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Abstract— Coal pulverizer mill at PLTU Rembang is the main equipment in the boiler that supports the reliability of the generating unit. 

They serve to supply coal fuel in the furnace to get perfect combustion. In the operation of coal mills, the pattern of operations carried out 

such as setting flow rate raw coal and primary air to avoid the occurrence of delay combustion and self combustion. The operating 

parameters change, and their valus are often outside standard limits. In this study, a simulation of the correct operation pattern of the coal 

pulverizer mill was carried out to avoid failure of the coal excessive mil wtih ANFIS system. By knowing charateristics of the coal mill 

operating parameters and the probability of the root cause of failure, the operating pattern can be determined in several steps by changing 

the input settings in the modelling. The operating pattern of the coal pulverizer mill with dynamic modelling is carried out using Matlab 

software by varying the three inputs are percentage openings of coal flow, hot air and coal air. This modelling can be used to monitor, 

diagnose  disturbances in the plant and optimize control, so that operators can recognize early detection and can assit the proper operation 

pattern of the coal mill. 

Index Terms— Dynamic model, adaptive neuro-fuzzy inference system (ANFIS), fault detection and diagnosis, operation pattern. 

——————————      —————————— 

1 NOMENCLATURE                                                                 

  =  
   =  
  = coal feed flow,kg/s 

  =  
  =  

I     = ampere 
AFR  = Air Fuel Ratio 

  = coal mill outlet temperature, ⁰C  
 = raw coal content in coal mill, kg 
 = coal powder content in coal mill, kg 
 = Moisture content in coal powder, % 
 = Coal moisture, % 

 

2 INTRODUCTION 

 
oal pulverizer mill PLTU Rembang, located in Central Java 

Province, Indonesia, is a coal-fired steam power plant.. Coal 

pulverizer mill at PLTU (coal-fired steam power plant) Rem-

bang is essential equipment in the boiler which functions to refine 

coal raw materials into fine coal powder to get perfect combustion 

in the furnace. In the operation of 4 coal mill units, delays and 

self-combustion often occurred due to using Low-Rank Call 

(LRC) coal with high moisture and volatile matter content. So in 

the pattern of operations carried out to avoid the occurrence of 

delay combustion and self-combustion, a primary air supply with 

a sufficiently high temperature and a suitable supply of coal for 

the drying process in the coal pulverizer mill system is provided. 

Those conditions cause frequent changes in operating patterns 

such as setting the flow rate of coal and primary air. The operat-

ing parameters change, and their values are often outside the 

standard limits. 
A nonlinear dynamic model of a direct-fired pulverizing sys-

tem that considers the effect of coal moisture by estimating the 
signal of the outlet coal powder flow of the coal mill was con-
structed as a new output control target of the pulverizing sys-
tem. [1]. 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 estab-
lished [2]. 

A breakdown will occur in the Distributed Control System  
(DCS) of the coal mill when the parameter reaches its alarm 
limit. Operators must analyze multiple sensor measurements 
simultaneously to solve the root cause of the problem. This 
process can be tedious and time-consuming, resulting in lost 
time and maintenance costs. There is a need for automated 
systems to detect and diagnose problems in the mill operation. 
The automated system can help operators take appropriate 
remedial/corrective actions timely. It also shall assist in han-
dling the modeling uncertainties of dynamic modeling, 
providing advanced information about plant conditions, and 
making informed decisions [3]. Monitoring, optimization con-
trol, and diagnosis of coal mill faults can be mathematically 
modeled from mass flow analysis, heat exchange, energy 
transfer balance in which all entering or leaving heat in the 
coal mill is calculated quantitatively to reduce the number of 
unknown parameters [3]. 

3 CHARATERISTIC DYNAMIC MODEL   

OPERATION MILL 

The coal mill under study is a vertical roller type, such as the 

C 
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one available at the PLTU (coal-fired steam power plant) 
Rembang unit, which has two boilers with a steam generator 
capacity of 51.3 t/h. The schematic of a coal pulverizer mill is 
provided in Fig. 1. Details of these coal mill parameters are 
presented in Table 1. 
 
