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In industrial propylene polymerization technology of Innovene and Chisso, agglomer-
ation of polymer particles in horizontal stirred bed reactors (HSBR) has significant neg-
ative impacts on the reactor efficiency. If the hydrodynamic change could be detected
early enough, then large chunks may not be formed nor cause an unscheduled shutdown
of the plant. A novel non-invasive acoustic emission (AE) technique combined with an
attractor comparison method is presented. It is based on the comparison of the time
series of AE signals acquired from a normal state with the time series measured during
operation of the bed. The nature of the method is to determine whether or not two time
series are generated by the same mechanism. A statistical characteristic S is used to test
the null hypothesis that the two multidimensional probability distributions are identical.
Experiments were carried out at room temperature in a 475 mm i.d. laboratory HSBR.
The results demonstrated that the method is sensitive to small changes in the particle
size distribution. It is, therefore, indicated that the proposed method not only can offer
‘‘early and accurate warning,’’ but also has the potential to locate the agglomeration in
HSBR with multiple AE sensors. VVC 2009 American Institute of Chemical Engineers AIChE J,

55: 3099–3108, 2009
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Introduction

Horizontal stirred bed reactors (HSBR) used in the gas-
phase polypropylene (PP) production of Innovene and Chisso
have been developed in recent years.1,2 With the develop-
ment of the polypropylene industry, more and more attention
has been paid to HSBR. PP manufactured by this reactor
type has already taken a considerable market share, and the
proportion is still growing. Novel design of axial powder
mixing in HSBR is helpful to minimize the time of grade
transition.2 Condensed monomers are distributed on the pow-
der bed of the HSBR to remove the reaction heat by their

evaporation.3 Compared to gas-phase fluidized bed reactors
for polyolefins, the possibility of agglomeration in HSBR
is higher because of the presence of the liquid substance.
Agglomeration of polyolefin particles is one of the most
important problems in multiphase reactors.4 The formation
of lumps in HSBR can lower the reactor efficiency, by plug-
ging the discharging pipeline, breaking the heat exchange
balance, and even deviating from normal flow pattern, etc. A
certain degree of agglomeration might fill up most of the
available reactor volume and finally lead to an unscheduled
shutdown of the plant. Therefore, it is worthwhile to detect
agglomeration as early as possible: taking effective measures
so as to avoid the product getting into a worse condition and
the unnecessary economic loss.

An ideal method for agglomeration detection must achieve
two main aims. The first and more important one is ‘‘early
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warning,’’ which means detecting the trend of agglomeration
before it becomes irreversible. The second is ‘‘accurate
warning’’: it should be able to reflect the nature of the reac-
tors although some possible environmental disturbances
exist. Therefore, it will be quite important to develop an
effective and robust detection method to meet ‘‘early and
accurate warning.’’

Most current popular measurement techniques such as
pressure,5–11 temperature,10,12 electrostatic,13–15 and optical
measurements,16 have all been reported to detect agglomera-
tion in fluidized bed reactors. Unfortunately, only a few
articles deal with HSBR for polypropylene production, and
most of them were focused on RTD,2,17 reactor mod-
els,1,2,18,19 and mixing mechanisms.20,21 Only one patent22

discussed how to minimize polymer agglomerate or lump
formation in HSBR, but the fact that in the reactor agglom-
erations happen frequently suggests that this patent does not
work well.

In recent years, acoustic measurement techniques have
been developed to monitor the state of equipment and the
physicochemical changes within chemical engineering proc-
esses.23 The advantage of acoustics is that it could be con-
sidered as a non-invasive technique since direct contact
with the process under investigation is not required. Recent
studies have found that the AE signals mainly represent
the particles information24 while the pressure fluctuation
signals mainly reflect the bubbles information25 by compar-
ing the multi-scale structure of AE signals with pressure
fluctuation signals based on wavelet and R/S analysis.
Hence, AE signals are much more reliable to monitor the
random movement of particles, and their sensitivities to
small changes in particle size distribution,24,26–28 makes
them possible to detect agglomeration accurately. Conse-
quently, in this article, AE signals generated by collision
between particles and the reactor wall will be used to
detect agglomeration.

