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Abstract— Very short-term load forecasting forecasts the 

loads 1 h into the future in 5-min steps in a moving window 

fashion based on real-time data collected. Operative 

forecasting is significant in area generation control and 

resource communication. It is still difficult in view of the 

noisy data collection process and complex load features. In 

this paper wavelet neural networks with data pre-filtering, 

Hybrid wavelet neural network (HWNN) and support vector 

regression (SVR) methods are used to solve the load 

forecasting problem. The key idea is to use a spike filtering 

technique to detect spikes in load data and correct them. 

Wavelet decay is then used to decompose the filtered loads 

into multiple components at different frequencies, discrete 

neural networks are applied to detention the features of 

individual components, and outcomes of neural networks are 

then united to form the final forecasts. Testing results over 

MATLAB R2014a demonstrate the effects of data pre-

filtering, the correctness of wavelet neural networks, the 

effectiveness of hybrid wavelet filters for taking different 

features of load components, and the accuracy of resulting 

prediction intermission approximations, based on a data set 

from ISO New England. The Hybrid Wavelet Neural 

Network based solution of STLF is proposed that provides a 

better outline for building a more accurate solution To 

perform moving forecasts, 12 dedicated wavelet neural 

networks are used based on test results. Numerical testing 

establishes the effects accuracy of wavelet neural networks 

based on a data set from ISO New England.  
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I. INTRODUCTION 

Electrical Load Estimating is the design for future load by an 

industry or utility company. Load forecasting is extremely 

important for the electric industry in the relaxed economy. A 

large variety of mathematical methods have been established 

for load predicting. It has many presentations including 

energy purchasing and generation, load switching, agreement 

evaluation, and structure development. Now a day, 

development in every sector is a heading at a very fast pace 

and in the same outline, the request for power is also growing. 

While speaking about electrical power, it is significant to 

understand that it has three main areas i.e. generation, 

transmission and distribution. Electrical power produced by 

any source is then transferred through transmission lines at 

different voltage level and then distributed to different 

categories of customer future on. It is not as simple as defined 

in few words but every stage is a complete independent 

system in itself.  Very  short-term load forecasting (VSTLF) 

predicts the loads one or several hours into the future in steps 

of a few minutes (e.g., 5 min) in a moving window method 

based on online data collected every few seconds (e.g., 4 s). 

Exact load forecasting has usually been important since it is 

critical for automatic generation control and supply dispatch, 

and it also certifies income capability for the independent 

system operator (ISO) multi-settlement marketplaces. Actual 

VSTLF, still, is tough in view of the noisy data collection 

process with possible malfunctioning of data assembly 

devices and difficult load features. Methods for very short-

term load forecasting are limited. Present methods of resolve, 

extrapolation, time series, Kalman filtering, fuzzy logic, and 

neural networks (NN). Among these methods, neural 

networks have been commonly used. An ordinary NN was 

used for VSTLF. To improve data stationary, contributions to 

an NN were changed by using logarithmic variances in [3] 

and by using relative increments in [4]. A single neural 

network still may not be capable to accurately capture 

complex load features because the load data have multiple 

frequency mechanisms, and each may have its exclusive 

design. Furthermore, spikes are randomly distributed over 

time and have different amounts and thicknesses. They affect 

neural network training, and result in degraded predictions. A 

natural way to filter the spike is to associate the measured and 

predicted loads, and if the absolute value of the difference is 

superior to a threshold, a spike is said to be spotted. The spike 

was then replaced by the interpolated value or the predicted 

value. This way, however, may not be effective. To reduce 

the effects of spikes, further analysis and filtering are needed.  

II. REQUIREMENTS OF LOAD FORECASTING                                              

In most of Energy Management Systems (EMS) and load 

dispatch centers there is an STLF   module. A good STLF 

system should fulfill the following requirements:  

 Accuracy  

 Speed  

 Detection of bad data  

 User friendly  

 Automatic forecasting  

A. Accuracy: 

The important requirement of STLF method is its forecast 

accuracy. A good accuracy is the basis of economic dispatch, 

system reliability and trading in electricity markets. The main 

goal of most STLF of this paper is to make the forecasting 

result as accurate as possible. 

