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ABSTRACT

We propose that data-symbolization methods derived from non-
linear dynamicsand chaostheory can be useful for characterizing
and monitoring patterns in fluidized-bed measurement signals.
Data symbolization involvesthe discretization of a measurement
signal into a limited set of values. In this discretized form, the
measurements can be processed very efficiently to detect dy-
namic patternsthat signify varioustypes of physical phenomena,
including bubbling, slugging, and transitions between fluidiza-
tion states. Besides computational efficiency, symbolic methods
are also robust when noise is present. Using various types of
measurements from experimental beds, we illustrate specific ex-
amples of how symbolization can be applied to fluidization diag-
nostics. We also suggest directions for future research.

NOMENCLATURE

Hg Modified Shannon entropy

Nobs  Number of non-zero-frequency sequences

Di Observed relative frequency (probability) of
sequence

T Euclidean norm

Tirr Time irreversibility index, based on Eu-
cliean norm of forward- and backward-time
symbol-sequence histograms

INTRODUCTION

The detection of specific types of dynamic phemonena can be
very important to the successful operation of fluidized-bed pro-
cesses. For example, short-time-scale pressure-drop variations
can be used to detect the onset of solids agglomeration, deflu-
idization, or changes in fluidization state [1,2,3,4,5]. It has also
been recognized that dynamic measurements provide a means
for establishing scale-up between laboratory and plant fluidized
beds[6,7].

One limiting factor in fully exploiting dynamic fluidized-bed
data, especialy in plant environments, is the high level of mea-
surement noise introduced by extraneous sources such as elec-
trical equipment, mechanical vibration, and low sensor resolu-
tion. Another limiting factor is that fluidized-bed dynamics is
both highly complex and nonlinear [8,9], making analysis diffi-
cult even when no measurement noise is present. We began in-
vestigating symbolization to addressthese problems after discov-
ering that symbolization has already been successfully applied to
a number of other noisy nonlinear processes [10,11,12,13]. In
addition, we had independently conceived of arelated approach
in studying fluidized-bed patterns[14].

The concept of symbolization has its roots in dynamical-
systems theory, particularly in the study of nonlinear systems
which can exhibit bifurcations and chaos [15]. As explained
more fully elsswhere [16], the fundamental theory must be
adapted for practical situations because of the effects of noise
and because the underlying dynamical equations are usually not
available. In practice, the essential step involves discretizing
time-series measurements into a limited set of values (i.e., the
data range is divided with partitions into symbolic regions such
that a specific symbol is assigned to data valued within a given
region). Each finite-length dynamic pattern can then be rep-
resented as a unique sequence of symbols. With all possible
dynamic sequences thus encoded, recognition of certain events
or classification of different patterns can be accomplished effi-
ciently. Such computational efficiency ishighly desirablein real-
time monitoring and control situations [17]. We expect that this
approach can al so be extended to the validation of computational
models[13,18].

Our principal objective in this paper is to illustrate specific
approaches for implementing symbolization with fluidized-bed
measurements and interpreting the results. We use pressure and
acoustic measurements from laboratory fluidized beds of Group
B and Group D particles. In addition to illustrating the observed
dynamic patterns, we briefly discuss rulesfor choosing appropri-
ate symbolization parameters and methods for calculating quan-



titative statistics from the symbol patterns that can be used col-
lectively to characterize fluidization states.

EXPERIMENTAL APPARATUS AND METHODS

We report on application of symbolic analysis to data from two
different fluidized beds and two different particulate solids.

The first fluidized bed consisted of a 10.2-cm-diameter, 260-
cm-long plexiglass tube. Regulated, pressurized house air was
introduced into the plenum, where the air passed through a
seven-tuyere distributor. The bed material was uniform 0.45-cm-
diameter steel sphereswith a particle density of 7.5 gm/mL. The
static bed height was 23.5 cm. A Baratron differential pressure
transducer measured the pressure drop wall taps located 11 and
23 cm above the distributor. The transducer output signal was
analog bandpass filtered between 0.1 and 20 Hz. The filtered
signalswere recorded with a12-bit digitizing oscilloscope at 200
Hz.

