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a b s t r a c t
With the fast growth in intermittent renewable power generation, unprecedented demands for power
plant operation ﬂexibility have posed new challenges to the ageing conventional power plants in the
UK. Adding biomass to coal for co-ﬁred power generation has become widely implemented practices
in order to meet the emission regulation targets. These have impacted the coal mill and power plant operation safety and reliability. The Vertical Spindle mill model was developed through the authors’ work
before 2007. From then, the new research progress has been made in modelling and condition monitoring
for Tube-ball mills and is reported in the paper. A mathematical model for Tube-ball milling process is
developed by applying engineering principles combined with model unknown parameter identiﬁcations
using a computational intelligent algorithm. The model describes the whole milling process from the mill
idle status, start-up to normal grinding and shut-down. The model is veriﬁed using on-site measurement
data and on-line test. The on-line model is used for mill condition monitoring in two ways: (i) to compare
the predicted and measured mill output pressure and temperatures and to raise alarms if there are big
discrepancies; and (ii) to monitor the mill model parameter variation patterns which detect the potential
faults and mill malfunctions.
Ó 2013 The Authors. Published by Elsevier Ltd. All rights reserved.

1. Introduction
Around 40% of electricity in the world is currently generated by
coal-ﬁred power plants. The total UK coal-ﬁred power generation
capacity is around 28 GW. With recently increased penetration of
renewable power generation, coal-ﬁred power stations are required to operate more ﬂexibly to serve as peaking load generation
plants, to work with more varied coal speciﬁcations and to regularly add biomass materials to coal. In this way, the coal ﬁred
power plants are required to vary their output more frequently
in response to the electricity load demand changes, which results
in more frequent mill start-ups and shut-downs. This greatly increases the risks of explosions or ﬁres in milling processes in associated with the UK aging power stations which were built 30 years
ago. On the other hand, as one strategy of achieving green and sustainable energy target, combining bio-mass materials with coal as
co-ﬁred fuel is nowadays already a general practice at coal ﬁred
power plants in the UK. This, in turn, has a big impact on power
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plant operation safety ([1–3]). The UK PF Safety Forum recently reported an increase in the frequency of mill incidents in the UK.
However, it is difﬁcult to identify the potential incidents of mill
ﬁres at the early stage to prevent its happening ([4]). The objective
of the paper is to develop a model-based on-line mill condition
monitoring method and tool.
The early work on mill modelling has been reviewed and compared by Austin in 1971 ([5]). Austin et al. in their series of papers
[6–8], analysed a ball-and-race mill and derived a detailed model
based on a scale-up of the Hardgrove mill to an industrial mill. Neal
et al. [9] performed a frequency analysis of mill and boiler complex, and analyzed its effects on the steam pressure. This work
led to a simple transfer function plant model. Similarly, Bollinger
and Snowden [10] performed an experimental study of a mill’s
transfer function model in order to devise feed forward controllers.
An approximated linear transfer function model was reported in
[11,12]. Mill modelling using system identiﬁcation method was reported by Corti et al. in 1984 [13]. With specially designed input
signals, a linear discrete time model was obtained by Cheetham
et al. in 1990 [14], in which system time-delay was considered.
An approximated linear time varying mill model was derived by
Fan et al. in 1994 [2]. A polynomial matrix model was reported
in [3].
Zhang et al. developed a nonlinear mathematical model for the
normal grinding process of Vertical Spindle coal mills using on-site
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measurement data and an evolutionary computation technique in
2002 [15]. A realistic technique for implementation of the model in
real-time was demonstrated in 2006 [4,16]. Niemczyk et al. [17]
were inspired by the work reported in [4,15] and improved the
work in certain aspects: a rotating classiﬁer is included and the
mill temperature equation is based on the ﬁrst principles. Niemczyk also used an alternative computational algorithm called
‘‘differential evolution algorithms’’ to estimate the model parameters. In 2010, Kamalesh et al. built a mathematical model of Vertical Spindle coal mill by the CFD (computational ﬂuid dynamics)
technology that considers exchange of heat, mass and forces between primary air and coal, providing insights into the internal
mill aerodynamics [18]. A recent study by Dahl-Soerensen and Solberg [19] shows that it is possible to acquire good estimates of the
pulverized fuel ﬂow rate by means of sensor fusion using Kalman
ﬁlter techniques. Recently, in 2011 and 2013, ABB has reported
their work in nonlinear coal mill modelling for vertical roller pressure mills and its application to mill control ([20,21]). In the reported work, mill model parameter sensitivity analysis was
performed and the results were used to guide parameter
optimisation.
Tube-ball mill is another dominant type of coal mill apart from
Vertical Spindle mill in industry. Compared with the Vertical Spindle mills, Tube-ball mills have a much higher grinding capacity.
However, there are fewer literatures found in studying Tube-ball
mill operation compared with the Vertical Spindle mill. Ma et al.
introduced a black box Neural Network model for Tube-ball mills
in 2005 [22]. Although the Neural Network can have a good model
performance for certain operation status, it provides very little
information about the mill physic operation. With the knowledge
gained from the study of the Vertical Spindle mill model ([4,16]).
The team at Warwick started working on Tube-ball mill modelling
with the ﬁnancial support from British coal utilisation research
association. Our initial work for Tube-ball mill normal grinding
process modelling was reported in [23,24]. This paper will report
the new work on developing a multi-segment Tube-ball mill model
for the whole milling process condition monitoring. The main contributions of this paper are: (1) a multi-segment model to represent the starting-up, normal grinding, shutting-down and idle
stages which extended the work reported in [23,24]. The test results demonstrated that the model can represent the milling process well, (2) the model is implemented on-line for mill
condition monitoring and safe operation. The multi-segment mill
models is able to switch from one segment to the next automatically in real-time by capturing the segment change ﬂag/triggering
signals, and (3) two particular case studies are reported to demonstrate how the mode-based approach is used for mill fault detection and condition monitoring.

