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Abstract: Coal pulverizing systems reliability can be ensured effectively by using prognostics 

and health management approach. A mathematical model of coal pulverizing system used for 
anomaly detection is hard to be constructed due to its dynamic and nonlinear high-dimensional 
system typically. This paper proposed the use of the Long-Short Term Memory Autoencoder model 
for anomaly detection of the coal pulverizing system on a coal-fired power plant. The LSTM will 
solve the gradient reduction problem, and Autoencoder will improve the generalizability of the model. 
As a result, the proposed model can detect the anomaly successfully before the Sequent of Events 
occurs. 
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1.  Introduction  

Nowadays, industrial technology development and 
engineering systems complexity are increasing 
significantly1–4). System reliability and security are of 
great concern because they are driven by the increase of 
system failure costs5). Therefore, prognostic and health 
management (PHM) is a method that is widely studied and 
applied in industry to resolve this concern3,4,6).  

PHM is a method that can assess system reliability 
under actual application conditions. The system health 
status (for fault diagnosis), life prediction, and condition-
based maintenance, which guides decision-making and 
reduces use and maintenance costs are monitored using 
equipment-mounted by the sensors7,8). 

Paiton 1-2 Coal-Fired Power Plant is a sub-critical 
thermal power plant constructed in 1993 and started to 
produce electricity in 1994. It has been designed to 
consume high coal quality rank (sub-bituminous A) with 
the calorific value of 6000 kcal/kg and the thermal 
efficiency about 37.84%9). To compete with other new 
power plants that have high efficiency to get the maximum 
dispatched load, Paiton performs a strategy to switch the 
coal calorific value with LRC (low-rank coal) so the 
production cost in Rp/kWh (BPP) becomes lower. Coal 
switching will give impact to the power plant equipment 
reliability. One of the major equipment affected by this 
improvement is the coal Pulverizer.  

The coal Pulverizer system is important in coal-fired 
power plant since it is used to set up the qualified 
pulverized coal that meets plant combustion 
requirements10). To keep maintaining the coal Pulverizer 
work in normal condition is very important to ensure the 
safety and economical of the power plant. Prognostics and 
health management (PHM) is a potent method to analyze 
the reliability of the coal pulverizing system11). The PHM 
will observe the coal pulverizing system to work in 
conditions based on condition monitoring (CM) data and 
detect the anomaly of the equipment12). 

Generally, there are two classifications of anomaly 
detection approaches: model-based approaches and data-
driven approaches13). In this case, the data-driven 
approach will have more concern. This approach uses 
historic CM data to bring up information finding and 
accurate decision-making14). The signal processing and 
analysis approach has been widely used among the data-
driven approaches. The key principle of the signal 
processing and analysis strategy is to gain diagnostic 
information and generate a health index (HI) to detect 
anomalies. Machine Learning (ML) techniques have the 
potential to effectively detect this kind of anomalies as 
they can learn from past behavior, making them more 
efficient at detecting anomalies, as they are trained to 
observe data which do not fit with the previously observed 
behaviors15,16). Lin uses the ARIMA algorithm to predict 
the fault of a throttle valve17). Lin predicts the degradation 
trend of rotating machinery using a particle filter 
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algorithm18). Hence, machine learning techniques have the 
capability to handle high-dimensional data, to have appeal 
to more consideration. Choi used a long short-term 
memory (LSTM) network to find sensor faults19). Que 
proposed an XGBoost-based framework to detect 
anomalies in steam turbines20). Tarek proposed of using a 
neural-networks to do system identification for Quad-
rotor parameter21). Artificial Neural Network (ANN) is 
one of the decision-making systems22). ANN is made up 
of artificial neurons configured with a complex 
interconnection that maps the inputs and outputs23). The 
majority of this machine learning approach belongs to 
supervised learning, which is sensitive to the quantity and 
quality of training data. The more the model is trained, the 
better the performance is gained. However, the machine 
learning process requires that the model is trained on the 
exact input and output datasets24). Supervised learning 
needs the training data in all working conditions and the 
amount of normal and abnormal data labels are identical 
to each other to improve performance.  

