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Very often, there are several kinds of different scale structures, such as atomic/mo-
lecular microscale, device/boundary mesoscale and working procedure/operation unit
macroscale, etc., referred in the operation of a blast furnace system. However, not
enough attention has been paid to the multiscale feature of the blast furnace system by
traditional analytic methods which are the average ones over a fixed scale. For this
reason, the current work performs a multiscale identification and further makes a dy-
namical analysis on the blast furnace system from the time series sets of two important
components in the blast furnace hot metal, i.e., silicon content and sulfur content, col-
lected from a pint-sized blast furnace. The results render a strong indication of multi-
scale characteristic and multiple dynamics, i.e., randomicity, chaos, and limit cycle
but with different rates of contribution to the whole system, contained in the blast fur-
nace system. Furthermore, compared with the original blast furnace system, every sub-
scale structure has lower complexity. All of these can serve as guidelines to carry out
modeling, control and optimization on complex blast furnace system from the view-
point of multiscale in the future, and may throw more light on understanding and
characterizing its complex dynamics. © 2011 American Institute of Chemical Engineers
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Introduction

The modeling and control of complex blast furnace system
is one of the oldest puzzles in contemporary metallurgical
engineering both theoretically and experimentally and will
continue to constitute an active research issue of the opera-
tion of the blast furnace in the foreseeable future. The key
reason is that steel industry plays a major role on national
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economy, and a slight improvement may produce consider-
able economic gains. Recently, with fast growing demand
for steel in industry and society plus strongly rising prices
for raw materials and reducing agents, large research effort
has been spent worldwide to understand and control such
complex system. This fact is reflected that many blast fur-
nace mechanistic models'” and model-based controller®*
have been constructed during the past decades. Although pro-
gress in the development of modeling and control techniques
of the blast furnace system has been achieved, these purely
mechanistic models can seldom yield successful application
in practice due to the following reasons: (a) weak real time
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Figure 1. Spatio-temporal multiscale resolution of the blast furnace system.

Left side panel: the flow chart of the blast furnace system. (1) Sintering machine; (2) coke oven; (3) blower; (4) skip car; (5) blast furnace.
Right side panel: an approximate multiscale resolution of the blast furnace system. [Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]

performance; (b) excessive assumptions and simplification;
(c) difficulty in obtaining the analytical solutions of equa-
tions; and (d) very expensive and time-consuming to be con-
structed. As a complementary method, data-driven modeling
is being broadly investigateds_8 and exhibits great potential
for describing the complex behavior of the blast furnace sys-
tem. In addition, rule-based expert system has also been
applied for the blast furnace control by some researchers.’
However, the complexity of the blast furnace system still
forms the main obstacle for realizing the blast furnace
automation. Today, experience and intuition of the operators
are still the main resort for controlling the blast furnace. A
new means of modeling and control for the blast furnace
system need be developed to throw more light on overcom-
ing this hurdle.

The purpose of the blast furnace—a huge countercurrent
reactor and heat exchanger in steel manufacturing, is to pro-
duce molten iron, also called hot metal, from ore. Solid iron
ore and coke are charged layer by layer into the top of the
furnace, while preheated air with possible additives are
blasted through tuyeres located near the bottom of the fur-
nace. The in-furnace process chemistry, multiphase interaction
together with the operating condition of high temperature,
high pressure and existence of packed particles, lead to the
dynamics of the blast furnace system exhibiting the features
of strong nonlinearity'® and nonstationarity.'" Additionally,
some control actions taken in the operation of the blast fur-
nace, such as the adjustment of blast volume, tuyeres diame-
ter, burden distribution and pulverized coal injection, etc., will
make the dynamics identification further complicated, since
these control actions are usually taken as nonstationary exter-
nal noise that can camouflage the nonlinearity of the blast fur-
nace system.'' More importantly, the great difference in the
average residence time of solid, liquid and gaseous phase,
such as 5 to 10 h for the iron ore and liquid phase, 10 to 20 s
for the gaseous phase and 1 to 4 or more weeks for the coke
in the hearth, implies that the blast furnace process dynamics
occurs at different characteristic times, i.e., multiscale na-
ture.'”> Motivated by the work of Li and Kwauk'? and Kwauk
and Li'* in chemical engineering field, a kind of approximate
multiscale resolution of the blast furnace system with three
sublevel structures is illustrated in Figure 1. It is very crucial
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to diagnose and understand such complex multiscale nature
for developing a reliable blast furnace mathematical model.
However, the traditional analysis methods based on the idea
of average at a fixed scale fail to address the multiscale struc-
ture of the blast furnace system. In this regard, multiscale
method seems to be able to offer an exciting possibility for
describing complex blast furnace dynamics. Thus, the current
work is devoted to identifying the multiscale nature and the
dynamics of the blast furnace system in the hope of throwing
more light on characterizing it.

The remainder of this article is organized as follows: in
the next section, the operating data used in this paper is pre-
sented, including data acquisition and data preprocessing.
This is followed by the identification of multiscale nature
and multiple dynamics of the blast furnace system through
nonlinear time series analysis. Finally, conclusions and
points of possible future research are summarized.

