 210 105
14 PQ 425 200
16 Z 210 105
17 PQ 425 200
18 PQ 210 105
19 Z 170 80
20 PQ 178.8 110.8
21 PQ 840 420
22 PQ 210 105
23 PQ 210 105
24 PQ 598.8 371.1
25 PQ 425 200
27 PQ 425 200
29 Z 840 420
30 PQ 390 180
31 Z 170 80
32 PQ 161 80
34 PQ 210 105
36 4 930 440
37 PQ 425 200

Total Gen. 10,683.6 5751.1

4.1.3. Implementation Details

All power system modeling and fault analyses for offline data generation were per-
formed using ETAP 19.0.1. (Electrical Transient Analyzer Program) software. The optimiza-
tion algorithm (RIA) and the entire CNN model, including development, training, and
testing, were implemented in MATLAB R2025a. All computations were performed on a
personal computer equipped with an Intel Core i7-10510U 2.3 GHz CPU, 32.0 GB of RAM,
and an NVIDIA RTX 5060 with 16 GB of RAM. As described in Section 3, a comprehensive
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dataset comprising over 10,000 unique samples across the two test systems (with variations
in DER penetration and load levels) was generated to train the CNN.

The DER-generation and load-demand scenarios were generated by combining prede-
fined DER penetration levels with load-variation conditions within the studied operating
range. Each scenario was treated as an independent operating condition. For each scenario,
ETAP fault analysis was performed to obtain the corresponding fault-current matrix, and
the offline heuristic optimization process was then used to generate the optimized TMS
and PCS reference targets. For constructing the CNN input matrix, the numerical values of
R and M were specified for the corresponding test system. In the 16-bus system, R = 16 co-
ordinated relays were considered, corresponding to the relay settings listed in Section 4.3.2,
and M = 15 predefined fault locations were used, excluding the swing bus. Therefore, each
input sample for the 16-bus system was represented as a 16 x 15 fault-current matrix. In the
IEEE 37-bus system, R = 18 coordinated relays were considered, corresponding to the relay
settings listed in Section 4.4.2, and M = 36 predefined fault locations were used, excluding
the swing bus. Therefore, each input sample for the IEEE 37-bus system was represented
as an 18 x 36 fault-current matrix. Before CNN training, the fault-current input matrices
were normalized using min-max normalization. The minimum and maximum values used
for scaling were derived solely from the training dataset and applied consistently to the
validation and test datasets. The dataset was divided into training, validation, and testing
subsets at the scenario level to reduce data leakage between model training and perfor-
mance evaluation. Although the generated dataset covers the predefined DER-generation
and load-demand combinations considered in this study, operating conditions outside this
scenario space may require additional data generation and model retraining or fine-tuning.

In this study, the DER penetration levels were defined as discrete operating cases for
scenario generation. For the 16-bus system, four DER penetration levels were considered:
10%, 30%, 50%, and 70% of the DG rated capacities. For the IEEE 37-bus system, three DER
penetration levels were considered: 50%, 65%, and 82% of the DG rated capacities. These
penetration levels were used to represent different DER operating conditions rather than
minimum penetration thresholds. Additional load variations were combined with these
DER levels to generate the training, validation, and testing scenarios.

4.2. Model Training and Validation Results

This section presents the CNN model training and validation results for both test
systems. The primary objective is to demonstrate that the trained models achieve satis-
factory prediction accuracy and stable predictive behavior under the tested conditions.
In addition to the training and validation loss curves, an input-perturbation sensitivity
test was conducted to evaluate the responses of the trained CNN models to small varia-
tions in the fault-current input matrix. Specifically, the original fault-current matrix for
selected test cases was randomly perturbed by £3% to emulate potential measurement
variations in fault-current data. The perturbed input matrices were then fed into the
trained CNN models, and the resulting TMS and PCS predictions were summarized using
box-and-whisker plots.

4.2.1. 16-Bus System: Training and Sensitivity Analysis

For the 16-bus system, the dataset was generated based on the DG generation data
listed in Table 2 and the load data listed in Table 3. Both DG generation and load demand
were varied within +50% of their nominal values. The variation range was divided into
10% intervals, and 500 random DG /load paired operating scenarios were generated for
each interval. Consequently, 5000 candidate operating scenarios were initially generated for
the 16-bus system. Each candidate scenario was then checked using a load-flow program to
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verify whether the corresponding power system operating condition was feasible. Scenarios
that did not lead to a solvable or feasible load-flow condition were excluded. After this
screening process, 4680 feasible operating scenarios were retained and used for dataset
construction, as summarized in Table 6.

Table 6. Composition of the 16-bus system dataset.

Test Condition Number of Samples (Sets)
DER Penetration Variation 1600
Load Variation Scenarios 1600
Combined DER/load scenarios 1480
Total 4680

The retained feasible scenarios were then partitioned into training, validation, and
testing subsets, as shown in Table 7.

Table 7. Data partitioning for the 16-bus system CNN model.