The second fluidized bed consisted of a 7.6-cm-diameter, 68-
cm-long acrylic tube. Air was drawn by an acoustically insu-
lated blower through a perforated-plate distributor containing
185 0.15-cm-diameter holes. The bed material was millet seed
with equivalent diameter of 0.35 cm and density of 0.97 gm/mL.
The settled bed height was 35 cm. Sounds from the bed cap-
tured by adirectional microphone were bandpass filtered (1600—
6300 Hz) through a graphic equalizer and recorded with a DAT
recorder at 44.1 kHz. The recorded sounds were later digitized
by a computer sound card at 22.05 kHz. Additionaly, a wire
probe protruding through the bed wall measured particleimpacts,
much like a phonograph needle. The analog output signal from
the wire probe was bandpass filtered and digitized and then nu-
merically integrated using amoving-RM Sfilter to produceatime
series of local particle-motion intensity. The microphone and
wire probe were positioned 55 cm above the distributor on oppo-
site sides of the bed.

Thefilter settingsfor thefirst bed were chosen to enhance sig-
nal features associated with bubble and slug events, which were
expected to be primarily concentrated in frequencies less than
30 Hz. Such filtering also reduces 60-Hz contamination from
nearby AC power systems and prevents signal aliasing. With the
7.6-cm bed system, there was significant acoustic background
noise from the nearby blower and other sources, whereas the
10.2-cm bed system was relatively free of acoustic background
noise. More details about the experimental apparatus, methods
and comparison between acoustic and pressure measurements
may be found in [19,20].

Figure 1 shows example time series for all sensor types at a
range of fluidization conditions. In the plots, the scale of each
time-series segment has been adjusted to have unit standard de-
viation. The steel-bed pressure-drop signals (Fig. 1(a)) show the
fluidization transition from bubbling (seriesi) to very stable slug-
ging (ii) to complex, interrupted slugging at high gas velocities
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Figure 1. Exampletime series.

(iii). For the millet data (Fig. 1(b)), the time series for both sen-
sorsexhibit similar features. Because the wire probe was located
above the bed static surface, when the bed was collapsed there
were no appreciable oscillations in the probe, seen as the flat
portions of series (ii). However, as the bed surface rose with a
passing slug, evidenced by the rising intensity in the microphone
signal (i), the wire probe measured particle passage.

A prominent featurein several of these signalsisthat the dom-
inant rise and fall times are different. This difference reflects
a characteristic time irreversibility; that is, we can distinguish
whether we are observing this processin forward or reversetime.
Physicaly, it reflects the fact that bed expansion and collapse oc-
cur by different mechanisms.

SYMBOLIZATION METHODS

We use an approach based on the work of Tang et al. [10]; an al-
ternate but anal ogous approach may be found in [12]. Although
this method is motivated by symbolic-dynamics theory, it is not
completely equivalent, mainly because generating partitions are
undefined in the presence of noise. The reader is referred to
Crutchfield and Packard [15] for a detailed discussion of the lat-
ter issue.

Thebasic process of datasymbolizationisillustratedin Fig. 2.
In the so-called static transformation [11], the value of a given
measurement is assigned one of n symbolic values (eg., O or 1
for n = 2). Typically, we define discretization partitions such
that the individual occurrence of each symbol is equiprobable



Static transformation (fixed partition)

1
Partition

0

Symbols 0 1 1 0 1 0 1 1 0 O

Dynamic transformation (first difference)

Up=1
Down=0

Symbols 1 1 0 1 0 1 0 0 1
Key:

Signal O Sampled data point

Figure 2: Static and dynamic transformations of a data series
into a symbol series.

with al others. In the dynamic transformation, arithmetic dif-
ferences of adjacent data points define the symbolic values. We
symbolize a positive difference as 1 and a negative difference as
0. Such a differenced symbolization scheme is relatively insen-
sitive to extreme noise spikes in the data.

Once atime series is symbolized, the relative frequencies of
all possible symbol sequences in the data, defined by a symbol-
sequence vector of length L, are evaluated. For example, if
L = 3, the relative frequency of occurrence for each possible
sequential combination of 3 symbolsis computed. A simpleway
to index symbol-sequence frequenciesisto assign a unique num-
ber to each possible sequence by evaluating the equivalent base-
10 value of each base-n sequence; we cal this number the se-
guence code. For example, a sequence of 101 occurring with
n = 2 would have a sequence code of 5. Using this method of
identifying each symbol sequence allows representation of the
relative-frequency histograms, which we call symbol-sequence
histograms (SSH), as two-dimensional plots. Because of our
equiprobable partitioning rule, the relative frequency of each
possible sequence for truly random datawill be equal (subject to
the availability of sufficient data). Thus any significant deviation
from equi probable sequencesisindicative of time correlation and

deterministic structure.