The analysis method we presently propose is a modifica-
tion to the ‘‘attractor comparison method’’ developed by van
Ommen et al.9 This proposed method can detect small
changes, which do not influence obviously the macro param-
eters (temperature, pressure, yield, etc.) of the process, but
may cause unwanted impacts on the process. Moreover, we
will show that this monitoring method can easily handle
multiple AE signals. The experiments suggest that it is a

potentially powerful monitoring tool to locate where the
unwanted events are going to happen, and thus, a method for
monitoring large industrial HSBR.

Characterization

The major cause of agglomeration in olefin polymerization
processes is the local mismatch between the heat removal
rate and the heat releasing rate. But different types of
agglomeration may also be formed for different reasons.
According to the shape of samples obtained from an indus-
trial reactor, the agglomeration in HSBR fall into two types:
‘‘spherical lumps’’ and ‘‘flocculent sheets.’’ The ‘‘spherical
lumps’’ (Figure 1) are formed when local hot spots appear in
the bed. The reaction heat cannot be removed because of the
uneven distribution of quench liquid or improper control of
the reactor temperature, and cause the heated particles to
adhere to each other. ‘‘Spherical lumps’’ are �100 mm in
diameter, containing a core composed of fused polymer and
an outer surface covered with granular polymer that has
fused to the core. Sometimes they are very hard and may
impede product withdrawal, thereby reducing production
rates, and negatively impacting product quality. On the other
hand, the ‘‘flocculent sheets’’ are formed when the catalyst
or the quench liquid is sprayed directly on the surface of the
stirring paddles or the reactor wall. Incidents of ‘‘flocculent
sheets’’ are relatively unusual, they are 20–50 mm wide and
about 50 to over 100 mm long (Figure 2). However, in some
extreme cases, the overall size is from a few square centi-
meters to several square meters (Figure 3). The ‘‘flocculent
sheets’’ will fill in most of the available volume of the reac-
tor and even change the flow pattern, which might lead to
the unscheduled shutdown of the plant.

Figure 1. Type one: ‘‘spherical lumps’’ formed by hot
spots in an industrial HSBR.

Figure 2. Type two: small ‘‘sheets’’ adhered to the sur-
face of the mixing paddles in an industrial
HSBR.
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Methodology

General description of the attractor comparison method

The nature of the attractor comparison method is to deter-
mine whether or not two time series are generated by the
same mechanism. Diks et al.29 proposed a statistical charac-
teristic S for testing the null hypothesis that two multidimen-
sional probability distributions are identical. The statistical
characteristic S is defined as the ratio of Q̂ to the square root
of VcðQ̂Þ shown in Eq. 1,

S ¼ Q̂ffiffiffiffiffiffiffiffiffiffiffiffi
VcðQ̂Þ

q (1)

where Q̂ is an unbiased estimator of the square of a distance
between the two probability distributions and VcðQ̂Þ is the
variance of the estimator Q̂, and it is a random variable with
zero mean and standard deviation equal to 1 under the null
hypothesis. Moreover, as Diks et al.29 pointed out, the null
hypothesis can be rejected when the estimated values of S are
larger than 3, which is supported by the fact that the
probability of finding the value of S larger than 3 is smaller
than 0.05.29

On the basis of the approach discussed earlier, van
Ommen et al.9 proposed a method based on reconstruction
of an attractor from a pressure fluctuation signal for early
detection of changes in fluidization behavior. For the appli-
cation of the attractor comparison method to AE signals, we
follow the same approach as proposed by van Ommen et al.9

The current method is also based on a comparison of a refer-
ence time series of AE signals, reflecting a certain required
or accepted state of the HSBR dynamics, with successive
time-series measured during operation of the bed. Since van
Ommen et al.9 transformed the time series xk into a set
Xi ¼ (x(i�1)mþ1, x(i�1)mþ2,…, xi�m)

T this makes the total

calculation procedure a factor m2 times faster, which is
much more useful for AE signals sampled in higher fre-
quency than pressure fluctuation.

