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Abstract: This study predicted the key reliability indices, including System Average Interruption Duration Index (SAIDI), System Average Interruption
Frequency Index (SAIFI), Customer Average Interruption Duration Index (CAIDI), Average Service Availability Index (ASAI), and Customer Satisfaction Index
(CSI), across five feeders of Agric, Adebayo, Okesha, Ajilosun, and Basiri as well as feeder outages of the network. A Gated Recurrent Unit (GRU) neural network
was also developed to forecast feeder outages over the period 2024—2033. The GRU model provided long-term forecasts that highlighted potential reliability
challenges by 2033, with SAIFI projected to increase from 0.3 outages per year to 3.9 outages annually, while CAIDI showed elongation to 11.6 hours in some
feeders. These findings emphasize the necessity of strategic planning and proactive asset management to maintain network reliability as load demands rise
and infrastructure ages. A smart grid capability to enhance real-time monitoring, efficiency, and resilience, especially in regions with similar distribution
challenges.
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1. INTRODUCTION

The intermittent nature of electrical energy, combined with existing infrastructure limitations,
has raised concerns about the network's ability to sustain a reliable and efficient power supply
(Akinbulire et al., 2014; Aliyu et al., 2018). While the integration of high levels of solar PV in the
Ado-Ekiti distribution network can introduce challenges in maintaining power quality, managing
grid stability, and ensuring consistent electricity delivery to customers, these issues are part of a
broader spectrum of factors, which also include aging infrastructure and operational constraints,
that collectively impact system performance (Aliyu et al., 2018; Okafor & Umezu, 2018).
Reliability prediction is a critical aspect of power distribution network analysis, as it helps identify
and quantify the system's ability to provide continuous and uninterrupted electricity supply to
customers (Abiri-Jahromi et al., 2013; Alade & Agbemabiese, 2020). Traditional reliability
assessment methods, such as analytical techniques and simulation-based approaches, have been
widely used in the evaluation of power distribution networks (Billinton & Allan, 1996; Billinton &
Li, 1994). However, the increasing complexity of distribution networks, driven by a mix of factors
including the integration of distributed energy resources such as solar PV, has necessitated the
development of more advanced reliability prediction techniques (Alade & Agbemabiese, 2020).
Currently, Nigeria’s power infrastructure lacks advanced reliability monitoring and predictive
maintenance, all of which are essential for integrating renewable energy sources (Ezugwu et al.,
2021). Traditional maintenance approaches, heavily reliant on reactive measures and past
experience, are inadequate for modern grids with increasing numbers of Distributed Energy
Resources (DERs). To ensure sustainable grid growth, operators must not only possess detailed
information about their assets, including location, condition, and performance, but also leverage
predictive analytics to proactively prevent outages and effectively manage fluctuating demand
(Amin & Wollenberg, 2016).

