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Abstract: A novel method of signal analysis, symbolic dynamics, is
employed to model highly varying electrical loads. The method is
based on a discretized form of the load current signal. Symbolic dy-
namics is based on processing similar to natural languages. The method
is applied to ac electric arc furnace modeling.
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Power Quality Representation: The general process of signal
analysis presents a basic quandary between the information lost in pro-
cessing versus the ease and convenience of obtaining a measure of the
signal. As an example, distorted 60 Hz voltage waves in primary distri-
bution systems may be analyzed using the total harmonic distortion
(THD). The value of THD,, is easily calculated, but may not fully char-
acterize the signal v( 1) for a given application. In fact, in some cases, the
total harmonic distortion may not even exist (e.g., there is no funda-
mental component; the signal is aperiodic and does not possess har-
monics) [1].

There are several mathematical approaches that utilize the state
evolution method as a basis of analysis of electric power quality. In
this concept, a time series of values v(1,), v(1,), ... is used to represent
v(1). One might argue that any discrete analysis uses this approach.
Markov chain models are a good example of the state evolution ap-
proach [2], [3].

An Introduction to Symbolic Dynamics: The term symbolic dy-
namics refers to the state evolutionary mathematical approach in which
signal discretized states are denoted by symbols [4], [5]. Under such a
notation, the signal v(r) becomes a time sequence, for example:
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The elements A, B, C, D, ... are termed symbols and they may repre-
sent voltages, currents, their derivatives, or other physical parameters.
Certain groups of (or sometimes single) symbols are termed words. It is
possible to scan through a large volume of time series data to identify
the recurring words by the process of identifying recurrent sequences.
It is also possible to identify longer strings of words and these strings
are termed sentences. A dictionary is a collection of words formed from
a signal. A dictionary can be a multidimensional array, containing
words from different signals, for example a voltage signal and a current
signal. The number of times a word appears in a dictionary is called the
[frequency of that particular word, and the fractional occurrence is the
ratio of the frequency of a word to the total number of words in that dic-
tionary. The notation f, denotes the fractional occurrence of the ith
word in dictionary X.

There are advantages of Fourier-based analyses that are, unfortu-
nately, absent from the symbolic dynamic approach. Consider the time
shift property of Fourier transforms and Fourier series: this property al-
lows one to shift the signal v(f)in the time domain and obtain very simi-
lar Fourier series (in the case of periodic signals) and very similar

tive symbols at a time and so on, until n, symbols at a time, where n, is
the maximum word length defined for the dictionary. The dictionary
also contains a parallel vector that is filled with the fractional occur-
rences of each word. Figure 1 shows the process
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To compare two signals, a reference dictionary is formed from one
signal and a dictionary is formed from a test signal. The two dictionar-
ies are compared row by row and a mini dictionary is formed from the
common words. This mini dictionary also consists of two columns indi-
cating the fractional occurrences of each word in each dictionary. The
process is shown in Figure 2 for signals X and Y.

The common signal index (CSI) can be calculated by using the formula

cSt=Y (£ * £ )1 (fu+ 1)

where [, is the fractional occurrence of the ith common word in the %
dictionary, f, is the fractional occurrence of the ith common word in
the y dictionary, and CSI_, is 0.5 (if the two signals are exactly identi-
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Figure 2. Comparing two signals

Table 1. Results for test 1

Fourier transforms in general. A second consideration relates to magni-
tude scaling of time domain data. In the frequency domain, two signals Actual Predicted Load Current
are easily compared at several frequencies (or a whole band of frequen- d Load X X i
cies) by simple magnitude scaling. Once the time signal is coded as a ndee Cucoent | Tdal 1] Trkal 2 Telok 3
symbolic sequence, scaling is not convenient. The solution to this diffi- RMS* 2.06 2.06 2.16 2.16
culty is to scale the signal participants in the time domain before mov- liionicl p Gk
ing to the symbolic dynamic domain. % RMS Imoncs 22 L 222

The foregoing difficulties come with concomitant advantages: one Deviation | Actual 0.35 4.79 5.11
may compare any two signals, periodic or aperiodic; there is no de-
pendence on sinusoidal waveshapes; and noise gives less trouble. ol 05 024 Ges e

