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Abstract: Monitoring and diagnosis of coal mill systems are critical to the security operation of power
plants. The traditional data-driven fault diagnosis methods often result in low fault recognition rate
or even misjudgment due to the imbalance between fault data samples and normal data samples.
In order to obtain massive fault sample data effectively, based on the analysis of primary air system,
grinding mechanism and energy conversion process, a dynamic model of the coal mill system which
can be used for fault simulation is established. Then, according to the mechanism of various faults,
three types of faults (i.e., coal interruption, coal blockage and coal self-ignition) are simulated through
the modification of model parameters. The simulation shows that the dynamic characteristic of the
model is consistent with the actual object, the relative error of each output variable is less than 2.53%,
and the total average relative error of all outputs is about 1.2%. The model has enough accuracy
and adaptability for fault simulation, and the problem of massive fault samples acquisition can be
effectively solved by the proposed method.
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1. Introduction

The main task of a coal mill system is to provide qualified fuel for the pulverized coal boiler. In the
coal mill system, raw coal is firstly grinded into fine powder, and then dried and transmitted into the boiler
by the primary air. Coal mill is the core equipment of pulverizing system, the grinding, separating, drying
and transmission processes are all realized by coal mill. If the coal mill fails, the fuel supply of the boiler
will not be guaranteed directly, the unit will take rapid load reduction operation, which will directly lead to
furnace fire-extinguishing in serious cases [1]. Therefore, the effective monitoring and diagnosis of a coal
mill system is very important for the security operation of a coal-fired power plant.

In recent years, the technology of artificial intelligence has developed rapidly, deep learning
algorithm has been widely used in pattern recognition and fault diagnosis [2], such as bearing
fault diagnosis [3,4], rotating machinery fault diagnosis [5], and aircraft engine health diagnosis [6].
The fault diagnosis method based on massive historical operation data has gradually become a research
hotspot. It extracts data features from massive historical data through deep hierarchical architectures,
then establishes the relationship between the learned features and equipment status, and judges
the health status and fault type of equipment. However, for data-driven fault diagnosis method,
massive fault samples are needed to establish an accurate mapping relationship between sample
features and equipment status. In the massive historical database of the unit, the fault types and fault
samples are not complete; moreover it is difficult to select the fault data one by one from the historical
database. The deep learning algorithm cannot effectively learn the fault data features due to the lack of
diversity of fault sample data and the limited sample set. Therefore, it is difficult to obtain an accurate
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diagnosis model for status monitoring and fault diagnosis, which seriously restricts the development
of data-driven fault diagnosis method in the industrial field [7,8].

To solve the problem of acquiring massive fault data, a method used for fault data generation is
proposed in this paper, by which fault data samples can be generated by the fault simulation of a coal
mill system model. The core lies in constructing a model of the coal mill system that can support fault
simulation. As early as in 1998, an improved dynamic model of vertical spindle roll mill was established
in reference [9] in order to realize precise control of pulverized fuel flow, in which the abnormal
operation conditions were also considered and simulated, but it cannot support the simulation in
failure state. In reference [10], an optimal observer was designed based on the simple dynamic model,
in which the estimated residual can be used for faults detection. In this model, the input coal flow
was assumed to be equal of the output coal flow, and only the energy transfer process was considered.
In reference [11], a roll mill model used to improve mill control for a better unit load tracking capability
was established, in which the model of coal storage, powder storage, coal powder flow and the outlet
temperature of mixture were taken into account, but this model does not consider the characteristic
in fault state and cannot be used for fault simulation. Reference [12] proposed a nonlinear three
state dynamic model of coal mill, in which the grinding relationship of coarse to fine particle was
also presented. Based on the proposed model, the dynamic performance under start-up and normal
condition can be predicted, and a model-based predictive control was designed for better load tracking
and disturbance rejecting. In reference [13], a coal mill model used for the precise control of outlet
temperature of mixture and pulverized coal flow was developed and validated, in which the action of
classifier was included. Reference [14] proposed a mathematical model of coal mill to estimate the
moisture of coal powder, and an optimal set value of outlet temperature based on the estimated powder
moisture was given for economic operation of boiler. Inspired by the modeling of MPS (Mill Parter
Ship) pulverizer, by studying the dynamic characteristic of ball mill system, a duplex inlet and outlet
model was built and a multivariable control system was designed in reference [15], which was used to
a rapid unit load tracking and disturbance rejecting. Based on the model proposed in reference [14],
by considering the influence of raw coal moisture on the model accuracy, an improved nonlinear
dynamic model of MPS mill was built in reference [16], by which the outlet coal powder flow was
monitored and a new control strategy was designed to improve the control accuracy of the system’s
output [17]. In reference [18], the mathematical models of static-classifier and dynamic-classifier types
of pulverizers were discussed based on the energy and mass balance. Overall, in the research on the
modeling of a coal mill system, it is mainly used for the optimal control or the prediction of unknown
parameters. On the one hand, it improves the anti-disturbance ability of pulverizing system; on the
other hand, it improves the unit load tracking ability through the precise output control of pulverizing
system. However, none of the models involved above consider the dynamic characteristics of a coal
mill system in the fault state, and it is impossible to be used for fault simulation.

