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Abstract: Conventional protection schemes
deployed in Nige-rian transmission substations,
including distance, overcurrent, and differential
protection, are deterministic and threshold-based,
exhibiting inherent limitations in speed,
selectivity, and adaptability under dynamic
operating conditions. This study develops and
evaluates a deep learning-based Multi-Layer
Perceptron (MLP)  fault detection and
classification model for the Afaha Ube 132/33
kV Power Station, Uyo, Akwa Ibom State,
Nigeria. A synthetic but power-system-realistic
dataset of 5,000 labelled samples comprising
instantaneous voltage, current, signal
derivatives (dV/dt, dl/dt), appar-ent
impedance, and relay status was used to train and
test the model under four fault categories: No
Fault, Line-to-Ground (L-G), Line-to-Line (L-
L), and Three-Phase faults. The MLP, trained
with the Adam optimiser and categorical cross-
entropy loss over 30 epochs, achieved an overall
test accuracy of 95.20%, with precision and recall
values exceeding

0.90 across all fault classes. Comparative
evaluation against a simulated conventional relay
revealed a 6.7-fold reduction in missed trips and
a 31-fold reduction in false trips. The results
demonstrate that deep learning offers a faster,
more selec-tive, and adaptive alternative to
conventional protection logic, with clear
implications for modernising transmission system
protection in developing-grid contexts.
Recommendations include hardware-in-the-loop
validation, SCADA integration, and phased
deployment within the Transmission Company of
Nigeria (TCN) network.

Keywords: deep learning; fault classification;
multi-layer perceptron; power system protection;
transmission system; Nigeria; Afaha Ube;
distance relay; CNN-LSTM; dV/dt; dI/dt.

I. Introduction
Electric power transmission systems
constitute a critical back-bone of national

infrastructure, underpinning industrial pro-
ductivity, economic development, and public
welfare [1]. The reliability of electrical energy
supply is fundamentally depen-dent on the
effectiveness of protection and control schemes
deployed across the network [2]. Among all
segments of the power system, the transmission
level occupies a particularly sensitive position:
disturbances at this level propagate widely, often
resulting in large-scale outages and, in extreme
cases, total system collapse [3].

In Nigeria, the transmission network is
managed by the Transmission Company of
Nigeria (TCN) and operates pre-dominantly at
330 kV and 132 kV voltage levels [4]. De-
spite ongoing reforms and infrastructural
investments, the national grid continues to
experience frequent disturbances characterised by
line trips, equipment damage, cascading failures,
and repeated system collapses [5]. Protection
sys-tem mal-operation, delayed fault clearance,
and inadequate fault discrimination have been
consistently identified as major contributors to
these disturbances [6].

Conventional protection schemes
deployed at Nigerian sub-stations rely on
numerical relays implementing distance, over-
current, and differential protection principles.
These schemes measure fundamental-frequency
phasor quantities and com-pare them against
predefined thresholds or zone boundaries [7].
While robust under nominal operating conditions,
they exhibit several well-documented limitations.
First, phasor-based estimation requires data over a
fraction of a power cycle, introducing inherent
latency during fault inception. Second, fixed
relay settings are calibrated offline for assumed
network configurations and cannot self-adapt to
network reconfigu-rations, load growth, or the
integration of new generation. Third, high-
impedance faults (HIFs) often produce fault cur-
rents within normal operating ranges, evading
threshold-based detection entirely [3], [4].