The discrepancy analysis is established to overcome the 
problems mentioned above as a type of semi-supervised 
learning method. The anomaly detection method focused 
on discrepancy analysis generally has two modules: 
predicting working conditions and online detecting 
anomalies. In the field of predictive working conditions, 
several machine learning methods are suggested. Stief 
suggested an approach for sensor fusion based on a two-
stage Bayesian method and principal component analysis 
(PCA) to condition monitoring induction motors25). These 
approaches, however, deal only with CM data as discrete 
times and neglect temporal information. A typical 
dynamic system with a large number of time details is the 
coal pulverization system. The recurrent neural network 
(RNN) and its variety were commonly used to consider 
temporal knowledge. To monitor machine health, Zhao 
combined CNN and bi-directional LSTM26). Qian 
suggested using the LSTM algorithms as a novel 
condition-monitoring approach for wind turbines27).   

In this paper, we purposed to combine the LTSM and 
Autoencoder methods to predict the condition of coal 
crusher in a coal-fired power plant by looking at the 
anomalies that occur in the equipment. LSTM will solve 
the problem of gradient reduction if the period is large, 
and then Autoencoder will improve the generalizability of 
the model by reducing the data28). 

 
2.  Literature Review 

2.1 Control Chart 
Customer expectations can be fulfilled if a product is 

produced with a stable and repeatable process because the 
process will produce little variability around the target or 
nominal dimensions of product quality characteristics. 
Statistical process control (SPC) is an effective set of 
problem-solving tools, beneficial in making the process’ 
stability and enhancing capabilities through reduced 
variability29). 

 
Fig. 1: Illustration of control chart29). 

 
Graphical display of a quality characteristic is 

represented by the control chart (see figure 1 above) to 
show that it that has been measured or computed from a 
sample quality characteristic versus the sample number or 
time. The control chart contains three horizontal lines 
which are a centerline, the upper control limit (UCL) line, 
and the lower control limit (LCL) line. The centerline is 
the average value of the quality characteristic 
corresponding to the in-control state. The process is 
assumed to be controlled if all sample points are between 
two control limits (UCL & LCL). When the sample points 
fall outside two control limits, it indicates the 
incontrollable process, so inspection and corrective action 
is needed to discover and abolish the determinable cause 
or causes responsible for this behavior29,30). Figure 1 
shows the illustration of a typical control chart. 

In general, the Upper and Lower Limit Control Chart 
formulations are as follows, 

 
UCL = center value + constanta * variance     (1) 

 
LCL = center value – constanta * variance     (2) 

 
The process of determining the central value and 

variance varies is relied on the type of data used. Remote 
sensor data tends to be time-dependent/time series data. 
Creating Upper Limit and Lower Limit requires time 
series chart control methods. One of the methods that can 
be used in the case of time series data is LSTM-
Autoencoder. 
 
2.2 Long-Short Term Memory 

LSTM is a type of deep learning that is especially used 
for time series. Deep learning can be approximate any 
complex function form and find a linear relation between 
non-linear data. Deep learning allows us to explore hidden 
relationships between data, then the maximum potential 
of data can be used. Deep learning has more benefits that 
cannot be provided by conventional machine learning. 
LSTM can avoid long-term dependencies by deliberate 
design31). 

As shown in Figure 2, the LSTM cell is mainly 
composed of 3 gates which are forget, input, and output 
gates. Sigmoid (g) is used to activate the gate then the 
status and gate input unit are converted to tan h. The 
weight of neurons and the bias are denoted by w and b, 
respectively. The LSTM gate can be expressed by the 
following equation32). 
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Fig. 2: The LSTM cell31). 
 