From the above discussion, it can be seen that symbol se-
guences can be used to represent any possible variation over
time, depending on the number of symbols used and the sequence
lengths. This is a very powerful property because it does not
make any assumption about the nature of the patterns (e.g., it
works equally well for linear and nonlinear phenomena). A de-
tailed explanation of the “optimal” choice of number of symbols
and sequence length is beyond the scope of this paper but is ad-
dressed in another paper presented in this session [16]. For prac-
tical purposes, we have empirically found that partitions of 2-8
symbols and sequence lengths of 2 to 6 are most useful for de-
picting the observed patternsin fluidized-bed data. We explicitly
report the assumed number of symbols n and sequence lengths
L inall of the examples shown below.

For continuous data, such as discussed here, there is also a
sampling-rateissue. Specifically, our fluidized-bed signals could
be digitized at any selected rate up to severa thousand samples
per second. At excessive sampling rates, a problem arises be-
cause we simply produce long sequences of the same repeated
symbol. Thus it is important not to oversample the data. In
the examples given below, we present a specific approach for
selecting a meaningful sample interval. In fact, we show that
this approach can be used to generate diagnostics about relevant
timescalesin the data.

EXAMPLE RESULTS

Symbol-sequence histograms can be used to detect transitions
in fluidization behavior and to indicate which features are pre-
dominant. In Fig. 3, we illustrate symbol-sequence histograms
to compare bubbling, regular slugging, and higher-flow slug-
ging conditions for the pressure-drop signal for steel particles.
The original data were recorded at 200 samples per second, but
the results shown in Fig. 3 were for data series symbolized ev-
ery 20 samples (represented as the points in Fig. 4). The SSHs
depicted in Fig. 3 compare bubbling with regular slugging (a)
and regular slugging with higher-flow slugging (b). For these
SSHs, four symbols were used with a sequence length of 3.
Three characteristic sequences are highlighted on the SSHs. se-
guence 100 (sequence code 16), sequence 123 (sequence code
27), and sequence 112 (sequencecode 22). Sequence 100ismore
prominent in the bubbling time series (thefilled-circle tripletsin
Fig. 4(a)) than in the regular slugging condition; this transition
is visible in the SSH (Fig. 3(a)), as the peak at sequence code
16 diminishes as flow increases. Sequence 123 becomes the pre-
dominant feature of regular slugging (the filled-circle triplets in
Fig. 4(b)), and this pattern shifts from very infrequent to dom-
inant in the SSH (Fig. 3(a)). As gas flow increases beyond the
regular-slugging state, interruptionsor stutters[8] in the slugging
become more frequent. These stutters are manifest in a collapse
of the bed followed by successively increasing oscillations until
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Figure 3: Example symbol-sequence histograms for fluidized
stedl spheres. Four symbols of sequence length 3 with symbol-
ization interval 20 were used to construct the SSHs.

regular slugging is resumed; an example is seen in Fig. 4(c) be-
tween 1.5 and 3 sec elapsed time. Sequence 112 (thefilled-circle
tripletsin Fig. 4(c)) reflects the increased occurrences of stutters
as flow increases, which may be seen in the SSH (Fig. 3(b)). An
even more telling feature is sequence 111 (sequence code 21),
which goesfrom zero to significant relative frequency in the SSH
(Fig. 3(b)).

The time-irreversible nature of the slugging process is seen
in Fig. 4(b). Typicaly, between four and five of the resampled
points are visible in the rising portion of each “cycle”, whereas
two to three points are visible in the falling portion. In the SSH
for U/Ume = 1.42 (the solid lines in Fig. 3), the relative fre-
guencies of sequences 331 (0.059 for sequence code 61) and 320
(0.069 for sequence code 56), representing a sharp fal in the
pressure signal, are much greater than those for sequences 133
(0.005 for sequence code 31) and 023 (0.0007 for sequence code
11), representing a sharp rise in the pressure signal. Time ir-
reversibility implies that the process described by the data may
not be explained as a Gaussian linear random process [21]; al-
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Figure 4: lllustration of relationship between specific physical
events and symbol sequences. The data points (light and dark
circles) are data resampled from the original digitized signal for
symbolization, and the darkened point triplets correspond to spe-
cific sequences highlighted in Fig. 3, as described in the text.

though not an absolute test of nonlinearity, we use the degree of
time reversibility as defined below as a good practical indicator
of nonlinear structure.