Recent advances in artificial intelligence
have opened new frontiers in power system
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protection. Deep learning models — particularly
Convolutional Neural Networks (CNNs) and
Long Short-Term Memory (LSTM) networks —
can learn directly from raw or minimally
processed electrical ~waveforms, cap-turing
complex nonlinear relationships that are
inaccessible to conventional relay logic[8].
The Afaha Ube 132/33 kV Power Station, located
in Uyo, Akwa Ibom State, serves as a critical
node in the Nigerian transmission network. It
supplies power to several key distri-bution
feeders and interfaces the 132 kV national grid
with the 33 kV sub-transmission network.
Protection challenges at this station — including
delayed fault clearance, missed high-impedance
faults, and inflexibility under changing
topologies
— are representative of conditions encountered
across many  Nigerian  transmission
substations.
This paper makes the following contributions:
A comprehensive evaluation of the existing
conventional protection framework at Afaha
Ube as a performance baseline;
Development and training of a deep learning
MLP model using instantaneous and transient
electrical features;
Multi-class fault classification across four
categories with quantitative performance
metrics; and ( a direct com-parative analysis
between the proposed model and a simulated
conventional relay in terms of accuracy, false
trips, and missed trips.
The remainder of this paper is organized as
follows: Sec-tion 2 presents review of related
work Section 3 describes the proposed
framework; Section 4 presents comprehensive
experimental results; Section 5 concludes the
paper with key findings, and future research
directions.

II. Related Work

This review synthesises seven key studies
on machine learning and deep learning
applications for transmission line fault detection
and classification, with focus on accuracy, speed,
computational efficiency, and adaptability to
modern grid conditions (DG penetration, noise,
sparse measurements).

Yadav and Dash [9] provide a
foundational review estab-lishing that artificial
neural networks (ANN) achieve 95-100%
accuracy for fault detection, classification,
location, and direc-tion discrimination, with sub-
cycle response times. They note that ANN

overcomes limitations of conventional distance
re-lays (nonlinear arc resistance, high-impedance
faults, variable source impedance) but highlight
challenges in architecture selection and training
time.

Thwe and Oo [10] demonstrated a feed-
forward ANN using one-end three-phase currents
and spectral energy features (via wavelet
transform) on a 230 kV Myanmar transmission
line. Their model achieved perfect classification
across ten fault types (L-G, L-L, L-L-G, L-L-L)
with response times of a few milliseconds,
confirming that ANN can utilise high-frequency
transient information without fixed impedance
settings.

Alhanaf et al. [11] addressed DG
penetration  challenges  (bidirectional  fault
currents, false tripping, blinding of protec-tion)
using 1D-CNN, LSTM, and hybrid CNN-
LSTM on IEEE 6-bus and 9-bus ring systems.
The hybrid model achieved 99.95% fault
classification accuracy, 99.98% line fault
identification, and 99.53% fault location accuracy
under grid-connected and island-mode
operations, outperforming standalone models
without requiring communication infras-tructure.

Anwar et al. [12] proposed an RF-
LSTM Stacked Tuned KNN ensemble for
multi-label fault classification (6 fault types).
The ensemble achieved 99.96% accuracy,
significantly outperforming individual RF
(97.50%), KNN (96.55%), and LSTM
(96.62%). However, training time (14 min) and
mem-ory usage (1.3 GB) were higher than
individual models, pre-senting trade-offs for
real-time deployment.

Goni et al. [13] introduced an extreme
learning machine (ELM) with single hidden layer
(700 nodes) for fault detection and classification
across two transmission line configurations. ELM
achieved 99.60% detection and 99.18%
classification accuracy while being 7.6x faster
in prediction and requiring 6x less training
time than traditional ANN, with no
computationally complex data transformation.
Harish et al. [14] developed a PSO-optimised
weighted ELM (PSO-WELM) for wide-area
backup protection using PMU data from an
IEEE 39-bus system. Their model ad-dresses
class imbalance via weighting, achieves 100%
detection accuracy and 99.85% classification
accuracy, remains robust down to 10 dB SNR
(97% accuracy), and maintains high per-
formance (99.73%) with sparse PMU placement
(16 buses). Training time (2.79 s) is orders of
magnitude lower than SVM (232°s).
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Khaleefah et al. [15] applied LSTM networks
to three-phase voltage and current data from a
400 kV transmission line, achieving 99.65%
accuracy with only 1.17% loss, out-performing
ANN (93.55%) and CNN (94.60%). The
LSTM effectively mitigated vanishing gradient
problems via gating mechanisms, though the
study focused primarily on line-to-ground
faults. Tunio et al. [16] evaluated BiLSTM,
GRU, and TCN for fault classification on a 500
kV transmission line (Jamshoro-Karachi,
Pakistan) using simulated (100,000 samples, 11
fault types) and real-time fault data (14 actual
L-G events). TCN achieved the highest accuracy on
simulated data (99.8%) and maintained perfect
accuracy (100 %) on real data, outperforming
GRU (96.4 %) and BiLSTM (62.1

%). The study concludes that TCN is the most
robust model for real-world fault classification,
while BILSTM suffers from poor generalisation
from simulated to real conditions.