Data Acquisition and Preprocessing

The development of nonlinear science indicates that the
dynamics of a system can be addressed by analyzing the
time series of any variable of the studied system,'® so the di-
agnosis of the blast furnace dynamics may be realized by
analyzing the time series of the output variables of the blast
furnace system. Among the output variables of the blast fur-
nace system, hot metal temperature and hot metal composi-
tions, such as silicon content (Si, wt %) and sulfur content
(S, wt %) in hot metal, are the important parameters for
indicating the hot metal quality and the stability of the blast
furnace operation, and thus need to be strictly controlled
around the set points. The control of the blast furnace opera-
tion often means to control these parameters within proper
bounds. Because of extremely high temperature in the iron-
making blast furnace, the highest temperature approaching
2000°C, it is very difficult to directly measure the physical
temperature of hot metal. Instead, the silicon content in hot
metal, often called “chemical temperature of hot metal,” is
taken as the chief indicator of in-furnace thermal state.
Therefore, the time series of the silicon content in hot metal,
denoted by y;, and of the sulfur content in hot metal,
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Figure 2. Time series of silicon content (a) and sulfur
content (b) in hot metal measured from the
selected blast furnace.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

denoted by y,, are used for identifying the multiscale nature
and dynamics of the blast furnace system in this context.

For this study, the time series of the silicon content and sul-
fur content in hot metal are collected from a pint-sized blast
furnace whose working volume is about 750 m®. Figure 2
illustrates the silicon time series and sulfur time series mea-
sured from the selected blast furnace. The size of the records
is 10,000, and the sampling frequency is ~0.5 h™'. The
depicted silicon and sulfur values are measured through a
ladle-wise analysis, a frequently used way to perform chemi-
cal components analysis in metallurgical field, through which
a test ingot sample is taken from part of the heat during the
pouring of the hot metal and then sent to the laboratory for
chemical analysis. The reported 10,000 records in Figure 2
are not the analysis results of 10,000 ladles but the ones of
10,000 heats of molten iron, and the sampling frequency of
approximate 0.5 h™' indicates about 12 heats of molten iron
cast every day. During each tapping, two samples need to be
taken and the time instance for ladle analysis is set as fol-
lows: one sample is taken at the time the volume of the hot
metal occupies one-third of the ladle’s volume, the other is
taken when the volume of the hot metal occupies two-thirds
of the ladle’s volume. The whole tap durations are about
35 min. The arithmetical mean of these two analysis results
acts as the final result of this heat of molten iron, exhibited
in Figure 2. At this point, the above sampling for analyzing
hot metal composition is actually a nonuniform sampling.
There are other means to set time instance for ladle analysis,
such as uniformly distributing the ladle analysis for a tap
over the tapping time, and the way jointly taking into con-
sideration the effect of the time lag between producing
and tapping the hot metal,'® etc. Seen from Figure 2, there
are strong oscillating behaviors in these two groups of time
series, even though an apparent short-term cycle may be
observed, i.e., self-similarity. Also it could be observed that
there are many spikes contained in both time series, which
maybe results from noise. As the realistic measurements, the
blast furnace data, particularly the silicon and sulfur transfer
data, are expected to be associated with a significant amount
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Figure 3. Filtered time series of silicon content (a) and
sulfur content (b) in hot metal.

of noise, such as process noise and measurement noise. The
presence of noise will make the time series quite different
from their natural values and may further lead to misleading
results in diagnosing the dynamics of the blast furnace sys-
tem. Thus, we need to reduce noise in the data sets. Here, a
wavelet soft thresholding filter'” is used to tackle the prob-
lem. This de-noising technique proceeds in three steps:'’ (1)
perform the wavelet decomposition of the studied signal; (2)
apply soft thresholding to the detail coefficients; (3) recon-
struct the de-noising signal based on the original approxima-
tion coefficients and the modified detail coefficients. Figure
3 displays the filtered series. Compared with the original
series in Figure 2, the “spikes” phenomena in the filtered
series are weakened greatly but without loss of natural shape
of the original series. Table 1 presents the statistics of the
original series and the filtered series. It can be observed that
the distributions of the original silicon and sulfur series are
heavy tailed, right skewness, and peaked, while for the fil-
tered data sets, the same distribution property remains but
with the standard deviation reduced slightly and the Skew and
Kurtosis increased slightly. To observe the distribution of the
filtered silicon and sulfur series more carefully, Figure 4
exhibits the histogram of the observed frequencies of occur-
rence of the filtered silicon and sulfur sequences. Clearly,
there are still light right tailed, right skewness and peakness
in the distribution of both filtered data sets. For the filtered

Table 1. Statistics of Silicon Time Series and Sulfur Time
Series from the Selected Blast Furnace

Original Time Filtered Time
Series Series

Statistical Property Silicon Sulfur Silicon Sulfur
Minimum value 0.130 0.003 0.139 0.007
Maximum value 3.420 0.181 3.341 0.171
Mean 0.455 0.028 0.455 0.028
Standard Deviation(SD) 0.162 0.012 0.147 0.010
Interquartile range IQR) —-0.140 —-0.012 —-0.091 —0.011
Pseudo SD —0.104 —0.009 —0.068 —0.008
Coefficient of variability 0.357 0.436 0.323 0.364
Skew 3.624 1.406 4.392 1.561
Kurtosis 33.066 4.741 44985 6.869
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Figure 4. Histogram of the observed frequencies of
occurrence of the filtered silicon series (a)
and sulfur series (b).