Implementation details

Sampling Frequency. The basic principle of determining
sampling frequency is to choose a relatively low sampling
frequency while ensuring that no information contained in
the signals is lost. According to the Nyquist theorem, the
sampling rate should be fast enough (more than two times)
to record all frequencies. Figures 4a, b show the power spec-
tral density of AE signals of HSBR with and without PP4,
respectively. The resulting power spectral density show
prominent frequencies at �2500 Hz and 4000 Hz. All the
signal energy is concentrated below 8000 Hz, meaning that
the sampling frequency of 20 kHz is high enough to record
all information from the signals. The frequency components

Figure 3. Type two: serious ‘‘flocculent sheets’’ occu-
pied the head of the paddles.

Figure 4. (a) Power spectral density of AE signals
sampled under ‘‘reference’’ condition (agita-
tor speed: 20 rpm, bed mass: 40 kg, Fs:
20,000 Hz) for PP1. (b) Power spectral density
of AE signals sampled under ‘‘evaluation’’
condition (agitator speed: 20 rpm, bed mass:
40 kg, Fs: 20,000 Hz) for PP1 mixed with PP4
(mass fraction: 0.1).
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of both figures are similar. The phases are so similar that a
reliable method could not be developed to detect agglomera-
tion by examining specific frequency bands, such as the
2500 Hz region.

Preprocessing. As a standard procedure, we normalize
the data by subtracting the mean and dividing by the stand-
ard deviation,30 as shown in Eq. 2.

xk ¼ Ak � �A

rA
(2)

Since the presence of noise in a time-varying signal
restricts one’s ability to obtain meaningful information from
the signal, a noise-reduction algorithm31 based on the wave-
let transform is used to purify the AE signals. The threshold
of the noise-reduction algorithm is determined automatically
by the process,31 which makes noise-reduction of AE signals
more convenient. The experimental results show that it is
really able to reduce the noise mixed in the AE signals,
especially that generated by the agitator and motor.

Experimental

Four types of experiments were carried out to optimize
the attractor comparison parameters, and test the influences
of agitator speed, compressed air flow rate, and particle size
distribution on the new monitoring method.

1) Experiments with stepwise changes in the agitator
speed.

2) Experiments with stepwise changes in the compressed
air flow rate.

3) Experiments with stepwise changes in the particle size
distribution.

4) Experiments with gradual changes in the particle size
distribution.

Experimental facilities and operation conditions

Four kinds of polypropylene were used in the cold mold
experiments with physical properties shown in Table 1. The
particle size distributions were determined by a laser diffrac-
tion system (Malvern Mastersizer 2000).

All the experiments were carried out in a cold mold of
laboratory scale which is made of Plexiglas, 475 mm i.d.
with a 1530 mm long and the four paddles agitator (Fig-
ure 5). The compressed air from a blower was blown into
the reactor from the bottom* through four lines with individ-
ual flowmeters (0–10 m3/h). The agitator speed (0–75 rpm)
was controlled by an inverter (FangH F66-B IGBT, China),
and the variation of the torque was recorded by a computer.
All the experiments were carried out at room temperature.

AE measurement and data acquisition

The acoustic emission signals online collection and analy-
sis system was developed by the UNILAB Research Center
of Chemical Engineering in Zhejiang University, China. It
consists of AE sensors, a preamplifier, a signal conditioning

system, and a data acquisition system. The transducer used
in this study is a piezoelectric resonant accelerometer, which
is used to collect the acceleration of vibration without the
noise transferred via the air (PXR02, 20 kHz, 10–70 kHz, 70
dB, China)†. The transducer is attached non-invasively to the
outside of the vessel at a position of 1/4 D above the bottom
(as shown in Figure 6) with a sampling frequency of 20
kHz. An acoustic coupling agent is used to transfer the
acoustic emission in the vessel to the transducer. For tempo-
rary installations, silicone grease is used to hold the trans-
ducer in place. For permanent installations, an adhesive
holds the transducer in place and acts as an effective acous-
tic-coupling agent. The preamplifier (PXPA III, 5–200 kHz,
China) supplies sufficient gain for the signal to be ‘‘driven’’
down a cable, which can be up to 200 m in length. The sig-
nal conditioning system used in the experiments is PXMA
signal conditioning equipment (PXMA, China). It provides
additional gain and filters the signals with a low-pass cutoff
frequency of 50 kHz. The data acquisition system consists of
a data acquisition card (NI PCI-6071E, National Instruments)
and a personal computer. The AE signals generated by the
piezoelectric accelerometer are amplified, and conditioned.
Finally, they are transferred to the data acquisition card con-
nected to the computer, controlled by the software package
Labview.