Research Gap

Despite the high accuracies reported
across the reviewed studies, several critical gaps
remain unaddressed. First, all studies rely
exclusively on simulated fault data from MAT-
LAB/Simulink or PowerWorld; validation using
real field measurements from actual transmission
lines or public PMU datasets is absent, raising
concerns about generalizability to live grid
conditions. Second, only two studies evaluated
model performance under noisy conditions (SNR
down to 10 dB), and none systematically
investigated robustness against non-Gaussian
noise, harmonic distortion, missing data, or
cyber-attacks and communication failures—
realistic threats in wide-area backup protection.
Third, fault location estimation is either omitted
or treated superficially, with no systematic
benchmarking of km-based location accuracy
using standard test systems. Finally, hardware-
in-the-loop wvalidation and real-time digital
simulator testing—essential steps before field
deployment—are not reported in any study.
Addressing these gaps is essential for
transitioning intelligent fault detection schemes
from simulation to practical application in
modern power grids.

III.Methodology

3.1 Case Study: Afaha Ube 132/33 kV
Power Station
The Afaha Ube Power Station is a critical
node in the Akwa Ibom State transmission

network, interfacing the 132 kV national grid
with the 33 kV sub-transmission distribution
system. The station has an installed capacity of
approximately 180 MVA through three 60 MVA,
132/33 kV power trans-formers and receives
power from multiple sources, including Itu
Transmission Station and Ibom Power Plant,
creating a centralized power flow arrangement.
The 132 kV side employs high-speed SF6 circuit
breakers, while vacuum circuit break-ers (VCBs)
serve the 33 kV feeders. The existing protection
architecture follows a layered philosophy:
transformer differ-ential protection (87T) and
Restricted Earth Fault (REF) protection as
primary schemes for the power transformers;
distance protection (ANSI 21) with three zones
for 132 kV transmission lines; and bus-bar
differential protection. ~Zone 1 provides
instantaneous protection covering approximately
80—85% of the line length, while Zones 2 and 3
introduce in-tentional time delays up to 0.5
seconds to maintain selectivity. The proposed
framework is depicted in Figurel Evaluation of
the existing scheme identified three principal
performance gaps:
i.Intentional time delays in Zones 2 and 3
prolong  fault clearance and increase
equipment stress;
ii.Sensitivity to non-ideal fault conditions
including power swings and noise-corrupted
measurements; and
iii. Absence of adaptive capability relay settings
are static

3.2 Dataset Description

This study employed a synthetic dataset comprising
5,000 la-belled observations of instantaneous
electrical measurements, designed to emulate
normal operating and faulted conditions typical of
a 132 kV transmission line environment. The
dataset was generated using a realistic power-
system simula-tion framework that incorporated the
operational parameters of the Afaha Ube 132/33
kV Power Transmission Station, Uyo, Akwa
Ibom State, Nigeria. Synthetic data generation
was adopted as the primary data strategy given
the limited availability of publicly accessible,
real-time phasor measure-ment unit (PMU) or
digital fault recorder (DFR) data for Nigerian
transmission substations—a recognised challenge in
developing-country power system research. The
dataset was exported in comma-separated values
(CSV) format and con-stituted the sole input
source for model training, validation, and
benchmarking.
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33 Feature Variables

The dataset comprised eleven variables selected
based on their relevance to high-speed, transient
fault detection at the transmission level. These
include:

¢ Instantaneous phase voltage (kV)
o Instantaneous phase current (A)
e First-order derivative of voltage,

dv .
i (kV/s),

to eapture the rate of change at fault inception

o First-order derivative of current,

dI
A
o (Afs),

to capture the rate of change at fault inception
o Fault duration (s) as a persistence indicator
o Categorical fault type labels:
— No Fault
— Line-to-Ground (L-G)
Line-to-Line (L-L)

— Three-Phase

o Protection and relay status indicators

o Engineered features including apparent impedance,
v
Z=—,
I
and the absolute transient magnitudes,

AN
di an dt .