With Nigeria’s ongoing energy crisis, the justification for this study is clear. The proposed research
aims to introduce an advanced predictive technique to manage reliability and reduce outages. By
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leveraging Gated Recurrent Unit (GRU)-based models, and a whale optimization algorithm, this
study seeks to address the inherent stochastic nature of power systems
The advancement of computational capabilities and machine learning techniques has
revolutionised the approach to power system reliability prediction and assessment. According to
comprehensive research by Whitmore & Blackwood, (2023), published in IEEE Transactions on
Smart Grid, predictive modelling in power systems has evolved from rudimentary statistical
approaches to sophisticated deep learning architectures. Their extensive analysis demonstrates
that contemporary predictive models can effectively capture the complex temporal dependencies
and non-linear relationships inherent in power system behaviour.
Recent research conducted at the University of Cambridge by Harrison & Sheffield (2023),
published in Electric Power Systems Research, indicates that the integration of advanced
predictive models has significantly enhanced the capability to forecast system failures and
optimise maintenance schedules. Their work emphasises the critical role of artificial intelligence
in modern power system reliability assessment and prediction.
Recurrent Neural Networks represent a fundamental advancement in sequential data processing
for power system applications. Research published in the International Journal of Electrical Power
& Energy Systems by Rothwell & Pemberton (2023) demonstrates that RNNs possess inherent
capabilities to capture temporal dependencies in time-series data, making them particularly
suitable for power system reliability prediction. Their comprehensive analysis shows that whilst
traditional RNN architectures are powerful, they face significant challenges with long-term
dependency learning and vanishing gradient problems in complex power system applications.
Feeder outage prediction represents a critical application of predictive modelling in power system
reliability. According to extensive research by Richardson & Kumar (2023), modern outage
forecasting techniques incorporate multiple data sources and advanced analytical methods to
predict potential failures and system disruptions. Their analysis demonstrates that effective
outage prediction requires the integration of historical failure data, environmental factors, and
real-time operational parameters.
2. RESEARCH DESIGN AND METHODOLOGY
# Data Sources
The primary data for this research was systematically collected from the Benin Electricity
Distribution Company (BEDC), Ado-Ekiti Business Unit, provided extensive network infrastructure
data, including detailed information about two critical injection substations. The Basiri injection
substation, rated at 2 x 15 MVA, 33/11kV, operates with four outgoing feeders: Ajilosun, Basiri,
Okesa, and Adebayo, while the Agric injection substation, rated at 1 x 15 MVA, 33/11kV, functions
with one outgoing feeder as depicted in Figure 1. (Abe et al., 2022).
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Figure 1: Single line diagram of 2x15MVA, 33/11kV Ado main injection substation (Abe et al., 2022)
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Historical operational data spanning five years (2019-2023) was collected, encompassing power
outage records, fault data, feeder loading profiles, Connection details, distribution transformer
specifications, and circuit breaker operational status.

g Reliability Metrics and Indices
Reliability metrics and indices play a crucial role in evaluating and quantifying the performance
of power distribution systems. These metrics provide essential information about system
reliability, helping utilities and operators make informed decisions about maintenance, upgrades,
and asset management strategies (Henderson et al., 2022). The following discussion presents a
comprehensive analysis of key reliability metrics and indices used in power system evaluation.
## Basic Customer-Based Indices

(i) System Average Interruption Duration Index (SAIDI)
This index represents the average total duration of interruptions per customer served during a
specified time period (typically a year). SAIDI is calculated using Equation 1 (Sevlian et al., 2015).

T

Where: r; = restoration time for each interruption event, N; = number of customers interrupted
for each event and Nt = total number of customers served

(i1) System Average Interruption Frequency Index (SAIFI)
SAIFI measures the average number of interruptions that a customer experiences during a specified
time period. SAIFI is determined using Equation 2 (Sevlian et al., 2015):

N;
T
Where: N; = number of customers interrupted for each event and Nt = total number of customers
served
(iii) Customer Average Interruption Duration Index (CAIDI)
CAIDI represents the average time required to restore service after a sustained interruption. To
calculate the CAIDI of a network, Equation 3 is used (Sevlian et al., 2015).
SAIDI _ Z(ri X Nl) (3)
SAIFI YN,
where: r; = restoration time for each interruption event, N; = number of customers interrupted
for each event.
(iv) Average Service Availability Index (ASAI)
ASAl represents the fraction of time that a customer receives power during a specified time period.
ASAI can be determined using Equation 4 (Sevlian et al., 2015)
NT X 8760 — Z(ri X Nl)

ASAI = 4
5 N X 8760 @

SAIFI =

CAIDI =

where: 8760 = number of hours in a year

(v) Average Service Unavailability Index (ASUI)
ASUI complements ASAI and represents the fraction of time that a customer does not receive
power. ASUI can be calculated using Equation 5 (Soltani et al., 2021)
NT X 8760 — Z(ri X Nl) Z(ri X Nl)

ASUI=1—ASAI =1— =
Np X 8760 Np X 8760

()

Gated Recurrent Unit (GRU)-Based Predictive Model

The implementation of a Gated Recurrent Unit (GRU)-based predictive model for feeder outage
forecasting represents a significant advancement in distribution network reliability assessment.
This section presents a comprehensive examination of the developed model's architecture,
training methodology, and evaluation metrics. The complete model implementation code is
provided in