Various dtatistics can be used to characterize symbol-
sequence histograms. For example, we define a modified Shan-
non entropy as:

1
IOg Nobs

Hs(L) = — ZP@}L logpi,L » 1)
where N5 is the total number of sequences with non-zero fre-
guency, ¢ is a symbol-sequence index of sequence vector length
L, and p; 1, is the relative frequency of symbol sequencei. The
only difference between Eq. 1 and the definition used by Tang et
al. isthat we use the number of non-zero-frequency sequences
instead of the total number of possible sequences. This choice of
Ny reflects the fact that many possible sequences may not be
realized because of finite data-set length. Theresultistobias Hg
upward when the number of possible sequences becomes large
relative to the available data. For random data H ¢ should equal
1, whereas for nonrandom data it should be between 0 and 1.

To compare two symbol-sequence histograms A and B, we



use the Euclidean norm as a difference statistic:

Tap = Z(Az - B;)? 2

i

where i isindexed over all possible sequence codes. Computing
T is useful for comparing SSHs of different fluidization condi-
tions or for testing for time reversibility by comparing the SSH
for atime series with that of its time reverse. For more details
about data symbolization for measurements of engineering sys-
tems, see [16,18,22].

As noted above, when dealing with time series which vary
smoothly with time, such as the continuous, fast-time-sampled
analog signals used in this study, some data treatment is neces-
sary in order to obtain a good symbolic transformation of the
data. In the coarse-grained sense, the measurement signa is
oversampled, meaning that many consecutive data points would
be symbolized in along string of the same symbols. To obtain
information about how the data change meaningfully intime, itis
necessary to choose a symbolization interval (also termed inter-
symbol interval) which defines the number of actual data points
between successive symbols (the other data points within that in-
terval areignored).

The appropriate symbolization interval may be chosen on the
basis of how symbol statistics vary as a function of that interval.
Figure 5 shows how Hg and T}, vary with symbolization in-
terval for 3 symbols and sequence length 6 for the millet data.
Here, Ti,, refers to the difference statistic of SSHs computed
from the (forward-time) time series and with the reverse-ordered
(backward-time) time series. As seenin Fig. 5(8), at short sym-
bolization intervals, Hg is low because the data are effectively
oversampled, and the predominant symbol patterns are long se-
guences of the same repeated symbols and the transitions be-
tween symbols. Asthe symbolization interval increases, the data
irregularity increases Hg. At an interval near the mean slug-
ging period of 0.95 sec, Hg decreases; the symbol statistics can
identify the predominant timescales in both the wire probe and
microphone measurement data. Overall, H s for the microphone
sound level is lower than that for the wire-probe intensity. At
very long symbolization intervals, the effects of aperiodicity and
noise in the data reduce apparent deterministic structure, and H ¢
approaches unity.

The characteristics of T;,.. at different symbolization intervals
(Fig. 5(b)) are similar to those for Hg but with new informa
tion. The mean slugging periods are identified, seen strikingly
in the microphone data as sharp troughs at multiples of one-half
the slugging period. However, the maximal degree of time ir-
reversibility is seen in the microphone data at a symbolization
interval of 0.3 sec, which correspondsto the approximate sound-
level collapse timescale seen in Fig. 1(b)(i). Whereas Hg high-
lighted the dominant slugging period, T3, highlights the mini-
mal time interval necessary to distinguish the time series and its
timeinverse. Physically, such ameasure identifies the distinctive
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Figure 5. Variation of the symbolization time interval reveals
deterministic and time-irreversible bubble features in the wire
probe and microphone measurements. The symbolization pa-
rameters were 3 symbols of sequence length 6.

feature of these data, that slug growth and bed expansion occur
uniquely compared with the bed collapse.

It isimportant to note that data nonstationarity resultsin time
irreversibility. The data sets reported in this paper have been
tested for stationarity to verify that the macroscopic statistics
(measured over 10s to 100s of slugging cycles) do not change
significantly throughout the data set (e.g., the running mean and
variance are fairly constant). The degrees of and timescales of
time irreversibility reported in Fig. 5 result from the asymmetry
of the signal during the slug cycle; any statistical nonstationarity
in the data occurs on very long timescales.