2. Tube-ball mill mathematical model for normal grinding
operation process
The working principle of the coal mill is illustrated in Fig. 1 [25].
In normal practice, there are two coal feeders for each mill. Once
the raw coal ﬂows into the mill barrel with hot primary air, the iron
balls inside the rotating barrel will continuously crash the coal until it is ﬁne enough to be blown out the mill to the furnace. To model the process, the measured input and output variables are
identiﬁed ﬁrst. From the study of the plant DCS (distributed control
and monitoring systems) data, the feeder actuator positions are
considered as one of the input variables, that is, two feeders’ (A1
and A2) actuator positions: AP1 (%) and AP2 (%). The mill inlet pressure DPIn and primary air inlet temperature Tin are also classiﬁed as
the system input variables. The output variables are mill outlet
pressure DPOut, outlet temperature TOut and mill power P. Some
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Fig. 1. Working process of a Tube-ball mill.

intermediate variables are also introduced which are not measurable in practice due to lack of suitable sensors or impossible installation of sensors. Those variables are the mass ﬂow rate of
pulverized coal output from mill Wpf, the mass of un-pulverized
coal inside the mill Mc, and the mass of pulverized coal inside
the mill Mpf. The full list of the variables is given in Table 1. The
mill mathematical model is derived through analysis of mass, heat
and energy balances.
2.1. Mass ﬂow analysis
In the Tube-ball mill system, each feeder is driven by a variable
speed electric motor. Right before the feed hopper, a bunker discharge valve is installed to control the mass ﬂow. In the system,
both the feeder motor current and discharge valve actuation position are measured. The mass ﬂow rate varies with the mill current
and valve position and is calculated by the following equation:

W c ðtÞ ¼ C f 1 ½K f 1 AP1 ðtÞ þ 3:3 þ C f 2 ½K f 2 AP2 ðtÞ þ 3:3

ð1Þ

where AP1 and AP2 are the feeder actuation positions. The parameters in Eq. (1) were obtained through the on-site power plant test
with integration of the knowledge of plant engineers. For the mill
discussed in the paper, Kf1 = 32.60; Kf2 = 31.64, which should be
re-identiﬁed for different mills. When the damper is closed but
the feeder is still in operation to feed the raw coal to the mill which
is speciﬁed in the power plant operation procedure. This has led to
the residual value of 3.3 in (1), which is obtained from the test conducted by plant engineers. Cf1 and Cf2 are Boolean logical variables
to represent which feeder is in operation, that is, Cf1 = 1 or Cf2 = 1 if
mill A1 or A1 = 2 feeder is in operation; otherwise, Cf1 = 0 or Cf2 = 0.
The air ﬂow system of a Tube-ball mill can be described by the
diagram in Fig. 2, in which 7A, 8A and 14A are inlet air dampers
while 12A1 and 12A2 are exhaust outlet dampers. The DPin and
DPout in the ﬁgure represents the inlet differential pressure and
the outlet pressure of the mill [22]. From the ﬂuid mechanism,
the air blowing into the coal mill is governed by:

W air ðtÞ ¼ j1

pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
DPin ðtÞ þ j2

where DPin is the mill inlet differential pressure (mbar); Wair is the
mass ﬂow rate of the inlet air (kg/s). The two parameters j1 ; j2 are
obtained from the mill operation data which are 12.42 and 4.01
respectively.

W air ðtÞ ¼ 12:42 

pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
DPin ðtÞ þ 4:01

ð2Þ

To simplify the modelling process, the coal inside the mill barrel
is classiﬁed into the pulverized and un-pulverized two categories
only. The mass ﬂow of the coal during the mill grinding operation
can be schematically illustrated by Fig. 3. The raw coal is fed into
the mill by the feeders at a mass ﬂow rate of Wc. By tumbling
the raw coal Mc with a charge of steel balls, the pulverized coal
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Table 1
The list of coal mill inputs and outputs variables.
Input variables

Intermediate variables

Output variables

AP1 (%) – A1 feeder actuator position
AP2 (%) – A2 feeder actuator position

Mc (kg) – mass of coal in mill
Mpf (kg) – mass of pulverized coal in
mill
Wc (kg/s) – mass ﬂow rate of raw coal
into the mill
Wpf (kg/s) – mass ﬂow rate of pulverized
coal out of mill

Tout (°C) – mill outlet
Temperature

Tin (°C) – primary air temperature inlet the mill
IP (Amp) – mill current that is used to indicate the power consumed by the mill so it normally
refers as ‘‘mill power’’ by plant engineers
DPIn (mbar) – mill inlet pressure

DPOut (mbar) – mill
outlet pressure

coal pulverized. Mpf(t) is impossible to be measured in practice so
it is treated as an intermediate variable and can only be predicted
by the model. From Eq. (5), the changes in mass of the pulverized
fuel inside the mill vary with the difference of the fraction of
pulverized coal and the pulverized coal ﬂow out from the mill.
2.2. Variations of mill pressure
While pulverizing the coal, the mill barrel rotates at the speed
around 15 rpm. The outlet pressure DPout is inﬂuenced by the coal
mass ﬂow and the power of the exhaust fans. The rate of the
changes is governed by the following equation:

DP_ out ðtÞ ¼ K 9  IPE1 ðtÞ þ K 10  IPE2 ðtÞ þ K 11  Mpf ðtÞ þ K 12  Mc ðtÞ

Fig. 2. Sketch of the air ﬂow system of a Tube-ball mill.

þ K 13  DPin

diff ðtÞ

þ K 18  DPout ðtÞ

ð6Þ

where K9, K10, K11, K12, K13, K18 are the unknown coefﬁcients to be
identiﬁed.
2.3. Thermal process analysis

Fig. 3. Illustration of mass ﬂow.

Mpf is produced and carried out by the warm air ﬂow to the mill
outlet with a mass ﬂow rate of Wpf. In order to maintain the coal
level inside the mill, the total mass of coal fed into the mill should
be close to the total mass ﬂowing out the mill. So the ﬂow rate Wpf
of the pulverized coal output from the mill will be equal to the ﬂow
rate Wc of the raw coal ﬂowing into the mill at the steady state
eventually. From the mass ﬂow balance, the coal ﬂow rates are
governed by Eqs. (3)–(5).