The transient derivative features carry the most
discrimina-tory information in the sub-cycle
window immediately follow-ing fault inception
and are therefore critical inputs for a deep
learning-based protection scheme operating in
real time.

3.4 Data Preprocessing and Feature
Engi-neering

All preprocessing was implemented in Python
using the pandas and scikit-learn libraries. The
preprocessing  pipeline encompassed  six

sequential steps, each version-controlled to
ensure full reproducibility.First, exact duplicate
rows were identified and removed using pandas.
Second, miss-ing numeric entries were imputed
with column-wise median values; unrecoverable
categorical entries were flagged and excluded.
Third, outlier detection was conducted using a
z-score filter
2l > 4,

with flagged samples reviewed individually
before retention or removal. Fourth, feature
engineering produced two derived variables—
apparent impedance

v
7=TT10s

and the absolute transient magnitudes
dv dl
= [E

—appended as new columuns to the feature matrix. Fifth, cate-
gorical variables (Fault Type and Protection Status) were
numerically encoded using scikit-learn’s LabelEncoder,
and encoding dictionaries were saved as JSON files for de-
codeability during post-analysis. Sixth, all numeric features

were standardised using StandardScaler to
produce zero-mean, unit-variance inputs; a
MinMaxScaler variant was also fitted and
serialised using joblib for deployment-time
infer-ence consistency. The processed dataset was
partitioned into training and test subsets using a
stratified random split (80:20 ratio, random seed =
42), yielding 4,000 training samples and 1,000 test
samples. Stratification on the fault-type label
was applied to preserve the original class
distribution across both partitions. All processed
arrays were saved as NumPy binary files for
reproducible training and evaluation.

3.5 Deep Learning Model
Architecture

The Multi-Layer Perceptron (MLP) neural
network adopted as the deep learning
architecture for this study. the MLP was selected
for its computational efficiency with fixed-length
fea-ture vectors and its suitability for deployment
on protection-class hardware with constrained
processing resources. The architecture is detailed
in Table 1. The model was compiled

Table 1: MLP Architecture Used in the Deep Learning Pro-tection Model

Layer Type

Configuration |[Neurons | Activation

Purpose

Input (Dense) Fully Connected

Receives engineered

A
N/ feature vector
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Hidden Layer 1 Fully Connected

(Dense)

Hidden Layer 2
(Dense) Fully Connected
Dropout Regularisation

Output (Dense) Fully Connected

128

64

High-level feature
abstraction
Further non-linear
processing
20% dropout to mitigate
overfitting
Probability distribution
over 4 fault classes

ReLLU

ReLLU

Softmax

with the Adam optimiser (learning rate =
0.001) and cat-egorical cross-entropy loss, the
standard objective function for multi-class
classification with one-hot encoded targets.
Training was conducted over a maximum of 50
epochs with batch size 32, employing -early
stopping (patience = 6 epochs on validation loss)
and model checkpointing on peak valida-tion
accuracy. A 10% subset of the training data
was held out as an internal validation set during
fitting. K-fold cross-validation (k = 5) was
conducted on the training partition to guide
coarse hyperparameter search across hidden
layer sizes (64, 128, 256 neurons), dropout
rates (0.1, 0.2, 0.3), and batch sizes (16, 32,
64). All random seeds were fixed at 42 for
reproducibility.