Forget gate : 𝑓௧ ൌ 𝑔൫𝑤௙ ∙ ሾℎ௧ିଵ, 𝑥௧ሿ ൅ 𝑏௙൯ (3)
 

Input gate : 𝑖௧ ൌ 𝑔ሺ𝑤௜ ∙ ሾℎ௧ିଵ, 𝑥௧ሿ ൅ 𝑏௜ሻ (4)
 

State update : 𝐶௧ഥ ൌ tan ℎ ሺ𝑊௖ ∙ ሾℎ௧ିଵ, 𝑥௧ሿ ൅ 𝑏௖ሻ (5)
 

  𝐶௧ ൌ 𝑓௧ ∙ 𝐶௧ିଵ ൅ 𝑖௧ ∙ 𝐶௧ഥ  (6)
 

Output gate :  𝑜௧ ൌ 𝑔ሺ𝑊௢ ∙ ሾℎ௧ିଵ, 𝑥௧ሿ ൅ 𝑏௢ሻ (7)
 

  ℎ௧ ൌ 𝑜௧  ∙ tanh ሺ𝐶௧ሻ (8)
 

2.3 Autoencoder 
The impact of features on the final model is without 

being questioned as a raw material for machine learning 
systems. The performance of machine learning algorithms 
largely relies on the representation of the data or 
representation of the feature. Once the data can be 
characterized as features well, even with a simple model, 
good accuracy can be achieved. Therefore, an important 
aspect is how to prepare data before using machine 
learning algorithms to achieve good expression. 
Autoencoder (AE) is used to decrease the dimensions of 
the data to solve these problems. Autoencoders can learn 
to represent input data effectively through unsupervised 
learning. This process is referred to as encoding and has a 
smaller size than the input data, so AE can be used to 
decrease the dimension31). 

Figure 3 shows the input layer on the leftmost side, the 
hidden layer on the middle, and the output layer on the far. 
Suppose the input is X (x1, x2, x3, …, xn), and xi ∈ 
[0,1], AE maps X to an implicit layer, denoted as H = (h1, 
h2, h3, …, hs), and hi ∈ [0,1], this process is defined as 
Encode. The hidden layer output31) is shown in the 
following equation, 

 
𝐻 ൌ 𝑔ሺ𝑤ଵ ∙ 𝑋 ൅ 𝑏ଵሻ      (9) 

                                                       
The output H of the hidden layer is called an implicit 

variable, and the implicit variable reconstructs the Z of the 
output layer with the same structure as the X of the input 
layer. It is known as Decode. The output of the output 
layer31) in the following equation, 

 
𝑍 ൌ 𝑔ሺ𝑤ଶ ∙ 𝑋 ൅ 𝑏ଶሻ       (10)   

   
Fig. 3: Autoencoder31). 

                                           
Z is a prediction of data X using feature H. AE is using 

to decrease the data dimension and H as the result.  The 
loss function shows the distinction between X and Y. By 
decreasing the value of the loss function, the weight 
between layers is adapted. It eliminates the loss of useful 
information during the reduction of dimensions31). 

 
3.  Material and Method 

3.1 Reconstruction time series data patterns using 
LTSM-Autoencoder 

Autoencoder is one of the major branches of Deep 
Neural Network that is used to reconstruct the entered data. 
Autoencoder is widely used as a noise removal in 
pictures32,33). The anomaly detection algorithm compares 
the data with the prediction model. If the difference 
between the data and the prediction model is more than 
the defined limits, the data can be said as the anomaly 
data34). Autoencoder can also be used to detect anomalies 
by training models from normal data. When abnormal data 
is found, this model cannot be reconstructed into input 
data. Reconstruction that occurs will be far from the input 
data which makes the gap between input data and 
reconstruction data. After calculating the gap value, it will 
be determined whether the data are included in the 
anomaly. 

One of the methods for reconstructing time series data 
patterns is Long-Short Term Memory. Long-Short Term 
Memory (LSTM) is a specialized type of neural network, 
which falls within the class of Recurrent Neural Network 
(RNN). Unlike the conventional feed-forward neural 
network architectures, RNNs employ feedback 
connections from their output layers back to the input 
layers, where each of these feedback connections can be 
used to serve as a time-delay gate35,36). Therefore, RNN 
architecture can represent explicitly the influence of past 
output values on the computation of the current output, 
making it ideal to model the autocorrelation structure of 
time series or sequence data. 
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Fig. 4: Illustration of LSTM Autoencoder Application. 
 

