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Abstract— In this paper, Recurrent Neural 
Network (RNN)-based injection substation load 
prediction and forecasting is presented. Mathematical 
representation of the model is presented and the two key 
parameters used as the input for the model prediction 
and forecasting are the feeder and historical injection 
station load behavior .  The long short term memory 
networks (LSTM). Architectures is used in the RNN 
model. The algorithm of the RNN Based on LSTM 
Architecture is also presented.   An historical hourly 
feeder load profile from Udo Udoma substation in Akwa 
Ibom State Nigeria is used.  The   model was simulated 
in python 3 development environment using Pycharm. 
The load predictions are done on the scaled data which 
was segmented into 𝟕𝟓% training set and 𝟐𝟓% test set. 
The results show a good learning behavior for the 
training set and the test set as the training loss and the 
validation loss did not exceed 𝟏𝟎 after 𝟓𝟎 epochs. Also, 
the mean squared error for the model predictions 
is𝟐. 𝟎𝟒. Since, only three months hourly data was used 
in the model training and validation, a one month 
forecasting of the feeder load was conducted using the 
developed RNN model. 

Keywords— Recurrent neural network (RNN), 
Injection Substation,  Load Prediction, Feeder Load 
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1. Introduction 

 Over the years, various prediction models have been 
developed to help electrical load planners have insight 
about the future requirements; hence have some level of 
precision and accuracy on their proposals [1,2,3]. 
Nevertheless, there exist some inherent issues which often 
lead to some drifts from the expectations. For instance, the 
short term load forecast models has been developed by 
various researchers who deployed different techniques to 
tackle the prediction issues identified [4,5]. Each of these 
methods has their peculiar strengths and weaknesses with 
respect to parameter sensitivity, precision in prediction, and 
training difficulties [6,7].  
Some researchers have observed that electrical load 
behavior has recursive and periodic pattern which is subject 
to the consumers’ activities [8]. Such behavioral patterns 

exhibited by the consumers’ load possess real world valued 
time series nature. The load characteristic data collection 
mechanism often possess variable dynamics over the period 
of time under investigation. This variance often stems from 
the system inherent properties in-terms of superficial 
intrusion and latency. Consequently, prediction precision 
and accuracy may significantly vary for different dataset 
despite the application of the same prediction or forecasting 
model. 
A close observation on a typical electrical load data shows 
they are random and non-stationary in nature [9]. Their 
non-stationary attribute is further characterized by level 
transformation, outliers on time series analysis. Any data 
point that is located very far from other points within the 
cluster is considered as an outlier, and they typically result 
due to errors. An unsophisticated prediction models find it 
difficult to handle outliers. This is one of the major reasons 
prediction errors are large in load forecasting. Level 
transformation, on the other hand denotes sudden and 
sustained deviation from existing time series data trend. 
This usually results from policy, which may involve 
technology amendment. This research proposes application 
of Long Short Term Memory (LSTM)-based architecture 
on recurrent neural network (RNN) to solve the electrical 
load prediction and forecasting problems [10,11,12,13]. 
2. Methodology 
2.1 System Design Model 
The focus in this work is to present details of Recurrent 
Neural Network (RNN)-based injection station load 
prediction and forecasting. The two key parameters used as 
the input for the model prediction and forecasting are the 
feeder 𝑥  and historical injection station load 
behavior 𝑥 . The interconnection of these input forms 
nodes and each node has certain weight 𝑤  assigned to it 
along with a bias factor 𝑏  in the activation function, 𝑓 . 
The system model is presented in Figure 1.  The 
mathematical representation of the model can be expressed 
as follows: 

𝑦 𝑓 ∑ 𝑤 ⋅ 𝑥 𝑏  (1) 
Where, 𝑥  is the 𝑛  input vector, 𝑤  is the distributed 
weight factor for the 𝑛  input vector, 𝑏  is the 𝑛  bias, 𝑁 
is the total number of inputs to the system.  
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4. CONCLUSION 
Application of Recurrent Neural Network (RNN) in 
predicting and also forecasting of injection substation load 
is presented. The study used the RNN to model the 
injection substation load based on a case study dataset and 
then evaluated the model performance using Mean Squared 
Error (MSE). Furthermore, the RNN model was used to 
forecast the injection load for the given case study 
substation. In all, the model performance shows that the 
RNN is suitable for the modeling and prediction of the 
injection load for the given case study substation. 
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