Therefore, on the basis of previous work, in order to build a coal mill system model which can be
used for fault simulation, the paper is arranged as follows: Section 2 introduces the working mechanism
of coal mill system; Dynamic model derivation, model parameter identification and verification are
introduced in Sections 3 and 4 separately. In Section 5, three kinds of faults are analyzed and simulated.
Section 6 is the conclusion.

2. Working Principle of a Coal Mill System

MPS medium-speed coal mill is a roll-type medium-speed coal mill designed and manufactured
by Babcock, Germany. The mill is characterized by low power consumption, smooth output and long
maintenance period, which is suitable for grinding hard bituminous coal. At present, this type of
mill has been widely used in coal-fired power plants of China, and its structure is shown in Figure 1.
The medium-speed coal mill system is mainly composed of raw coal bunker, coal feeder, coal mill,
primary fan, sealing fan, hot and cold air regulating valves. The coal feeder transports the raw coal
from bunker to mill for grinding. The primary air is divided into two paths after being pressurized
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by primary fans. One path enters the hot primary air pipe after being heated by the air preheater;
the other directly enters the cold primary air pipe. After two paths are mixed, the mixed air enters
the mill to complete the task of coal powder drying and transmitting. At the same time, partial cold
primary air is pressurized by the sealing fan to prevent the leakage of coal powder. Inside the coal
mill, the grinding part is composed of a groove type grinding plate and three convex grinding rollers.
Under the action of spring force or liquid pressure, the grinding roller and the grinding plate are tightly
pressed together to roll the raw coal between the grinding parts into coal powder, and the pulverized
coal particles are thrown to the air ring chamber under the action of centrifugal force. The primary air
blows the pulverized coal entering the air ring chamber into the coarse and fine powder separator,
in which the pulverized coal with larger particles will be separated under the centrifugal force and
falls back to the grinding plate for further grinding, and the pulverized coal with smaller particles will
be blown into the furnace with the primary air for combustion.

In the actual operation of a coal mill system, the coal feed flow, inlet primary air flow and outlet
temperature of mixture are mainly regulated, in which coal feed flow is adjusted by the rotation speed
of coal feeder according to the command of the boiler; inlet primary air flow is regulated by hot air
valve, and the air flow command is converted from the coal feed instruction; outlet temperature of
air/powder mixture is controlled by cold air value.
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Figure 1. The structure of MPS medium-speed coal mill system.

