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ABSTRACT

Electricity load forecasting is essential for ensuring steady power supply and planning. In
Nigeria, electricity distribution companies face persistent challenges of transformer
overloading, poor voltage regulation, and frequent power interruptions, largely due to
inadequate demand prediction. This research applies deep learning models to forecast
short-term electricity load demand using six months of historical data obtained from an
electricity distribution company. Five deep learning models viz: Bi Gated Recurrent Unit (Bi-
GRU), hybrid of Convolutional Neural Network and Gated Recurrent Unit (CNN-GRU),
Temporal Convolutional Network (TCN), Long-Short Term Memory (LSTM), and Gated
Recurrent Unit (GRU) were trained and evaluated using Mean Absolute Error (MAE), Root
Mean Square Error, and coefficient of determination (R?) metrics. Among them, the GRU
model achieved the best performance with an average MAE of 0.0292, RMSE of 0.0514,
and R2 of 0.5237. The trained model was used to forecast the next 24 hours loads, each
feeder was mapped with their corresponding transformers of various stations, using the
ratings of each to estimate transformer loading percentages based on the Nigerian
Electricity Regulatory Commission (NERC) standard power factor of at least 0.85. Results
revealed, among other transformers Gumel the TR1 was overloaded from 6 AM of
26/02/2024 to 4 AM of 27/02/2024, it has a rating of 7.5MVA, the predicted load at 6 AM was
5.7875MW which gives 90.79 overloaded, indicating potential overload risks if corrective
measures are not taken. The study demonstrates the effectiveness of GRU-based
forecasting in predicting short-term load demand and provides an insight to improve
transformer efficiency and highlight potential overload for better distribution and system
management.

Keywords: Deep Learning, Electricity Load Forecasting, GRU, Power Distribution,
Transformer Loading.

1. INTRODUCTION

Electricity load forecasting is very important in power sector and has been used for over a
century. It involves using mathematical methods to predict how much electricity will be
needed in the future. While older statistical methods like autoregressive models have been
used for this purpose, they often fail to capture the complex and non-linear nature of
electricity demand, which can be influenced by things like weather, population, and the
economy [1].

In recent years, Artificial Intelligence (Al), especially deep learning, has improved the
accuracy of these forecasts. Models such as Long Short-Term Memory (LSTM) and Gated
Recurrent Unit (GRU) have shown great results in short-term electricity load demand
forecasting [2].

In Nigeria, electricity is very important for development, but the country still struggles with an
unstable power supply due to limited generation capacity. Despite efforts by the government,
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many areas still rely on generators and small solar systems. This gap between supply and
demand shows the importance of accurate load forecasting [3].

One of the major problems faced by electricity distribution companies is overload [4], which
can cause low voltage, damage to equipment, and frequent blackouts. This often happens
because electricity demand is not properly predicted before it occurs, and only a few studies
in Nigeria combine load forecasting with practical transformer overload assessment.

This research used deep learning models to forecast short-term electricity load demand
using real historical load data from an Electricity Distribution Company. The main
contribution of the study has gone beyond just forecasting, it utilizes transformer loading
percentage calculations to detect potential transformer overload. This will help identify which
transformers may become overloaded a day before allowing electricity distribution
companies to plan and respond early.

11 LITERATURE REVIEW

Overloading of power transformers remains one of the causes of transformer ageing and
failure in power distribution systems. [5] investigated the online monitoring of overload
capacity in large transformers by measuring real-time ambient and loading conditions in
compliance with International Electrotechnical Commission, IEC 60354 standards [6], which
provides recommendations of oil immersed power transformers, focusing on operating
temperatures and their impact on insulation’s thermal ageing. Their monitoring system
successfully identified that a continuous overload of about 1.3 times the rated load was
possible when ambient temperature fell below 20°C. However, the approach was limited to
thermal estimation, it could indicate existing overload but not predict it before occurrence.
Similarly, [7] developed an overload and heavy-load management platform for main
transformers in Guizhou’s grid. Although it enabled load risk assessment, the system can
only react based predefined limit, lacking the predictive capability needed to anticipate
overload conditions before they happen.