Results and Discussion

Parameter settings

To power the monitoring method, four parameters in the
attractor comparison method should be carefully adjusted.
An optimization method is then adopted to find the right
parameters, which should lead to an S value close to 0,
when two AE time series are measured under similar hydro-
dynamic conditions, and a maximally high S value under dif-
ferent conditions. A part of the data from the experiments
with stepwise changes in the particle size distribution (Type
3 classified in the experimental section) is used to optimize
the parameters. By definition, the S values will increase with
the increasing discrepancy between reference and evaluation
time series. On the other hand, adding more PP4 into the
reactor will increase this discrepancy. Hence, that the S val-
ues increase with increasing fraction of PP4 should be con-
sidered as constraints in the parameter optimization process.
The optimal parameter values are given in Table 2, and
these values are not the direct result of the optimization
method but a minor deviation from it since limited changes
only have a minor influence on the test results.9

Table 1. Particle Properties of the Polypropylene used in the
Experiments

Particle Type d10 (lm) d50 (lm) d90 (lm) Dvol. weighted mean (lm)

PP1 342.8 572.3 924.2 606.2
PP2 427.9 677.1 1061.2 714.8
PP3 404.8 703.1 1183.3 753.7
PP4 524.0 939.3 1502.0 974.8

*Here ‘‘bottom’’ does not mean right below the agitator shaft, but 5� left from
the cross section view (Figure 6).

†Parameters of the sensor used in the experiments, resonance frequency: 20
kHz, band width at 10 dB: 10–70 kHz, sensitivity: 70 dB.
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Figure 7 shows the effect of these four parameters on the
outcome of the test: time window (a), embedding dimension
(b), bandwidth (c), and segment length (d). The AE time se-
ries were measured at 1/4 D above the bottom, stirred at 20
rpm with bed mass 40 kg, and compressed air flow rate 16
m3/h (4 � 4 m3/h). The reference time series were measured
in a bed of pure PP1, while another two time series meas-
ured was used as the evaluation time series: one was meas-
ured at the same conditions as the normal situation and the
other was measured for a different bed composition (10 wt
% of PP4) as the ‘‘agglomeration’’ situation. All time series
have a length of 50 s.

The selection criteria of the four parameters and their
meaning have already been discussed in detail by van
Ommen et al.,9 therefore, repetitive discussions will be omit-
ted. Besides, we would like to point out the choice of the
bandwidth d, which sets the length scale of the smoothing.
Since d will be increased by the increase of embedding
dimension m, which means that the variation of d is
enlarged, it may bring difficulties in practice. To constrain
the parameter d in a range of 0 to 1 for convenience, a nor-
malization procedure is used. The function h(Zi, Zj) intro-
duced by van Ommen et al.9 to calculate the estimator Q̂ is
shown in Eq. 3.

hðZi; ZjÞ ¼ e�jZi�Zjj2=ð4d2Þ (3)

We define a new matrix Dij as

Dij ¼ jZi � Zjj (4)

then we can normalize Dij to ~Dij by

~Dij ¼ Dij �minðDijÞ
maxðDijÞ �minðDijÞ (5)

Diks et al.29 argued that the choice of bandwidth d was
not that of optimally estimating densities but rather that of
finding the proper one for which the test was most powerful.
Figure 7c shows that (1) the optimal bandwidth lies between
0.45 and 0.6, and (2) a bandwidth d of 0.52 yields good test
results.

Sensitivity to changes in agitator speed

The variation of the agitator speed may influence the aver-
age time cycle of the particles, and hence lead to the change
of the optimal settings for the time window and embedding
dimension. We have not found a good method to entirely
reduce the sensitivity to the agitator speed. However, the

Figure 5. Schematic diagram of experimental apparatus.

Figure 6. Cross section diagram of the experimental
apparatus.
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alternative algorithm31 for noise reduction using a discrete
wavelet transform is helpful in case of limited deviations
around the operation parameter. Figure 8 shows that the agi-
tator speed influences considerably on the experimental
results. For variations of the agitator speed smaller than
10%, the S values after denoising stay below 3. For larger
variations, the denoising method cannot remove the influence
of the agitator speed on S, so the entire method is no more
applicable.