3. Dynamic Model of a Coal Mill System

3.1. Primary Air System Model

The primary air system of a coal mill is mainly responsible for two tasks of coal powder drying
and transmitting. The inlet primary air flow is mainly determined according to the differential pressure
and the resistance along the pipeline. The resistance along the pipeline is mainly affected by the
opening degree of the regulating valve. Considering the different design of the cold/hot primary air
pipeline, the cold/hot primary air flow at the inlet of coal mill can be respectively expressed as:

wH =

√
p f − pin

εH
(1)

wC =

√
p f − pin

εC
(2)
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where p f is outlet pressure of primary fan (kPa); pin is inlet air pressure of coal mill (kPa); wH is the hot
air flow (kg/s); wC is the cold air flow (kg/s); εH and εC are the damping coefficient of hot and cold air
pipes. Here, it is assumed that the damping coefficient of primary air pipe is only related to opening
degree of the regulating valve. When the opening of valve is 0, the damping coefficient is infinite,
which can be fitted by the following formula:

εH =
1

k1u2
H

(3)

εC =
1

k2u2
C

(4)

where uH is the opening of hot air valve (%); uC is the opening of cold air valve (%); k1 and k2 are the
undetermined parameters of model.

The inlet air pressure of coal mill is mainly determined by the outlet pressure of primary fan and
the openings of regulating valves. However, when the coal blockage occurs, with the increase of the
coal/powder storage in the mill, the coal powder cannot be blown out due to the internal blockage and
the air flow will decrease gradually. The inlet pressure of the mill will gradually approach the outlet
pressure of primary fan. Therefore, the inlet primary air pressure can be corrected by the total coal
stored in the mill, considering the volume inertia of primary air in the process of pipeline transmission,
it can be expressed as:

α1
dpin

dt
= (k3 · uH + k4 · uC)

1−
Mrc+Mpc

Mmax · p f − pin (5)

where Mrc is the raw coal stored in the mill (kg); Mpc is the pulverized coal stored in the mill (kg); Mmax

is the maximum storage capacity of the mill (kg); α1 is the volume inertia coefficient; k3 and k4 are the
undetermined parameters of model.

Then, according to the conservation of mass and energy of the primary air system, the primary air
flow and temperature at the inlet of the mill can be expressed as:

win = wH + wC (6)

α2
.
Tin = cCwCTC + cHwHTH − cinwinTin (7)

where TC is the cold air temperature (◦C); TH is the hot air temperature (◦C); Tin is the inlet air
temperature (◦C); win is the inlet primary air flow (kg/s); α2 is the inertia coefficient of the mixed air
temperature; cC, cH, and cin are the specific heat capacity of cold air, hot air, and mixed air (kJ/(kg·◦C)),
respectively, which can be approximately calculated by Equation (8):

ci = 0.0001Ti + 1.0099 (8)

3.2. Coal–Powder Storage Model

According to the mass balance of coal mill system, the amount of raw coal and coal powder stored
in the mill can be expressed as follows [14]:

.
Mrc = wrc − kgr ·Mrc (9)

.
Mpc = kgr ·Mrc −wpc (10)

where wrc is the coal feed flow (kg/s); wpc is the coal powder flow at outlet (kg/s); kgr is the grinding
coefficient, which is related to the grinding current when the pressure of grinding roller is constant,
so the grinding coefficient can be approximately expressed as:

kgr = k5Ib (11)
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Because the amount of raw coal and coal powder stored in the mill cannot be measured, there is
no actual reference data in the model identification process. So, the dynamic characteristic of raw coal
and coal powder stored in the mill can be reflected by constructing the grinding current signal, which
can be expressed as follows:

Ib = k6Mrc + k7Mpc + k8 (12)

where Ib is the grinding current of mill (A); k5, k6, k7 and k8 are the undetermined parameters of model.
The outlet coal powder flow indicates the carrying capacity of primary air, which is directly

proportional to the differential pressure of the mill and the amount of coal powder stored in the mill [18].
However, in case of coal blockage fault, the amount of coal powder stored in the mill increases because
the coal powder cannot be brought out smoothly. At the same time, the differential pressure of the
mill also increases, which makes the above relationship in reference [18] unable to adapt to the fault
condition. Therefore, the outlet coal powder flow of the mill can be characterized by the outlet air
pressure, the inlet primary air flow and the amount of coal powder stored in the mill. The increase
of the outlet air pressure and the inlet primary air flow of the mill both indicate the increase of the
primary air carrying capacity. Therefore, the outlet coal powder flow of the mill can be expressed as:

wpc = k9 · pout ·Mpc ·win (13)