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

silicon series, most data points lie in the range [0.2,0.6],
while for the filtered sulfur series, most data points lie in
[0.01,0.04].

Identification and Discussion
Hilbert-Huang transform

As the essence of multiscale structure, the nonlinearity
and nonstationarity exhibited by the studied silicon and sul-
fur time series mean it an arduous task to characterize the
dynamics of the blast furnace system through traditional
techniques based on the idea of average at a fixed scale.'®
For this reason, an analysis of multiscale resolution should
be performed on the studied series to identify the multiscale
nature of the blast furnace system and give rise to more pos-
sibility to capture its dynamics. Among the methods used for

multiscale resolution, Hilbert-Huang transform technique'? is
a Hilbert transform based method and has local and adaptive
properties. Compared with other multiscale resolution meth-
ods, such as wavelet technique that is a linear analysis in
essence, Hilbert-Huang transform is more powerful in deal-
ing with nonlinear and nonstationary signals.

There are two main steps to perform multiscale analysis
using Hilbert-Huang transform; one is empirical mode decom-
position (EMD) and the other is Hilbert transform.'® EMD is
a method to decompose the signals into a number of intrinsic
mode functions (IMFs) by sifting out the innate undulations
belonging to different time scales. For the studied signal
{y(k)}¥= | the sifting process can decompose it to be

k=1>
-

where N is the number of time scales, {C;(k) }N"“ represents the
jth IMF and {IN(k)} 4 is the residual term. The second step is
the Hilbert transform of IMFs. Hilbert transform is a kind of
time-frequency analysis method and can act as a way to derive
the analytic signal of a real signal. For the above resolved

N Naat
=2 Gk

J=1

ey

k=1

IMFs, {Cj(k)}[,:’i*i, J = 1,...,N, their analytic signal, {y(k)} k““{,
are defined as
Yi(k) = Ci(k) +iCi(k) = Aj(k)e "™ j=1,...,N  (2)

Here, C;(k) is the Hilbert transform of C (k), Aj(k) are the
amphtude and ¢;(k) are the phase angle Finally, the
instantaneous frequency w/(-) and further the Hilbert spectrum
of each IMF component can be achieved by computing the
derivative of the phase angle and plotting the frequency-time
distribution of the amplitudes, respectively.

Multiscale resolution of the filtered silicon
and sulfur signals

For the filtered silicon and sulfur signals, EMD method is
performed on them with the results shown in Figures 5 and 6.
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Figure 5. EMD of the filtered silicon recordings, 12 IMFs, C; (i = 1-12), and the residual r.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Figure 6. EMD of the filtered sulfur recordings, 11 IMFs, C; (i = 1-11), and the residual r.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Obviously, there are 12 and 11 IMFs resolved from the fil-
tered silicon and sulfur signals, respectively, and the decom-
posed signals tend to change regularly as j increases even
though large oscillations are present in the first seven com-
ponents. These large oscillations, such as high-frequency
changes in IMF 1, may result from the control actions taken
during measurements, the behavior of the staff in different
shifts or short-term fluctuations in the energy reserve of the
process. More detailed analysis on the IMF 1 will be made
at a later time. While for the longer-term variations in IMFs
6 and 7, they maybe result from the structure changes in the
internal conditions, for example, increased and decreased
permeability of the dead man.?® Also, it should be mentioned
that the numbers of IMFs of the two groups of series are
slightly different, more time scales emerging in the filtered
silicon series. According to the EMD method, the number of
IMFs extracted from original series relies on the experimen-
tal conditions and the stopping threshold, denoted as ¢
here.'” When the experimental conditions are decided, the
value of ¢ will have an effect on the decomposed results.
Huang et al.'” advocated to set ¢ in the range 0.2-0.3. In the
studied silicon and sulfur cases, the number of IMFs is not
sensitive to ¢, so ¢ is set to be a typical value 0.2. The differ-
ence in the numbers of IMF component contained in the fil-
tered silicon and sulfur series indicates that there are more
causes ruling the silicon evolution than the sulfur evolution
in the blast furnace system, and larger difficulty may be
encountered in predicting silicon than predicting sulfur. The
higher complexity of the silicon series could be due to the
fact that the sulfur content of hot metal is largely governed
by slag basicity and, possibly, by the hot metal carbon con-
tent. Also, this difference may lead to difficulty in modeling
the blast furnace system according to every sublevel struc-
ture, since at some sublevel structures the information of
some variables may be scarce, such as sulfur information
being scarce at the twelfth subscale. A possible way to solve
this problem is to set sulfur variable as zero at this subscale
when modeling. Other possible ways for multiscale modeling
will be discussed later.
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To deepen the analysis of the characteristics hidden in ev-
ery IMF component of the filtered silicon and sulfur signals,
Hilbert transform is carried out on them, and then phase
angles corresponding to every IMF component are calculated
with the results exhibited as a function of tapping number in
Figure 7. Seen from Figure 7, there is an apparent separation
between the phase angle plots when 1 < j < 7, and their av-
erage slops, i.e., the mean instantaneous frequencies (wj)
decrease rapidly as the order of IMFs increases , nearly to
be zero when j reaches 8 for both silicon and sulfur cases.
This indicates that the eighth IMF and up can be considered
to have approximate zero mean instantaneous frequencies.
These low frequency parts, related to larger scale structures,
change steadily and regularly as shown in Figures 5 and 6,
which further implies that general less sophisticated averag-
ing methods may be enough to deal with them.*' The
detailed average instantaneous frequencies and the relative
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Figure 7. Phase angle ¢; vs. tapping number obtained

