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Abstract: Load forecasting is an area of data prediction which uses short term memory models in order to 

predict an even shorter term data. Usually the extent of forecasting is not more than 2 to 4 weeks at maximum, 

due to the fact that the amount of load increasing due to an increase in number of household connections is 

exponential. Thereby researchers usually follow models like neural networks, linear classification, naive bayes, 

support vector machines and others to predict the load. In this paper, we evaluate the performance of load 

forecasting using neural network predictor which uses a non-auto regression network or NARNET, and takes 

into consideration the previous values of the current load values to predict the next load values. The 

performance evaluation is done on different network configurations, and the results are observed to conclude 

the best possible configuration for the given load data. 
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I. Introduction 
The prediction of load is a complicated process, in order to perform accurate and precise prediction of 

load; the following steps must be followed, 

 

1.1 Collection of information tests  

Appropriate gathering of the info information is of most extreme significance for any forecast 

framework. For the most part for burden expectation, this information is as time labeled burden esteems, which 

needs further preparing so as to assess the data. For instance, the heap information may contain estimations of 

current and voltages of a specific zone for a given range of time. This information is for the most part in an 

exceptionally crude configuration, and in this manner isn't helpful for what it's worth, yet the exactness with 

which this information is gathered, mirrors the proficiency of the created expectation framework. Different web 

assets are accessible for getting the information for burden.  

 

1.2 Processing of information tests to assemble data  

When the crude information has been gathered it must be changed over into data which can be utilized 

for further handling. For doing this, the scientist needs to apply propelled flag handling techniques on the 

information. For instance, on account of burden investigation, the scientists are expected to pre-process the got 

information, with the goal that any missing qualities are expelled from the information. The prepared 

information is then given to an element extraction unit, which separates the required qualities from the 

information, and produces a gauge of how much level of burden is available in the info esteems. This rate is the 

data which is required by the forecast calculation for preparing and assessment purposes. Division calculations 

like thresholding, saliency maps, fluffy C implies, and so on can be utilized for this reason.  

 

1.3 Representation of the got data  

The got data (level of burden for this situation) must be appropriately spoken to with the goal that the 

last expectation is sensical and precise. Distortion of this information makes vagueness in the preparation 

procedure, which at last outcomes in inappropriate forecasts. For instance, on the off chance that we have to 

foresee the heap of a specific zone for each January month, at that point the data portrayal unit must mastermind 

the got rates of earlier year's January months in consecutive request, so the expectation layer can break down the 

patterns of the January month consistently and produce a rich arrangement of forecasts. Comparable case can be 

depicted for month to month forecast. There are no standard calculations which can play out this errand, this 

must be finished by the specialist's application needs and necessities of framework plan.  
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1.4 Trend investigation of the spoke to information for forecast  

Investigation of patterns from the legitimately spoken to information is finished with the assistance of 

standard calculations like auto relapse neural systems, fluffy derivation frameworks, AI methods and others. Out 

of these methods the neural systems are viewed as the defacto standard for pattern investigation, and are 

commonly utilized by specialists for applications like market expectation, oil forecast and different regions. 

Burden expectation can likewise be performed by neural systems. We will portray this in subtleties in the 

proposed work area of this paper. 

The next section describes various techniques used by researchers for load prediction, followed by the 

proposed technique and later by the result analysis and conclusions. We conclude the paper with some 

observations about our research and suggest some future ways via which load prediction can be improved. 

 
II. Literature review 

Load Forecasting is essentially a heap anticipating framework with a given driving time, which is vital 

for satisfactory booking and activity of intensity frameworks. It has been a fundamental part of Energy 

Management Systems (EMS). For legitimate and productive administration in electrical utilities, load guaging 

has part of significance.  

Comparative Day Look up Approach: Similar day approach depends on seeking recorded information 

of long stretches of one, a few years having the comparable attributes to the day of estimate. The qualities 

incorporate comparative climate conditions, comparable day of the week or date [1].  

Relapse based Approach: Linear relapse is a procedure which looks at the reliant variable to indicated 

free. The autonomous factors are right off the bat considered in light of the fact that changes happen in them 

sadly. In vitality determining, the needy variable is generally request of the power since it relies upon creation 

which then again relies upon the autonomous factors [2] .  

Time Series Analysis: Time arrangement guaging depends on the possibility that solid forecasts can be 

accomplished by demonstrating designs in a period arrangement plot, and afterward extrapolating those 

examples to what's to come. Utilizing authentic information as information, time arrangement investigation fits 

a model as indicated by regularity and pattern. Time arrangement models can be exact in certain circumstances, 

however are particularly unpredictable and require a lot of recorded information [3].  