In a related study, [8] assessed the loading condition of 27 residential transformers in the
Philippines and found that 22.22% were overloaded and 48.15% underloaded. Their
analysis, based purely on Microsoft Excel calculations, lacked time-series modeling for
analysis of future load patterns. [9] examined transformer loadings and failure rates in
Onitsha’s distribution network using ETAP and SPSS software. Their findings showed that
overload accounted for 22.5% of transformer failures. However, the study relied heavily on
static simulations and questionnaire data, rather than real-time measurements or predictive
modeling. [10] applied the Auto-Regressive Integrated Moving Average (ARIMA) model to
forecast 33 kV line loadings at the Ota Substation. The model produced low MAPE values
for some feeders, however, it yielded negative R2 values for others, this shows its weakness
in handling nonlinear electricity consumption behavior.

These studies highlight the limitations of conventional approaches, while valuable for
historical analysis, they cannot capture the nonlinear characteristics of electricity loads. Also,
they do not integrate forecasting with overload assessment, that means operators only react
to overload after it happens instead of preventing it.

Deep learning methods have emerged as powerful tools for capturing temporal
dependencies and nonlinear patterns in energy consumption. [2] demonstrated the
effectiveness of Long Short-Term Memory (LSTM) networks in short-term load forecasting,
achieving a Mean Absolute Percentage Error (MAPE) of 1.65%. Despite this, the model’s
performance deteriorated when applied to noisy datasets, which are common in practical
distribution systems.[11] enhanced LSTM performance by combining it with the XGBoost
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algorithm, resulting in improved accuracy. However, the hybrid model required
computational resources, which limit it being feasible for real-time application.

To address LSTM's challenges, Gated Recurrent Unit (GRU) networks have been explored
as an alternative. [12] introduced an attention-based GRU that achieved high accuracy
under unstable weather conditions but required extensive hyper-parameter tuning which
was prone to overfitting with small datasets. [1] compared GRU and LSTM for short-term
demand prediction and found GRU to be faster and more accurate in short horizons, but
unable to capture long-term seasonal trends due to its simpler structure.

In contrast, tree-based ensemble models such as XGBoost have proven effective in
structured data forecasting. [13] optimized XGBoost for short-term load forecasting,
achieving a MAPE of 2.61%, while [14] demonstrated its superior performance in capturing
sudden load spikes. But, XGBoost lacks sequential learning capability, making it unsuitable
for modeling temporal dependencies which is important for day ahead energy forecasting.

Hybrid models have also been used to combine the strengths of multiple algorithms. [15]
developed a Bidirectional LSTM-XGBoost hybrid that accurately predicted peak loads in
community energy systems but required heavy computation, which makes the system less
flexible. [16] proposed a Gene Expression Programming—Adaptive Neuro-Fuzzy Inference
System (GEP-ANFIS) framework that achieved low RMSE values (0.0007) but became high
computational due to exponential growth in fuzzy rules as inputs increased. [17] designed
an Artificial Neural Network (ANN) model that achieved a MAPE of 4.34% and correlation of
0.911; however, the model was unstable and sensitive to minor data variations. Similarly,
[18] compared two Support Vector Regression (SVR) hybrid approaches for renewable
energy forecasting in Nigeria and reported R2 values above 0.99. While accurate, SVR
models require kernel function selection and is less accurate when handling missing data.
[19] used LSTM for long-term electricity demand forecasting, reporting MAPE values as low
as 0.01% for training and 10.54% for testing. However, their model relied on monthly
average data, which smooths out short-term fluctuations that are crucial for identifying daily
overload conditions at transformer level.

While these deep learning and hybrid approaches have improved forecasting accuracy, they
remain largely detached from practical electrical system applications such as overload
prevention. Most existing models either focus on prediction accuracy without connecting
results to operational parameters or are too computationally heavy for real-time deployment.

2. MATERIALS AND METHOD

This study used historical electricity load data obtained from an Electricity Distribution
Company. The dataset covered a six-month period from September 2023 to February 2024
and included station names, feeders, transformer ratings, and hourly load data in megawatts
(MW).

