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1 INTRODUCTION 

Improvement of the efficiency of systems of emergency and secure control of electrical power 

systems (EPS) is largely dependent on the wide-scale monitoring and forecasting the parameters of the 

expected operation regime of the EPS, especially it depends on the frequency of the electrical network 

and the active power flows. 

The powerful instrument to study dynamic characteristics  of EPSs in real time for different 

system states. It is a system of operating condition monitoring that enhances control efficiency of 

normal and emergency conditions in the current market environment. 

Qualitative forecasting of frequency is an important optimization parameter of system-wide 

management of the United National Power Grid of Russia. Such forecast can prevent a sharp abrupt 

change of control inputs at random nature of the frequency change caused by various malfunctions or 

failures of technical means of control systems, inaccuracy of input data, etc. Forecast of active power 

flows provides an estimation of supply ties expected operation condition capacities to preserve the 

stability of the weak coupling of internal and external sections of EPS by issuing an appropriate 

control actions on regulating stations and units. 

In  according with [2, 3]time sequence of individual stages of monitoring, forecasting and 

control of operating conditions is shown in Fig.1 

In essence this combination of stages represents a comprehensive system providing stability, 

reliability and controllability of modern power systems. At the same time from the viewpoint of 

efficiency of this system it is essential to increase the adaptability of control and improve coordination 

of the control stages, means and systems. 

2 ANALISYS OF DINAMIC OF CHANGE IN EPS PARAMETERS OPERATING 

CONDITIONS 

Implementation of market principles in planning and control of operating conditions, expansion 

of the area of coordinating operation control of EPSs in terms of time (from design of control systems 

to their realization by dispatching and automatic devices) and situation (coordination of dispatching, 

continuous automatic and discrete emergency control) all cause fast dynamics of change in EPS 

operating conditions 

Load power in EPS varies constantly. The deviation of system load variation from the planned 

one lead to frequency deviations from rated one. Analysis of dynamic of change active power flows 

and frequency in Irkutsk power system (fig. 2) were performed by S.S. Smirnov [4].  
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Fig. 1: Time diagram of events in the system for monitoring, forecasting and control in EPS. 
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Fig. 2: Scheme of electric power system 

 

Figure 3 illustrates power change of one of two transmission lines (TLs) 500 kV, that is 

regulated by the power flow control system.    
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Fig. 3: Change in exchange power of one TL 500 kV 

 

Power deviations from the average value for one transmission line (TL) are  200 MW at the 

limiting transmitted power 750 MW. It is noted, that power deviations linked not only with change of 

load power, but with restriction on the regulate power of units electric stations.  

To estimate the dynamics of frequency variation the frequency measurements were carried out 

in Irkutsk EPS during 4 days. The frequency deviations are shown in Fig.4. Most of the deviations lie 

within the limits ± 20 mHz. 
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Fig. 4: Frequency deviation with «1 minute » averagibg period 

3 INTELLIGENT HYBRID MODEL FOR SHORT-TERM FORECASTING OF THE 

EXPECTED OPERATIONG CONDITIONS EPS 

In order to forecast the parameters EPS there are widely used probabilistic models, neural 

network modeling techniques, genetic algorithms, etc. 

The conventional approaches for the short-term forecasting of nonstationary processes in 

complex power systems using the methodology of artificial neural networks are presented in [5], [6]. 

In many practical cases the application of different ANNs can provide the satisfactory forecast. But 

data preprocessing and analysis can significantly improve the forecast.  In this paper we employ 

Hilbert-Huang Transform (HHT) [7] as one of the most promising tool in the area. Here we 

concentrate on HHT more in details since this transform is in the core of the proposed approach to 

short-term forecasting of nonstationary processes. 

Hilbert-Huang transform consists of two parts:  

 empirical mode decomposition (EMD); 

 Hilbert transform (HT) 
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3.1 Empirical mode decomposition 

According to EMD, the signal x(t) is supposed to be decomposed into basis of special functions, 

called intrinsic mode functions (IMF) by special empirical algorithm. An IMF is defined as a signal 

that satisfies the following two criteria: 

 extreme numbers and zero-crossings on the entire interval are supposed to congruent; 

 the median value of envelopes which are defined by local maxima and minima are supposed to 

be zeros for intrinsic mode functions at any point. 

Let us demonstrate the decomposition on certain nonstrationary signal. The signal and its 

decomposition are shown in Fig. 5. 

Algorithm of such decomposition can 

be presented in the following steps: 

Step 1. Let r0(t) = x(t), j = 1. 

Step 2. Search for j-th IMF using the 

sifting procedure: 

a) Let i = 1 and hi−1(t) = rj−1(t); 

b) Find local minima and local maxima 

for hi−1(t). Form an lower 

emin,i−1(t) and upper envelope 

emax,i−1(t) by corresponding 

interpolation the local minima and 

maxima; 

c) Compute the middle value mi−1(t) = 

(emin,i−1(t) + emax,i−1(t)) /2 and 

find hi(t) = hi−1(t) − mi−1(t) such as 

emin,i−1(t) ≤ hi(t) ≤ emax,i−1(t), for 

all t. Let i = i + 1; 

d) Repeat steps а) - с) until hi(t) 

satisfies a set of predetermined 

stopping criteria (following from 

properties of IMF). Let cj(t)= hi(t). 