from every IMF component C; of (a) the filtered
silicon time series for j = 1,...,12 and (b) the fil-
tered sulfur time series forj = 1,.. ,11.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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Table 2. Mean Instantaneous Frequencies of the First seven
IMFs Involved in the Filtered Silicon and Sulfur Series

IMF Silicon Series Sulfur Series
Components  (w;) (h™") Ratio (@) (™1 Ratio
C 0.655 (@) 0.673 (o)
Cs 0.425 {e0,) 0.463 (1)
Cs 0.226 ~ ()2 0.246 ~ (02)/2
Cs 0.116 ~ ()4 0.134 ~ (/4
Cs 0.063 ~ (02)/8 0.067 ~ (w7)/8
Cs 0025  ~ (w16 0030 =~ (w)/16
c; 0013 ~ {32 0012 =~ (w)/32

ratios of the first seven IMFs contained in the filtered silicon
and sulfur series are illustrated in Table 2. Since the sam-
pling interval of two groups of series is about 2 h, the results
listed in Table 2 are the average slopes of the phase angle
plots divided by 2. Here, every mean instantaneous fre-
quency is representative of a physical time scale hidden in
the filtered series which can guide the future analysis on
what dynamical level,”! and the signal on every sublevel cor-
responds to the information produced by every subscale system.
A further look at Table 2 suggests that there are only two
fundamental frequencies, i.e., (w;) and (w,), ruling the phase
dynamics of the silicon and sulfur signals, since other frequen-
cies can be approximately obtained from (w,) by second power
decline as the order of IMFs increases. Furthermore, these two
average instantaneous frequencies and their distribution along
the order of IMFs are nearly the same for the silicon and sulfur
series, which means the phase dynamics of the blast furnace
system are not as difficult as expected.” If an appropriate ana-
Iytic tool is adopted, such as multiscale method, some common
features between the physical variables involved in the blast
furnace system can be detected. These common features may
be utilized to simplify the description of the blast furnace sys-
tem dynamics. Therefore, it is possible or may be relatively
simple to quantify the dynamics of the blast furnace system
from the viewpoint of multiscale. However, it should also be
noted that in Table 2 the frequencies (w;) and (w,) of the first
two IMF components are greater than the sampling frequency
0.5 h™', which obviously infract the well-known Nyquist sam-
pling theorem asserting that a signal bandlimited to B Hz
can be recovered by giving its ordinate at a series of points
sampled higher than or equal to 2B Hz. Accordingly, based on
the Nyquist sampling theorem, the studied silicon and sulfur
times series cannot provide reliable frequency information
above 0.25 h™'. The obtained frequency information seems
beyond the sensitivity of the measurement technique and the sam-
pling rate used.”> Despite receiving widespread application, it
should be pointed out that Nyquist sampling theorem demands
uniform sampling in principle, and in addition it only provides a
sufficient condition, but not a necessary one, for complete recon-
struction. There are many cases beyond Nyquist sampling theo-
rem, such as for sparse (or compressible) bandlimited signals.***
Some empirical results about the sampling rate needed for
recover a sparse signal are presented, for example, Tropp et al.>
reported that the sampling rate R (Hz) satisfies

R~ 17K log (W/K + 1) 3

where K stands for the sparsity level and W (Hz) is the Nyquist
rate, i.e., the band limit. For the studied silicon and sulfur time
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series, firstly they are obtained by nonuniform sampling, as
stated in the previous section; secondly, there are only two
fundamental frequencies, i.e., (@) and (w,), relative to the
band limit. Therefore, the studied silicon and sulfur series can be
thought as sparse bandlimited signals with the sparsity level 2,
and Eq. 3 will be used to account for the frequency analysis
results in Table 2. Substituting the sampling frequency 0.5 h™"
and the sparsity level 2 into Eq. 3 can give the maximum
frequency information to be 0.677 h™!, which is a little higher
than the maximum frequency 0.673 h™~ ' in Table 2. Hence, there
is reason to believe that the studied silicon and sulfur series,
sampled with the frequency 0.5 h™', can capture dynamics that
takes place at very different time scale, such as at the frequency
0.673h L. N amely, the results in Table 2 are believable.