Neural Networks: NN is a delicate strategy utilized in different streamlining forms. This strategy can 

perform non-direct demonstrating and adjustment. It doesn't require presumption of any practical connection 

among burden and climate factors ahead of time. We can adjust the ANN by presenting it to new information. 

The ANN is additionally presently being explored as an instrument in other power framework issues, for 

example, security appraisal, consonant burden distinguishing proof, alert handling, issue conclusion, and 

topological discernibleness [4].  

Master Systems: A specialist framework is a PC program, which can go about as a specialist. This 

implies this PC program can reason, clarify, and have its learning base extended as new data winds up 

accessible to it. The heap figure demonstrate is fabricated utilizing the information about the heap conjecture 

area from a specialist in the field [5].  

Fuzzy Logic: Fuzzy rationale dependent on the typical Boolean rationale which is utilized for advanced 

circuit structure. In Boolean rationale, the information might be reality esteem as "0" and "1". If there should be 

an occurrence of fluffy rationale, the info is identified with the correlation dependent on characteristics.  

Support Vector Machines: Support Vector Machines (SVM) is the most dominant and late strategies 

for the arrangement of characterization and relapse issues. In help vector machines, direct capacities are utilized 

to make straight choice limits in the new space. On account of neural system, the issue is in the picking of 

engineering and on account of help vector machine, issues happens in picking an appropriate piece [6].  

Pattern Analysis: Trend investigation (drifting) stretches out past development rates of power request 

into the future, utilizing methods that run from hand-attracted straight lines to complex PC delivered bends. 

These expansions comprise the conjecture. Pattern investigation centers around past changes or developments in 

power request and uses them to anticipate future changes in power request. Generally, there isn't much 

clarification of why request goes about as it does, before or later on. Slanting is as often as possible altered by 

educated judgment, wherein utility forecasters adjust their conjectures dependent on their insight into future 

improvements which may make future power request carry on uniquely in contrast to it has in the past [7].  

End Use Analysis: The fundamental thought of end-use investigation is that the interest for power 

relies upon what it is utilized for (the end use). For example, by examining authentic information to discover 

how much power is utilized for individual electrical machines in homes, at that point duplicating that number by 

the anticipated number of apparatuses in each home and increasing again by the anticipated number of homes, a 
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gauge of how much power will be expected to run all family unit machines in a geological zone amid a specific 

year later on can be resolved. Utilizing comparative systems for power utilized in business and industry, and 

after that including the aggregates for private, business, and mechanical divisions, an all out figure of power 

request can be inferred. The upsides of end-use investigation is that it recognizes precisely where power goes, 

what amount is utilized for each reason, and the potential for extra protection for each end-use [8].  

Econometric Analysis: Econometrics utilizes financial matters, science, and measurements to figure 

power request. Econometrics is a blend of pattern investigation and end-use examination, however it doesn't 

make the pattern investigator's supposition that future power request can be anticipated dependent on past 

interest. Also, dissimilar to many end-use models, econometrics can take into account varieties in the connection 

between power information and end-use. Econometric models work best when anticipating at national, local, or 

state levels. For littler geological regions, meeting the model can be an issue [9].  

Various Linear Regressions: Regression is the one of most broadly utilized factual procedures. Since, 

the heap is absolutely reliant on the temperature, dampness, wind speed and day type parameters subsequently 

relapse is utilized to get the connection among burden and these parameters [10].Firstly, utilizing the past 

information the estimations of relapse parameters a, b, c is determined and utilizing these parameters and the 

heap is guage for long haul. 
 

III. Neural Network design for load forecasting 
A neural system is a computational model that is approximately founded on the neuron cell structure of 

the organic sensory system. Given a preparation set of information, the neural system can get familiar with the 

information with a learning calculation; in this examination, the most widely recognized calculation, 

backpropagation, is utilized. Through backpropagation, the neural system frames a mapping among sources of 

info and wanted yields from the preparation set by changing weighted associations inside the system.  

 

 
Figure 1. Neural network model for prediction 

 

To make important estimates, the neural system must be prepared on a proper information 

arrangement. Models as <input, output> sets are separated from the information arrangement, where information 

and yield are vectors equivalent in size to the quantity of system data sources and yields, individually. At that 

point, for each model, back-proliferation preparing comprises of three stages:  

3.1 Present a model's info vector to the system information sources and run the system: process 

actuation works successively forward from the main shrouded layer to the yield layer (referencing Figure 1, 

from layer A to layer C).  

3.2 Compute the distinction between the ideal yield for that model, yield, and the genuine system (yield 

of unit(s) in the yield layer). Engender the mistake consecutively in reverse from the yield layer to the primary 

shrouded layer (referencing Figure 1, from layer C to layer A).  