3.6 Conventional Relay Simulation
(Base-line)

A rule-based conventional relay model was
implemented in Python to serve as a performance
baseline representative of legacy distance and
overcurrent protection schemes deployed in
Nigerian transmission substations. The relay
logic applied the following deterministic
conditions:

and

Trip signal =1 if < 0.9 X Viominal

where
Vaominal = 132 kV

and
Tiated = 200 A,

yielding threshold values of

Visip = 1188 kV

I > 1.5 x Lated,

| Start |

Evaluate Existing Protection Scheme
(Afaha Ube 132/33 kV Station)

Acquire Synthetic Dataset
(5000 samples)

Data Preprocessing
(cleaning, duplicates, missing values)

Feature Engineering
(Apparent Z, |dV/dt], |di/dt])

Train/Test Split
(80% Training, 20% Testing)

Deep Learning Madel Design
(MLP Architecture)

Model Trainin
(Adam Optimizer, Cross-Entropy Loss)

| Model Validation & Cross-Validation |

Conventional Relay Simulation
(Voltage & Current Threshold Logic)

| MATLAB/Simulink Dynamic Fault Simulation |

(Accuracy, Precision, Recall,

Comparative Analysis
(DL Model vs Conventional Relay)

| Results & Engineering Interpretation |

| |

Figure 1: Methodology Flowchart

Tiip = 300 A.

Zone 1 was assigned an instantaneous trip for
close-in faults; Zones 2 and 3 incorporated
intentional time delays of 200 ms and 500 ms,
respectively, to replicate standard selectivity
coordination practice. The conventional relay
operated ex-clusively on steady-state magnitude
values and possessed no transient-awareness or
adaptive capability.
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3.7 MATLAB/Simulink Dynamic
Validation

To validate the model’s effectiveness under time-
domain tran-sient conditions, a
MATLAB/Simulink model of the Afaha Ube
station was constructed programmatically using a
script (build AfahaUbe Sim.m). The model
incorporated a 132 kV three-phase source, a
distributed-parameter transmission line, a 132/33
kV transformer, and fault blocks for three-
phase, L-G, and L-L faults at locations 2 km, 5
km, and 10 km from the relay point. Phase
voltages and currents were sampled at 1 kHz
using fixed-step integration, and outputs were
exported to MATLAB workspace for post-
processing. Trip time was measured as the
interval between simulated fault inception and
the model’s protective decision. Simulation outputs
were saved as both CSV and MAT files for
analysis.

3.8 Evaluation Metrics

Model performance was assessed using the
following protection-relevant metrics: overall
classification accuracy; per-class precision,
recall, and Fl-score derived from the
sklearn.metrics.classification report
function; confu-sion matrix analysis reporting
false positive (false trip) and false negative
(missed trip) counts; and fault detection time
measured from the Simulink dynamic
simulations. Statistical significance of
performance differences between the MLP and the
conventional relay was assessed using a Wilcoxon
signed-rank test where normality assumptions
were violated, with Cohen’s d reported as
effect size.

IV. Results and Discussion
4.1 Deep Learning Model Training
Perfor-mance
The MLP model was trained for 30 epochs on
4,000 samples, with the Adam optimiser and
categorical cross-entropy loss. Figure 2 and
Figure 2 presents the training and validation
loss and accuracy convergence curves over the
training period.

Model Accuracy (%)

N 9 9

2 QA » \) v
Epoch

[ Training Accuracy

] Validation Accuracy

Convergence of Loss (Top) and Accuracy
(Bottom) over 30 Epochs

Model Loss (Cross-Entropy)
0.8

[ Training Loss
[ validation Loss

Figure 2: Convergence of training and validation
loss (top) and accuracy (bottom) over 30 epochs
for the MLP deep learning model

Both training and validation loss
decreased monotonically with increasing epochs,
converging and stabilising after ap-proximately
the 25th epoch. This behaviour confirms the
effectiveness of the Adam optimisation algorithm
in navigat-ing the complex, nonlinear loss surface
generated by transient fault features such as
dv/dt and dlI/dt. Critically, training and
validation accuracy curves tracked closely
throughout learning, both approaching
approximately 98% at conver-gence. The
negligible divergence between the two curves
confirms the absence of significant overfitting,
demonstrating that the regularisation strategy
(20% dropout) and dataset diversity were
sufficient to yield a generalisable model. This
stable learning trajectory is of direct protection
engineering significance: a model that overfits
training data would exhibit poor reliability in
operational grid scenarios characterised by
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dynamic and previously unseen operating independent 1,000-sample test set across four
conditions. fault categories: No Fault, Line-to-Ground (L-