Data Type Number of Records
Training 3800 (81.2%)
Validation 440 (9.4%)

Testing 440 (9.4%)

Total 4680

This means that all fault-current data and corresponding optimized relay-setting
targets generated from the same DER/load operating scenario were assigned to only one
subset, thereby reducing data leakage between the training and test sets. The CNN model
was trained using the Adam optimizer to minimize mean squared error (MSE). Figure 6
illustrates the training and validation loss curves. The curves show rapid convergence to a
low MSE. Crucially, the validation loss closely tracks the training loss without diverging,
confirming that the model is well generalized and that no significant overfitting occurred.

05 T T T T T T T T T

0.45 4

0.4 B

0.35 | 4

lc-Ia"“JfJ25
Qo

01F 1

0.05F B
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Figure 6. 16-Bus system MSE convergence curve.

https://doi.org/10.3390/systems14080991


https://doi.org/10.3390/systems14080991

Systems 2026, 14, 991

19 of 34

To evaluate the trained CNN model’s sensitivity to imperfect fault-current inputs, an
input-perturbation test was conducted. For the 16-bus system, the original fault-current
matrix of the selected testing case (Case 2, 50% PR) was randomly perturbed within +3%
to emulate possible measurement variation in fault-current data. A total of 30 perturbed
input samples were generated and fed into the trained CNN model. The resulting TMS
and PCS predictions were then summarized using box-and-whisker plots, as shown in
Figures 7 and 8. The narrow interquartile ranges indicate that the CNN-predicted relay
settings remain concentrated under small perturbations of the fault-current input ma-
trix, suggesting that the trained CNN model has a certain degree of tolerance to small

measurement variations.

0.4
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=
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Figure 7. Box-and-whisker plot of CNN-predicted TMS values for the 16-bus system under £3%
fault-current input perturbations.
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Figure 8. Box-and-whisker plot of CNN-predicted PCS values for the 16-bus system under £3%
fault-current input perturbations.
4.2.2. IEEE 37-Bus System: Training and Sensitivity Analysis

For the IEEE 37-bus system, the dataset was generated using the same procedure as
that used for the 16-bus system. The DG generation data listed in Table 4 and the load data
listed in Table 5 were used as the nominal operating data. Both DG generation and load
demand were varied within +50% of their nominal values. The variation range was divided
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into 10% intervals, and random DG /load paired operating scenarios were generated for
each interval. A total of 6500 candidate operating scenarios were initially generated. Each
candidate scenario was then checked using a load-flow program to verify whether the
corresponding system operating condition was feasible. After excluding scenarios that
did not lead to a solvable or feasible load-flow condition, 6277 feasible operating scenarios
were retained, as summarized in Table 8.

Table 8. Composition of the IEEE 37-bus system dataset.

Test Condition Number of Samples (Sets)
DER Penetration Variation 2550
Load Variation Scenarios 2030
Combined DER/load scenarios 1697
Total 6277

The retained feasible scenarios were then partitioned into training, validation, and
testing subsets, as shown in Table 9. Therefore, closely related samples generated from the
same DG/load operating scenario were not allowed to appear simultaneously in both the
training and test sets.

Table 9. Data partitioning for the CNN model of the IEEE 37-bus system.

Data Type Number of Records
Training 5021 (80%)
Validation 628 (10%)

Testing 628 (10%)

Total 6277 (100%)

No fixed random seed was explicitly specified in the dataset-generation procedure. To
support reproducibility, the variation range, interval-based random sampling procedure,
feasibility screening process, and scenario-level data partitioning strategy are described in
detail. To reduce data leakage, the dataset partitioning was performed at the operating-
scenario level rather than at the individual fault-location or relay-measurement level.
Therefore, all fault-current data and corresponding optimized relay-setting targets gener-
ated from the same DG/load operating scenario were assigned to only one subset, namely
training, validation, or testing. This prevented closely related samples from the same
operating condition from appearing simultaneously in both the training and test sets.

Figure 9 shows the MSE convergence curves for this system. Similarly to the 16-
bus case, the model converges smoothly, proving its ability to learn the more complex,
higher-dimensional protection coordination problem of this larger network.

During the development of this larger system, a hyperparameter study was conducted
to find the optimal CNN architecture. Table 10 compares the performance of models
with different numbers of convolutional layers and kernel sizes. While a single-layer
CNN (3 x 3 kernel) achieved a low MSE (0.000702), the two-layer model with 3 x 3 kernels
achieved the lowest MSE (0.000665) while also ensuring zero CTI violations and maintaining
a fast operational time (COT). This architecture was therefore selected as the optimal design.

For the IEEE 37-bus system, the same input-perturbation procedure was applied. The
original fault-current matrix of the selected testing case (82% PR) was randomly perturbed
within +3%, and 50 perturbed input samples were generated. These samples were then
fed into the trained CNN model to evaluate the sensitivity of the predicted relay settings
under imperfect fault-current inputs. The resulting TMS and PCS distributions, presented
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in Figures 10 and 11, show concentrated prediction distributions, indicating that the trained
CNN model maintains stable prediction behavior despite small variations in fault-current
measurements in the larger test system.

0.07 T T T T T T T T T
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Figure 9. IEEE 37-bus system MSE convergence curve.

Table 10. Architectural comparison for CNN model selection based on MSE and CTI violations.