To stabilize continuous operation, the industrial agitator
speed is set to a constant. Even during grade transition, the
speed will vary no more than 5%. This characteristic makes

our method applicable to industrial equipment with the help
of the denoising method.

Sensitivity to changes in compressed air flow rate

Compared to agitator speed in industrial HSBR, the varia-
tion of gas flow rate is much greater. In some cases, it could
even reach 50%. Careful experimental observation showed
that the air flow rate around the inlets not only changes the
voidage of polymer bed, but also the collision between par-
ticles and internal wall of the reactor, and thus, the AE sig-
nals. However, the design of the reactor required that the
particles in HSBR are in a subfluidized regime.3 In other
words, the affected areas are constrained generally under-
neath the polymer bed around the inlets. By carefully choos-
ing the positions of the acoustic sensor, the effects of air
flow rate could be minimized.

Figure 9 compares the S values from the signals at differ-
ent positions. For a sensor located between 1/2 D and 1/8 D,
the S values stay below 3. For location of 1/4 D, the S val-
ues are the least sensitive to the air flow rate, whereas at

Figure 7. Influence of time window (a), embedding dimension m (b), bandwidth d (c), and segment length L (d) on
the results of the attractor comparison test.

The points give the average of 10 or 9 S values, for 0 wt % and 10 wt % PP4, respectively. The error bars indicate the standard deviation.
The reference time series has been measured in a bed with 0 wt % PP4.

Table 2. Optimal Parameter Settings for Applying the
Attractor Comparison Test to the HSBR AE Signals

Time
Window

Segment
Length (L)

Embedding
Dimension (m)

Band
Width (d)

0.2 s 4 s 2000 0.52
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1/16 D, the most sensitive, because 1/16 D is located closest
to and most influenced by the air inlets. The sensor at 1/2 D
is near the surface of the bed and is easily disturbed by the
agitator speed. Hence, we should select an appropriate detec-
tion position of sensors to reduce the various external distur-
bances. According to our experiments, the allowable position
for AE sensors monitoring HSBR should be between 1/8 D
and 1/2 D; the optimal position is 1/4 D.

Detection of changes in particle size distribution

The first experiment was carried out to illustrate the influ-
ence of a change in the particle size distribution on the S
values. Three kinds of polypropylene particles (PP2, PP3,
and PP4) with different sizes shown in Table 1 were added
to get a stepwise change in the particle size distribution of
the bed (pure PP1 at first). The reference time series with a
length of 250 s has been measured in a pure PP1 bed and
three sets of evaluated time series with the same length have
been measured in a bed mixed with PP2, PP3, and PP4. The
other conditions for all the time series were the same.

It can be seen from Figure 10 that (1) the S values will
increase with the increasing PP fraction, (2) when adding the
biggest particles (PP4) into the reactor, S already detects a
significant change in the hydrodynamics at a PP4 fraction of
0.04, while with the smallest particles (PP2), S will not get
across the solid line S ¼ 3 until the fraction of PP2 exceeds
0.32. It means that the proposed method is sensitive to the
small changes in particle size distribution with the formation
of relatively large particles, but insensitive to the formation
of medium-size or small-size particles. This characteristic is
considered to have positive and negative aspects when the
method is applied in industrial HSBR to detect agglomera-
tion. The advantage is that it can effectively detect and offer
‘‘early warning’’ on the situations of particles growing up
rapidly, for example, appearance of a hot spot resulting from
high local concentration of catalyst, which can be called
‘‘fast agglomeration.’’ On the other hand, it can be inferred
from the sensitivity to ‘‘medium-size’’ or ‘‘small-size parti-
cle’’ that the ‘‘slow agglomeration’’ cannot be detected until
the agglomerates are sufficiently large. This is a disadvant-
age for industrial practice. However, most of the ‘‘slow

Figure 8. Influence of the agitator speed on the S
value. The reference time series has been
measured at 20 rpm.

At each agitator speed, 10 time series have been evaluated
with and without noise-reduction. The points give the aver-
age of 10 S values, and the error bars indicate the standard
deviation. The solid line at S ¼ 3 indicates the statistical
limit above which a significant change has taken place.

Figure 9. Influence of the air flow rate on the S value.