The flow process of primary air in the mill can be similar to the flow process of primary air in
the pipeline, the characteristic of the outlet pressure of mill is similar to the outlet pressure of the air
pipe, and the coal/powder stored in the mill is similar to the opening of regulating valve. When the
coal/powder storage capacity reaches the upper limit, it is equivalent to the valve is fully closed, then
the outlet air pressure of the mill can be expressed as:

α3
dpout

dt
= k10

(
1−

Mrc + Mpc

Mmax
) · pin

m − pout (14)

where pout is the outlet air pressure of mill (kPa); k9 and k10 are the undetermined parameters of model;
α3 is the inertia coefficient.

3.3. Outlet Temperature Model

According to the energy balance between the input and output of the mill, the outlet temperature
of the air/powder mixture can be expressed as [17]:

α4(Mmt + Mrc + Mpc)
.
Tout = Qin −Qout (15)

where α4 is the inertia coefficient of outlet temperature; Qin is the total input energy of coal mill system
(kJ), which mainly includes the heat brought in by primary air, raw coal, mill grinding and sealing air,
it can be expressed as:

Qin = cinTinwin + crcTrcwrc + kmI + kscCTCwin (16)

where Trc is the temperature of raw coal (◦C); crc is the specific heat of raw coal (kJ/(kg·◦C)); km is the
heat conversion coefficient, generally 0.6; ks is air leakage coefficient, generally 0.1.

Qout is the total output energy of coal mill system (kJ), which mainly includes the heat brought
out by primary air, evaporated water, coal powder and heat loss, it can be expressed as:

Qout = coutTout(1 + ks)win + cH2OToutwar + cpcToutwpc + klQin (17)

where cout is the specific heat of outlet air (kJ/(kg·◦C)); cH2O is the specific heat of water (kJ/(kg·◦C));
war is evaporated water of raw coal (kg/s); cpc is the specific heat of coal powder (kJ/(kg·◦C)); kl is the
coefficient of heat loss, generally 0.005.
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In the above formula, the specific heat of raw coal and coal powder are related to their components,
which are mainly divided into two parts: the specific heat capacity of coal drying basis and the specific
heat capacity of water, which can be solved by Equation (18).

ci = 1.844×
100− θi

100
+ 4.187×

θi
100

(18)

where ci presents the specific heat of raw coal or coal powder (kJ/(kg·◦C)); θi is the moisture content of
raw coal or coal powder (%).

3.4. Coal Powder Moisture Model

The moisture in the raw coal can be divided into two parts. One part is brought out of the mill
after being dried by primary air and the other part is still kept in the coal powder. Therefore, according
to the mass conservation of moisture in the coal, the moisture of coal powder at the outlet of the mill
can be expressed as:

(Mrc + Mpc)
.
θpc = wrcθrc −war −wpcθpc (19)

where θrc is the moisture of raw coal (%), the test value of coal moisture researched in this paper is
13.33%; θpc is moisture of coal powder (%); war is the moisture evaporated by the primary air (kg/s),
it is related to the raw coal moisture, the outlet temperature of mixture and the primary air flow, which
can be expressed as:

war = wrcθrc · (k11Tout + k12) · (1− e
−

win
k13 ) (20)

In conclusion, according to the combination of primary air system model, coal/powder storage
model, outlet temperature model and coal powder moisture model, the dynamic model of the coal mill
system can be expressed as follows:

win = uH

√
k1(p f − pin) + uC

√
k2(p f − pin)

α1
dpin
dt = (k3 · uH + k4 · uC)

1−
Mrc+Mpc

Mmax · p f − pin

α2
.
Tin = cC ·wC · TC + cH ·wH · TH − cinwinTin

α3
dpout

dt = k10

(
1−

Mrc+Mpc
Mmax

) · pin
m − pout

α4(Mmt + Mrc + Mpc)
.
Tout = Qin −Qout

.
Mrc = wrc − k5Ib ·Mrc
.