Convolution Kernel Violation of CTI
Layer Number Sizes MSE Restrictions COT (Sec)
1 3x3 0.000702 0 127.889428
1 5x5 0.000713 32 97.921631
2 3x3 0.000665 0 125.493302
2 5x5 0.000672 6 114.940257
3 3x3 0.000664 0 125.490958
3 5x%x5 0.000876 48 113.939937
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Figure 10. Box-and-whisker plot of CNN-predicted TMS values for the IEEE 37-bus system under
+3% fault-current input perturbations.
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Figure 11. Box-and-whisker plot of CNN-predicted PCS values for the IEEE 37-bus system under
£3% fault-current input perturbations.

4.2.3. Baseline Comparison Between CNN and MLP

To further evaluate the suitability of the CNN architecture, a multilayer perceptron
(MLP) was implemented as a baseline surrogate model. Unlike the CNN, which uses the
structured R x M fault-current matrix to extract relay—fault-location correlation patterns, the
MLP receives a one-dimensional relay—current vector as input. Specifically, for each fault-
location sample, the input vector consists of the fault currents observed by all coordinated
relays. Therefore, the input dimension of the MLP is R x 1. The output layer was designed
to predict the complete relay-setting vector, including both TMS and PCS values for all
coordinated relays, resulting in an output dimension of 2R x 1. For the 16-bus system, the
MLP input and output dimensions were 16 x 1 and 32 x 1, respectively. For the IEEE 37-bus
system, the corresponding input and output dimensions were 18 x 1 and 36 x 1, respectively.

The MLP baseline consisted of three fully connected hidden layers with 128, 64, and
64 neurons. ReLU activation functions were used after each hidden layer. The model was
trained using the Adam optimizer with the mean squared error (MSE) loss function. The
maximum number of training epochs was set to 300, and no early stopping mechanism
was applied. The same training, validation, and testing data partitions were used for the
MLP and CNN models to maintain consistency in the baseline comparison.

The purpose of this comparison is to examine whether preserving the relay—fault-
location matrix structure through convolutional feature extraction provides an advantage
over a fully connected regression model that uses relay—current vectors as inputs. The
prediction accuracy of the two models was evaluated using mean absolute error (MAE) and
mean absolute percentage error (MAPE). MAE quantifies the average absolute deviation
between the predicted relay settings and the optimized reference values, whereas MAPE
expresses the prediction error as a percentage.

As shown in Table 11, the CNN surrogate model achieved lower prediction errors than
the MLP baseline for both TMS and PCS in the two test systems. For the 16-bus system, the
CNN reduced the TMS MAE from 0.023 to 0.015 and the TMS MAPE from 2.68% to 1.72%.
For PCS prediction, the MAE decreased from 0.0273 to 0.0143, and the MAPE decreased
from 2.94% to 1.61%. Similar results were obtained for the IEEE 37-bus system. The CNN
reduced the TMS MAE from 0.037 to 0.021 and the TMS MAPE from 3.01% to 2.30%. For
PCS prediction, the MAE decreased from 0.0281 to 0.0192, and the MAPE decreased from
3.42% to 2.11%.
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Table 11. Prediction accuracy comparison between the MLP and CNN surrogate models.

TMSs PCSs
Test System Model
Yy ode MAE M::APE MAE M:;APE

(%) (%)
16-bus MLP 0.023 2.68 0.0273 2.94
system CNN 0.015 1.72 0.0143 1.61
IEEE 37-bus MLP 0.037 3.01 0.0281 3.42
system CNN 0.021 2.30 0.0192 2.11

4.3. Case Study 1: Performance Analysis on the 16-Bus System

This section validates the practical effectiveness of the trained CNN model. The goal
is to demonstrate that the relay settings (TMSs and PCSs) predicted by the CNN can ensure
proper protection coordination when implemented in the ETAP simulation environment.

4.3.1. Baseline Performance with Fixed Settings of the 16-Bus System

To test the model’s generalization, three distinct test cases (Case 1, 2, 3) representing
different DER penetration rates (PRs) were used. These cases were not part of the original
training or validation datasets. First, to establish a baseline, the system’s performance was
evaluated without adaptive coordination (i.e., using traditional fixed settings). Table 12 details
the operational status of primary and backup relays for various fault locations under these
fixed settings. The table reveals 12 distinct miscoordination (MC) conditions across the different
PR cases in which CT1I violations occur. This result confirms that traditional fixed settings are
inadequate and unreliable in grids with high DER penetration. In the table, N/A indicates
relays that are not involved in the corresponding protection coordination path or that do not
detect a fault current requiring operating-time evaluation at the specified fault location. The
same notation is used in the following relay coordination and miscoordination tables.

Table 12. Relay miscoordination in the 16-bus system.

Fault Current (kA) at Relay/Relay OT (Sec.)

