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Abstract: 

Load forecasting is important for power system energy management system.  Load fo recasting helps the electric utility to make 

unit commitment decisions, reduce spinning reserve capacity and helps device maintenance plan properly to work. It plays an 

important key role in reducing the generation of cos t, it is also essential fo r the reliability of power systems .The operators uses 

the load forecasting result on the basis of off-line network analysis to determine if the system might be caused vulnerable changes. 

If so, correct ive measures should be prepared for the betterment, such as load shedding, power purchases and bringing peaking 

units on line and great everything on time. Since in power systems the power generation for next day must be scheduled .short -

term load forecasting (STLF) is a necessary daily task for power consumption. Its accuracy affects the economically  for the 

operation and reliability of the system greatly. Under predict ion of STLF it leads to the insufficient reserve capacity preparation 

for future use and increases the operation cost by using expensive peaking units. On  the other hand, over prediction of STLF leads 

to the unnecessarily large reserve capacity, which is also related to high operating cost. With the recent development of 

technology a new mathematical, data mining and artificial intelligence, it is possible to improve the forecasting result which we 

are getting. With the recent trend of irregulat ion of electricity markets, STLF has gained more importance and greater challenges  

in the work. In the market load forecasting is the basis of electrical energy trade and spot price establishment for the system to 

gain the minimum electricity purchasing cost. In the operation, forecasting a  uses more erro r in purchasing electricity cost or 

breaking-contract penalty cost to keep the electricity supply and consumption balance. There is a modificat ion of STLF due to the 

implementation of the electricity .Example; volatility of spot markets causes the consumer’s active response to the electricity 

price. Th is should be considered the forecasting method and model in the market environment.  

 

Index Terms: Load forecasting, artificial neural network, back propagation 

 

I. INTRODUCTION 

 

Load forecasting plays an important role as a central and 

integral process in the planning  and operation of electric 

utilit ies. If the load forecasting is accurate, there will be a great 

potential savings in the control operations and decision 

making, such as dispatch, unit commitment, fuel allocation, 

power system security assessment, and off-line analysis. Errors  

in forecasting the electric load demand will increase operating 

costs. Bunn and Farmer pointed out that in the UK, a 1% 

increase in forecasting error implied a 10 million increase in  

operating costs. If the predicted electric load is higher than the 

actual demand, the operating cost will increase significantly, 

and it wastes scarce resources. On the other hand, if the 

predicted electric load is less than the actual demand, it can 

cause brownouts and blackouts, which can be costly, especially  

to large industrial customers. In addition, reliab le load  

forecasting can reduce energy consumption and decrease 

environmental pollution. In general, based on the time horizon,  

electric load forecasting can be organized into  three categories: 

short term, midterm and long term. In this work, we will focus 

on short term load forecasting (STLF). STLF refers to the 

prediction of loads for time leads from one hour up to one 

week ahead explained that STLF is an important  tool in day to 

day operation and planning activities of the utility system, such 

as energy transactions, unit commitment, security analysis, 

economic d ispatch, fuel scheduling and  unit maintenance. 

STLF is a very complex process, because there are many 

factors that influence it, such as economic conditions, time, 

day, season, weather and random effects. Electric load demand 

itself is a function of weather variables, human social activities 

and ties. Hipert exp lain that short term load forecasting 

becomes complicated because the load at a given hour depends 

not only on the load of the previous hour but also the load at 

the same hour on previous days, and the load at the same hour 

on the day with the same denomination in the previous week. 

In addition, the predictor needs to model the relation  between 

the load and other variables, such as weather, holiday 

activities, etc. 

 

II. LOAD FORECAS TING 

 

Load forecasting is a technique used by power or energy-

providing companies to predict the power/energy needed to 

meet the demand and supply equilibrium. The accuracy 

of forecasting is of great significance for the operational and 

managerial loading of a utility company According to the 

forecasting period and purposes, load  forecasting method can 

be classified :- 

 long-term load forecasting  

 medium-term load forecasting  

 short-term load forecasting  

 

Generally power consumption can be predicted by adopting 

this different time-scale Forecasts methods. The long-term load 

forecasting period is generally from 10 to 15 years or even 

longer. The prediction done is targeted is usually the load 

capacity or the annual electricity consumption done by the 

power plant. The purpose of prediction is to provide the base 

data for the power grid  that help determine and p lan the grid  

operation mode and annual maintenance plans of power in 

plant. The factor that affects long-term load fo recasting are 

national economic development, population, industrial 
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restructuring and national tariff policy.  The medium-term load 

forecast method  period is generally from  5 or 6 years. The 

prediction target usually is the load capacity or the monthly 

electricity consumption in the power p lant . The forecasted 

data generally indicates cyclical growth and each month of one 

year consists with the similar growth pattern. The predict ion 

purpose is to arrange monthly maintenance plan, operation 

mode, reservoir operation plans and coal transportation plans. 