Mpc = k5Ib ·Mrc −wpc

(Mrc + Mpc)
.
θpc = wrcθrc −war −wpcθpc

Ib = k6Mrc + k7Mpc + k8

wpc = k9 · pout ·Mpc ·win

war = wrcθrc · (k11Tout + k12) · (1− e−win/k13)

Qin = cinTinwin + crcTrcwrc + kmIb + kscCTCwin

Qout = coutTout(1 + ks)win + cH2OToutwar + cpcToutwpc + klQin

where the inputs of the coal mill system model are outlet pressure of primary fan (p f ), hot air
temperature (TH), cold air temperature (TC), hot air valve opening (uH), cold air valve opening (uC)
and coal feed flow (wrc); the outputs of the coal mill system model are inlet air temperature (Tin), inlet
air pressure of mill (pin), inlet air flow (win), outlet air pressure of mill (pout) and outlet temperature of
mixture (Tout); intermediate variables of model are raw coal stored in mill (Mrc), coal powder stored in
mill (Mpc), grinding current (Ib), coal powder flow (wpc) and coal powder moisture (θpc). αi(i = 1, 2, 3, 4)
is the dynamic parameter and ki(i = 1, 2, · · ·, 13) is the static parameter of the model.
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4. Model Parameter Identification and Verification

4.1. Model Parameter Identification

In the process of model parameter identification, the coal mill system of 2 × 660 MW secondary
reheating unit of Guodian Suqian power plant in China is taken as the research object. The established
model involves many undetermined parameters, so in order to improve the model accuracy and
ensure the physical meaning of each variable, each module is identified successively according to the
connection relationship. First, we identify the coal/powder storage model in the mill, and then identify
the primary air system model, outlet temperature model and coal powder moisture model in turn
after obtaining the intermediate variable Mrc and Mpc. The identification process is shown in Figure 2.
The fitness function used in each identification process is shown in Equations (21)–(23), and the model
parameters obtained by identification are shown in Table 1.

f it1 =
N∑

t=0

[w1
‖pout(t) − p̂out(t)‖

p̂out(t)
+ w2

‖Ib(t) − Îb(t)‖

Îb(t)
] (21)

f it2 =
N∑

t=0

[w3
‖win(t) − ŵin(t)‖

ŵin(t)
+ w4

‖Tin(t) − T̂in(t)‖

T̂in(t)
+ w5

‖pin(t) − p̂in(t)‖
p̂in(t)

] (22)

f it3 =
N∑

t=0

‖Tout(t) − T̂out(t)‖

T̂out(t)
(23)

where wi(i = 1, 2, · · ·, 5) is the weight coefficient; N is data length. The superscript ˆ indicates the actual
operation data at time t.
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Table 1. Model parameter identification results.

k1 = 575.32 k2 = 110.75 k3 = 1.2001 k4 = 0.3045 k5 = 0.0095 k6 = 0.4332
k7 = 0.3746 k8 = 22.139 k9 = 0.0075 k10 = 0.4704 k11 = 0.0563 k12 = −3.3664
k13 = 28.155 α1 = 15.269 α2 = 210.62 α3 = 8.1275 α4 = 19.039