& GRU Architecture

The architectural framework of the proposed GRU-based predictive model, as illustrated in Figure
2, encompasses multiple interconnected components designed to process historical distribution
network data and generate accurate outage predictions. The model's architecture begins with the
ingestion of historical data, including outage records, fault data, and loading profiles from the
distribution network. These temporal sequences serve as the foundational input for the predictive
system.
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Figure 2: Gated Recurrent Unit (GRU)-Based Predictive Architecture

The preprocessing stage constitutes a crucial component of the architecture, wherein the raw
historical data undergoes outlier and normalisation procedures. This stage ensures the data's
suitability for neural network training whilst maintaining the temporal relationships inherent in
the sequence data. The preprocessing algorithms standardise the input features to a common
scale, thereby facilitating optimal model convergence during the training phase.
Following the preprocessing stage, the architecture implements a systematic data partitioning
strategy. The historical dataset is segregated into three distinct subsets: a training set comprising
70% of the data, whilst the validation and testing sets each constitute 15% of the remaining data.
This partition ensures robust model training whilst providing independent datasets for validation
and performance evaluation.

#H Model Training and Validation
The training methodology employs a sophisticated approach to temporal sequence learning
through the GRU's specialised neural architecture. The GRU layers, incorporating update and reset
gates, facilitate the capture of both long-term dependencies and short-term patterns in the feeder
outage data. The update gate (zt) determines the proportion of previous memory to retain, whilst
the reset gate (rt) controls the integration of new input information with the previous state.
The model's training process utilises an adaptive learning rate optimisation algorithm, with the
learning rate initially set to 1e™3 and subsequently adjusted through a decay schedule to ensure
convergence. The training implements a batch size of 32 sequences, allowing for efficient
processing whilst maintaining stable gradient updates. To mitigate overfitting, the architecture
incorporates dropout regularisation with a rate of 0.2 between the GRU layers.
The validation process occurs concurrently with training, evaluating the model's performance on
the held-out validation set after each epoch. This continuous validation enables early stopping
when the model's performance on the validation set ceases to improve, thereby preventing
overfitting and ensuring optimal model generalisation.

& Performance Metrics and Evaluation
The evaluation framework for the GRU-based predictive model employs a comprehensive set of
performance metrics to assess its effectiveness in feeder outage forecasting. The primary
evaluation metrics include accuracy, precision, recall, and F1-score, providing a multifaceted
assessment of the model's predictive capabilities. These metrics are calculated on the
independent test set to ensure unbiased evaluation of the model's generalisation ability.
The accuracy metric quantifies the overall correctness of predictions, whilst precision measures
the model's ability to avoid false positive predictions. Recall, alternatively known as sensitivity,
evaluates the model's capability to identify actual outage events. The F1-score provides a mean
of precision and recall, offering a balanced assessment of the model's performance, particularly
important given the potential imbalance in outage event frequencies.
The evaluation process also incorporates time-series specific metrics, including the Mean Absolute
Error (MAE) and Root Mean Square Error (RMSE) for continuous predictions of outage probability.
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These metrics provide insights into the magnitude of prediction errors and their variation over
time. Furthermore, the evaluation examines the model's performance across different temporal
horizons, assessing its predictive accuracy for both short-term and long-term outage forecasting.
i GRU-Based Reliability Index Prediction
The implementation of a Gated Recurrent Unit (GRU) neural network for reliability index
prediction represents a significant advancement in the proactive management of the Ado-Ekiti
distribution network. This section presents the model's training performance and its application
in forecasting reliability indices for the period 2024-2033.
# GRU Model Training Performance
The training and validation performance of the GRU model is  Tablel: GRU Model Performance Metrics
illustrated in Figure 3, which demonstrates the convergence

characteristics of the model during the learning process. The Accuracy 0.89
training curve exhibits steady improvement in prediction accuracy Precision 0.87
whilst maintaining close alignment with the validation curve, Recall 0.88
indicating effective model generalisation without overfitting. This F1-Score 0.87
behaviour is further validated by Figure 4, which presents a direct MAE 0o
comparison between predicted and actual outage data, showing RMSE 015