Before the analysis, the data was preprocessed to ensure quality. Non-numeric entries such
as out of supply (O/S) in the load columns were removed, missing values were filled using
linear interpolation, and timestamps were standardized into uniform hourly intervals. The
data was then normalized using the Min—Max scaling technique which is described in
equation (1) to improve training and convergence of the models by rescaling all features to a
similar range between 0 and 1.

Xscatea = X — Xmin)/ Xmax — Xmin ) 1)

where Xcqieq 1S the normalized load value, X, and X,,;, are the maximum and minimum
load values for each feeder respectively, and X is the original load value.
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The prepared dataset was divided into three parts: 85% for training, 7.5% for validation, and
7.5% for testing. Five deep learning models were used and evaluated for forecasting viz:
Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), Bidirectional GRU (BI-
GRU), Convolutional Neural Network—GR U hybrid (CNN-GRU), and Temporal Convolutional
Network (TCN). Each model used data from the previous 168 hours (equivalent to seven
days) to predict the next 24-hour electricity load using the test data, that is because the
model does not take the 6 months data at once because the models like LSTM and GRU
struggle to learn on very long sequence and can only remember a certain number of past
steps.

All implementations were carried out in Python using TensorFlow and Keras libraries for
deep learning. Other libraries such as Pandas and NumPy were used for data
preprocessing, and Matplotlib for data visualization. Model optimization was achieved using
a grid search approach which gave the best combination of 64 hidden units, 0.1 dropout
rate, batch size of 32 and epoch depending on the set early dropping.

To evaluate the models, three standard forecasting metrics were applied: Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE), and the coefficient of determination (R2) as
shown in equation 2,3 and 4 respectively. The model with the best accuracy was used for
final forecasting. The best model was then used to generate 24-hour-ahead electricity load
predictions for each feeder using the trained model.

T 2)
MAE = NZIxi - x|
i=1
N ©)
1 NY
RMSE = NZ(xl- - X))
i=1
Xitq(xi — £)° (4)

R%2=1- —
ZIiV=1(xi —%)?

where N is the total number of run-up data that have been seen, x; and (x,) are the i-th
actual and forecasted load values, respectively, and X is the mean actual value.

Finally, the predicted load values were used to compute transformer loading percentages
given in equation using electrical relationship between apparent power (S), active power (P)
and power factor (PF) as expressed in equation 6 and 7 below respectively.
Transformer overload can be understood using the basic power laws of electricity. The
apparent power S handled by a transformer is given by:

S=VxI (5)
where V is the voltage and I is the current. This apparent power which is the vector
magnitude of active and reactive power consists of two components: Real (active) power P,
which performs useful work and Reactive power @Q, which sustains the magnetic fields in
inductive loads.
The relationship is expressed as:

S=P+jQ, |S|=+P?+Q? (6)
The efficiency of this power transfer is determined by the power factor, which is the ratio of
true power used in an AC circuit to apparent power delivered to the circuit, expressed in
equation 7 below:
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P
pf =5 = cos¢

()

where ¢ is the phase angle between voltage and current. Overload creates condition that
increase reactive power demand which lowers power factor and results in higher current in
the system, which leads to increase in copper losses of the transformer because copper
loss and power factor are inversely related as shown in equation (11), which causes higher
operating temperature and reduced efficienciency which if not contained will result to

transformer failure

P, =R
From equation (7) the apparent power can be ngpressed as:
§= P
of
So also, from equation (5) the current I, can be expressed as:
P
"evor
Using Equation (8) above, the copper loss can be expressed as;
p - PR
cu — V2 ° pfz
The transformer loading is expressed in equation (12) below;
. Predicted Load(MVA)
Loading% = x 100

Rated Capacity (MVA)

(8)

(9)

(10)

(11)

(12)

The analysis identifies transformers operating under normal, overloaded, or underloaded
conditions, providing guidance in detecting potential overload before it happens hence

preventing transformer failure due to overload.
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Figure 3:A flow chart showing the methodology of this research
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3. RESULTS AND DISCUSSION