4.2. Model Validation

In order to verify the accuracy of the model, the actual operation data collected from massive
historical database of Guodian Suqian power plant in China is taken as the model input, and then
the difference between the model output and the actual output can be compared. The comparison
curves of each variable are shown in Figure 3. Figure 3a shows the trends of each input variable of
the system, in which the coal feed flow varies from 9 kg/s to 13 kg/s, and the hot air temperature and
cold air temperature are 312 ◦C and 33 ◦C respectively; Figure 3b is the comparison curves of the
inlet air flow, the inlet air temperature and the inlet air pressure of primary air system; Figure 3c is
the comparison curves of the grinding current, the outlet temperature of mixture and the outlet air
pressure of the mill. From the comparison curves, it can be seen that the dynamic characteristics of the
model are basically the same as the actual in the period of 8000 s. The relative error of each variable is
shown in Table 2, it can be found that the relative error of each output variable of the model is less than
2.53%, and the total average relative error of all outputs is about 1.2%, which shows the model has
high simulation accuracy.
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Figure 3. Comparison curves of each variable. (a) Trends of each input variable of the mill system.
(b) Comparison curves of inlet air flow, temperature and pressure of primary air system (c) Comparison
curves of grinding current, outlet air temperature and pressure of the mill.
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Table 2. The relative error between actual output and model output.

Variables win Tin pin Ib pout Tout

Relative Error (%) 1.09 0.97 1.45 0.77 2.53 0.39

5. Typical Fault Simulation

In the massive historical database of coal mill system, the fault sample data is very limited, and it
is difficult to cover all the operating conditions of the system due to the low system failure rate, which
makes the fault diagnosis method based on data-driven difficult to be applied effectively. How to
obtain a large number of typical fault samples is the key point to solve the fault diagnosis of coal mill.
In this paper, based on the established model, the failure operation state of the system is triggered
according to the failure mechanism, and massive fault samples can be collected by traversing each
operation condition.

In order to ensure that the input variables are consistent with the actual operation in the fault state,
the closed-loop control system is constructed with reference to the control logic and control parameters
of the actual system, in which the coal feed flow, outlet pressure of primary fan, hot air temperature,
cold air temperature and coal moisture are the boundary parameters; the inlet air flow is controlled by
the hot air valve, and outlet temperature of mixture is regulated by the cold air valve. By modifying the
boundary conditions and model parameters, the fault operation state of the system can be triggered.
In this paper, three kinds of common faults are mainly discussed, i.e., coal interruption, coal blockage
and coal self-ignition.

5.1. Simulation of of Coal Interruption

The coal interruption fault is often caused by the blockage of coal bunker or the coal feeder
failure. When the coal interruption occurs, the coal feed flow into the mill will suddenly reduce to
0. Therefore, it is only to step down the signal of coal feed flow to 0 to realize the simulation of coal
interruption. In order to ensure the diversity of fault data samples, it only needs to traverse the boundary
parameters in the normal fluctuation range and repeat the coal interruption simulation process.

Due to the frequent occurrence of coal interruption in actual operation, we select a group of
actual fault data to compare with the simulation data to verify the effectiveness of the fault simulation.
Figure 4 shows the operation curve of the coal mill with two consecutive coal interruption faults in
1000 s, the input variables of the model are the actual coal feed flow, the openings of hot air valve and
cold air valve. When the coal interruption fault occurs, coal powder flow needed to be dried reduces
to 0, and the outlet temperature of the mill will rise rapidly. In order to ensure the stability of the outlet
temperature, the regulating valve of cold air will open quickly; in the regulating process of cold air
valve, the hot air valve will close quickly to ensure the stability of inlet primary air flow.

With the alternation regulating of cold and hot air valves, the inlet air pressure, the outlet air
pressure and inlet air temperature vibrate. It can be seen from Figure 4 that the coal interruption
characteristics simulated by the model is almost the same as the actual coal interruption fault, and the
simulated output only has a small deviation, which shows that the model established in this paper has
a high simulation accuracy and adaptability, and the simulated data can be used as the coal interruption
fault samples.
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5.2. Simulation of Coal Blockage

Coal blockage can be caused by many reasons, such as low primary air flow, excess coal feed
flow, decrease of grinding capacity or high coal powder moisture, which cause that the raw coal in
the mill cannot be ground immediately or the coal powder in the mill cannot be brought out quickly.
However, no matter what causes the coal blockage, it will lead to the increase of coal/powder storage
in the mill and the increase of flow resistance. The inlet primary air flow and powder carrying capacity
will decrease.