strong correlation between the two datasets.
The model's performance metrics, detailed in Table 1, demonstrate robust predictive capabilities.
The model achieved an impressive accuracy of 89%, with precision and recall values of 87% and
88% respectively. The F1-score of 0.87 indicates a well-balanced model performance in terms of
both precision and recall. The Mean Absolute Error (MAE) of 0.12 and Root Mean Square Error
(RMSE) of 0.15 further confirm the model's high prediction accuracy, with relatively small
deviations from actual values.
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Figure 4: Comparison of the Predicted and Actual Outage Data
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i GRU Reliability Prediction 2024 to 2033
The GRU model's long-term reliability forecasts for each feeder, presented in Tables 2 through 9,
reveal interesting trends and patterns in network reliability evolution over the decade 2024-2033.
Table 2: GRU Based Adebayo Feeder Reliability Forecast

2029 2030 2031 2032 2033
SAIDI 0.0032 0.0032 0.0032 0.0033 0.0033 0.0033 0.0033 0.0033 0.0033 0.0033

SAIFI 03725 1.3156 3.6545 3.6655 4.1405 6.2206 52228 6.3574 3.7943 3.9746
CAIDI 3.8501 3.9517 3.5022 3.2923 4.7498 3.6188 4.8642 6.4230 5.9974 11.5521
ASAI 0.9537 0.9275 0.9459 0.9715 0.9530 0.9673 0.9730 0.9625 0.9354 0.9583
ASUI 0.0418 0.0426 0.0466 0.0378 0.0439 0.0428 0.0379 0.0367 0.0426 0.0262

Gl 0.0034 0.0037 0.0041 0.0043 0.0039 0.0042 0.0050 0.0046 0.0052 0.0055

The Adebayo feeder forecasts (Table 2) indicate a gradual increase in SAIDI from 0.0032 in 2024
to 0.0033 in 2033, suggesting a slight deterioration in outage duration performance. However, the
SAIFI values show more significant variation, rising from 0.37254 outages per year in 2024 to
3.97464 in 2033, indicating an increasing trend in interruption frequency. The CAIDI values
demonstrate a substantial increase from 3.85008 hours per interruption in 2024 to 11.55205 in
2033, suggesting longer average restoration times in future years.

The Okesha feeder predictions (Table 3) show similar trends in SAIDI progression, but with more
pronounced SAIFI variations, increasing from 0.51586 to 5.12467 outages per year over the forecast
period. The CAIDI values show a moderate increase from 3.79074 to 7.25754 hours per
interruption, indicating a gradual decline in restoration efficiency.

Table 3: GRU Based Okesha Feeder Reliability Forecast

SAIDI 0.0032 0.0032 0.0032 0.0033 0.0033 0.0033 0.0033 0.0033 0.0033 0.0033
SAIF 0.5159 1.3398 3.3984 6.1991 4.8585 6.9313 6.9469 5.8924 57993 51247
CAIDI 3.7907 3.6567 3.3329 3.3567 46015 4.5489 3.1655 6.5636 7.1066 7.2575
ASAI 0.9515 0.9447 0.9521 0.9236 0.9518 0.9560 0.9474 0.9647 09776 0.9600
ASUI 0.0570 0.0454 0.0303 0.0508 0.0405 04338 0.0388 0.0339 0.0302 0.0322

Gl 0.0032 0.0035 0.0040 0.0042 0.0040 0.0041 0.0048 0.0049 0.0051 0.0053

The Ajilosun feeder forecasts (Table 4) demonstrate the most volatile SAIFI predictions, ranging
from 1.20714 in 2024 to 4.37681 in 2033, with significant fluctuations in intermediate years. The
ASAl values maintain relatively stable performance, ranging between 0.93043 and 0.97603,
indicating consistent overall availability despite increasing interruption frequencies.
Table 4: GRU Based Ajilosun Feeder Reliability Forecast
Metric | 2024 2005 | 2006 2027 2028 2029 2030 | 2031 | 2032 | 2033