The time series have been measured with the acoustic sen-
sor located at 1/2 D, 1/4 D, 1/8 D, and 1/16 D. The refer-
ence time series has been measured at 4.0 m3/h. At each
flow rate, five time series have been evaluated. The points
give the average of five S values, and the solid line at S ¼
3 indicates the statistical limit above which a significant
change has taken place.

Figure 10. Detection of changes in the particle-size
distribution.

The reference time series have been measured in a bed
containing only PP1. The evaluated time series have been
measured at eight fractions with three kinds of particles.
The AE signals have been measured at 1/4 D above the
bottom, with a bed mass of 40 kg, agitator speed of 20
rpm, and compressed air flow rate 4 m3/h (each line). At
each fraction, five time series have been evaluated. The
points give the average of five S values, and the solid line
at S ¼ 3 indicates the statistical limit above which a sig-
nificant change has taken place.
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agglomeration’’ is formed because of small drifts of some
key parameters from their set points. Fortunately, these
circumstances could be tackled by resorting to advanced su-
pervisory control system, and the chance of ‘‘slow agglomer-
ation’’ can be minimized correspondingly.

The next two experiments tested the influences of agitator

speed and air flow rate on the S values with changes in the

particle size distribution. Figure 11 shows that the S values

not only depend on the fraction of PP4 but also on the agita-

tor speed, especially at a sufficiently high volume fraction.

Generally, the S values at higher or lower agitator speed are

larger than the middle speed, because the different agitator

speeds lead to different types of collision between the par-

ticles and the internal wall of the reactor. Fortunately, the

denoising method mentioned earlier is working and the criti-

cal points for S values larger than 3 are detected correctly.
The results in Figure 12 are satisfactory. For any PP4

fraction, the S values remain almost constant for different
air flow rates. It is exciting that an optimal position for AE
sensors can decrease the influence of air flow rate.

Detection of grade transition by a multiple-signal
method

Present market needs combined with the broad range of
polyolefin applications have forced the polyolefin industry to
operate under frequent grade transition policies.32,33 During
a transition from one grade to another, the dynamic behavior
might be changed in a nonlinear way due to the complex po-
lymerization kinetics and energy effects. What will happen
to the S values? Can the monitoring method indicate if a
new stationary situation has been reached after an imposed

change9 in HSBR? To illustrate the evolution of S values
during a grade transition, we carried out an experiment of
100 min duration with a ‘‘grade transition’’ from PP1 to PP3
(Type 4).

The cold-flow model with a continuous feed and removal
of solids in which the particle size distribution of the bed is
changing was used to simulate the process of grade transi-
tion. The reference time series was measured in a bed
initially filled with pure PP1. Four AE sensors distributed
uniformly on the outside of the vessel at the same height
(1/4 D) recorded the signals from four different zones of the
reactor. Three minutes after starting, PP3 was introduced
into the reactor. The feeding rate of PP3 was 1.35 kg/min,
and the discharging rate was the same to keep a constant
bed mass. Consequently, more and more PP3 mixed with
PP1 by stirring changed the composition of the bed over
time. One minute long AE time series were evaluated using
the comparison method; the AE time series measured during
the first 3 min of the experiment served as the reference
time series (four sensors had four reference time series indi-
vidually).

Figure 13 shows the evolution of the S values in four dif-
ferent zones. The shapes of the S curves are approximately
the same. They are rising gradually, then approach equilib-
rium, and finally stay at around 6. This indicates two points:
first, the hydrodynamic behaviors have changed from one
state to another since S values exceed the solid line; and sec-
ond a new stationary situation has been reached.

Figure 13 also shows that (1) the main difference among
the four curves is the time when S attains its maximum, and
(2) the time lag between the two successive zones gets lon-
ger. These findings imply that PP3 in the bed is flowing
from zone 1 to zone 4 roughly in a plug-flow pattern with

Figure 11. Influence of the agitator speed on the S
value.

The reference time series have been measured in a bed
containing only PP1. The evaluated time series have been
measured at eight fractions and three agitator speeds. The
AE signals have been measured at 1/4 D above the bot-
tom, with a bed mass of 40 kg and compressed air flow
rate 4 m3/h (4 m3/h each line, 16 m3/h in all). At each
fraction, five time series have been evaluated. The points
give the average of five S values, and the solid line at S ¼
3 indicates the statistical limit above which a significant
change has taken place.