B. Speed: 

Occupation of the newest historical data and weather estimate 

data helps to increase the accuracy. The historical data and 

weather forecast data are active by the STLF database to 

reduce the running time of computers and to obtain the 

forecasted result at the earliest. Therefore the speed of 

forecasting is a basic requirement of the forecasting program. 
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C. Detection Of Bad Data: 

In the recent power systems, the measurement devices are 

placed over the system and the measured data are transferred 

to the control center by communication lines. Due to the 

sporadic failure of measurement or statement, sometimes the 

load data that reach in the dispatch center may be wrong, but 

they are still recorded in the historical record. In the initial 

days, the STLF systems relied on the power system operators 

to identify and get rid of bad data manually. 

D. User Friendly: 

The interface of the load forecasting should be easy, 

convenient and practical. The users can simply express what 

they want to forecast and whether finished graphics or tables. 

The productivity should also be with the graphical and 

mathematical format, in order that the users can access it 

easily and record for later use. 

E. Automatic Forecasting: 

To reduce the risk of individual imprecise forecasting, several 

models are frequently included in one STLF system. In the 

historical, such a system always needs the operator’s 

interference wherein the operator agrees on weight for each 

model to get the combinative outcome. To be more 

convenient, the system should generate the final estimating 

result according to the estimating performance of the 

historical days. 

III. DATA PRE-FILTERING 

For ISO New England, load files are composed from data 

assembling devices every 4 s and then aggregated into 5-min 

loads. Since of possible faulty of collecting devices spikes 

occur within load data. These spikes do not reproduce true 

loads and, as a result, disturb NN training and reduce 

predictions. Potential spikes are observed having varying 

magnitudes and a width at either 4-s or 5-min resolves and 

they are randomly scattered over time. A spike is said to be 

spotted if the complete value of the variance between the 

original load and this smoothed load exceeds a threshold. 

Spikes are defined as "micro spikes" and "macro spikes" built 

on their thicknesses. A micro spike is defined if its width is 

smaller than a threshold 'WI (in terms of number of 

determination parts of either 4 s or 5 min), whereas a macro 

spike is defined if its width is intermediate two edges 'W1 and 

W2. These edges are determined based on training, 

validation, and test data file. It is tough to discriminate the 

spikes with widths larger than W2 from steady load changes. 

However, this condition usually needs human interference, 

and will not be considered [1-2]. 

A. Micro Spike Filtering: 

The key idea for sifting the micro spike is the custom of a 

zero phase filter to find the smoothed load. If the total value 

of the variance between the original load and this smoothed 

load exceeds a threshold, a spike is said to be spotted. Then, 

the spike is substituted by the smoothed load. This method is 

first applied to the loads at the 4-s time resolution and then at 

the 5-min time resolution. This filter is realized by a unit 

impulse response symmetric with admiration to the time zero 

axis. When taking Fourier transform, the resulting function 

should have the phase identically equal to zero. Such a filter 

is called a zero phase filter [2]. The result from the zero phase 

filter has precisely zero phase distortion and magnitude 

modified. Let the input sequence at time t + N be denoted as 

X = {x(t + 1), ... , x(t + N)}, where N is the length of the latest 

load inputs to be processed in real-time. Sequence Y = {y (t 

+ w), …..., y( t + N)} is sequentially produced by the filter 

with the width 'W in the following time-forward operation of 

the zero phase filter: 

𝑦(𝑡 + 𝑛) = ∑
𝑥(𝑡 + 𝑖)

𝑤

𝑛

𝑖=𝑛−𝑤+1

, 𝑛

= 𝑤, … , 𝑁                                         (1) 

B. Macro Spike Filtering: 

The important knowledge for filtering out macro spikes is to 

detect a pair of edges, and fix the loads between the two edges 

with direct exclamation values. This method is only useful to 

the loads at the 5-min resolution because macro spikes at the 

4-s determination may become micro spikes after addition. 

