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Abstract—Echo State Network (ESN) is a new type of Recurrent 
Neural Network (RNN) proposed in recent years. The training 
process of ESN is easier and requires less computational effort 
than regular RNN which has the same size. Due to its high 
modeling capability of complex dynamic system, ESN has been 
used in various power system applications such as power system 
nonlinear load modeling and true harmonic current detection, 
wide area monitoring, intelligent control of an Active Power Filter 
(APF), overhead conductor thermal dynamics identification, 
wind speed or water inflow forecasting, etc. This paper introduces 
the basic concept and the offline and online training algorithms of 
the ESN in detail and reviews the state of the art of ESN 
applications in power systems.  

I. INTRODUCTION

Artificial Neural Networks (ANNs) are well known as 
effective universal function approximators. Different types of 
ANNs have been proposed in the past few decades and broadly 
used in nonlinear system modeling, intelligent  neural control 
systems. The Multi-Layer Perceptron Network (MLP) and 
Radius Basis Function Network (RBF) have relatively simpler 
structures and training algorithms. However, their approximation 
abilities are limited due to their feedforward structure, especially 
for the modeling of complex dynamic systems. Recurrent neural 
networks (RNNs) have advantages over feedforward neural 
networks in terms of modeling dynamic systems with their 
dynamic memory and time embedding capabilities; however, the 
application of RNNs has been limited due to their high 
computational requirement during training. Recently, the Echo 
State Network (ESN) [1] has been introduced as a novel 
approach for designing RNNs. Since it was developed from 
RNNs, it has the modeling capability of a recurrent network but 
requires simpler training process. ESN has been successfully 
applied for simple function approximation, system identification 
and direct adaptive control.  

This paper introduces the basic concept and the training 
algorithms of ESNs, and reviews their applications in power 
systems.  In section II, the basic concept of ESNs and their online 
and offline training algorithms are introduced.  The various 
applications of ESNs in power systems, in both modeling and 
control, are then reviewed in Section III.   

II. ECHO STATE NETWORK

Echo state network is a special type of recurrent neural 
networks.  In order to maintain the high modeling capability of 
ordinary recurrent neural networks, a large (e.g. 100 hidden 
neurons) RNN is used as a “Dynamic Reservoir (DR)” in the 
hidden layer of the ESN, which can be excited by suitably 
presented input and/or feedback of output. The architecture of the 

ESN is shown in Fig. 1 [1]. Due to the complex structure of the 
DR, the ESNs have high capability for modeling complex 
dynamic systems.   However, in order to limit the required 
computational effort during training, a novel type of both online 
and offline training algorithms has been proposed, which are 
summarized in the following sections.   

Fig. 1.  ESN architecture. 

A. Offline Training Algorithm of  the ESN 
The steps of the offline training algorithm for the ESN [1] 

are summarized below: 
1) Generate a recurrent neural network following certain 

rules to ensure its “echo state property” 
Three weight matrices should be generated.  They are the 

input weight matrix Win, internal weight matrix W and the 
output feedback matrix Wback. Once Win, W and Wback have 
been generated, they will not change during the entire 
training process. 

  The echo state property is related to the algebraic 
properties of the weight matrix W; however, there is no 
known necessary and sufficient algebraic condition which 
allows one to decide whether the network has the echo state 
property, given Win, W and Wback.  However, there are 
certain conditions which increase the possibility of the RNN 
having the echo state property.  Usually W is generated by 
following the principles described below: 

• Generate a sparse matrix 0W  and make sure the 
mean value of all the weights in it is about zero. 

• Normalize 0W to a matrix 1W with unit spectral 
radius as: 

                      0
1

max| |
WW
λ

= ,                                       (1) 

where maxλ  is the spectral radius of 0W .
• Scale 1W  to W , as 
                      1W Wα= ,                                                 (2) 
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utilities and customers. A neural network-based harmonic 
current prediction scheme was previously proposed by the 
authors to estimate the true harmonic current attributed to 
the nonlinearity of the load, instead of the distorted power 
supply. ESN is used for the detection of true harmonic 
contributions from nonlinear loads [3]. 

The neural network-based harmonic detection scheme is 
shown in Fig. 2.  
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Fig.2. Neural network-based harmonic detection scheme.  

The distorted power supply voltage vabc and the resultant 
distorted line current iabc are measured to identify nonlinear 
characteristic of the load. The identification neural network 
(ESN1) is trained to learn the nonlinear characteristics. The 
estimation neural network (ESN2), which is an exact replica 
of ESN1 with trained and fixed weights, is used to predict 
the true current harmonics. 
The identification neural network (ESN1) is trained with the 
distorted voltage vabc as input and the distorted load current 
iabc as output. After training, a mathematically generated 
sine wave is supplied to the estimation neural network 
ESN2, to predict the load current harmonics when the load 
is supplied by a clean sinusoidal voltage source. Ideally, 
ESN1 can learn the exact nonlinear characteristics of the 
load, and therefore the distortion present in the output of 

ESN2, âbc distortedi −  can be considered as the exact current 
harmonics attributed to the nonlinearity of the load.  
    After training, the weights of ESN1 is fixed and tested. 
The testing result of the ESN is shown in Fig. 3. The output 
of ESN matches the actual current waveforms of the 
nonlinear load very well, which means the ESN has “leant” 
the nonlinear characteristics of the load.  
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Fig.3. ESN training results in load modeling application 

    A comparison of the MLP, RNN and ESN for this application 
is also carried out in [3] and the results show that the ESN has a 
stronger learning ability since fewer training data is needed by 
the ESN. Moreover, the ESN has a simpler training process and 
less computational effort since only the output weight needs to be 
updated. 

Offline training algorithm is used for this application. The 
training data (voltage and current) is first measured from the 
nonlinear load and stored. Then the offline training is carried out 
using the saved data. 

B. Wide Area Monitoring using ESN 
With deregulation and growth of the power industry, 

many power system elements such as generators, 
transmission lines, are driven to operate near their maximum 
capacity, especially those serving heavy load centers. Wide 
Area Controllers (WACs) using wide area or global signals 
can provide remote auxiliary control signals to local 
controllers such as automatic voltage regulators, power 
system stabilizers, etc. to damp out system oscillations. 
However, since the power system is highly nonlinear with 
fast changing dynamics, it is a challenging problem to 
design an online system monitor/estimator, which can 
provide dynamic intra-area and inter-area information such 
speed deviations of generators to an adaptive WAC 
continuously.  

An ESN is used for the online design of a Wide Area 
Monitor (WAM) for a multimachine power system in [2]. A 
single ESN is used to predict the speed deviations of four 
generators in two different areas. The performance of this 
ESN WAM is evaluated for small and large disturbances on 
the power system.  

The structure of the multimachine power system with a 
WAM is shown in Fig. 4. The two-area system consists of 
two fully symmetrical areas linked together by two 
transmission lines. Each area is equipped with two identical 
synchronous generators rated 20 kV/900 MVA. All the 
generators are equipped with identical speed governors and 
turbines. The loads are represented as constant impedances 
and split between the areas in such a way that Area 1 is 
transferring about 413 MW to Area 2.  

Fig.4. Two-area power system with a WAM predicting the speed 
deviations of generators G1, G2, G3 and G4. 
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