Fault Loc. Miscoordination
Cond Case

(Bus) Relay 1 Relay 2 Relay 3 Relay 4 Relay 5 Statement
1 3 1 5.956/1.54 5.954/1.16 5.956/0.991 N/A N/A CTI out of range
2 4 1 5.745/1.59 5.762/1.18 5.753/1.01 6.284/0.875 N/A CTI out of range
3 5 1 5.494/1.65 5.494/1.21 5.494/1.04 5.991/0.902 6.941/0.784 CTI out of range
4 3 2 5.934/1.55 5.933/1.16 5.927/0.994 3.479/1.37 N/A Relay 4 mis-action
5 4 2 5.773/1.58 5.747/1.18 5.765/1.01 6.287/0.875 N/A CTI out of range
6 5 2 5.486/1.65 5.459/1.22 5.474/1.04 5.998/0.901 7.235/0.767  CTI out of range
7 3 3 5.947/1.54 5.943/1.16 5.943/0.992 4.147/1.17 N/A R4 mis-action
8 4 3 5.779/1.58 5.754/1.18 5.798/1.01 6.291/0.874 N/A CTI out of range
9 5 3 5.481/1.65 5.487/1.22 5.445/1.05 5.985/0.902 7.496/0.752  CTI out of range
10 3 4 5.946/1.54 5.943/1.16 5.943/0.992 4.845/1.04 N/A R4 mis-action
11 4 4 5.762/1.58 5.763/1.18 5.763/1.01 6.285/0.875 3.025/1.5 R5 mis-action
12 5 4 5.466/1.66 5.464/1.22 5.464/1.05 5.959/0.905 7.776/0.736  CTI out of range

Note: Each entry is expressed as fault current/operating time. OT denotes operating time, and CTI
denotes the coordination time interval between the primary and backup relays. “CTI out of range”
indicates that the CTI violates the required coordination margin, while “mis-action” indicates an
incorrect relay operating sequence.

4.3.2. CNN-Predicted Relay Settings for the 16-Bus System

Next, the proposed CNN framework was applied. The system conditions for the same
three test cases were fed into the trained CNN model. The model instantaneously generated
new, “preventively calibrated” TMSs and PCSs. Table 13 presents the CNN-predicted relay

https:/ /doi.org/10.3390/systems14080991


https://doi.org/10.3390/systems14080991

Systems 2026, 14, 991

24 of 34

parameters, including TMSs and PCSs, for each relay across the unseen test cases. These

settings are subsequently validated in ETAP.

Table 13. The 16-bus system CNN-predicted relay settings.

Ip TMSs
Relay
No Init Case Case Case Case Init Case Case Case Case
’ 1 2 3 4 ’ 1 2 3 4
1 240 200 200 240 220 0.28 0.315 0.322 0.335 0.33
2 1000 1265 1372 1600 1383 0.29 0.293 0.284 0.243 0.271
3 1200 1600 1200 1490 1222 0.26 0.209 0.264 0.216 0.248
4 1200 1200 1600 1600 1395 0.21 0.223 0.19 0.179 0.197
5 1200 1600 1286 1600 1600 0.20 0.161 0.199 0.166 0.169
6 1200 1200 1200 1200 1200 0.153 0.157 0.158 0.163 0.166
7 1200 1200 1200 1200 1200 0.09 0.109 0.107 0.112 0.114
8 1200 1200 1200 1197 1200 0.05 0.05 0.052 0.056 0.06
9 1200 1200 1200 1189 1200 0.06 0.05 0.05 0.05 0.05
10 1300 1200 1400 1420 1250 0.127 0.145 0.203 0.192 0.19
11 1200 1200 1200 1200 1430 0.05 0.05 0.116 0.13 0.118
12 1200 1200 1400 1270 1220 0.05 0.05 0.092 0.136 0.052
13 1200 1400 1400 1429 1400 0.15 0.139 0.155 0.159 0.15
14 1200 1200 1200 1400 1400 0.09 0.1 0.115 0.094 0.096
15 1200 1200 1205 1200 1260 0.05 0.05 0.065 0.05 0.05
16 1200 1200 1200 1195 1220 0.05 0.05 0.05 0.05 0.05
4.3.3. Coordination Validation in ETAP for the 16-Bus System
The CNN-predicted settings listed in Table 13 were implemented in the ETAP model,
and the same fault simulations were repeated. Table 14 summarizes the coordination verifica-
tion results for the 16-bus system. Compared with the fixed-setting baseline in Table 12, the
12 miscoordination events were eliminated after applying the CNN-predicted relay settings.
The primary and backup relays operated in the expected sequence, and the corresponding CTI
values remained within the required coordination range of 0.2-0.4 s across the studied scenar-
ios. These results indicate that the proposed CNN-based preventive calibration framework
can provide coordinated relay-setting recommendations for the 16-bus system.
Table 14. Relay well-coordination results of the CNN-predicted settings in the 16-bus system.
Cond Fault Loc. Case Fault Current (kA) at Relay/Relay OT (Sec.)
) (Bus) Relay 1 Relay 2 Relay 3 Relay 4 Relay 5
1 3 1 5.956/1.57 5.954/1.29 5.956/1.09 N/A N/A
2 4 1 5.745/1.61 5.762/1.32 5.753/1.12 6.284/0.919 N/A
3 5 1 5.509/1.66 5.494/1.37 5.501/1.16 6.007/0.952 6.957/0.752
4 3 2 5.934/1.55 5.933/1.34 5.927/1.14 N/A N/A
5 4 2 5.773/1.58 5.747/1.37 5.765/1.16 6.287/0.959 N/A
6 5 2 5.486/1.64 5.459/1.42 5.474/1.2 5.998/0.996 7.235/0.793
7 3 3 5.947/1.49 5.943/1.29 5.943/1.08 N/A N/A
8 4 3 5.779/1.52 5.754/1.32 5.798/1.1 6.291/0.899 N/A
9 5 3 5.481/1.58 5.487/1.37 5.445/1.15 5.985/0.938 7.496/0.715
10 3 4 5.946/1.54 5.943/1.16 5.943/0.992 4.845/1.04 N/A
11 4 4 5.762/1.62 5.763/1.31 5.763/1.1 6.285/0.9 N/A
12 5 4 5.466/1.69 5.464/1.37 5.464/1.14 5.959/0.938 7.776/0.738