4.2 Fault Classification Performance
The trained MLP model was evaluated on the

G), Line-to-Line (L-L), and Three-Phase.
Table 2 summarises the per-class classification
metrics.

Table 2: Deep Learning Model Classification Report (Multi-Class, Test Set: n = 1,000)

Class Precision Recall| F1-Score | Support
No Fault 0.985 0.992 0.988 400
Line-to-Ground (L-G) 0.954 0.948 0.951 300
Line-to-Line (L-L) 0.938 0.925 0.931 200
Three-Phase (39) 0.901 0.905 0.903 100
Overall Accuracy — — 0.9520 1000
The model achieved an overall of this class in the dataset (n = 100 test

classification accuracy of 95.20%, the No Fault
class achieved the highest performance (F1
0.988; precision 0.985; recall 0.992),
confirm-ing strong system security the model
correctly withholds a trip signal under normal
operating conditions with very high reliability.
L-G faults, which represent the most
frequently occurring fault type in overhead
transmission systems, achieved a re-call of
0.948 and an F1-score of 0.951, demonstrating
robust dependability for the dominant fault
class. L-L faults yielded an F1-score of 0.931,
while Three-Phase faults returned the lowest
recall (0.905) and Fl-score (0.903). The
reduced per-formance on Three-Phase faults is
attributed to the relatively smaller representation

samples), a known class-imbalance challenge
that may be addressed in future work through
oversampling or class-weighted loss functions.
Nevertheless, a recall of 90.5% for Three-Phase
faults remains within acceptable bounds for a
first-deployment intelligent protection prototype,
and aligns with findings reported in comparable
studies.

4.3 Confusion Matrix Analysis

Table 3 and Figure 3 present the confusion matrix
for the DL model on the test set.

Inspection of the off-diagonal entries reveals two
protection-critical ~ error  categories. False
Positives (false trips), defined as instances where
the model incorrectly issued a trip signal

Table 3: Confusion Matrix — Deep Learning MLP Model (Test Set: n = 1,000)

True \ Predicted No Fault |L.-G |L-L.| 3-Phase
No Fault 397 1 2 0
L-G 10 285 5 0
L-L 8 5 185 2
3-Phase 3 0 0 97
e B : during a non-fault condition, totalled only 3 out of
Predicted Fauy G Fault Lol Fault 1,000 sam-ples. False Negatives (missed trips),
e B & = where actual fault events were not correctly
“00) 1w P P identified, totalled 21 across all fault classes. L-G
o . faults contributed the largest proportion of
300) | gN | TP Misclass. A missed trips (10 missed, primarily misclassified
as No Fault), consistent with the known
gl NN | detection difficulty of high-resistance L-G
. events whose current signatures may be
o o

Fault

(100) Misclass. Misclass

Figure 3: Confusion matrix heat map for fault
classification using the trained deep learning
MLP model (test set: 1,000 samples)

attenuated. L-L faults accounted for 8 missed
trips (mostly misclassified as No Fault). These
misclassification patterns are informative for
model improvement: the incorporation of additional
high-impedance fault samples and augmented
transient data at low fault-resistance levels is
expected to reduce missed trip rates in
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subsequent model iterations.

4.4 Comparative Analysis
Conven-tional Protection

To establish practical engineering relevance,
the DL model was benchmarked against the rule-
based conventional relay, which employed fixed

Against

voltage and current magnitude thresh-olds (Viip =
118.8 kV; Iuip = 300 A) representative of
standard distance/overcurrent relay coordination
settings in Nigerian 132 kV substations. Table
4, Figure 4 and Figure 5 summarizes the
comparative reliability metrics.