A further look at Table 2 and the scale division in Figure
1 may suggest that the first two components resolved from
the filtered series belong to the mesoscale structures of the
blast furnace system since the corresponding time scales
have the magnitude of 10° s, while the remainder compo-
nents are involved in the macroscale structures. Here, it is
worth to mention that the studied silicon and sulfur series
cannot capture the microscale dynamics of atoms and molec-
ular in the blast furnace system due to their low sampling
frequencies. The contribution of every decomposed compo-
nent to the whole series may be evaluated by their energy
distribution. For a digitized signal, its energy is defined as

the squared sum of its amplitude,25 1.€.,

Nar

W= Zl (@) 4)

Let Wi(j = 1,2,...) represent the energy of every resolved
components from the filtered silicon and sulfur series, then the
energy distribution can be expressed as the ratio of energy at
different sublevels to the total energy

R = J 100%
¢ Z_/ 7 x 100% 5)

Shown in Table 3 are the results of the energy distribution.
Clearly, in the range of the current frequency information
captured by the silicon and sulfur signals, over 99% energy is
concentrated in the macroscale structures of the blast furnace

Table 3. Energy Distribution (%) of Every Discomposed
Component of the Filtered Silicon and Sulfur Series

Scale Silicon Sulfur

Meso- Cy 0.88% 0.35% 0.74% 0.37%
C, 0.53% 0.37%
Macro- C; 99.12% 0.60% 99.26% 0.39%
Cy 0.29% 0.40%
Cs 0. 40% 0.32%
Ce 0.96% 0.25%
Cy 6.08% 0.19%
Cg 7.89% 0.66%
Co 2.32% 10.03%
Cio 10.60% 21.28%
Cpy 16.11% 24.30%

Cis 11.32% -
r 42.55% 41.44%
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system while little energy is distributed in the mesoscale
structures. As a result, the dynamics of the macroscale
structure of the blast furnace system is dominant in all
dynamics present in the blast furnace system. More attention
should be placed on this part for the future modeling, control
and optimization purposes, which in turn indicates that the
used analytic methods are convincing since most of the efforts
in the blast furnace modeling so far has already been on the
macroscale. However, even so, it still poses a great challenge
to investigate the macroscale structure since it still includes
multiple sublevel structures.

Dynamic analysis of the resolved components
of the filtered silicon and sulfur series

In the early work,”?® a detailed analysis on the blast fur-
nace dynamics was made, and a deterministic component but
not completely deterministic mechanism was found to rule
the blast furnace dynamics. Based on these studies, a purely
chaos-based predictor was constructed to predict the silicon
content in the blast furnace hot metal.” Since chaotic mecha-
nism is just one of mechanisms ruling the blast furnace
dynamics, the purely chaotic predictor is inadequate to fol-
low the evolution of silicon content. This fact is reflected in
achieving good but not perfect silicon prediction using the
established purely chaotic predictor.” However, the tradi-
tional methods fail to identify the multiple dynamics at dif-
ferent scale and are also unable to separate the deterministic
component from the whole signal, so it is impossible to
build a multiple model for silicon prediction following the
existent mechanisms in the blast furnace dynamics. Now it
becomes possible to identify the multiple dynamics ruling
the blast furnace system at different time scale and establish
a multiple model for silicon prediction. The complicated sili-
con and sulfur series, characterized by strong oscillating
behavior and many local extremum points, are decomposed
into 12 and 11 IMFs, respectively, through multiscale analy-
sis. Dynamic analysis may be performed on these well-
behaved IMFs to identify the present dynamics at different
time scale of the blast furnace system, i.e., to determine the
dynamical behavior of every IMF component to be regular,
chaotic or random. Of course, it should be with great caution
to combine the EMD decomposition with traditional nonlin-
ear measures, since the complex structure of the IMFs makes
it very difficult to extract either qualitative or quantitative in-
formation about the underlying dynamics by applying the
phase space embedding technique.27 Although the effects of
the EMD decomposition on the time-correlation features of
the time series can be negligible,?' traditional nonlinear
measures such as maximum Lyapunov exponent (MLE),
correlation dimension etc. may sometimes fail to decide
the dynamics of these time series after performing EMD
decomposition. In that case, more sophisticated analysis, such
as phase-space dissimilarity measures,”® may be needed,
which can quantify dynamical changes in nonlinear, possibly
chaotic, processes.

Lyapunov exponents, measuring the averaged divergence
or convergence rate of nearby orbits in phase space of a dy-
namical system, are often thought as the most striking indi-
cator to characterize system dynamics. For a dynamical sys-
tem, the number of Lyapunov exponents is equal to the num-
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ber of dimensions of the phase space. Among all the
Lyapunov exponents, the MLE, denoted as 4, is the most
concerned, since it can represent different type of motion of
system, with 4; < 0 indicating stable fixed point; 4; = 0 sta-
ble limit cycle; 0 < A; < oo chaos and 4; = oo randomic-
ity.?” Compared with other indicators of chaos, such as cor-
relation dimension, Kolmogonov entropy, the MLE can pro-
vide more information on orbital instabilities. There are
many algorithms reported in the literature’®>* to estimate
the Lyapunov exponents from a time series, most of which
are based on reconstruction of the phase space.33 However,
these algorithms usually fail to compute the Lyapunov expo-
nents of experimental noisy time series, especially for those
obtained from the ladle analysis. Although the noise reduc-
tion of the original silicon and sulfur sequences are per-
formed prior EMD decomposition, there are probably still
noise in the filtered series and thus in the decomposed com-
ponents. To weaken the effect of the noise on the computa-
tion of Lyapunov exponents, a robust method** to estimate
the MLE is used in the subsequent investigation, which not
only has the robustness over noise but does not depend
explicitly on the correct reconstructed parameters.