4.3.4. TCC Curve Validation for the 16-Bus System

To visually verify the coordination results summarized in Table 14, three representative

TCC curve plots are presented. These curves were generated in ETAP using the TMS and
PCS values predicted by the CNN, as listed in Table 13. Figure 12 illustrates the TCC plot
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for a fault at Bus 5 in Case 2. The relay operating sequence follows Relay 5 — Relay 4 —
Relay 3 — Relay 2 — Relay 1, and the CTI between adjacent primary-backup relay pairs
remains within the required coordination range. Figure 13 corresponds to a fault at Bus 3
in Case 3, where the relay sequence follows Relay 3 — Relay 2 — Relay 1. Figure 14 shows
the TCC plot for a fault at Bus 4 in Case 4, where the relay operating sequence follows
Relay 4 — Relay 3 — Relay 2 — Relay 1.

These representative TCC plots provide visual confirmation that the CNN-predicted
relay settings can restore the expected primary—backup operating sequence and maintain
the required CTI margins for the selected 16-bus test cases. Together with the numeri-
cal results in Table 14, these plots support the effectiveness of the proposed preventive
calibration framework in mitigating DER-induced protection miscoordination.
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Figure 12. TCC curves of Relays 1-5 for condition 6 in the 16-bus system.
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Figure 13. TCC curves of Relays 1-3 for condition 7 in the 16-bus system.
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Figure 14. TCC curves of Relays 14 for condition 11 in the 16-bus system.

4.4. Case Study 2: Performance Analysis on the IEEE 37 Bus System

The trained CNN model demonstrates the scalability and generalizability of the
proposed framework, which was validated on the larger, more complex IEEE 37-bus test
system. This section follows the same rigorous validation procedure as the 16-bus case.

4.4.1. Baseline Performance with Fixed Settings of the IEEE 37 Bus System

First, the system’s baseline performance using traditional, fixed relay settings was estab-
lished. Three challenging test cases (Cases 1, 2, and 3) representing different DER penetration
levels (50%, 65%, and 82%) were selected. These cases were not part of the model training
data. Table 15 details the simulation results for these cases using fixed settings. Similarly to
the 16-bus system, the IEEE 37-bus system suffers from significant protection failures. The
results show six critical MC events, such as ‘R4 mis-action’, in which the backup relay trips
faster than the primary relay, compromising system selectivity. The initial TMSs and PCSs
were simulated, confirming that static settings are insufficient for complex, dynamic grids.

Table 15. Relay miscoordination in the IEEE 37-bus system.

Cond Fault Loc. c Fault Current (kA) at Relay/Relay OT (Sec.) MC

ond- (Bus) ase R1 R2 R3 R4 R10 R11 Statement

1 3 1 5663/154 5.665/1.15 N/A 0.978/1.36 N/A N/A R4 mis-action

2 27 1 5473/158 5472/1.18 N/A 0.945/1.45 6988/0.77 7.145/0.597 R4 mis-action

3 3 2 5663/1.54 5.665/1.15 N/A 1.135/1.05 N/A N/A R4 mis-action

4 27 2 5466/158 5.463/1.18 N/A 1.095/1.11 7.189/0.76 7.384/0.587 R4 mis-action
5 3 3 5663/154 5665/1.15 1634/143 1.310/0.861 N/A N/A R3 and R4
mis-action
6 27 3 5458/158 5457/1.18 1574/15 1.262/0.904 7.385/0.75 7.611/0.579 R3 and R4
mis-action

Note: N/A follows the same definition given in Table 12. Each relay entry is expressed as fault
current/operating time. MC denotes miscoordination.
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4.4.2. CNN-Predicted Relay Settings for the IEEE 37 Bus System

Next, the operating conditions for the same three test cases were fed into the CNN
model trained for the IEEE 37-bus system, as described in Section 4.2.2. The model gen-
erated a new set of recommended TMS and PCS parameters for the tested operating
conditions. Table 16 presents the CNN-predicted relay settings for all relevant relays across
the three test cases.

Table 16. IEEE 37-bus CNN-predicted relay settings.