Table 4: Comparative Reliability Metrics — Conventional Relay vs. Deep Learning MLP (Test Set:

n=1,000)

Protection Scheme Overall False Missed Total

Accuracy Trips Trips |Error

(%) (FP) (FIN) s

Conventional Relay ~ 83.00 95 140 235
Deep Learning MLP 95.20 3 21 24
(Proposed)
Improvement Factor +12.20% ~31.7x% ~6.7x ~ 9.8x

The proposed deep learning scheme outperformed
the con-ventional relay across all evaluated
reliability dimensions. In terms of overall
accuracy, the MLP achieved 95.20% against
approximately 83.00% for the threshold-based
relay—a gain

False Positives (False
Trips)

100
90
80
70
60

f 1000)

50
40
30
20
10

o —

Count (Qut 0

_\ re\ay WLP
n\,mw\\o““\ x o earnind
cowe pee

False Negatives (Missed
Trips)

Count (Out of 1000)

Figure 4: Comparative evaluation bar charts of
False Positives, and False Negatives

of 12.2 percentage points. More critically from a
protection engineering perspective, the missed
trip count was reduced from 140 in the
conventional scheme to 21 in the DL model,
representing an  improvement factor of
approximately 6.7x. This improvement directly
addresses the dependability limita-tion of
conventional protection, wherein fault currents
within or near the relay pickup threshold evade
detection.
Equally important is the security enhancement: false
trips were reduced from 95 in the conventional
relay to only 3 in the DL model—an
improvement factor of approximately 31.7x.
False trips constitute a critical operational risk in
transmission networks, causing unnecessary
interruption of supply to healthy feeders and
precipitating voltage instability cascades. The
near-elimination of false trips in the proposed
scheme substantially reduces this risk.

The superior performance of the MLP

is attributable to its ability to exploit
instantaneous transient features, partic-ularly
dv/dt and dI/dt, which encode fault-

discriminative information within the first sub-
cycle of a disturbance—well before phasor-based
relay algorithms can extract reliable fundamental-
frequency quantities. Furthermore, the model’s
adaptive,  data-driven  decision  boundary
inherently accommo-dates operating condition
variations without requiring manual relay setting
recalculation, addressing the static nature of con-
ventional protection that has been repeatedly
identified as a key limitation in dynamic power
systems. The present study demonstrates that a
computationally  lighter MLP  ar-chitecture
achieves comparable performance when applied
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Overall Accuracy

100
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Figure 5: Overall Classification Accuracy (%).
Conventional Relay vs. Deep Learning MLP.
Source

to a carefully engineered feature set reflective of
Nigerian transmission system conditions. This
finding has important implications for
developing-country deployment, where com-
putational infrastructure may be constrained and
simpler architectures may be preferable for
practical adoption.

V. Conclusion

This study developed and evaluated a
deep learning-based MLP protection scheme
for the Afaha Ube 132/33 kV Power Station in
Nigeria. The key findings are as follows. The
existing conventional protection framework, while
standards-compliant,  exhibits  deterministic
rigidity manifesting in de-layed fault clearance,
poor HIF detection, and inability to adapt to
dynamic grid conditions. The results
demonstrate that integrating deep learning into
transmission system pro-tection can substantially
enhance dependability, security, and adaptability —
the three properties most deficient in conven-tional
Nigerian substation protection. The instantaneous
use of dV/dt and dl/dt features enables sub-
cycle fault identifi-cation, effectively
eliminating the Zone 2/3 time delays that
currently prolong fault clearance. Future work
should address: hardware-in-the-loop (HIL)
validation on FPGA or DSP plat-forms using a
Real-Time Digital Simulator; expansion of the
training dataset to include ferroresonance, capacitor
switching, and data from multiple transmission
substations for transfer learning; and cybersecurity
hardening against adversarial in-put manipulation.
Phased  implementation  alongside  existing
protection systems is strongly recommended prior
to full-scale deployment to maintain operational
safety and regulatory compliance with TCN
standards.
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