Symbolic Dynamic Dictionary Formation: A dictionary is a KS significance level « | 1 0 0 0
two-dimensional array for a scalar signal. This array can be filled by
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considering all the one-symbol words, one at a time, then two consecu- historical RM watues 195 pu.
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Table 2. Error in the average power for test 2
Absolute % Error in Average Power of the
Predicted EAF Load Current
Trial Phase A Phase B Phase C
1 8.13 14.71 8.73
2 6.37 13.01 0.45
3 0.19 6.24 10.18
4 0.19 6.24 10.99
5 3.98 14.71 7.22
6 10.09 13.01 5.87
7 3.45 14.71 11.12
8 9.09 6.24 10.35
9 4.37 6.24 8.73
10 0.66 13.01 0.45
Expected error (%) 4.65 10.81 7.41

cal). The lower the value of CSI, the lesser the degree of similarity be-
tween the two signals.

A second signal comparison technique is known as the
Kolomogorov-Smirnov (KS) method. The KS method involves identi-
fying empirical distribution functions for the two populations and then
assessing whether there are any differences between the two distribu-
tions [6]. In the KS test, one obtains the significance level o, which is a
measure of similarity in the two populations.

Symbolic Dynamics and Load Modeling: Attention turns to the
forecasting or prediction of future values of a signal. For this purpose, a
dictionary is formed utilizing the instantaneous values in a signal in a
time series. The prediction is accomplished by matching the most re-
cent time series measurement with dictionary entries. Entries with high
fractional occurrence are selected as predictions.

The concept outlined above was applied to an ac electric arc furnace
(EAF). The data used for this purpose have been recorded from a 34.5
kV, 50 MVA ac electric arc furnace under normal operating conditions.
The arc furnace current in different phases is forecasted using the algo-
rithms, assuming that the supply voltage is fixed amplitude ac. The re-
sults obtained are compared with the actual measured EAF current. The
comparison is done for RMS current, CSI, and KS significance level ot
The data obtained directly from an EAF have been measured with a
sampling frequency of 10 kHz. The number of measurements is 500
points in three cycles. Two tests will serve to typify results (other tests
are reported in [7]):

@ Test 1: In this test the historical data set consists of 36 cycles of
current and predicted data are for 24 cycles. The symbolic dy-
namic current is compared with historical time series measure-
ments in Table 1.

@ Test 2: The aim of this test is to verify the proposed model from
the point of view of active power utilization. The value of voltage
was recorded with the same sampling frequency as the current.
Using symbolic dynamics, the future current value was predicted.
Assuming the voltage to be constant amplitude, the average
power taken by the load was calculated. Comparison of the pre-
dicted and actual average power for ten different trials has been
reported in Table 2 for each phase.

Discussion: For load modeling applications, the proposed algo-
rithm is executed offline. The symbolic dynamic dictionary is not fur-
ther updated after formation. From the point of view of comparison, the
RMS value of the EAF load current is an important parameter. The CSI
and KS statistics are the measure of similarity between the two signals.
These two indices are related to the waveshape of the actual and mod-
eled signal. In load modeling, the detailed waveshape of the predicted
signal is often of lesser importance. The load power depends mainly on
the RMS value of the current and its phase. The application shown is for
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load forecasting using symbolic dynamics. There is a potential for the
use of high-speed processing of historical data by this method for
power conditioning: in this application, symbolic dynamics is used to
obtain a correction current which, when injected into the load circuit,
causes the resultant load current to be nearly sinusoidal [7].

Conclusions: An innovative concept from signal processing, sym-
bolic dynamics, has been applied to the characterization of a highly
varying load current for an electric power load. The method entails cod-
ing the signal in symbols that are discrete levels of the signal. The sym-
bols are processed as if they were in a natural language. The method is
applied to load modeling and symbolic dynamics appears to give rea-
sonable accuracy of RMS load current and active power demand for the
case of an ac electric arc furnace. In the area of load current smoothing,
the method offers potential as an active filter.
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