Ip TMSs
No Init. Case 1 Case 2 Case 3 Init. Case 1 Case 2 Case 3
1 129 129 105 105 0.4 0.37 0.402 0.35
2 930 957 987 900 0.29 0.3 0.29 0.307
3 750 1008 996 930 0.16 0.234 0.235 0.252
4 810 900 972 900 0.11 0.183 0.176 0.187
5 900 1200 1044 900 0.09 0.108 0.115 0.121
6 900 903 1170 900 0.06 0.06 0.055 0.065
7 960 900 900 900 0.068 0.07 0.065 0.056
8 1050 900 1200 1077 0.111 0.112 0.111 0.103
9 900 1200 900 900 0.17 0.164 0.17 0.2
10 900 1059 900 1056 0.18 0.248 0.26 0.255
11 900 1176 966 900 0.13 0.174 0.186 0.2
12 900 1200 1191 1200 0.107 0.11 0.107 0.114
13 900 1137 906 900 0.05 0.05 0.05 0.05
14 960 1110 900 900 0.192 0.182 0.192 0.193
15 840 1110 900 1200 0.05 0.05 0.05 0.05
16 1050 900 1200 900 0.097 0.09 0.104 0.11
17 930 930 1200 1200 0.227 0.244 0.05 0.21
18 900 900 900 900 0.163 0.166 0.097 0.16
4.4.3. Coordination Validation in ETAP for the IEEE 37 Bus System
The CNN-predicted settings listed in Table 16 were implemented in the ETAP simula-
tion model, and the fault analyses were repeated under the same test conditions. Table 17
summarizes the coordination verification results for the IEEE 37-bus system. Compared
with the fixed-setting baseline in Table 15, the six miscoordination events were eliminated
after applying the CNN-predicted relay settings. For each studied fault location, the
primary and backup relays operated in the expected sequence, and the corresponding
CTI values were restored to the required coordination margin. These results indicate
that the proposed CNN-based preventive calibration framework can provide coordinated
relay-setting recommendations for a larger and more complex distribution test system.
Table 17. Coordination verification results of the CNN-predicted settings in the IEEE 37-bus system.
Fault Loc Fault Current (kA) at Relay/Relay OT (Sec.)
Cond " Case
(Bus) R1 R2 R3 R4 R10 R11
1 3 1 5.663/1.34 5.665/1.14 N/A N/A N/A N/A
2 27 1 5.473/1.43 5.472/1.19 N/A N/A  6.988/0.904 7.145/0.672
3 3 2 5.663/1.37 5.665/1.12 N/A N/A N/A N/A
4 27 2 5.466/1.42 5.463/1.19 N/A N/A  7.189/0.925 7.384/0.712
5 3 3 5.663/1.35 5.665/1.12 N/A  N/A N/A N/A
6 27 3 5.458/1.38 5.457/1.16 N/A N/A 7.385/0.886 7.611/0.64
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4.4.4. TCC Curve Validation for the IEEE 37 Bus System

To visually verify the coordination results summarized in Table 17, three representative
TCC curve plots are presented. These curves were generated in ETAP using the TMS and
PCS values predicted by the CNN, as listed in Table 16. Figures 15-17 show representative
TCC curves for faults at Bus 3 in Case 1, Bus 27 in Case 2, and Bus 27 in Case 3, respectively.
In these representative cases, the relay operating sequences follow the expected primary—
backup order, and the CTI values between adjacent relay curves remain within the required
coordination margin. These TCC plots provide visual confirmation that the CNN-predicted
relay settings can restore the expected relay operating sequence and maintain the required
CTI margins for the selected IEEE 37-bus test cases. Together with the numerical results
in Table 17, these plots support the applicability of the proposed preventive calibration
framework to a larger and more complex distribution test system.
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Figure 15. TCC curves of Relays 1-2 for condition 1 in the IEEE 37-bus system.
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Figure 16. TCC curves of Relays 1, 2, 10, and 11 for condition 4 in the IEEE 37-bus system.
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Figure 17. TCC curves of Relays 1, 2, 10, 11 for condition 6 in the IEEE 37-bus system.

4.5. Computational Efficiency Comparison

In addition to prediction accuracy and protection coordination performance, compu-
tational efficiency is an important factor for the practical application of preventive relay
setting calibration. In the proposed offline—online framework, the heuristic optimization
algorithms and the CNN model serve different computational roles. RIA and MPSO
are used in the offline stage to generate optimized relay-setting labels across different
DER-generation and load-demand operating scenarios, whereas the trained CNN is used
in the online stage to provide rapid relay-setting recommendations after offline training
is complete.

It should be emphasized that the computation times of RIA/MPSO and CNN inference
are not intended to represent competing algorithms executed in the same operational
stage. For a given operating scenario, defined by a specific DER-generation condition
and load-demand condition, RIA or MPSO performs iterative protection-coordination
optimization using the fault-current information observed by the coordinated relays. In
this study, the average computation time required to obtain the optimized TMSs and PCSs
for one operating scenario was approximately 300 s for RIA and 250 s for MPSO. When
the optimization procedure is repeated across many operating scenarios during dataset
construction, the accumulated offline computation time can easily reach several thousand
seconds or more.

By contrast, the CNN is trained offline using the optimized TMS and PCS labels
generated from various operating scenarios. After training, the CNN directly maps the fault-
current input features of a new operating condition to the recommended TMSs and PCSs
without re-executing the iterative optimization process. Therefore, the CNN computation
time reported in Table 18 represents the online inference time of the trained model, rather
than the time required for offline optimization or model training. Table 18 summarizes the
computation times for the IEEE 37-bus test system and distinguishes between the offline
optimization-based label-generation stage and the online CNN inference stage.

https://doi.org/10.3390/systems14080991


https://doi.org/10.3390/systems14080991

Systems 2026, 14, 991

30 of 34

Table 18. Computation time comparison between offline optimization-based label generation and
online CNN inference.