Step 3. Compute residue rj(t) = rj−1(t) − cj(t). Than let j = j +1 and repeat step 2 until the 

number of extrema in residue rj(t) is less than 2. Thus, at the end of decomposition process, the 

original signal can be presented as follows: 
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where q < p < n, ci(t) are the high frequency noise components, cj(t) are the components representing 

the physical properties of the series and ck(t), rn(t) are trends, non-sinusoidal components.  

3.2 Hilbert transform 

Application of HT for each IMF provides us with the values of instantaneous frequency and 

instantaneous amplitude for each time moment t. 

For the given real signal x(t) we write its complex representation as follows 

                                                                     z(t) = x(t) + ixH(t),                                                    (2) 

where ixH(t) is the Hilbert transform of x(t), given by 
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In formula (3) PV  stands for the Cauchy principal value of the integral. We can rewrite (2) in 

an exponential form 
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(4) 

 

 
Fig. 5. Input signal x(t) (top).Set of IMF’s x(t) (bottom). 
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Then instantaneous angular frequency, which is the time derivative of the instantaneous angle 

(6), can be writing as follows: 
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3.3 Intelligent hybrid model 

Construction of intelligent hybrid model create on base two-stage adaptive approach. In the first 

stage the time series interval is decomposed into empirical mode functions to which the Hilbert 

transform is applied to compute the instant amplitude and frequency in every time sample. At the 

second stage, the modal functions and the instantaneous amplitude are used to automatically find 

optimal combinations of input variables for the subsequent application of standard algorithms for 

ANN forecasting for construction of intelligent hybrid model. 

The technology of search for optimal combinations of input variables employs the nonlinear 

optimization algorithms (method of simulated annealing (SA) and neural-genetic input selection, 

NGIS which provide the procedure of selection of the best predictive model for each sample. 

It is to be noted that the SA algorithm can select a neural network model for which the input 

parameters (modal functions and / or amplitudes) will be the most significant. 

4 EXPERIMENTAL CALCULATIONS 

The proposed intelligent hybrid model was employed to make short-term forecasts of active 

power flow on TL500 kV and the frequency of buses on the 220 kV large power node. 

For this purpose the studied time series was decomposed into IMFs by the Huang method, and 

the Hilbert transform was employed to obtain the amplitudes, A. The latter along with IMFs were used 

as input values of the selected neural network model. The calculations are based on the intelligent 

software “ANAPRO”, which presented in detail in [5], [8]. 

4.1 Forecast of active power flow for a lead time interval of 1 minute 

The array of the learning sample included 5760 (4 days) minute measurements of active power 

flows. To make a short-term forecast of the parameter the SA procedure was used to create an MLP-

type neural network (intelligent hybrid model ). Its input layer contained nine IMFs and the values of 

amplitude .6,1, iAi   

As a result of learning the NGIS algorithm excluded 4,1, iAi  from the input layer. 

In order to evaluate the accuracy of parameters EPS different metrics were employed: 

 MAPE metric; 
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 Mean absolute error (MAE metric): 
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 Root mean squared error (RMSE metric): 
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where At is actual value of parameter at t, Ft forecasted value of parameter at t and n is number of 

measurements. 
The calculation results illustrated in Fig. 6 and presented in Table I show that intelligent hybrid 

model provides the best forecast accuracy. 

Table 1: Comparison of the active power flow forecasts results with anticipation 1 minute for different models 
 

Period Error ANN type of MLP 
HHT-ANN 

Hybrid Model 

20:00 – 21:00 

MAPE (%) 10.1 5.2 

MAE 6.2 1.8 

RMSE 33.1 3.1 

21:00 – 22:00 

MAPE (%) 9.1 4.3 

MAE 6.7 1.6 

RMSE 34.1 1.7 
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Fig. 6: Forecast of active power flow for a lead time interval of 1 minute. 

4.2 Forecast of frequency for a lead time interval of 2 minute 

The array of the learning sample included 360 (6 hour) minute measurements of active power 

flows. To make a short-term forecast of the parameter the SA procedure was used to create an general 

regression neural network, GRMM (intelligent hybrid model ). Its input layer contained nine IMFs and 

the values of amplitude .6,1, iAi   

As a result of learning the NGIS algorithm excluded A1 and A3 from the input layer. 

Result of the frequncy forecasting is presented in Table 2 and Fig. 7. 
 

Table 2: Result of the frequncy forecasts results with anticipation 2 minute for intelligent hybrid model 

 

Parameter 

Mean error for interval of 30 minute 

MAPE, % MAE RMSE 

Frequncy 0,011 0,0057 0,0069 
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Fig. 7: Forecast of frequncy for a lead time interval of 2 minute. 

 

5 CONCLUSION 

The problem of short-term forecasting of expected operating conditions of EPS. In order to 

increase the accuracy of prediction we propose the hybrid model based on joint application of ANN 

and HHT. The computational experiments have demonstrated the significant improvement in forecast 

accuracy. In particular, in comparison with traditional neural network forecasting the improved 

forecast not less than 4% for different intervals of the predictions of the profile of EPS. 

In an future work we intend to provide the comprehansive studies of the instantaneous 

amplitudes of individual IMF’s influence on accuracy of the forecasting. 
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