Pattern recognition model generated by LSTM can 
predict future value from previous behaviour data. The 
model generation by the LSTM method starts by 
accumulating the data history of the sensors. In this 
present study, we used 2 years of historical data. Then we 
did cleanse the data to evaluate abnormal data by defining 
the normal data using engineer justification. The engineer 
also mapped the connection between sensors that affected 
the failure of the equipment. The tool used in this study 
was Jupyter notebook (basis phyton) and library Tensor 
Flow & R. In this study we used 75% of historical data as 
the input for generating the model, then 25% of data was 
used as training data prediction. The iteration process was 
done until the accuracy of the model reached 95%, or the 
margin error maximum was 5%.  

The objectivity of the model could be validated from 
the SOE (Sequent of Event) that has occurred. LSTM 
learnt how data behaved before SOE occurred. Then the 
data was iterated to produce a small margin of error. A 
small margin of error can be tested by dividing historical 
data into training data for model building and data testing 
(input data on the model that has been created). The 
LSTM output is a predictive value with a certain period 
(for example, every 5 minutes to 12 times) so that the 
LSTM value can predict the value up to 60 minutes 
ahead37). 

Table 1 shows that the LSTM model has the smallest 
MAPE (mean absolute percentage error) value compared 
to the conventional ARIMA and RNN models which is 
3.8%. This shows that the LSTM model produces more 
accurate predictions than the conventional ARIMA and 
RNN methods. However, the LSTM method has a longer 
training time compared to other methods37). This issue can 
be resolved by using a more capable server computer37). 

 
Table 1. MAPE & Training Time for Each Model37). 

Algorithm MAPE 
(%) 

Training Time 
(second) 

SARIMA (1,1,0) 
[i.e., ARIMA with 
seasonality tweak] 

13,279.97 1.27 

RNN with 2 layers: 
120 & 60 neurons 

5.59 3,403 

LSTM with 2 layers: 
120 & 60 neurons 

3.80 13,579 

 

3.2 Create Upper Limit and Lower Limit  
After reconstructing the pattern using the LSTM 

Autoencoder, the next step is creating the Upper Limit and 
Lower Limit of the LSTM Autoencoder data. The Upper 
Limit and Lower Limit are determined based on the output 
of the autoencoder signal, then the average values and 
standard deviations are calculated so that the Upper Limit 
(𝑈𝐿) and Lower Limit (𝐿𝐿) are obtained.  

Formulations for obtaining Upper Limit and Lower 
Limit are stated as follows, 

 

𝑥̅ ൌ ∑ ଵ

௪
 𝑥௜

௪
௜ୀଵ           (11)                           

𝑠𝑡𝑑 ൌ ට∑ భ
ೢ

 ሺ௫೔ି௫̅ሻమೢ
೔సభ

௪ିଵ
    (12)                           

𝑆𝐸 ൌ
௦௧ௗ

√௪
                (13)                           

𝑈𝐿 ൌ 𝑥̅ ൅ 3𝑆𝐸          (14)                           

𝐿𝐿 ൌ 𝑥̅ െ 3𝑆𝐸          (15)                         

With: 
𝑤  : specified time window (18 times window) 
𝑥 ̅   : average of the last (𝑤) values 
𝑠𝑡𝑑  : standard deviation 
𝑈𝐿   : Upper limit 
𝐿𝐿   : Lower limit 
 
The formulations are based on the average and standard 

deviation moves each time with a time window of 18. The 
constant value is equal to 3 because the value is commonly 
used in Statistical Process Control which represents 3𝜎. 
Illustration of UL and LL results is shown in Figure 5. 