SAIDI 0.0032 0.0032 0.0033 0.0033 0.0033 0.0033 0.0033 0.0033 0.0033 0.0033
SAIF] 1.2071 1.8979 3.0658 3.4800 4.2187 6.5927 5.2873 73233 49950 | 43768
CAIDI 4.0032 3.8830 2.7543 3.9688 4.6444 4.7155 8.1890 53528 6.4008 7.5812
ASAI 0.9509 0.9304 0.9561 0.9569 0.9683 0.9683 0.9634 0.9760 0.9741 0.9583
ASUI 0.0559 0.0535 0.0403 0.0313 0.0367 0.0423 0.0356 0.0341 0.0347 0.0306

Gl 0.0033 0.0037 0.0042 0.0045 0.0041 0.0042 0.0050 0.0046 0.0053 0.0057

The Basiri feeder predictions (Table 5) show the most significant deterioration in CAIDI, increasing
from 3.31106 to 10.24352 hours per interruption, suggesting potential challenges in future
restoration capabilities. However, the ASAI values remain relatively stable, ranging from 0.94354
to 0.97035, indicating maintained overall system availability.

Table 5: GRU Based Basiri Feeder Reliability Forecast

2027 2028 2029 2030 2031

SAIDI 0.0032 | 0.0033 0.0033 0.0033 0.0033 0.0033 0.0033 0.0033 0.0033 0.0033
SAIFI 0.5645 1.2326 2.7381 3.2781 4.5950 6.9991 6.4169 54816 3.9790 4.0468
CAIDI 33111 3.2647 24668 25276 5.0666 3.1021 54767 5.6692 9.7296 10.2435
ASAI 0.9564 | 0.9601 0.9630 0.9566 0.9435 0.9648 0.9704 0.9621 0.9560 0.9472
ASUI 0.0411 0.0338 0.0400 0.0456 0.0377 0.0427 0.0347 0.0282 0.0267 0.0273

Gl 0.0031 0.0034 0.0037 0.0043 0.0040 0.0045 0.0049 0.0047 0.0054 0.0056
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The Agric feeder forecasts (Table 6) demonstrate more moderate increases in reliability indices
compared to other feeders. The SAIFI values show a controlled increase from 0.40132 to 3.63809
outages per year, whilst CAIDI values rise from 3.50607 to 9.13355 hours per interruption
Table 6: GRU Based Agric Feeder Reliability Forecast
Metric \ 2024 2025 2026 2027 2028 2032 2033
SAIDI 0.00322 | 0.00567 | 000327 | 0.00325 0.00330 0.00329 | 0.00331 0.00328 0.00332 | 0.00331
SAIFI 0.40132 1.76739 3.63361 3.8779% 421527 4.57944 549992 6.33184 4.29706 3.63809
CAIDI 3.50607 3.71437 2.97737 3.16020 5.26473 6.47891 5.44890 6.47214 7.16425 9.13355
ASAI 0.95437 | 094627 | 096032 | 0.96800 | 0.97586 0.96781 0.96777 | 0.96840 093284 | 0.933%
ASUI 0.04382 0.04943 0.04193 0.03370 | 0.03148 0.03141 0.02482 | 0.03266 0.03139 | 0.03342
(Sl 0.0033 0.0036 0.0038 0.0044 0.0042 0.0045 0.0049 0.0046 0.0052 0.0054

## GRU Based Feeder Outage Prediction (2024 to 2033)
The Gated Recurrent Unit (GRU) model's performance in predicting feeder outages was evaluated
using both confusion matrix analysis and future predictions spanning from 2024 to 2033. Figure 5
presents the confusion matrix, which provides insights into the model's classification accuracy
across different outage scenarios. The matrix reveals the model's capability to correctly identify
and classify outage events

Confusion Matrix

Actual

-0

Predicted

Figure 5: GRU Qutage Prediction Confusion Matrix

The temporal forecasting results, as shown in Table 10, demonstrate the projected number of
power outage across five key feeders in Ado Ekiti: Agric, Adebayo, Okesha, Ajilosun, and Basiri.
The predictions indicate a general upward trend in outage frequencies across all feeders, though
with varying rates of increase. In 2024, the baseline year, the model predicted between 491 and
555 outages across the feeders, with Basiri showing the highest frequency (555) and Okesha the
lowest (491).