To detect edges, the first-order differencing transformation is 

applied to the load series at the 5-min resolution. The edge is 

said to be detected when the absolute value of the alteration 

tops the threshold m. A macro spike is then said to be 

recognized when two sequential edges are located, and the 

thickness of the two edges is less than an edge W2 and equal 

to or greater than the threshold Wl [2]. The spike whose 

thickness is less than Wl is a micro spike, and should have 

been detached in micro spike filtering. 

IV. WAVELET NEURAL NETWORKS 

To perform exact forecasts after pre-filtering, load properties 

are analyzed. Data analysis shows that the load data have 

changed components: a very fast varying component from 

five to 15-min resolutions, a fast changing component from 

15-min to 1-h resolutions, and a slow changing component 

with hourly, weekly, and monthly patterns. The WNN 

method is developed to detention the difficult load properties. 

To accurately capture load features at multiple frequencies, a 

wavelet method is used to decompose the loads into several 

occurrence components. Due to the use of convolution in the 

wavelet transform, added data need to be amplified at the end 

side of the load segment in real-time. Relationships among 

the filling limits are discussed and resulting. Different filling 

plans are then tested, and the best one is determined via the 

test file set. Each load module is properly transformed and 

then fed with other time and date keys to a separate neural 

network. Forecasts from individual neural networks are 

combined to form the forecasts [2-4]. Lastly, 12 committed 

wavelet neural networks are used to perform moving 

forecasts. 

V. HYBRID WAVELET NEURAL NETWORK (HWNN) 

The Hybrid wavelet neural network (HWNN) contains three 

layers: input layer, hidden layer and output layer. All the 

nodes in each layer are connected to the data of load 

forecasting in the next layer. The output layer consists of 

three objects because of trying to classify three different beat 

types. Logarithmic sigmoid function was chosen as activation 

purpose of the output layer. If the number of output nodes is 

resolute as one, activation function of output layer should be 

as ―linear. Allowing to general back-propagation algorithm, 

the training algorithm for a WNN is below:  
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1) Set all the weights and preferences to small real random 

values  

2) Present the input vector and corresponding desired 

output, one couple at a time, where is the number of 

exercise patterns. 

3) Use to calculate actual outputs of only one output node 

in forward computation of the WNN [3]. 

VI. PROBLEM STATEMENT  

This unit is focuses on electric load estimating problem in 

electric supply networks. The considered prediction problem 

is complete next. 

Problem 1: For fixed forecast horizon ℎ > 0, predict 

the electric load at time 𝑘+ℎ based on the following 

information: 

1) Load observations 𝑦 up to time 𝑘; 

2) Active distribution signal 𝑎𝑑 up to time 𝑘 + ℎ; 

3) Temperature observations 𝑢 up to time 𝑘, and predicted 

temperature ˆ𝑢 from time 𝑘 + 1 to 𝑘 + ℎ. 

Problem 1 could be in opinion attempted by 

spreading the techniques mentioned in method Section, 

simply considering AD (active distribution) as an additional 

input. The important method box plot approach, a 

mathematical relationship of the following type is valued 

Using a group record of data: 𝑦 (𝑘 + ℎ) = ((𝑘)) + (𝑘), (1) where 

(𝑘) is a vector of fixed measurement (called regression 

vector) covering (a subsection of) the information obtainable 

at time 𝑘, and (𝑘) is the error procedure. Regarding the choice 

of the plotting (⋅), it may range from simple linear structures 

to nonlinear ones (neural systems, kernel approaches and 

support vector machines, etc.). The choice is typically made 

by considering the mapping that makes the error (𝑘) ―small‖ 

not only on estimation data, but also on validation data not 

used for estimation [3-7]. The ―predictor‖ is then given by: 

(𝑘 + ℎ∣𝑘) = 𝑓(𝑧(𝑘)) (2) 

The approach proposed in this paper to resolve 

Difficult 1 can be called grey-box, then it attempts to feat the 

characteristics of the variable to be forecasted (the load) and 

other existing knowledge in order to improve the prediction 

accuracy, but also to reduce the computational load of the 

estimation procedure, as is typically predictable in model 

estimation when prior knowledge is used. 