 
 

 
 

 
 
 
 
 
 
 

 
 

 
Fig. 1. Schematic of coal pulverizer mill [3] 

 
TABLE I 

SPESIFICATION OF COAL PULVERIZER MILL 

 

Item 

 

Specification   

Merk/manufaktur : Dongfang 

Type : HP963 

Rated output : 51.3 t/h 

Milling cup speed  : 33 rpm 

Finest coal   : 200 mesh 

Diameter bowl : 96” 

Quantity of  grinding roll   : 3 

 

Coal mill modeling with nonlinear differential equations of 
coal mill includes primary air, coal quantity, and outlet tem-
perature mill  [4]. 

In this study, the lumped parameter modeling method is 
adopted with the following assumptions: 1) Low-Rank Call 
(LRC) coal modeling using coal moisture data parameters; 2) 
Weather changes are negligible, and the ambient temperature 
around the coal mill remains constant; 3) all coal passes the 
classifier; 4) do not consider the coal attached to the inside of 
the mill body; 5) does not consider coal rejects; 6) model vali-
dation by considering the actual values with the model, name-
ly outlet temperature, primary air, amperage, and air-fuel ra-
tio. The identified model parameters are shown in Table 2 and 
the simulation results for charateristic dynamic coal mill ase 
shown ini Table 3. 

Based on a medium-speed coal mill model proposed Y.Gao et 

al. [3]. 
TABLE 2 

IDENTIFIED MODEL PARAMETERS 
 

    

    

    

TABLE 3 

DATA COMPARISON SIMULATION RESULTS JURNAL Y.GAO ET AL. AND 

SIMULATION MODEL 

 

 

 
From Table 3 above,it can be seen that the characteristics of 
changes in the output parameters between the journal Y.Gao et 
al. and the simulation produce the same changes and the 
output parameter values are almost the same or the values are 
not much different. 
When a step-increasing signal is applied to , the cold air 
flow increases while the hot air flow remains constant, thus 
resulting in an increase in the  at the inlet of the coal mill 
and a decrease in , . Then decrease  and decreasing 
the current I required for milling. 
When a step-increasing signal is applied to , the hot air 
flow increases while the cold air flow remains constant, thus 
resulting in an increase  at the inlet of the coal mill, and an 
incease in . The decrease , resulting in an increase   

and increase the current I required for milling. 
When a step-increasing signal is applied to the raw coal 
moisture , the energy supplied by Wair remains constant 
while the  than needs to be evaporated increases. Then 
decrease  and an increase in . 
When a step-increasing signal is apllied to coal feed flow, the 
amount of coal required to be milled increases, resulting in an 
increase in grinding current I. The increases in  increases 
the amoutn of coal that needs to be dried, and then decreasing 
the  and increasing .  

4 FAULT SIMULATION OF COAL MILL 

Case study – Excessive coal in the mill 
Mill problems due to all possible causes such as improper 

air-coal input, change in coal quantity, incorrect settings, 
aging, problems in reject systems, problems in feeding the coal 
input system are considered. The list of nodes for excess coal 
input, error along with state, linked measurements, and 
threshold values for discretization is illustrated in Table 4. 

TABLE 4 

LIST OF NODES FOR EXCESSIVE FAULT 

No. Node Name States Threshold value 

for Dizcretization 

Unit 

1 Coal Flow High Normal, High 

[N,H] 

> 9 kg/s kg/s 

2 Air Fuel Ratio 

Low   

Normal, Low 

[N,L] 

< 1.8 - 

3 Ampere Mil High Normal, High 

[N,H] 

< 44 Ampere 

4 Mill Outlet 

Temperature Low 
Normal, Low 

[N,L] 