Fig. 5: Illustration of LSTM Autoencoder Application and 
Upper Limit and Lower Limit Result. 
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4.  Result and Discussion 

This study employed Pulverizer-A equipment as a trial 
to implement anomaly detection. The selection of this 
equipment was based on data validation in the form of a 
Sequence of Event (SOE). SOE will simplify the anomaly 
detection validation process that has been done. The 
sensor data history used was in the period of December 
2016 to June 2017. The number of Pulverizer-A sensors 
available that used was 24 sensor tags with data sensor 
history per 30 minutes. The steps to anomaly detection on 
Pulverizer-A equipment are as follows, 

 
4.1 Perform autoencoder modeling of each sensor data 

to get the Upper Limit and Lower Limit control 
chart 

The Upper Limit and Lower Limit control were the 
maximum and minimum limit values of equipment 
operating parameters. Determination of the operating 
limits was needed to determine data that exceeded the 
normal limits of its operations. Figure 6 shows the result 
of the Upper Control Limit and Lower Control Limit from 
the autoencoder modeling of the Pulverizer motor current 
sensor (IT-BY001). The Upper Limit and Lower Limit are 
represented by the blue dash line while the solid line 
represents the real data of the Pulverizer motor current 
sensor (IT-BY001). 

Fig. 6: Upper Limit and Lower Limit Autoencoder Sensor IT-
BY001. 

 
4.2 Accumulated amount of data that exceeds the 

Upper Limit and Lower Limit  

The aims of the accumulated amount of data that 
exceeds the upper limit and lower limit control were to 
reduce misinformation in making odd decisions because 
not all data that exceeded the limit was always an anomaly, 
it could be just a spike. The accumulation applied in this 
study was per day.  

Figure 7 shows the accumulation of the amount of data 
exceeded the upper limit for the Pulverizer motor current 
sensor (IT-BY001). Maximum accumulation of the 
amount of data that exceeded the upper limit per day of 
Pulverizer motor current sensor (IT-BY001) period 
December 2015 until July 2016 was 20. The sample 
accumulation of the amount of data that exceeded the 
upper limit for Pulverizer’s sensors was tabulated in Table 
2. 

Fig. 7: Accumulation of Amount of Data Exceeds the Upper 
Limit for the IT-BY001 Sensor. 

 
Table 2. Samples of Accumulation of Amount of Data above 

the Upper Limit on Some Sensors. 

 
4.3 Creating a threshold for anomaly identification 

based on the daily historical accumulation 

The threshold was used to make criteria for an event to 
be classified into an anomaly. The threshold used was 
based on a 95% quintile of daily accumulation data that 
have cases that exceeded the limit. If an observation is 
equal to or exceeds the threshold, the observation is an 
anomaly. The threshold is made for both upper limit and 
lower limit control. Figure 8 and Figure 9 show 
observations that are anomalous and not anomalous.  

The threshold accumulated amount of data above the 
Upper Limit Pulverizer motor current sensor (IT-BY001) 
is shown in Figure 8. Figure 8 shows that the threshold 
quantile for the Upper Limit is around 17. Then the 
accumulated amount of data that equals or exceeds 17 is 
identified as an anomaly. As shown in Figure 8, the 
anomaly occurred in December 2016, January 2017, and 
February 2017. 

The threshold accumulated amount of data under the 
Lower Limit Pulverizer motor current sensor (IT-BY001) 
is shown in Figure 9. Figure 9 shows that the threshold 
quantile for the lower limit is around 48. The accumulated 
amount of data that exceeds 48 is identified as an anomaly. 
As shown in Figure 9, no data that exceed the Lower Limit 
threshold accumulated of the amount of data. There was 
no anomalous captured event notified as lower than the 
Lower Limit threshold. 

 
 

 
 
 
 
 

 
Fig. 8: Threshold Accumulated Amount of Data above the 

Upper Limit IT-BY001 Sensor. 
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Fig. 9: Threshold Accumulation of Amount of Data under 
Lower Limit for IT-BY001 Sensors. 

 
4.4 Validation of anomaly detection results  

Validation of anomaly detection results was done to see 
whether the anomaly detection model can be captured 
before the actual event occured. We expected some 
sensors to capture anomalous events occurred before 1-3 
days of SOE. Equipment Pulverizer-A case had 4 SOE. 
Details of the anomalous event date and the sensors that 
captured the pattern can be seen in Table 3. 