Before computing the MLE of every resolved component
of the silicon and sulfur recordings, the reconstructed param-
eters, i.e., delay time t and embedding dimension d, of every
decomposed component should be determined first. These
two parameters reflect important information on the real sys-
tem that produces the studied time series. Delay time
describes how long the dynamical information can be pre-
served between the points while embedding dimension indi-
cates the number of actual process variables needed to model
the system. There exist a lot of methods for determining
these parameters, such as autocorrelation function,35 mutual
information®®  for delay time, and false neighbors,37
improved false neighbors38 for embedding dimension. There-
into, mutual information technique has superior performance
in measuring a more general relationship including linearity
and nonlinearity contained in a time series, and under some
conditions, it can be effectively used to elucidate the deter-
ministic nature of a series.>® Thus, mutual information tech-
nique is used to estimate delay time in the current work. The
improved false neighbors method is used to decide embed-
ding dimension since it can avoid selecting the threshold val-
ues with subjectivity needed in false neighbors technique
and also can distinguish deterministic signal from stochastic
signal.38 Here, to avoid the biased phase space analysis pro-
duced by EMD process, the effect of the EMD process on
the persistence of the resulting IMFs is analyzed using
mutual information function. Figure 8 displays the corre-
sponding results of the silicon and sulfur series and their first
three decomposed IMFs. The curves of the mutual informa-
tion functions for the other IMFs are omitted since they are
all located over the curves of the corresponding original sig-
nals. Clearly, as Briongos et al.?'?’ pointed out, the time
correlation induced by EMD process is almost negligible.
Therefore, the influence of the EMD process on the subse-
quent phase space analysis is almost negligible.

Table 4 gives the results of the reconstructed parameters
of every resolved component of the silicon and sulfur sig-
nals. It is evident that there is no finite embedding dimension
for the first IMF components, C; of the silicon and sulfur

December 2011 Vol. 57, No. 12 AIChE Journal



1-1 1 — | L 44 -c T T T T
(a) x,
e 09p 074 | 4
[=) —=— Silicon series \
® o7l o IMF1 03] Nu ™, -
E ‘ IMF 2 x\‘:‘::i:_:.:::za:i:::.:;giﬁ;
L o5 = IMF3 01
= 0 4 8 12 16 20
© _
>
A
=]
= i
_0_1 PR 1 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160 180 200
T T 1'.1_ "'I T T ¥ T T
1.4 T(b) ‘*. ]
c I . 0.7{1
O 09;—=— Sulfur series | |\ .
® t—o— IMF 1 14 ~a
o 0.3{ *hwy s’ ™
E 07h 4 IMF 2 \{ﬁ :
o —o—IMF 3 4 ‘
‘= 05 L
‘_B I:- /
= 8\ il
S A\
£ AN -
_0.1 Il 1 L Il 1 L Il 1 1
0 20 40 & 80 100 120 140 160 180 200

delay time

Figure 8. Mutual information function of the filtered sil-
icon series (a) and the filtered sulfur series
(b) and their first three IMFs.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

series. This phenomenon rends strong indication of random
behavior in the first IMF components of the silicon and sul-
fur series, which is consistent with that the random compo-
nent of data is mainly included in the first IMF through
EMD process.39 Conversely, the above result also indicates
that the external disturbance, such as control actions taken
during measurements, the behavior of the staff in different
shifts or short-term fluctuations in the energy reserve of the
process, etc., will have almost no effect on the dynamics of
other IMF components. For the random behavior appearing
in the IMF 1, there are three possibilities to produce it. The
first possibility is that there is inherent random dynamics rul-
ing the evolvement of the silicon and sulfur series; the sec-
ond one is that the residual process noise and measurement
noise appear in the C; since it is difficult to filter noise com-
pletely from a real data; while the third one comes from the
blast furnace control actions taken during measurements, the