Figure 12. Influence of the air flow rate on the S value.

The reference time series have been measured in a bed
containing only PP1. The evaluated time series have been
measured at eight fractions and three air flow rates. The
AE signals have been measured at 1/4 D above the bot-
tom, with a bed mass of 40 kg and agitator speed 20 rpm.
At each fraction, five time series have been evaluated. The
points give the average of five S values, and the solid line
at S ¼ 3 indicates the statistical limit above which a sig-
nificant change has taken place.
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the presence of backmixing. The results coincide with the
literature reports.2,17

A simple four cells in a series model seems to be able to
explain the experimental results, but it is not our focus in
this article. However, a new function of the monitoring
method has foreseen from the results of multiple-sensor
experiments: localization of agglomeration. Since the AE
sensors are able to collect the signals without mutual inter-
ference, agglomeration or zones where abnormality occurs in
a large HSBR can be located by multiple AE sensors. A
more extensive investigation of this aspect is needed to be
carried out in the near future.

Conclusions

A novel non-invasive method based on acoustic emission
(AE) has been presented for early detection of agglomeration
in horizontal stirred bed reactors (HSBR). Since the AE signal
is sensitive to small changes in the particle size distribution, it
means that AE techniques are able to detect agglomeration in
an environmental friendly way with fairly good accuracy.

The attractor comparison method is based on a general
distance concept between multidimensional distributions. By
comparing the attractor of a reference AE time series at the
normal operating conditions with the attractor of evaluated
AE time series acquired during operation of HSBR, we are
able to get the ‘‘distance’’ (which is called S value in a sta-
tistical way) between the two distributions. An S value close
to zero, under the null hypothesis, indicates a similar eval-
uated situation to the normal operating condition; while an
S value larger than 3 indicates that the hydrodynamic behav-
iors in the evaluated situation have changed and agglomera-
tion might have formed.

External factors affecting the performance of the method
have been reduced. A denoising algorithm based on a dis-
crete wavelet transform has been used to remove a part of
the noise from the agitator which makes the method insensi-
tive to small changes in the agitator speed. Carefully choos-
ing of the AE sensors positions decreases the sensitivity of

the S values to the air flow rate in a lab-scale research. The
allowable range for AE sensors is 1/8 D to 1/2 D above the
bottom; and the optimal position is 1/4 D.

The AE technique based on the attractor comparison
method is sensitive to small changes in the particle size
distribution, which means it possible to offer ‘‘early and
accurate warning’’ of agglomeration in HSBR. Furthermore,
the monitoring method can not only indicate the reach of
new stationary situation during a grade transition, but also
locate the agglomeration in HSBR with multiple-sensors.
However, further experimental research is needed before
applying the method in an industrial HSBR for agglomera-
tion detection.
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Notation

Ak ¼ vector of AE values
�A ¼ average of AE values, V
d ¼ band width for smoothing of points in the state space
D ¼ interior diameter, m
Dij ¼ matrix of |Zi � Zj|
~Dij ¼ normalized matrix of |Zi � Zj|
Fs ¼ sampling frequency, Hz

h(Zi, Zj) ¼ function defined in Eq. 4
L ¼ segment length
m ¼ embedding dimension
Q̂ ¼ estimator for Q
Rf ¼ reducing factor
S ¼ estimator for the normalized squared distance between two

attractors
Tw ¼ time window, s

VcðQ̂Þ ¼ conditional variance of Q̂

Figure 13. Evolution of S values for the grade change experiments.

The S values have been calculated for a grade transition from PP1 to PP3. The reference time series have been measured in a bed con-
taining only PP1. Four AE sensors located at the same height (1/4 D) were used to measure the signals from the four zones of the reac-
tor. The mass flow rate of PP3 added into the reactor was 1.35 kg/min, and the discharging rate was kept at the same level to maintain
the bed mass. The solid line at S ¼ 3 indicates the statistical limit above which a significant change has taken place. [Color figure can
be viewed in the online issue, which is available at www.interscience.wiley.com.]
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xk ¼ normalized AE values in reference time series
Xi ¼ vector of normalized AE values in reference time series
rA ¼ standard deviation of AE values, V
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