In this paper, coal blockage fault is simulated by decreasing the grinding capacity of the mill.
The variable kgr of the model is the grinding coefficient, which represents the ability of the mill to grind
raw coal into coal powder. Under normal operation conditions, the grinding coefficient is related to the
grinding roller pressure and grinding current. In the fault simulation process, the grinding coefficient
is multiplied by the attenuation coefficient λ (λ decreases from 1 to 0 at a certain rate when the coal
blockage fault is triggered), the upper limit of coal/powder storage in the mill is 500 kg, and the upper
limit of grinding current is 70 A. The simulation curve is shown in Figure 5. The grinding coefficient
begins to decline at 40 s. With the decrease of grinding capacity, the amount of raw coal in the mill
increases rapidly, this results in the increase of flow resistance and the decrease of outlet pressure.
Since the primary air cannot pass through the mill smoothly, the inlet air pressure rises and the primary
air flow decreases. Due to the decrease of primary air flow and the increase of coal storage, the outlet
temperature of mixture is gradually reduced, and the cold/hot air valve are automatically adjusted to
maintain the primary air flow and outlet temperature; until the amount of coal/powder storage reaches
its upper limit, the primary air channel is completely blocked, and the primary air flow is reduced to 0.
Based on the above analysis, the simulation experiment conforms to the fault characteristics of coal
blockage, so the simulated data in Figure 5 can be taken as the fault data sample.
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5.3. Simulation of Coal Self-Ignition

For the coal with higher volatile content, if the inlet air temperature is too high, the volatile content
in the raw coal will be separated out and burned, which will cause the spontaneous combustion of
coal powder. When the coal self-ignition fault occurred, the outlet air temperature of mixture will rise
greatly, which will endanger the safety operation of the system. In the simulation of coal self-ignition,
the coal powder wpc is divided into two parts, one part is brought into the furnace by primary air
for combustion, and the other part is self-ignition in the mill. Therefore, the outlet temperature
model needs to be modified in the simulation of coal self-ignition fault. In which, the heat generated
by self-ignition should be added into the total input energy, and then the Equation (16) is revised
as follows:

Qin = cinTinwin + crcTrcwrc + kmI + kscCTCwin + φ wpc · qnet,ar (24)

The total output energy taken away by the pulverized coal is corrected as follows:

Qout = coutTout(1 + ks)win + cH2OToutwar + cpcTout(1− φ )wpc + klQin (25)

where φ is the proportion coefficient of self-ignition; qnet,ar is the net calorific value of raw coal (kJ/kg).
Figure 6 is the simulation curve of coal self-ignition fault. The fault is triggered at 20 s, the outlet

temperature of mixture rises rapidly. At this time, in order to maintain the stability of the outlet
temperature and primary air flow, the cold air valve is opened quickly and the hot air valve is closed
rapidly, which causes the fluctuation of air pressure at the inlet and outlet of the coal mill. In the case
of coal self-ignition, even if the hot air valve is closed rapidly, the outlet temperature of mixture cannot
be controlled effectively. Through the above analysis, the simulation experiment basically conforms to
the fault characteristics of coal self-ignition, so the simulated data in Figure 6 can be used as the fault
sample of coal self-ignition.
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6. Conclusions

In order to solve the problem of insufficient fault data samples in the data-driven fault diagnosis
method of coal mill system, this paper constructs a dynamic model of the coal mill system and proposes
a fault sample acquisition method. Based on the established model, massive fault samples can be
effectively obtained by fault simulation. From the comparison curves of model verification and fault
simulation, it can be seen that the model established in this paper has high simulation accuracy and
adaptability to different working conditions, the relative error of each output variable is less than
2.53%, and the total average relative error of all outputs is about 1.2%; the model can realize the
fault simulation of coal interruption, coal blockage and coal self-ignition, which effectively solves the
problem of obtaining typical fault samples.
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