Symbol-sequence histograms are compact representations of
the overall dynamics of time series and may be used to deter-
mine the approximate fluidization condition of atest signal when
compared with a library of reference SSHs. To illustrate this
point, we compare SSHs from two very similar fluidization con-
ditionsagainst alibrary of 12 fluidization conditionsfor the steel
pressure-drop signal. We expect that the difference statistic be-
tween SSHs should be minimal at approximately similar fluidiza-
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Figure 6: Comparison of symbol-sequence histograms of two
test fluidization conditions with areferencelibrary of known flu-
idization conditions. The error function T' reaches a minimum
for the reference set corresponding to each test set. The finer
symbolization (a) detects subtler differences between the two
very similar test conditions than does the coarser symbolization

(b).

tion conditions. As seenin Fig. 6, the symbol statistics correctly
identify the approximate fluidization of the two test sets with re-
spect to the reference library sets. The eight-symbol sequence of
length 2 (Fig. 6(a)) provides greater discrimination than the two-
symbol sequence of length 6 (Fig. 6(b)) — even though the flu-
idization conditions are very similar, subtle differences are mea-
sured by a coarse (8-symbol) data description. In actual appli-
cations to monitoring fluidization, the degree of symbolization
would depend on the desired degree of precision with respect to
the referencelibrary sets.

STATISTICAL CONFIDENCE

Our estimates of symbol-sequence statistics will be uncertain to
some extent because we use finite data samples and because of
experimental variability. For comparative purposes, it is im-

portant to establish confidence limits for the symbol-sequence
statistics. This issue is complicated by the fact that symbol-
sequence statistics are typically constructed from data which
involve strong temporal correlations, which means that the as-
sumption of independence used to establish confidence limits for
standard statistical tests does not hold.

The sampling variability (that is, the normal variations in
the symbol-sequence histogram produced by having finite-length
data sets) may be estimated empirically by taking a subset of
randomly selected samples from the symbol sequences observed
in a single data set and repeatedly constructing histograms from
each sample set. Thisisfrequently referred to as“bootstrapping”
confidencelimits. We have empirically observed that the sample-
to-sample histogram variability scales as 1/1/n, where n is the
random-sampl e population size. Once the variability of samples
from a single data set have been determined, it is then possible
to apply this scaling rule to determine how large a data set must
be to characterize the SSH to a specific level of confidence. It is
important to note, however, that the resulting confidence limits
will only apply to data of similar type. An assessment of data
from another process or very different operating conditions will
require another evaluation of random samples to account for the
different temporal correlations.
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Figure 7: Experimental repeatability and symbol stetistics for
two flow conditions depicted in Fig. 3.

It is also appropriate to compare replicate experimental data
sets to evaluate the variability of the experiment itself. Fig. 7
shows SSHs from replicate sets depicted in Fig. 3(b). The repli-
cate sets were measured at the same flow rates within afew min-
utes of each other. The two SSHs for U/U,,s = 1.42 are nearly
indistinguishable, and those for U/U,,s = 1.72 have only mi-
nor differences. The differences between the SSHs from the two
flow rates are because of real, dynamical differencesin fluidiza-
tion and not because of experimental variability. Furthermore,
the increased frequency of sequence 112 for the higher-flow data
was shown (Fig. 4) to arise from the stutters resulting from in-



creased slugging instability at higher gas flows. The reader isre-
ferred to [22] for treatment of bootstrapped confidenceintervals,
particularly in distinguishing data patterns from symbol statistics
arising from random processes.

SUMMARY

Data symbolization shows promise as a new approach to an-
alyzing dynamic fluidized-bed data from a variety of sensors.
Symbol statistics can provide new information about relevant
timescales or data patterns using alow-precision approach which
islessadversely affected by the presence of noise and which does
not depend significantly on the nature of the data (linear or non-
linear). The computational simplicity of symbolic data analy-
sis suggests that it could be useful in real-time monitoring of
fluidized-bed measurement signals.

In the future, we wish to continue research on finding optimal
symbolic representations of data from a wide variety of mea-
surement types and fluidization conditions. Of particular prac-
tical interest is the development of reference libraries based on
the SSHs to compare the dynamical similarity of unknown flu-
idization conditions with the known conditions. |mplementation
of the library system could include more sophisticated compar-
isons (e.g., using neural networks) which could lead to the avoid-
ance of previously observed adverse conditions in process oper-
ations. Additionally, we foresee the utility of data symbolization
in model validation and parameter selection.
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