The main factors affecting medium-term load forecasting come 

from production planning from large users, weather conditions, 

industrial restructuring situations and national tariff policy and 

so on. Currently, the mature prediction methods are trend 

extrapolation based on the historical data of the same month 

and the time series predict ion methods based on the yearly 

data. The short-term load forecast period is generally 24 or 48 

hours or even one week. The prediction target usually is the 

load capacity of a region or the daily and weekly electricity 

consumption data. The forecasting data generally indicates 

daily or monthly periodicity and the same date type of one year 

that follows the similar periodic pattern. The prediction 

purpose is to do the arrangement for day forecast for power 

generation projects as also suspending. The main factors 

affecting short-term load forecasting are week type, weather 

conditions and national tariff policy and so on. Currently, the 

mature prediction methods are the trend extrapolation based on 

the historical data of the same day and the artificial neural 

network based on the daily data. 

 

III. NEURAL NETWORK 

 

 

 

 

Figure.1. Block Diagram of a Human Nervous System 

 

The human nervous system is down into three stages as shown 

in the block diagram .Where the receptors collect informat ion 

from the environment and act as an input to the brain. The 

effectors generate interactions with the environment e.g. 

activate muscles act as an output to the brain .The flow of 

informat ion/activation is represented by arrows as we can see 

with the help of arrows information flow.  Neural network 

appear to be a recent development in trend. However, this field  

was established before the computers, and has survived. Many 

important advanced techniques have been boosted by the use 

of computer emulations. Following an init ial period of 

enthusiasm, the field survived a period. During this period 

when funding and professional support was minimal, important 

advances were made by relatively few researchers and had 

achieved what they desired .The first artificial neuron was 

produced in 1943 by the neurophysiologist Warren McCulloch 

and the logician Walter Pits. But the technology available at  

that time d id not allow them to do too much.  

 

IV. BACK PROPAGATION ALGORITHM 

 

Artificial neural network architecture for load forecasting is 

back propagation algorithm. This network uses only 

continuously valued functions and supervised learning data 

.which is under supervised learning, the actual numerical 

weights are assigned to element inputs are determined by 

matching historical data such as time to desired outputs such as   

the historical loads in a pre-operational “training session” 

which is to be performed. Artificial neural networks with 

unsupervised learning do not require pre-operational training 

in there process. Back-propagation is a common method of 

training art ificial neural networks which is used in conjunction 

to optimize method such as gradient descent. The method 

calculates the gradient of a loss function with respect to all the 

weights in the network. The gradient is fed to the optimized  

method which uses it to update the weights, in an attempt to 

minimize the loss function. Back-propagation requires a 

known, desired output for each input value is to be calcu lated 

the loss function gradient. Therefore it is usually considered to 

be a supervised learning method it is also used in some of the 

unsupervised networks such as auto-encoders. It is a 

generalized as the delta rule to mult i-layered feed forward  

networks, made possible by using the chain rule method to 

iteratively compute gradients for each layer. Back propagation 

requires that the activation function used by the artificial 

neurons  tube different. The goal and motivation to achieve the 

development of the back-propagation algorithm is to find a 

way to train a multi-layered neural network such that it can 

learn the appropriate internal representations to allow it to 

learn any arbitrary mapping of input to output data which is to 

be performed. 

 

V. METHODOLOGY 

 

 Test data input  

 Neural network formation  

 Train neural network  

 Next iteration of artificial neural network  

 Error calculat ion 

 Error comparison  

 Output of neural network 

 Load prediction of desired period  

 Calculation of absolute error  

 

The flow chart shows procedure used in build ing up the project 

step by step. Here in this project first we have Import list of 

holidays. A list of days that span the historical date range is 

imported from an Excel spreadsheet. Then accordingly we 

have used Generate Predictor Matrix. The function gen-

Predictors generate the predictor variables used as inputs for 

the model. For short-term forecasting these include Previous 

day's average load. Load from the same hour the previous day 

Load from the same hour and same day from the previous 

week. Generate predictor creates matrix for predictors for load 

forecasting model where input in data set (historical data 

weather and load information) and output is predictor data 

where row correspondence to load column correspondence to 

variables. After using generate matrix we have Split the dataset 

STIMULUS 

 

   EFFECTORS 

 

     RECEPTORS 

 

       NEURAL 

     NETWORK 

BRAIN 

RESPONSE 

https://en.wikipedia.org/wiki/Mathematical_optimization
https://en.wikipedia.org/wiki/Gradient_descent
https://en.wikipedia.org/wiki/Loss_function
https://en.wikipedia.org/wiki/Supervised_learning
https://en.wikipedia.org/wiki/Unsupervised_learning
https://en.wikipedia.org/wiki/Autoencoder
https://en.wikipedia.org/wiki/Delta_rule
https://en.wikipedia.org/wiki/Feedforward_neural_network
https://en.wikipedia.org/wiki/Feedforward_neural_network
https://en.wikipedia.org/wiki/Chain_rule
https://en.wikipedia.org/wiki/Activation_function
https://en.wikipedia.org/wiki/Artificial_neuron
https://en.wikipedia.org/wiki/Artificial_neuron