VII. PROPOSED IMPLEMENTATION 

Hybridization has been broken in a change of customs and 

solutions have been proposed in the recent years for different 

requests connecting developing field of intelligent 

arrangements using hybrid-symbolic, support vector, and 

hybrid neural network models [5-8]. The STLF solution has 

not been exception to this. The synergy of ANN with the 

intelligent techniques as well as other straight methods such 

as time series and regression techniques etc. have been tried 

by several investigators to show its potential for a better 

solution of STLF. 

A. Hybrid Wavelet Neural Network: 

The wavelet method allows decaying an original signal into 

several components in multiple scales. In wavelets, a low 

pass and a high pass filter are functional, removing the low 

(estimates) and high (details) frequencies of the signal for the 

level of decay chosen, whose sum is equal to the original 

series; and which becomes smoother as the level increases. 

The hybrid discrete wavelet transform artificial 

neural network for time series analysis and forecasting 

decomposes the original time series signal into smoother 

components and then the most suitable ANN prediction 

model for each component is applied individually.  

 The low frequency components contain the general 

behavior of the series and are used to describe the long 

term trend, while the high frequency components are best 

to describe the near future trends. Time series of monthly 

municipal water consumption may have a pattern of 

variation that can be divided into long-memory 

constituents and short run constituents [3].  

 Long-memory constituents reflect the year to year 

influence of slow changes in population, water price, and 

family income; and seasonality which shows the cyclic 

arrangement of variation in water use in a year. Short-

term constituents could be autocorrelated which 

indicates linear reliance of successive water 

consumption and climate correlation, indicating the 

effect on water consumption of unusual climatic 

happenings such as no rain or a lot of rain.  

 In this developed research model, the 1D discrete 

wavelet transforms are applied, using the Daubechies 

function of order 1 to 5 with a resolution level of 1 to 5 

for each order. The water consumption data series was 

originally decomposed on its estimation and other 

details. The constituents (estimation and details) are then 

modeled using the conventional MLP neural network as 

distinct time series and then the projected results 

achieved for each constituent were summed to obtain the 

final results. 

VIII. RESULTS 

In figure 1 we had taken input energy data for load 

forecasting to test the efficiency of dataset. In figure 2 

showing of red scale before compression of data forecasting. 

Figure 3 showing that Load forecasting predicted by locally 

weighted support vector regression (LWSVR). 

 
Fig. 1: Input load energy data 
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Fig. 2: Compressed data in red scale before forecasting 

 
Fig. 3: compressed cluster data in Load forecasting 

predicted by LWSVR with respect to residuals 

 
Fig. 4: Compressed data after hybrid wavelet transform at 

3000 values 

 
Fig. 5: Error rate minimization w.r.t to hour 

 
Fig. 6: Percent error statistics for breakdown weekdays 

 
Fig. 7: After Compressed data in red scale forecasting 
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Fig. 8: Compressed data using singular value based wavelet 

transform 

 
Fig. 9: Box plots for forecasting errors for 0 to 12 minute 

outs 

IX. CONCLUSION 

The model used in this research for daily and monthly public 

for Electric demand forecasting is a hybrid Wavelet-ANN 

that syndicates the distinct wavelet transform (DWT) method 

through the multilayer perceptron hybrid artificial neural 

network with SVM classification. The results obtained in this 

work are highly promising representative the effectiveness of 

the Wavelet-ANN model in estimating daily and monthly 

public electric demand. It is quite clear from the results of the 

established hybrid Wavelet-ANN time series model that the 

model provides accurate daily and monthly forecasts as 

unrushed using a authentication period of 5, 10 and 15 for 

daily data and 7 days weekly for monthly data. Testing shows 

precise calculations with small normal deviations for VSTLF 

based on the data set from ISO New England. 
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