behavior of the staff in different shifts or short-term fluctua-
tions in the energy reserve of the process, which are viewed
as external noise that can camouflage the randomicity.'' As
far as the studied silicon and sulfur recordings are con-
cerned, the time of their measurements last for more than 2
years, so it is taken for granted that there are many blast fur-
nace control actions taken during this period. Despite being
filtered partly, it is still highly possible that the adopted blast
furnace control actions result in the random component in
the silicon and sulfur series. Some simulation experiments
may be needed to reveal the truth. Here, it should be with
caution to account for the present random behavior in IMF 1
of two groups of time series. However, whatever the possible
reason is, for this random part some random theories and
methods may be directly applied to obtain more information.
In the meantime, the following information is clear from
Table 4: (i) Among IMFs 2-9, the delay time increase grad-
ually as the order of IMFs increase for both silicon and sul-
fur cases. Since larger delay time usually means longer time
the dynamical relationship can be preserved, this result indi-
cate that the information of smaller scale structures will lose
faster than that of larger scale ones. Thus smaller scale struc-
tures in the blast furnace system have more complex dynam-
ics than larger scale ones, i.e., the mesoscale structures of
blast furnace system are more complex than the macroscale
structures. As to the exceptions taking place in the first, the
tenth, the last IMFs, and the residual, the possible reasons
may be that: (a) C; is a nearly complete random series and
mutual information technique is not a good candidate to
determine the delay time.*® The delay time result of C; is
not illustrative to explain complexity. (b) There may be dy-
namics change from IMF 9 to IMF 10. (c) The edge effects
of the data points result in a drop of delay times in the last
IMFs of the silicon and sulfur signals compared with the
previous IMFs.” (d) The residual is not an IMF and thus it
is improper to evaluate its complexity with that of an IMF
using the same criterion. (ii) Larger scale structures have
lower (at most the same) embedding dimensions than smaller
scale structures except the fourth IMF in the sulfur series
case. This result indicates that more (at least the same) phys-
ical variables are needed to capture the dynamics of smaller
scale structures of the blast furnace system, i.e., mesoscale
structures of the blast furnace system are higher dimensional
subsystems and can be thought to be more complex than
macroscale subsystems. Furthermore, although there is a
very high embedding dimension appearing in the fourth
IMF, the embedding dimensions of all IMFs are lower than
the practical number of physical variables of the blast fur-
nace model based on the traditional average methods at a
single scale, such as 20 variables reported by Bhattacharya,’
15 variables reported by Saxén and Pettersson® and 18 varia-
bles reported by Gao et al.” Namely, a high dimensional
blast furnace system is decomposed into a few relative low

Table 4. Reconstructed Parameters (RP) of the Decomposed Components of the Filtered Silicon and Sulfur Series

Series RP Cl C2 C3 C4 C5 C6 C7 Cg C() Cl() Cll C12 r
Silicon T 3 2 4 7 14 30 50 93 128 101 133 73 117
d - 10 10 10 8 5 4 4 3 3 3 3 2
Sulfur T 3 2 3 6 12 29 62 125 130 68 75 - 136
d - 10 10 12 8 5 5 3 3 3 3 - 2
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Table 5. Maximum Lyapunov Exponent of Every Component Resolved from the Filtered Silicon and Sulfur Series

Series Cl C2 C3 C4 C5 C(, C7
Silicon 00 0.001 0.002 0.012 0.013 0.013 0.007
Sulfur 00 0.001 0.002 0.007 0.022 0.010 0.001
Series Cy Cy Cio Ciy Cis r