International Journal of Engineering Science  and Computing, November 2016       3497                                                               http://ijesc.org/ 

to create a Training and Test set .The dataset is divided into 

two sets, a training set which includes data. The training set is 

used for building the model (estimating its parameters). The 

test set is used only for forecasting to test the performance of 

the model on out-of-sample data. Then after splitting the data 

set in training set and test set we had Build up the Load 

Forecasting Model in which  The next few cells builds a 

Neural Network regression model fo r day-ahead where load 

forecasting given the training data. This model is then used on 

the test data to validate its accuracy. After building up the load 

forecasting model we had initialize and Train Network which  

Initialize a default network of two layers with 20 neurons. Use 

the "mean absolute error" (MAE) performance metric. Then, 

train the network with the default Levenburg-Marquardt 

algorithm. For efficiency a pre-trained network is loaded 

unless a retrain is specifically enforced. After in itializing the 

network we had Forecasted using Neural Network Model 

.Once the model is built, perform a forecast on the independent 

test set. Then we had Compare Forecast Load and Actual Load 

Create a plot to compare the actual load and the predicted load 

as well as compute the forecast error. In addition to the 

visualizat ion, quantify the performance of the forecaster using 

metrics such as mean absolute error (MAE), mean absolute 

percent error (MAPE) and daily peak fo recast error. After 

doing comparison Forecast Load and Actual Load Examine 

Distribution of Errors in addition to reporting scalar error 

metrics such as MAE and MAPE.Then we had Group Analysis 

of Errors so as To get further insight into the performance of 

the forecaster, we can visualize the percent forecast errors by 

hour of day, day of week and month of the yearLater we had 

Generate Weekly Charts Create a comparison of forecast and 

actual load for every week in the test set. Then we had done 

cross validation which is Cross-validation, sometimes 

called rotation estimation is a model validation technique for 

assessing how the results of a statistical analysis will 

generalize to an independent data set. It is mainly used in 

settings where the goal is prediction, and one wants to estimate 

how accurately a predict ive model will perform in practice. In  

a prediction problem, a model is usually given a dataset 

of known data on which training is run (training dataset), and a 

dataset of unknown data (or first seen data) against which the 

model is tested (testing dataset).The goal of cross validation is 

to define a dataset to test the model in the train ing phase (i.e., 

the validation dataset), in order to limit problems like over 

fitting, g ive an insight on how the model will generalize to an 

independent dataset (i.e an unknown dataset, for instance from 

a real problem).The neural network used here is newfit which  

is also back propagation network in which we are having 

hidden layer and in which we had 20 hidden layers.  

VI. RES ULT 

The results obtained from testing the trained neural network on 

new data for 24 hours of a day over a one-week period are 

presented below in graphical form. Each graph shows a plot of 

both the predicted and actual load in MW values against the 

hour of the day. The absolute mean error AME (%) between  

the predicted and actual loads for each day has been calculated 

and presented in the table. Overall, the above error values 

translate to an absolute mean error of 2.74% for the network. 

This represents a high degree of accuracy in the ability of 

neural networks to forecast electric load.  

 

 
Figure.2. Shows the subplot of actual data and predicted data 
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The above graph shows the actual data and predicted data for 

complete duration from the year 2008 to 2010 under the 

analysis and there is the very less difference between both of 

the actual data and predicted data and we can see

 

 

Figure.3. shows the mean of difference between actual data and predicted data 

 The above graph shows the mean difference between the 

actual data and predicted data value, in this graph data is 

evaluated and shows the error statistics where we can see the 

error which is breakdown of forecast load  

 

 
Figure.4. Shows the percentage error between the actual data and predicted data  

The above graph shows the percentage error between the actual 

data and predicted data value of a particular day as we can see 

its from Sunday to Saturday, here the breakdown error is seen, 

the bar also shows the sum of difference between the values.
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Figure.5. shows the residual di fference between actual data and predicted data 

 

This graph shows the mean absolute percentage error between 

actual data and predicted data for a week this prediction of 

load after application of neural network and its residual 

difference between actual and predicted values the mean 

absolute percentage error which is 2.74%  

 

VII. CONCLUS ION 

 

Here we had concluded that the main problems occurred 

during solving proposed problem was with small input set and 

long time interval. To improve and make more reliable 

prediction is important except noted ideas also consulting with 

experts at operating control. By using this short-term load 

forecasting, the data about customers’ electricity usage habit 

can be provided so that customers can make more efficient and 

economic use of electricity together with power market pricing 

signals from smart grid. This thesis is sequentially arranged, 

commencing with the general introduction of STLF, literature 

review, some basic requirements of a convenient STLF system, 

a detailed introduction of the selected technique (ANNs), data 

collection, and processing, development of models, and finally  

obtained application results 
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