< 58 ºC 
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Adaptive Neuro-Fuzzy Inference System (ANFIS) 
ANFIS is a common functionally efficient approximator in 

which the information between the problem input and output 
variables is interpreted as a set of rules in the form if-then [5]. 
ANFIS usually includes five layers: fuzzification, product, 
normalization, defuzzification, and summation. The ANFIS 
replaces the manual tuning of FIS for the predition model [6]. 
Performance of the ANFIS can be improved by increasing the 
amount of membership functions [7]. Probabilistic methods 
such as a Bayesian network are adopted for modeling and 
predicting the probability of fault occurrence [4]. Fault diag-
nosis is useful in helping technicians detect, isolate, and iden-
tify faults and troubleshooting. Bayesian network (BN) is a 
probabilistic graphical model that effectively deals with vari-
ous uncertainty problems [8]. 

Using the mill trending data at the time of the incident on 
May 21, 2021, it can be concluded that the leading causes were 
the low Air Fuel Ratio (AFR) and the failure to achieve Mill 
Outlet Temperature (MOT). 
 

 
 
 
 
 
 
 
 
 
 

Fig. 2.  Fuzzy logic approach for mill fault 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 3.  ANFIS model structure 

 
 
 
 

 
 

 
Fig. 4.  Fault indicator excessive coal mill 

The graphical analysis results in Fig. 4 indicate that excess 

coal is seen during the operation, and the plugging indicator  

occurs after 4.5 hours. This study shows that the proposed 
approach has the potential to provide early warning about 
failure and provide information for monitoring coal mill oper-
ations. It can help the plant operators in preventing a derating 

or trip unit 

5 OPERATION PATTERN TO AVOID FAULTS IN 

COAL MILL 

To avoid the failure of the coal mill, a change in the operating 
pattern is carried out from the recommended root causes and 
the steps follow the dynamic characteristics of the coal mill in 
chapter 2 which has been discussed [3]. The stage of the 
operational pattern based on root cause process is showed in 
Table 5.  

 

TABLE 5 

ROOT CAUSE FOR RECOMMENDATION OPERATION PATTERN COAL 

MILL 

 

Rank Root Cause (Based on 
FMEA Data PLTU 
Rembang) 

Probability
/Belief (%) 

1 Improper Input 80 

1.1 Air Fuel Ratio Low 

1.2 Coal Flow High 

1.3 Inlet temperature Low 

2 Improper Sub equipment 20 

2.1 Grinder roll life time 

2.2 Less spring grinding 

strength 

2.3 Grinding roll does not 

rotate at start 

2.4 The opening around 

the vane wheel is too 

wide 

2.5 Classifier is too close 

 
Based on the recommended operating pattern from the root 

cause and the charateristics of the dynamic model, to avoid 
excessive fault coal mill is shown in table 6 and Fig. 5 shown 
graphic after operation change. 
Step 1, increase AFR (Air Fuel Ratio) with reduce coal flow,  
Step 2, increase primary air flow with decrease valve hot air 
dan increase valve cold air so the high amperage mill goes 
down and high temperature inlet to drop. 
 
 
 
 
 
 
 
 
 

TABLE 6 

Coal Flow 

Air Fuel Ratio 

Ampere Mill 

Mill Outlet 
Temperature 

System ANFIS : 
4-Input, 1-Output, 81 rules 

ANFIS 
(Sugeno-type) 

F(U)  
(Depth of 

cut) 
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ROOT CAUSE FOR RECOMMENDATION OPERATION PATTERN COAL 

MILL 

 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 

 
 

 
 

Fig. 5. Excessive  Indicator monitor after operation change 

6 CONCLUSION 

Dynamic modeling simulations for changes in coal mill 
input parameters, namely , . ,  can define the char-
acteristics of changes in output parameters. 

The failure simulation made by simulating the actual input 
parameter data for the Rembang PLTU defines the output of 
the type of excessive coal mill failure with a severe level after 
running for 4 hours 5 minutes.  

Operational recommendations and maneuvers from mod-
eling by increasing the AFR by reducing coal flow and increas-
ing primary air flow (cold air openings) have succeeded in 
providing information on early detection of failures and can 
avoid excessive failures in the coal mill 
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