The validation data was used during training after each epoch to compute validation loss,
validation accuracy, checks overfitting and guide early stopping. A graph of validation loss is
as shown in figure 2 below. While the test data was used to evaluate the performance of the
models, figure 3 shows the performance using out-of-sample forecast of Nakowa Feeder
under Textile TR1 Transformer.
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Figure 4: Validation loss curve, proving that the model is learning when the graph is
descending.
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Figure 3: the performance of the 5 deep learning Models using out-of-sample forecast.
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Among all tested models CNN-GRU achieves mean absolute error (MAE) of 0.3494, root
mean square error (RMSE) of 1.0883 and coefficient of determination (R?) of 0.5330
respectively, BI-GRU achieves 0.3509, 1.1075 and 0.5308 respectively, LSTM achieves
0.3472, 1.1109 respectively and TCN achieves 0.4447, 1.1287 and 0.3370 respectively, the
GRU model demonstrated the best performance, achieving the lowest mean absolute error
(MAE) of 0.0292, root mean square error (RMSE) of 0.0514, and the highest coefficient of
determination (R?) of 0.5237 as shown in Table 1 below. The GRU model was used to
forecast the next 24 hours of electricity load for each feeder using the trained model as
shown in figure 4 below.

Table 2: Best Model based on Error Metrics

Model Ag_MAE (MW) AVg_RMSE (MW) ANg_R
BI-GRU 0.350963 1.107577 0.530833
CNN-GRU 0.349489 1.088338 0.533062
GRU 0.029229 0.051353 0.523748
LSTM 0.347288 1.110968 0.546889
TCN 0.444709 1.128714 0.337031
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Figure 4: The next 24-hour forecast

The predicted 24-hour load values were then used to calculate transformer loading
percentages for each station using a power factor of 0.85 which is the NERC standard of at
least 0.85 power factor. The power factor (PF) plays a crucial role for the efficiency of the
transformer. Among the station Transformers is Textile TR1 which is a 15MVA transformer
that supply electricity to the following feeders: Nakowa, Mairuwa, Funtua Textile Mill and
Funtua Water Works.

To evaluate the condition of each transformer, the loading percentage was computed, each
station transformer was assessed hourly for 24 hours, taking Textile TR1 as an example, the
predicted values of all the feeder were summed, the value obtained which is in MW was
converted to MVA using equation (7) above, and hence using equation (12) above to
compute the loading percentage of that transformer. The total result shows 43 normal
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conditions, 23 overloaded conditions while 1494 instances were underloaded as shown in
Figure 5 below:
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Figure 5: Transformer status distribution at different instances

The results demonstrated that the GRU model provided the most reliable short-term
forecasting performance among all tested architectures. The transformer loading analysis
revealed that most transformers operated under safe loading conditions, while Gumel TR1
transformer was overloaded from 6 AM of 26/02/2024 to 4 AM of 27/02/2024. Figure 6
below, shows how power factor affects the transformer performance which reduces as a
result of transformer overload. Five power factors were used to compute the transformer
loading percentage viz; 0.5, 0.67, 0.78, 0.8 and finally 0.85 which is the standard, the result
shows that, A higher power factor reduces the chance of transformer overloading.
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Figure 6: Effect of power factor on transformer loading percentage across the predicted load.

The findings align with those of [5] and [8], who emphasized that transformer overloads
often stem from load mismanagement rather than capacity limits. Unlike earlier threshold-
based systems [7], this approach allows operators to anticipate overloads before they occur.
The integration of forecasting with electrical analysis represents a practical step beyond
previous deep learning studies [2], [12], [14], which primarily focused on prediction accuracy
without linking results to operational decisions.

4. CONCLUSION

This research demonstrated the use of deep learning for short-term load forecasting and
overload risk assessment across 11 kV feeders. The study provides a framework for
improving the distribution network and planning transformer maintenance in advance.
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Future studies could extend this work by incorporating additional factors such as weather.
Moreover, expanding the forecasting horizon to cover seasonal variations may further
strengthen policy-level planning for energy distribution in Nigeria.
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