Silicon 0.002 0.002 0.000 0.000 0.000 —0.000

Sulfur 0.003 0.000 0.000 0.000 - —0.000

dimensional subsystems. In this regard, the complexity of
the blast furnace system is reduced using the multiscale anal-
ysis methods. However, the above analysis cannot provide
any information on the candidate actual variables for every
sublevel scale. Due to the difference in the embedding
dimension of different subscale, the same blast furnace pro-
cess variables, such as coke rate, blast temperature, etc., may
have different contribution to the different sublevel structure.
Other methods, such as principal component analysis, partial
least square, expert experiences, and some reported results,>°
are needed to identify the candidate variables. A feasible
strategy is to analyze the relationship between the actual
blast furnace variables and the output information in every
subscale structure according to the corresponding embedding
dimension. (iii) For the first six IMFs of the silicon and sul-
fur signals, both silicon and sulfur cases have the approxi-
mately equal delay time and embedding dimension at the
same order of IMF. The property of this result is consistent
with that of Hilbert transform analysis where almost the
same mean instantaneous frequencies are found at the same
order of IMF for the first six IMFs of the silicon and sulfur
series. This in turn proves that multiscale resolution of the
blast furnace system is effective and some inherent character-
istics hidden in time series can be explored through scales
decomposition. However, from the seventh and up IMFs, the
delay times are very different between these two groups of
series while the embedding dimensions keep the same nearly.
The great difference in delay time for these IMFs between
two groups of series may result from the different numbers of
their sublevel structures. (iv) The delay time of all decom-
posed components from the silicon series are larger than that
of the original silicon series reported in the early paper,7’2(’
where 7 = 1 is obtained for the silicon series collected from
the same blast furnace as used in this work. This result again
proves that every decomposed component of the silicon series
has lower complexity than the original silicon series, i.e., the
whole blast furnace system being representative of the filtered
silicon and sulfur series, is more complex than its sublevel
systems being representative of the corresponding IMFs.
Some qualitative information about the dynamics of the
blast furnace system is obtained from analyzing the results
of Table 4. In the following, according to the reconstructed
parameters listed in Table 4, the MLE of every component
resolved from the silicon and sulfur series is computed to
characterize the dynamics of the blast furnace system quanti-
tatively. Table 5 exhibits the results of the MLE of every
component decomposed from the filtered silicon and sulfur
series. It can be seen that these resolved subscale levels have
three kinds of MLE values, oo for IMF 1, positive number
for IMFs 2 to 9 in silicon case and for IMF 2 to 8 in sulfur
case, and approximate zero for the latter components, respec-
tively, indicating that there are three kinds of dynamics, i.e.,
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randomicity, chaos, and limit cycle, ruling the evolution of
silicon and sulfur content in the blast furnace hot metal. A
further combination of the current results with the two-scale
structures of blast furnace system obtained from Table 3
reveals that the mesoscale structure of the blast furnace sys-
tem may have two kinds of dynamics, i.e., stochastic mecha-
nism and chaotic mechanism, while the macroscale structure
of the blast furnace have chaos and limit cycle dynamics. Of
course, the stochastic mechanism may be produced by the
incompletely filtered noise or the control actions taken dur-
ing measurements. In a similar manner, these results indicate
that the same subscale structure of the blast furnace system
may have multiple control mechanisms, which together with
the unidentified microscale dynamics in turn implies that the
blast furnace system is indeed highly complex. A more care-
ful look at Table 5 may suggest there is a sudden increase of
MLEs from IMF 4 to IMF 5 in the sulfur case, i.e., the sud-
den increase of chaotic extent from IMF 4 to IMF 5. Addi-
tionally, it should be noted that despite the possible presence
of three kinds of different dynamics in the blast furnace sys-
tem, their contribution to the whole system are not equal.
Given the energy distribution of every subscale structure
illustrated in Table 3, limit cycle is the dominant dynamics,
chaos is the secondary dynamics and randomicity may be
the third dynamics. Thus, a blast furnace system often dis-
plays a globally stable but locally unstable behavior on the
normal operational conditions. These results may serve to
account for the contradiction that there is no significant
change in silicon content when some operation parameters
of the blast furnace system have been changed slightly (sen-
sitive dependence on initial conditions, which is the inherent
feature of chaos), although chaotic behavior is detected in
the evolution of the silicon series.”?® At the same time, these
results can also be used to explain why many models based
on different mechanisms can work for the blast furnace sys-
tem to a certain extent, such as random model,'® chaotic
model,” and deterministic model.” Additionally, these results
can even serve as a guideline for choosing appropriate tools
to model, control and optimize the blast furnace system.
Namely, a multimodal model that reflects periodical, chaotic,
and stochastic features is needed for describing the complex
dynamics of the blast furnace system. In the practice, there
may be two cases to implement the above task. One case is
just to utilize the pure historical records of the silicon/sulfur
series, the other case is to augment other measurable varia-
bles as inputs which are known to have a correlation on the
silicon/sulfur. For the first case, the silicon/sulfur information
on every sublevel structure may be directly utilized to mod-
eling in terms of the corresponding mechanism, such as ran-
dom model for subscale 1 structure, chaotic model for sub-
scale 2 structure, etc. The outputs of every subscale model
are integrated to achieve the final output of the silicon/sulfur
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content. While for the second case, the blast furnace measur-
able variables are carried out the same multiscale decompo-
sition as the silicon/sulfur series firstly, then in every suble-
vel scale, some measurable variables related to the silicon/
sulfur content are screened out as inputs based on principal
component analysis, partial least squares, expert experiences
etc. Finally, every subscale model is constructed according
to the corresponding dynamics, and the integration of every
subscale model output is taken as the ultimate output. Gener-
ally, the second case can yield a more accurate prediction
model than the first case. Despite some advantages exhibited
by using multiscale methods for analyzing the blast furnace
system, like lower complexity and definite dynamic for ev-
ery subscale structure, there are still many difficulties
encountered in the practical modeling of the blast furnace
system, such as errors accumulation from multiple models
and how to integrate the outputs of every sublevel model,
etc. In a word, multiscale modeling for the blast furnace sys-
tem is quite a difficult and broad issue.

Conclusions and Future Research

In this work, the data sets of two key components in the
blast furnace hot metal, i.e., silicon content and sulfur con-
tent, collected from a small blast furnace, are analyzed to
identify the possible multiscale nature and dynamics of the
blast furnace system through combing Hilbert-Huang trans-
form method with some nonlinear time series analysis tech-
niques. The results render strong indication of multiscale
structures, 13 sublevel components for the silicon series and
12 sublevel components for the sulfur series, and multiple
dynamics, chaos, limit cycle, and possible randomicity,
contained in the blast furnace system. However, the contri-
butions of every dynamical mechanism to the whole blast
furnace system are not equal. The macroscale structure of
the blast furnace system containing chaos and limit cycle
dynamics needs to be given special attention in the future
research due to its high (99%) energy rate.

The main contribution of the current work is to provide an
experimental basis for performing multiscale analysis on the
blast furnace system. Future investigations may include mod-
eling of every subscale structure of the blast furnace system
and integrating these models; finding proper control strategies
to reflect the detected dynamics; investigating the correlation
and coupling strength between adjacent subscale structures;
augmenting other important variables involved in the blast
furnace system, such as some input variables, i.e., blast tem-
perature, blast volume and coke rate, etc., for multiscale reso-
lution; analyzing the effect of the size of the original data sets
on the results and applying the current work to other modern
large-scale blast furnace, etc. All of these are deemed to be
helpful to throw more light on understanding and controlling
the blast furnace system. In conclusion, notwithstanding some
limitations, the diagnosis of multiscale nature and multiple
dynamics of the blast furnace system provide a novel thought
to analyze and characterize the blast furnace system.
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