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Abstract

In order to predict the ice accretion on overhead line conductors, five artificial neural network
(ANN) architectures were explored and compared. Two static networks, Multilayer Percep-
tron and Radial Basis Functions, as well as two time dependent networks, Finite Impulse Re-
sponse and Elman, were compared with multiple linear regression (ADALINE). Results indi-
cated that the FIR network yielded the best prediction and would be a good candidate as a
predictor. The static networks yielded poor results and were ill-adapted for the task.

1. INTRODUCTION

Atmospheric icing of structures is a phenomenon that may have catastrophic technological
and economical consequences on a large number of human activities. A prominent example
of the disruptive effect of atmospheric icing manifests itself in electrical power and distribu-
tion networks. The impact can be temporary paralysis or even complete collapse in very se-
vere cases.

The development of communication technologies and information processing systems al-
lowed to use the real time monitoring icing system, which in turn made possible to increase
our knowledge of atmospheric icing of structures and the development of ice models.

The models for predicting the atmospheric icing of structures can be subdivided into two
categories: i) “physical” models based on a mathematical description of the ice accretion pro-
cess and ii) “empirical” models based on statistical relationships existing between measurable
instrumental variables [1].

The present study fits in the second category and aims at adapting the most adequate neural
network architectures to the prediction of ice accretion on overhead line conductors. It in-
cludes a comparison between neural networks and linear standard statistical techniques, thus
allowing to assess the performance of neural models. In recent years, neural networks have
indeed generated a strong interest for the forecasting of time-series and the modelling of com-
plex non-linear dynamical systems [2]. One can cite the work of McComber et al. [1][3] who
studies the prediction of icing on transmission lines by using a feedforward neural network
with time delays.
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2. ICING DATA

To train the neural networks we used data from the Mt-Belair icing test site, located near
Quebec City. As part of its real-time monitoring system SYGIVRE, Hydro-Québec has
equipped this site with instrumentation. The standard meteorological variables are measured:
ambient temperature, wind velocity and direction, relative humidity and precipitation rate.
Also, an icing rate meter (IRM) monitors the severity of atmospheric icing. Load cells are
installed on insulator strings to measure ice loads (on the 315 kV line). Data are recorded
continuously with a hourly rate.

An experimental database was created using 33 icing events that occurred in the period of
February 98 to April 99 inclusively. This gives a total of about 1250 data points. Since an
icing event is divided into accretion, persistence and ice shedding phases, a second database
was created using only the accretion phase giving about 520 data points. Each database was
further divided into two data sets for the purpose of training and testing the neural models.
The 75/25 rule was used, i.e. 75% of the data for training and 25 % for validation.

The neural networks in this study make use of the following input variables: temperature,
normal wind speed and IRM signals. The load cell signal constitutes the output variable. The
data were pre-processed before feeding to the neural networks. For each icing event, the load
signal was first rectified in order to remove the offset at the start of the event. Then, each
variable data set was range-normalized to unity by an affine transformation.

3. NEURAL NETWORKS

An artificial neural network (ANN) is a distributed information system made of simple inter-
connected processing elements (neurons). ANN are loosely inspired by real biological neural
systems and demonstrate to some extent capabilities of their living counterparts like non-
linearity, learning and adaptation [4]. In the context of prediction task, artificial neural net-
works are known to approximate arbitrary smooth non-linear static input/output functional
relationships given enough processing elements.

Usually, networks are trained by presenting pairs of matching input/output patterns (super-
vised learning). The knowledge acquired by the network is stored in the neuron interconnec-
tion strengths (synaptic weights) by an adaptation process (learning algorithm). A single neu-
ron is a non-linear output of the weighted sum of its inputs. ANN come in a variety of topo-
logical and architectural forms and many learning algorithms have been devised so far.

4. NEURAL ARCHITECTURES
Common to all architectures, the number of input and output neurons was fixed to three and

one respectively.

4.1 Static architectures
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4.1.1 Multilayer perceptron (MLP)

The multilayer perceptron is the most common neural network encountered. It is comprised
of multiple layers (input, hidden, output) with signal flowing from the input layer to the out-
put layer (feedforward direction). The neuron has a sigmoidal transfer function given by
f(x)=1/(1+exp(-x)). To perform training, we used the backpropagation with a momentum
equal to 0.9 [4]. (See fig.1)

Fig. 1: Multilayer perceptron network model
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4.1.2 Radial-Basis Function network (RBF)

A Radial-Basis Function Neural Network has also a feedforward topology as the Multilayer
Perceptron. But the hidden layer is comprised of Gaussian interpolating functions while the
output layer is linear. It is based on a radial decomposition of the input space [4]. The spread
constant for the hidden neurons was set to 0.1. The number of neurons in the hidden layer was
progressively increased one step at a time by using a constructive algorithm that automatically
choose the appropriate center of the radial-basis functions. The maximum number of hidden
neurons was set as a design parameter (from 25 to 100).