W pf ðtÞ ¼ K 16 DPout ðtÞM pf ðtÞ þ

h

C E1 IPE1

þ

C E2 IPE2

i

 K 19

ð3Þ

_ c ðtÞ ¼ W c ðtÞ  K 15  Mc ðtÞ
M

ð4Þ

_ pf ðtÞ ¼ K 15  M c ðtÞ  W pf ðtÞ
M

ð5Þ

where CE1 and CE2 are logical control parameters, that is, CE1 = 1 if
mill A1 (Fig. 2) exhauster fan current IPE1  22 A, otherwise
CE1 = 0; CE2 = 1 if mill A2 exhauster fan current IPE2  22 A, otherwise
CE2 = 0; K15, K16 and K19 are the unknown parameters to be identiﬁed using parameter identiﬁcation methods described in the late
section.
Eq. (3) is derived as the ﬂow rate of PF (pulverized fuel) out of
the mill Wpf(t) is dependent on how much coal is already pulverized Mpf(t) and the mill outlet differential pressure resulted from
the power of the two exhauster fans DPOut(t). Eq. (4) shows that
_ c ðtÞ is controlled by the difthe change of mass of coal in the mill M
ference between the coal ﬂow into the mill and the fraction of the

Hot air is swept through the mill by two variable speed fans,
and the air acts as both the drying and transporting agent for the
coal. If the coal mill heating process is treated as it happens in an
isolated environment as shown in Fig. 4, the heat input into the
coal mill and the heat output from the coal mill complies with
the heat balance rule. The heat into the coal mill Qin includes the
heat from raw coal Qcoal and the heat from the hot air Qair. The heat
out from the coal mill Qout includes the heat outlet in the pulverized coal Qpf and the heat emitted from the mill body to the environment Qe. For heat balance, the change of heat in the mill Qmill
can be described as:

Q mill ¼ Q coal þ Q air  Q P:F:  Q e :
The heat can be obtained through the temperature variations
and the quantity of heat brought in from the warm air. Based on
the heat balance rule, the mill outlet Tout is determined by the
following equation:

T_ out ðtÞ ¼ K 1  T in ðtÞ þ K 2  W air ðtÞ  K 3  W c ðtÞ þ K 14  IP ðtÞ
 K 20  T in ðtÞ  T out ðtÞ þ K 17  T out ðtÞ

ð7Þ

where K1, K2, K3, K14, K17 and K20 are the unknown coefﬁcients to be
identiﬁed.

Fig. 4. Mill thermal balance.
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In summary, the complete coal mill model for the mill normal
grinding process is described by (1)–(7) and all the variables in
the equations are deﬁned in Table 1.
3. Multi-segment mill mathematical model
The mathematical model described in the previous section is
suitable for the mill operating at the normal grinding process but
cannot represent the whole milling process from the mill startup to shut-down. The mill start-up and the individual operation
stages must follow the operation procedures required for power
plant safe operation. The operation procedure speciﬁes a pre-deﬁned ‘‘on/off’’ logical sequence that must be followed by different
devices and functions while they start or stop.
3.1. Coal mill start-up/shut-down operational sequences
The start-up sequence for a typical coal milling process can be
divided into six different operational stages (O1–O6) [25], as
shown in Fig. 5. During the typical start-up sequence, one of the
two exhausters started at the minimum speed to purge the system
(O1). Then the pre-start checking process is initiated and the jacking and lubrication oil start circulating (O2). When the mill oil system is satisﬁed the lubrication requirement and the inlet and
outlet dampers are closed, the mill motor starts (O3) and then
the coal feeder is switched on at the minimum speed (O4). The
associated outlet damper opens as a following on action and the inlet damper will open after 5 s of O4 (O5). The ﬁnal step is to shutdown the jacking oil when the mill is running and lubricating oil
ﬂow is established (O6) [25].
Similarly, a typical coal mill shut-down sequence can be divided
into ﬁve different operational stages (O7–O11) [25], as shown in
Fig. 6. The ﬁrst stage is to shut down one of the exhausters if both
of them are in operation (O7). The exhauster will purge at the maximum speed for 10 min before it stops. Also, the feeder is switched
off, which will prevent continuously feeding more raw coal into the
mill (O8). The mill starts shutting-down with the jacking oil pumps
start, and the inlet and outlet dampers are closed when the jacking
oil pressures are established (O9–O10). Finally, the second exhauster is turned off. Similarly, the exhauster will purge at the maximum speed for 10 min then stops completely (O11).
The operation of a mill from the start-up to shut-down will
experience 11 stages. To distinguish the different stages, ﬂag signals are required to indicate which operational stage the system
is in. However, there is no direct logical indicator logged into the
database at the plant to give the information to the DCS. So the
alternative analogue signals of indirect variable values and also
the logical values of the plant operations are considered, for example, the analogue signal of A1 feeder motor current and the Boolean
signal indicting the mill inlet damper open are chosen to play the
role of ﬂag signals. Accordingly, the system’s operational stages can
be identiﬁed and triggered for changes in the simulation program.
Detailed descriptions are given in the following subsections.