Method Execution Stage Computational Role Measurement Basis = Computation Time

RIA Offline optimization Optimized TMS /PCS per operating Appr0x1me.1tely 300 s for
label generation scenario one scenario

MPSO Offline optimization Optimized TMS /PCS per opgratmg Approx1mz.;1tely 250 s for
label generation scenario one scenario

CNN Online inference recommendation after

Relay-setting Fast surrogate inference
for relay-setting

recommendation

per new input

offline training sample

As shown in Table 18, the heuristic optimization algorithms require considerably more
computation time because they solve the relay coordination problem through iterative
search and repeated evaluation of coordination constraints. This computational require-
ment is acceptable for offline planning and training-data generation, but it limits their
direct use for frequent online relay-setting adjustment. By contrast, once the CNN has been
trained using the optimized relay-setting labels generated in the offline stage, it can rapidly
infer the corresponding TMS and PCS recommendations for a new operating scenario.

Therefore, the purpose of the computational-time analysis is not to claim that the
CNN replaces RIA or MPSO in the offline design stage. Instead, it demonstrates that the
proposed offline—online architecture integrates the strengths of both approaches. RIA and
MPSO provide optimization-based reference relay settings for supervised learning, while
the CNN provides fast relay-setting recommendations for online decision support. Before
practical implementation, the CNN-recommended settings should still be verified through
setting-boundary checks, primary-backup relay sequence confirmation, and CTI validation.

5. Discussion
5.1. Mechanism of Protection Miscoordination Under DER Penetration

The simulation results indicate that protection miscoordination becomes more likely
as DER penetration and load conditions vary. This phenomenon is mainly caused by the
variation in fault-current magnitude and direction introduced by DERs. In conventional
radial distribution systems, fault currents generally flow from the substation toward the
fault point, and relay coordination can be achieved using fixed-time-current characteristics.
However, when DERs are connected at different feeder locations, they may contribute
additional fault current from downstream or lateral positions. As a result, the fault current
observed by each relay may increase, decrease, or change its relative distribution depending
on the DER output, load demand, and fault location.

These changes directly affect the operating time of inverse-time overcurrent relays. A
relay that originally served as a backup device may experience a fault current close to, or
even exceeding, that observed by the primary relay, leading to a reduced coordination time
interval or an incorrect operating sequence. Therefore, the miscoordination cases observed
in the test systems are the result not only of increased fault-current magnitude, but also of
the redistribution of fault-current contributions among primary and backup relay pairs.
This explains why fixed relay settings may fail under DER-rich operating conditions, even
though they were effective in the original base case.

The proposed CNN-based framework addresses this issue by learning the relationship
between the system-wide fault-current signature and the corresponding optimized relay-
setting vector. Instead of using a single fault current or operating condition as input, the
CNN uses a structured fault-current matrix that captures the responses of multiple relays
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across predefined fault locations. This enables the model to extract correlation patterns
among fault locations, relay measurements, and operating scenarios. Consequently, the
trained CNN can recommend TMS and PCS values that restore the primary-backup operat-
ing sequence and maintain the CTI constraints under the studied DER and load scenarios.

5.2. Practical Implementation and Safety Boundaries

Although the proposed CNN-based framework can rapidly recommend relay settings,
practical implementation requires additional safety mechanisms before any setting is ap-
plied to field devices. The predicted TMS and PCS values should not be written directly
to intelligent electronic devices without verification. Before implementation, the recom-
mended settings must pass relay-setting boundary checks, primary-backup relay-sequence
checks, and CTI verification. These verification procedures are necessary to ensure that the
predicted settings satisfy both numerical limits and protection coordination requirements.

In practical deployment, the CNN output should be regarded as a decision-support
recommendation for operators or protection engineers. The verified settings may then be
submitted for operator confirmation or transferred to IEDs through a secured engineering
procedure. Online modification of relay settings should also consider communication
security, authentication, event logging, protection blocking, and rollback procedures. If
abnormal input data, incomplete measurements, or out-of-range operating conditions
are detected, the system should reject the CNN recommendation and retain the existing
verified relay settings.

Therefore, the proposed method is positioned as a preventive calibration and decision-
support framework rather than an unrestricted automatic setting-update mechanism. Full
closed-loop field implementation would require further validation of cybersecurity, communi-
cation reliability, protection blocking logic, and coordination with utility operating procedures.

5.3. Retraining Requirements Under Permanent Topology Changes

The trained CNN model is valid within the operating and topological conditions
represented in the offline-generated dataset. For variations in DER output and load demand
that remain within the training range, the model can provide relay-setting recommendations
without retraining. However, if a permanent topology change occurs, such as feeder
reconfiguration, relay relocation, addition of new DER units, removal of existing DER units,
or modification of primary-backup relay pairs, the fault-current distribution and relay
coordination relationships may change substantially.