4.2 Time dependent architectures
4.2.1 Temporal processing structure

Temporal processing involves processing of patterns through time. Application of neural nets
to treat temporal problems appeared more recently in the research literature. The appropriate
response at a particular point in time depends not only on the current input, but potentially on
all previous inputs. Prediction can be viewed as made of two conceptually distinct compo-
nents. The first is a short-term memory that retains aspects of the input sequence relevant to
predictions. The second makes a prediction based on the short-term memory. In a neural net
setting, the predictor will mostly be a feedforward component, while the short-term memory
will often have internal recurrent connections. Many memory architectures have been pro-
posed over the years [5] (tapped-delay line, exponential trace, gamma memory, etc.).
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4.2.2 Finite Impulse Response network (FIR)

This network was introduced by Eric Wan in 1993 [6]. It resembles a standard feedforward
network (MLP) except that each synapse is replaced with an adaptive FIR linear filter that is a
weighted sum of past values of its inputs. The body of the neuron receives the filtered signals
and then computes a squashing non-linear function of its inputs. Neurons are arranged in suc-
cessive layers with synaptic filter connections. Training the network is accomplished through
a modification of the standard backpropagation algorithm caédlegboral backpropagation

In our experiment, the network had only one hidden layer. For the first two layers (input and
hidden), an hyperbolic tangent transfer function has been used while the output neuron was
linear. The delay order of the synaptic filters was chosen to be 3:2.

4.2.3 Elman recurrent network

Elman proposed in 1990 a recurrent neural architecture for the task of phoneme recognition
[4,7]. The Elman network comprises recurrent connections from hidden non-linear neurons
(sigmoidal) to a layer of context units consisting of unit delays. The hidden neurons also feed
the output neurons (linear). The role of the context units is to provide the network with a dy-
namic memory that is expectedly relevant for a prediction task. (See fig.2) According to
[4,7], the hidden neurons may discover abstract representations of temporal information.

Fig. 2: EIman network model
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4.3 Error criterion

As a performance measure a well accepted error criteria was used: the Normalized Mean
Square Error (NMSE). It is the ratio of the prediction variance over the natural variance of
the target variable. A value of NMSE=1 corresponds to the prediction of the statistical aver-
age.
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5. RESULTS

Each architecture has been uniformly trained and tested on the same data sets as described in
section 2.For each architecture, the design parameters were varied to study their effect on
prediction performance. We also, experimented with a varying number of neurons in the hid-
den layer .

Fig.3: MLP results for the variation of Fig.4: RBF results for the variation of
the number of hidden neurons the number of hidden neurons
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For each network, the architecture yielding the best performance on the testing set was re-
tained. A global comparison of the neural networks is summarized in fig.7.. To establish a
comparison baseline the ADALINE linear neural network has been also included. Although it
makes use of an adaptive iterative procedure (LMS), it is entirely equivalent to a multiple
linear regression [4].

Fig. 7: Summary of performance results
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The FIR network shows the best overall performance when measured on the testing sets. To
give a more precise idea of its behaviour, the prediction curves on the accretion phase test
data is shown in fig.10. The ADALINE and MLP networks are also included for comparison
(figs 8-9).

Fig. 8: ADALINE prediction curves Fig. 9: MLP prediction curves (solid:
(solid: actual data; dashed: forecast) actual data; dashed: forecast)
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Fig. 10: FIR network prediction curves

(solid: actual data; dashed: forecast) Fig. 11: FIR one-step ahead prediction

(solid: actual data; dashed: forecast)

6. DISCUSSION

The global performance summary of fig.7 allows us to make some interesting observations.
The data for the accretion phase demonstrate less error in the test set than for the full events
data. This corroborates the expected fact that the accretion phase data are more homogene-
ous.

We also note more differences between the neural models in the full events test data than for
the accretion phase. Moreover, the neural models make generally less error than the linear
regression; maybe marginally for the learning sets but the difference is pronounced for the test
sets. This gives good indication of the usefulness of neural models over simple linear tech-
niques. Surprisingly, the RBF network shows the best performance during training, but the

worst during validation.

As stated above, the best candidate for the prediction task is the FIR network. Based on the
NMSE criteria, it is closely followed by the MLP. A comparison can be made in figs 8-10. It

is shown that the MLP has a behaviour quite similar to that of the ADALINE. The FIR net-
work has a markedly different behaviour. The number of false alarms is very low in compari-
son to that of the other networks. In fact, ADALINE and MLP have a somewhat “noisy” out-
put that seems poorly correlated with the data they were supposed to predict. However, the
FIR has some tendency to overestimate small icing events and to underestimate large ones.
This suggests that the size of the training data is too small. The introduction of discontinuities
at the delimitation of two successive events had to be taken into account during learning since
time-dependent neural networks are generally adapted to handle long continuous time se-
guences. The null output observable for each event (Fig. 10 and 11) is an artefact caused by
the testing methodology. This would not appear normally for a continuous application of the
network.

We could give the neural models a better sensitivity to major icing events by carefully
choosing the data going into training. By selectively filtering the data, a better response could
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possibly be achieved, with yet the drawback of further reducing the quantity of available use-
ful data.

As it has been observed that the coupling of the real load cell signal as an additional input

gives a much more precise prediction in forecast mode (one-step ahead prediction) than IRM

input signal alone, another interesting approach coming from experimentation done in the

course of this investigation can be suggested. It seems that neural networks could be useful in
a forecast setting where the ice load could be predicted a few hours in advance. (See fig.11)

7. CONCLUSION

In the current framework of a forecasting approach based on the exclusive use of IRM signals
as input, the FIR neural architecture seems to be the most promising for the task. However,
the task is rather difficult and precise point-by-point forecasting seems unreasonable. It is
complicated by the fact that we used noisy environmental data. The absence of a pure deter-
minism between the input and output variables can also be easily postulated. In fact, any em-
pirical model cannot do better than the existing correlation between the variables themselves.
ANN does not constitute an exception. Neural networks need a lot of data to be trained prop-
erly and reach statistical convergence. However, in the present study, the available data points
were unfortunately limited, and this indeed limited us in our conclusions. In spite of this
limitation, the results showed that time dependent ANN (such as the FIR network) might as-
sist us in the prediction of ice accretion. Other experiments with much larger databases still
have to be made.
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