Fig. 6. A typical shut-down sequence.

3.2. Multi-segment coal mill mathematical model
From the analysis of the coal mill start-up and shut-down operation sequence provided in [25], the eleven different operation
stages (see Figs. 5 and 6) can be grouped into ﬁve working conditions of the coal mill system. A ﬁve-segment coal mill model is
then developed, and the schematic diagram of which is shown in
Fig. 7. The mathematical models for each segment are described
in the following subsections.
3.2.1. Mill mathematical model Segment I
The duration of this segment is the ‘‘mill preparation’’ process
for start-up, which represents the operational stages O3–O4. During this period, the mill motor starts, but both feeders are still in
idle status. The inlet damper is closed. As the coal mill feeders
are off, there is no raw coal (Wc) ﬂowing into the coal mill. One
or two of the mill exhausters are on, but the outlet dampers remain
closed. Therefore there is no pulverized coal outlet (Wpf) from the
mill to the burner. Similarly, the inlet air damper ‘‘8A’’ is keeping
closed at this duration, so there is no hot air (Wair) inlet into the
coal mill. During this segment, no coal ﬂows into and out of the
mill so the mill body can be treated as an isolated volume. The mill
outlet pressure becomes the atmosphere pressure and the outlet
temperature varies with no heat taken in. The mill motor is on so
the grinding process starts. The raw coal (residual coal from the
previous operation cycle) inside the coal mill (Mc) reduces due to

Fig. 5. A typical start-up sequence.

Fig. 7. Five segments for modelling.
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grinding, and the pulverized coal inside the mill (Mpf) increases.
The Mill Model Segment I are derived as follows:

W pf ðtÞ ¼ K 16

W air ðtÞ ¼ 0

ð8Þ

_ c ðtÞ ¼ K 15
M

W c ðtÞ ¼ 0

ð9Þ

_ pf ðtÞ ¼ K 15
M

W pf ðtÞ ¼ 0

ð10Þ

_ c ðtÞ ¼ K 15 I  Mc ðtÞ
M

ð11Þ

_ pf ðtÞ ¼ K 15 I  M c ðtÞ  W pf ðtÞ
M

ð12Þ

DPout ðtÞ ¼ 0

ð13Þ

IV DP out ðtÞM pf ðtÞ

DP_ out ðtÞ ¼ K 9

ð14Þ

where K 15 I and K 17 I are unknown coefﬁcients to be identiﬁed.
3.2.2. Mill Model Segment II
The segment is for preparation of the coal feeder, which lasts
from O4 to O5. In Segment II, the status for the mill motor and inlet
damper is the same as Segment I apart from start of one of the
feeders. The feeder starts to feed coal into the mill for grinding
as described in (16). In this segment, the inlet and outlet air dampers are still closed. Consequently, there is still no Wair into the coal
mill, likewise there is no Wpf outlet from the mill although grinding
is kept going. Since there is raw coal fed into the mill, the mass of
raw coal (Mc) and mass of pulverized coal (Mpf) varies, which are
modelled by Eqs. (17 and 18). For this segment, we have:

W air ðtÞ ¼ 0

ð15Þ

W c ðtÞ ¼ C f 1 ½K f 1 AP1 ðtÞ þ 3:3 þ C f 2 ½K f 2 AP2 ðtÞ þ 3:3

ð16Þ

W pf ðtÞ ¼ 0

ð17Þ

_ c ðtÞ ¼ W c ðtÞ  K 15
M
_ pf ðtÞ ¼ K 15
M

II

II

 M c ðtÞ

 M c ðtÞ

DPout ¼ 0
T_ out ðtÞ ¼ K 17

ð18Þ
ð19Þ
ð20Þ

II

 T out ðtÞ

ð21Þ

where K 15 I and K 17 I are unknown coefﬁcients to be identiﬁed for
the segment.
3.2.3. Mill Model Segment III
Model Segment III is the normal grinding segment and the
model is described by (1)–(7). The duration of this model segment
is valid from O5 to O8.
3.2.4. Mill Model Segment IV
Mill Model Segment IV represents the shutting-down process of
a coal mill, which is from O8 to O10 in all the eleven overall operational stages. Studies of coal mill start-up/shut-down operational
sequences shows that the mill motor and the inlet damper is on
during this period, while the feeders are not feeding raw coals into
the mill as all the coal feeders are off in this segment (Wc = 0). All
the other equipment still operates as the previous segment. The
mill motor is kept running and at least one of the exhausters is
kept on extracting pulverized fuel out. The model for this segment
is shown as follows:

W air ðtÞ ¼ 12:42 
W c ðtÞ ¼ 0

pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
DPin ðtÞ þ 4:01

ð22Þ
ð23Þ

ð25Þ

 M c ðtÞ  W pf ðtÞ

IV

 IPE1 ðtÞ þ K 10

þ K 12

IV

IV

ð26Þ

 IPE2 ðtÞ þ K 11

 Mc ðtÞ þ K 13

IV

 DPin

IV

diff ðtÞ

 M pf ðtÞ
þ K 18

IV

 DPout ðtÞ
T_ out ðtÞ ¼ K 1

IV

ð27Þ

 T in ðtÞ þ K 2

P

 I ðtÞ  K 20
T_ out ðtÞ ¼ K 17 I  T out ðtÞ

ð24Þ

 M c ðtÞ

IV

IV

h
i
þ C E1 IPE1 ðtÞ þ C E2 IPE2 ðtÞ  K 19

where K 1 IV ; . . . ; K 20
Segment IV.

IV

 W air ðtÞ  K 3

IV

IV  T in ðtÞ  T out ðtÞ þ K 17

IV

 W c ðtÞ þ K 14
IV  T out ðtÞ

IV

ð28Þ

are unknown coefﬁcients to be identiﬁed in

3.2.5. Mill Model Segment V
Model Segment V stands for the duration while the coal mill is
idle, valid between O10 and O3. This is the only segment while mill
motor is off. The coal mill system situates in the idle stage. As the
inlet and outlet dampers are all closed, the mill can be treated as an
isolated object, the mill outlet pressure will take the atmosphere
pressure and the mill outlet temperature decreases gradually.
The mill model equations for this segment are described by:

W air ðtÞ ¼ 0

ð29Þ

W c ðtÞ ¼ 0

ð30Þ

W pf ðtÞ ¼ 0

ð31Þ

_ c ðtÞ ¼ 0
M

ð32Þ

_ pf ðtÞ ¼ 0
M

ð33Þ

DPout ¼ 0

ð34Þ

T_ out ðtÞ ¼ K 17

V

 T out ðtÞ

ð35Þ

where K 17 V is an unknown coefﬁcient to be identiﬁed for this segment. Analysing the characteristics of different mill operation segments, the triggers are implemented that enable the model to
switch from one segment to another. A Boolean variable D53 from
the data that indicates the status of the air inlet damper is introduced to this trigger algorithm. D53 = 1 when the damper is on,
while D53 = 0 when it is off. The logic behind the model segment
switches are illustrated in Fig. 8 and this diagram of logic is implemented in the mill condition monitoring software.
4. Model parameter identiﬁcation using intelligent
Computational algorithms
An intelligent computational algorithm is adopted to identify
the unknown parameters or coefﬁcients of the mill model. After
reviewing the multiple available methods for parameter identiﬁcations, two intelligent computational algorithms are highlighted for
further investigation, which are Genetic Algorithms (GAs) and Particle Swarm Optimisation (PSO). From the study, it is found that
Genetic Algorithms is more robust than PSO although PSO is faster
than GAs for this mill dynamic process parameter identiﬁcation
[4]. So GAs is chosen as a more stable algorithm for parameter
identiﬁcation, real-time and on-line implementation.
The parameter identiﬁcation process using GAs is illustrated by
the block diagram shown in Fig. 9. In this project, twelve sets of
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Table 2
The property settings for the Genetic Algorithms.