A notable observation from the predictive analysis is the non-linear growth pattern in outage
frequencies. The most substantial increases are projected to occur between 2024 and 2028, after
which the growth rate appears to stabilise. For instance, the Agric feeder shows an increase from
520 outages in 2024 to 686 outages in 2028, representing a 31.9% increase over this period.
However, from 2028 to 2033, the increase is more modest, rising only from 686 to 713 outages, a
mere 3.9% increase.
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Table 7: GRU Predicted Outages for 2024 - 2033

Basiri
2024 520 509 491 547 555
2025 608 568 507 650 611
2026 633 594 533 677 641
2027 667 619 541 718 662
2028 686 633 546 740 674
2029 698 641 551 753 682
2030 705 647 553 761 686
2031 709 650 554 766 689
2032 712 652 554 769 690
2033 713 653 555 771 691

Ajilosun feeder consistently shows the highest predicted outage frequencies throughout the
forecast period, reaching 771 outages by 2033. In contrast, Okesha feeder maintains the lowest
predicted outages, with 555 occurrences projected for 2033. This significant disparity between
feeders suggests varying levels of infrastructure resilience and potential maintenance
requirements across different geographical sections of the distribution network.

The prediction pattern exhibits an asymptotic behaviour towards the latter years of the forecast
period (2031-2033), suggesting a potential saturation point in outage frequencies. This could be
attributed to the model's underlying assumptions about infrastructure aging, maintenance
practices, and load growth patterns. The relatively small variations in predicted outages during
these years might indicate a genuine expectation of system stability after implementing various
improvement measures.

These findings provide valuable insights for distribution network operators and asset managers,
particularly in planning maintenance schedules and resource allocation. The clear temporal and
spatial variations in outage predictions can inform targeted interventions and investment
decisions, especially in areas served by feeders showing higher vulnerability to outages.

4. CONCLUSION

This research provided a comprehensive assessment and optimisation framework for the Ado-Ekiti
distribution network, through advanced modelling techniques, including Monte Carlo simulations
and Gated Recurrent Unit (GRU)-based forecasting, the study identified critical deficiencies in
reliability indices such as SAIDI, SAIFI, and CAIDI. The integration of hybrid energy solutions,
combining solar PV systems with synchronous diesel generators, proved effective in mitigating
reliability issues, reducing power outages, improving customer satisfaction, and minimising carbon
emissions. The Whale optimisation framework further demonstrated the feasibility of balancing
economic efficiency with reliability improvements and sustainability goals.

Significantly, the research highlighted that the observed improvements in customer satisfaction
were not solely attributable to reduced outage durations and frequencies. A detailed analysis
revealed that power quality plays a pivotal role in shaping customer perceptions. The polynomial
regression analysis confirmed that maintaining stable voltage levels, by mitigating disturbances
such as voltage sags, fluctuations, and swells, is crucial for enhancing the Customer Satisfaction
Index (CSI). With over 80% of the variability in CSI explained by these power quality parameters,
it is evident that robust power quality management is integral to achieving high levels of customer
satisfaction.

These predictions provide valuable insights for network planning and asset management,
highlighting the need for targeted interventions to maintain and improve reliability performance
across the Ado-Ekiti distribution network over the coming decade.

The implemented framework successfully achieved near-zero downtime in the Ado-Ekiti network
through solar overgeneration and storage sizing optimised for worst-case deficits. By aligning
outage predictions with dynamic energy management, the approach reduced annual outage hours
by 93% while improving customer satisfaction indices beyond conventional reliability metrics.
Future work should explore wind energy integration and alternative storage technologies to
further enhance the system’s resilience against prolonged low-irradiance periods. Future studies
can be investigated using transformer model to predict the feeder outages.
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