Under such conditions, the original CNN model should not be directly applied without
additional verification. A modified network model should first be established, and new
fault-current data should be generated through short-circuit analysis. The relay-setting
optimization procedure should then be performed again to update the supervised learning
targets. Finally, the CNN model should be retrained or fine-tuned using the updated
dataset before deployment.

This topology-dependent retraining requirement is a limitation of the present frame-
work. Nevertheless, the offline—online architecture remains applicable because the retrain-
ing process can be performed offline after major network modifications. Future work will
investigate transfer learning and incremental learning techniques to reduce the retraining
burden when the distribution network undergoes partial topology changes.

5.4. Limitations and Future Work

Several limitations of this study should be noted. First, the proposed CNN model
is trained using simulation data generated from predefined DER-generation and load-
demand scenarios. Therefore, the model performance depends on the representativeness
of the offline dataset. If the online operating condition falls outside the training range,
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the recommendation should be treated with caution and verified before use. In addition,
although the dataset-generation procedure considered +50% variations in DG generation
and load demand and retained only load-flow-feasible operating scenarios, the resulting
dataset still represents a predefined scenario space. No fixed random seed was explic-
itly specified in the original random sampling process; therefore, the reported variation
range, interval-based sampling procedure, feasibility screening, and scenario-level data
partitioning are important for supporting reproducibility. The scenario-level partitioning
strategy reduces data leakage by preventing closely related samples generated from the
same operating condition from appearing simultaneously in both the training and test sets.

Second, the present study focuses on preventive relay setting calibration based on
fault-current signatures and optimized TMS/PCS targets. Although the £3% fault-current
perturbation tests indicate stable CNN prediction behavior under small measurement
variations, broader robustness evaluations that account for missing measurements, com-
munication delays, topology errors, and cyber-related data anomalies are still necessary
before field deployment.

Third, although the proposed method improves online decision speed by replacing
iterative optimization with CNN inference, the quality of the predicted settings still depends
on the quality of the offline-optimized labels. Thus, the heuristic optimization results should
be interpreted as high-quality optimized solutions rather than mathematically proven
global optima. Although the CNN outperformed the MLP baseline in this study, only one
representative fully connected neural-network baseline was considered. Future research
will include additional machine-learning baselines, broader sensitivity analysis under noisy
measurements, topology-change scenarios, and hardware-in-the-loop or field-oriented
validation to further evaluate the practical applicability of the proposed framework.

6. Conclusions

The increasing penetration of DERs introduces significant variations in fault-current
magnitude, direction, and distribution, making conventional fixed-setting overcurrent
protection schemes increasingly vulnerable to miscoordination. To address this issue, this
paper proposed and evaluated a deep learning-based preventive relay setting calibration
framework for enhancing protection coordination robustness in DER-rich distribution net-
works. The proposed framework adopts an offline-online architecture. In the offline stage,
heuristic optimization algorithms, including RIA and MPSO, were used in conjunction with
ETAP-based fault analysis to generate a comprehensive dataset of high-quality optimized
TMS and PCS values across various DER-generation and load-demand scenarios. The train-
ing datasets were constructed from randomly sampled DG /load operating scenarios within
the predefined variation ranges, screened by load-flow feasibility analysis, and partitioned
at the operating-scenario level to reduce data leakage. In the online stage, a lightweight
CNN was trained as a fast surrogate model to learn the nonlinear mapping between system
fault-current signatures and the corresponding optimized relay-setting vectors.

The proposed framework was evaluated using a 16-bus distribution system and the
IEEE 37-bus test feeder. The results show that the trained CNN models converged smoothly
during training and exhibited stable prediction behavior under £3% fault-current input
perturbations. The CNN also achieved lower prediction errors than the MLP baseline,
indicating that preserving the relay—fault-location fault-current matrix structure through
convolutional feature extraction is beneficial for relay-setting prediction. The ETAP ver-
ification results further demonstrated that the CNN-predicted settings could restore the
expected primary-backup relay operating sequence and maintain CTI constraints under
the studied DER-rich scenarios. In the 16-bus system, the proposed method eliminated
the 12 miscoordination events observed under fixed relay settings. In the IEEE 37-bus
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test feeder, the method also eliminated the 6 critical miscoordination events identified
in the baseline case, indicating its applicability to larger and more complex distribution
test systems.

The computational results based on the IEEE 37-bus test system further show that
RIA and MPSO require approximately 300 s and 250 s, respectively, to generate optimized
relay-setting labels for one operating scenario in the offline optimization stage, whereas
the trained CNN-based surrogate model can provide relay-setting recommendations in
approximately 0.05 s during online inference. These results demonstrate that the proposed
offline—online architecture transfers the main computational burden from online operation
to offline training and supports near-real-time relay-setting decision support.

In summary, this study bridges the computational gap between heuristic optimization
and real-time protection decision support. By rapidly recommending coordinated TMS
and PCS values, the proposed CNN-based preventive calibration framework provides a
practical tool for improving protection coordination robustness in DER-rich distribution
networks. For practical deployment, the CNN output should be used as a decision-support
recommendation and verified through setting-boundary checks, CTI verification, relay-
sequence confirmation, and secure engineering procedures before implementation. In
addition, major permanent topology changes require updating the dataset and retraining
or fine-tuning the model before the trained CNN is applied to the modified network.
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