Fig. 8. The algorithm of the segment trigger algorithm.

on-site process data with sampling interval of 5 s have been collected from the power station of the industrial partner, which represent the milling processes at different operation conditions.
These on-site measurement data are organized into two groups:
one group for identiﬁcation of the model unknown parameters
while the other for verifying the identiﬁcation results. Genetic
Algorithm software tool provided by the ‘‘global optimization toolbox’’ in the Matlab environment from Mathworks Inc is adopted
for implementation of the whole parameter identiﬁcation process.
The parameter initial values are chosen to be within the parameter
boundaries derived from the real plant operation process, which
are coded speciﬁed by GAs. The settings for the Genetic Algorithm
optimization are given as Table 2.
The ﬁtness function is shown in (36), which compromises the
sum of the weighted errors between the normalized outputs
measured from the coal mill and the normalized outputs from
the estimation using the mill model.

fitness ¼

n
X
ðW 1  jT out  T out s j þ W 2  jDPout  DPout s jÞ

ð36Þ

t¼0

where Tout and DPout are the measured model outputs and Tout_s and
DPout_s are the model outputs estimated by the simulation. W1 and
W2 are the weighting coefﬁcients of the outputs. Following the
model parameter identiﬁcation scheme described above, the model
parameters of each model segment are identiﬁed with the data sets
used, which are listed in Table 3.
With the parameters identiﬁed, the model validation results are
shown in Figs. 10 and 11, in which the dotted lines are the measured data while the solid lines represent the simulated results.
In which, Figs. 10(a) and 11(a) show the on-line measured output
comparing with the predicted/simulated output. Figs. 10(b) and

Fig. 9. Schematic of the model’s coefﬁcients identiﬁcation.

Name of the GA properties

Value of the GA properties

Maximum generations
Population size
Generation gap
Crossover ratio
Mutation ratio

100
50
90%
70%
5%

11(b) give the intermediate variables which are not measurable
in real power plants. The calculated/estimated intermediate variables provide extra information which indicates what is happening
inside the mill. This has been proved very valuable in condition
monitoring and fault detection.
The simulation results for validation indicated that the multisegment mill model can capture the segment change ﬂag/triggering signals and transfer the model from one segment to the next
automatically. The simulated dynamic responses can follow the
measured real mill output data well. The model can represent
the mill main characteristics and features well. Finally, the on-line
model is installed at the industrial partner’s power station for test
and the mill model parameters will be re-identiﬁed when the coal
speciﬁcations changed.

5. Model based on-line condition monitoring
The mathematical model is implemented on-line for model validation. After three months on-line test, the mill model demonstrated to have robust performance. As described in the section
of Introduction, combining bio-mass materials with coal as co-ﬁred
fuel is nowadays already a general practice at coal ﬁred power
plants in the UK. This has caused notable serious problems to mill
safe operation because biomass materials presented different characteristics of hardness and burning points and also coal and biomass materials are unlikely mixed in a uniform manner inside
the mill. This has caused more incidents at power plants so the mill
modelling project is extended to develop a model based on-line
condition monitoring algorithm and software for Tube-ball mills.
The block diagram for on-line mill condition monitoring system
is shown in Fig. 12. The mill model is running in parallel with
the power plant coal mill operation; the measured and predicted
outputs are displayed on the computer screens in the power plant
control room. When the measured and predicted mill outputs are
over the pre-set threshold values, the system will raise alarm reports to give warning signals. This model based monitoring system
has a function for on-line estimation of the total quantity of the
residual coal inside the mill (or mill level) which is normally not
measurable. This estimation for ‘‘coal inside the mill’’ is very valuable for maintaining mill operation safety. Excessive accumulation
of coal inside the mill will increase the mill drive system power
and cause mill damages; the excessive coal will also accumulate
heat inside the mill to trigger potential ﬁres. The coal inside the
mill provides extra information to plant operators to identify mill
faults at its earliest possible stage.
With the on-line mill mathematical model, a new parameter
signature identiﬁcation method is further developed to strengthen
the condition monitoring performance. The key idea of the new
method is: in addition to observing the mill outputs alone, the mill
key parameter variations will be used for potential mill fault
detections.
A number of tests have been conducted in the following ways:
the mill model parameters will be re-identiﬁed on-line in every
minute. With the updated parameter values, if there is a big gap
in between the measured and predicted mill outputs, it is very
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Table 3
The identiﬁed model parameters of the model Segment I–V.
Parameters

Segment I

Segment II

Segment III

Segment IV

Segment V

K1 i
K2 i
K3 i
K9 i
K 11 i
K 12 i
K 13 i
K 14 i
K 15 i
K 16 i
K 17 i
K 18 i
K 19 i
K 20 i

N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
0.000311
N/A
0.000233
N/A
N/A
N/A