3.3 For each association, change the weight adjusting that association in extent to the mistake.  

At the point when these three stages have been performed for each model from the information 

arrangement, one age has happened. Preparing ordinarily keeps going a great many ages, perhaps until a 

foreordained most extreme number of (ages limit) is come to or the system yield mistake (blunder limit) falls 
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underneath a satisfactory edge. Preparing can be tedious, contingent upon the system estimate, number of 

models, ages breaking point, and mistake limit. The accompanying condition 1 will help in further 

understanding,  
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Oc is the yield of the current concealed layer unit c, P is either the quantity of units in the past shrouded 

layer or number of system inputs, ic,p is a contribution to unit c from either the past concealed layer unit p or 

system input p, wc,p is the weight changing the association from either unit p to unit c or from information p to 

unit c, and bc is the inclination. 

Every one of the three stages will presently be point by point. In the initial step, an information vector 

is introduced to the system inputs, at that point for each layer beginning with the main concealed layer and for 

every unit in that layer, register the yield of the unit's initiation work (Equation 1). In the long run, the system 

will spread qualities through all units to the system output(s). 

In the second step, for each layer beginning with the yield layer and for every unit in that layer, a 

mistake term is processed. For every unit in the yield layer, the mistake term in Equation 2 is processed. 

 

Equation 2 Error term for an output layer unit. 

))(( ccOutputc ODxh   

Dc is the ideal system yield (from the yield vector) relating to the present yield layer unit, Oc is the real system 

yield comparing to the present yield layer unit, and is the subsidiary of the yield unit straight actuation work, for 

example 1. For every unit in the shrouded layers, the blunder term in Equation 3 is registered.. 

 

Equation 3 Error term for a hidden layer unit. 
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N s the blunder term for a unit in the following layer, and wn,c is the weight changing the association from unit 

c to unit n. The subsidiary of the concealed unit sigmoid actuation work, )(xhHidden
 , is )1( hh OO  . 

In the third step, for every association, Equation 4, which is the adjustment in the weight altering that 

association, is registered and added to the weight. 

 

Equation 4 Change in the weight adjusting the association from unit p or system input p to unit c. 

pcpc Ow  ,  

The weight changing the association from unit p or system input p to unit c is wc,p,  is the learning rate (talked 

about later), and Op is the yield of unit p or the system input p. Subsequently, after stage three, most, if not all 

loads will have an alternate esteem. Changing loads after every precedent is displayed to the system is 

approached line preparing. Another choice, which isn't utilized in this exploration, is group preparing, where 

changes are gathered and connected simply after the system has seen all models.  

The objective of backpropagation preparing is to combine to a close ideal arrangement dependent on the 

complete squared mistake determined in Equation 5. 

 

Equation 5 Total squared error for all units in the output layer. 
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Capitalized C is the quantity of units in the yield layer, Dc is the ideal system yield (from the yield vector) 

relating to the present yield layer unit, and Oc is the real system yield comparing to the present yield layer unit. 

The steady ½ is utilized in the deduction of backpropagation and could conceivably be incorporated into the 

complete squared blunder figuring. Referencing Equation 4, the learning rate controls how rapidly and how 

finely the system combines to a specific arrangement. Qualities for the taking in rate may extend from 0.01 to 

0.3. The performance of the network is described in the next section. 

 

 



Evaluating performance of Neural Networks for load forecasting in IoT 

 

International Conference on Innovations in Engineering, Technology, Science & Management –             5 | Page 

2019 (ICI-ETSM-2019)  

Jhulelal Institute of Technology (JIT) is governed by Samridhi Sarwajanik Charitable Trust (SSCT), Koradi 

Road, Village Lonara, Nagpur-441111. 

IV. Result analysis and conclusion 
 We compared the developed neural network based prediction engine by varying the network 

configurations, and obtained the following outputs, 

 

Table 1. Accuracy v/s Number of neurons 
Training Set 

Size 

Neurons in 

each layer 

Accuracy (%) 

NN 

5 5 90 

10 10 93 

20 20 94 

30 30 95 

50 50 96 

100 70 96.5 

  

From the table, we can analyze that the prediction accuracy of the NN engine with 70 neurons is atleast 

7% better when compared to the accuracy of the lower neurons Neural Network based predictor. This is due to 

the fact that higher the number of neurons, the better processing will be done by the network, thereby improving 

it's accuracy. The following graph shows the prediction accuracy comparison, 

 

 
Figure 2. Prediction accuracy comparison 

 

 Thus, we can conclude that the prediction accuracy of the network with higher number of 

neurons will be better as compared to the network with lower number of neurons. 

 

V. Future work 
Load prediction is a very vast field of research, currently not a lot of work is done in the field of 

artificial intelligence for load prediction, so researchers can look at this field in order to predict load. Moreover, 

integration of block chain based techniques can be done, so that the process can be securely done for 

government organizations. 
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