0.014483
N/A
N/A
N/A
N/A
N/A
N/A
N/A
0.000301
N/A
0.01
N/A
N/A
N/A

0.629170
0.003472
0.264450
0.022766
5.84E05
0.000144
4.622867
0.013445
0.001102
4.60E05
0.021802
0.684027
0.010012
0.008609

0.179836
0.003250
N/A
0.010173
4.02E06
0.000419
5.166732
0.007214
0.001133
4.50E05
0.028476
0.998763
0.010017
0.003019

N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
0.000026
N/A
N/A
N/A

Fig. 10. (a) Model simulated and measured outputs with data set 1 and (b) model intermediate variables with data set 1.

likely that faults exist and an alarm should be raised. From the variation trends of the re-identiﬁed model parameters, it is noticed
that one particular parameter, K17, is more sensitive to irregular

performance variations so the further study has been conducted
to locate the relationships between parameter variations and
malfunctions.
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Fig. 11. (a) Model simulated and measured outputs with data set 2 and (b) model intermediate variables with data set 2.

Fig. 12. Block diagram of the on-line mill condition monitoring system.

If the value of K17 changes dramatically within a very short time
period or drifted away from the initial value signiﬁcantly, this indicates that there may be some unwanted changes in the coal mill
system. One successful case is to identify the biomass fuel choking
incidents through observing K17 variation patterns. Biomass material pieces are bigger in size and more volatile compared with the

pulverized coal so it often leads to fuel choking or ﬁres. With
implemented model-based on-line condition monitoring software,
the plant operation engineers are able to identify the potential
risks in advance to leave sufﬁcient time for taking actions of preventing the damages to the mill. For example, in Fig. 13, the values
of K17 ﬂuctuated around 0.14 for the whole ﬁrst 18 h period as
normal, and the model output temperature Tout matches the measured Tout very well. However, the value of K17 suddenly changed
with a sharp spike. From the on-line test and history record provided by our industrial partner, this sharp change is caused by a
biomass injection experiment that took place in the Cottam power
station and a big chunk of biomass materials was fed into the mill
and was not blended properly. This would embed a potential cause
to a ﬁre incident so it should be reported and alarmed. From the
ﬁgure, the alarm can be raised based on the report of the parameter
sharp change at the beginning of the biomass fuel chocking to the
control room.
Further analysis has been conducted by examining the parameter variation patterns and the links with the incidents happened in
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Therefore, after the parameter draft trend is observed for over
30 min, the serious alarm can be raised to prevent the ﬁre at the
possible earliest stage.

5. Conclusion

Fig. 13. Model simulated outputs, with K17 re-identiﬁed in every minute and sharp
change observation.

history. Fig. 14 is the data history taken during the period of a ﬁre
incident at the power plant for research collaboration. The variations of the parameters K17 and K18 are monitored closely and it
can be seen that the values of K17 and K18 move away from the
average value for a ‘‘thinkable’’ time period and K17 even crossed
the zero line to become positive. These large offset of K17 and K18
become the featured patterns to indicate that mill operation condition is severely altered and an incident is very likely to happen
soon. It is also noticed that the intermediate variable of coal inside
the mill increased greatly, which indicated that excessive coal has
been accumulated inside the mill. The two parameters were
gradually drifted away from their nominal values for over 1.5 h.

Fig. 14. The simulation results for data obtained on the day of the incident
happening.

A multi-segment power plant Tube-ball mill mathematical
model is developed, which can represent the whole milling process
from the mill start to shut down. The model segments are deﬁned
according to the different operational status of the mill, and the
operational measurements from the mill auxiliary components
including the analogue signals and also some on/off Boolean
signals are adopted as triggers to switch the Mill Model Segments.
Genetic Algorithm is applied for the parameter identiﬁcation using
on-site measurement. The simulations studies and on-line test
show that the model ﬁts to on-site measured outputs well for
the whole milling process. The model can estimate some immeasurable variables (e.g. amount of raw coal inside of the mill barrel);
this gives extra valuable information for mill operation status. The
model is implemented on-line for mill condition monitoring and
fault detection. The key model parameter patterns are successfully
used to detect biomass chocking for co-ﬁred power generation and
potential ﬁres. The on-line condition monitoring software has been
successfully implemented onto two mills at the collaboration
power plant.
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