Table 3 and Figure 10 show that anomaly detection 
focused on the data above the Upper Limit of the 
Pulverizer motor current sensor (IT-BY001) because 
accumulations below the Lower Limit tend to be unable 
to capture anomalies 1-3 days before SOE (see Figure 9). 
This study used real data from December 2016 until July 
2017. As shown in Figure 10, the anomaly data captured 
on 23 January 2017, 2 days before SOE occurred (25 
January 2017). The anomaly captured in Figure 10 is valid 
because it occurred 1 to 3 days before SOE. Conditions of 
accumulation before and after the occurrence of SOE were 
noticeable that many cases above the threshold just before 
the SOE. However, after SOE occurred it tended to be 
fewer cases above the threshold. This indicated that the 
Pulverizer’s problem has been solved after SOE occurred. 
The pattern also occurred in several other sensors. They 
can be seen in Figure 11, Figure 12, and Figure 13. 

 
Table 3. List of Sensor Tags Detecting Anomalies About 1-3 

Days before SOE (Based on Upper Limit Threshold). 

 
 
 
 
 
 
 
 

 
 

Fig. 10: Anomaly Captured on IT-BY001 Sensor 1-3 Days 
Before SOE Occurs (Based on the Accumulation of Data 

Amount above the Upper Limit). 
 
 
 
 
 
 
 
 
 
 

 
 

Fig. 11: Anomaly Captured on IF-BA084 Sensor 1-3 Days 
Before SOE Occurs (Based on the Accumulation of Data 

Amount above the Upper Limit). 
 
 
 
 
 
 

 
 
 
 
 

 
Fig. 12: Anomaly Captured on PDT-BA087 Sensor 1-3 Days 

Before SOE Occurs (Based on the Accumulation of Data 
Amount above the Upper Limit). 

 

Fig. 13: Anomaly Captured on TE-BY586 Sensor 1-3 Days 
Before SOE Occurs (Based on the Accumulation of Data 

Amount above the Upper Limit). 
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Anomaly captured on Pulverizer PA Flow sensor (IF-

BA084) is shown in Figure 11. Figure 11 shows the 
anomaly data captured on 11 January 2017 and 18 
February 2017, one day before SOE occurred (11 January 
2017 and 19 February 2017) respectively. 

Anomaly captured on Pulverizer Bowl Different 
Pressure (PDT-BA087) is shown in Figure 12. Figure 12 
shows, the anomaly data captured on 24 January 2017 and 
18 February 2017, one day before SOE occurred (25 
January 2017 and 19 February 2017) respectively.  

Anomaly captured on Pulverizer Motor Winding 
Temperature (TE-BY586) is shown in Figure 13. Figure 
13 shows the anomaly data captured on 24 January 2017 
and 18 February 2017, one day before SOE occurred (25 
January 2017 and 19 February 2017) respectively. The 
anomaly captured in Figure 11, Figure 12, and Figure 13 
are valid because it occurred 1 to 3 days before SOE. The 
limitation of SOE data that captured from December 2016 
to July 2017 resulted some anomaly data that cannot be 
validated. 

The results that have been illustrated (see Figure 10 to 
Figure 13) approves that LSTM-Autoencoder can capture 
anomalous events before SOE happened. An anomaly that 
captured each sensor shows the current condition or the 
phenomena that occurred inside of the Pulverizer. After 
obtaining the anomaly data from each sensor, a symptom-
cause logic is built by the engineer.  A symptom-cause 
logic purpose to determine the condition of the equipment. 
This condition will be taken care by the plant operator to 
avoid or reduce the impact of the failure that came after. 
An anomaly that was detected before SOE can be used as 
an early warning for the operator to prepare and anticipate 
action before the failure occurs. 
 
5.  Conclusion 

Reliability is one of the most critical points for 
engineering operations. Unexpected failures of some parts 
of the system could affect all of the operations. Failures 
can be predicted by knowing the anomalies that occurred 
in the equipment. This study made use of Pulverizer-A 
equipment as a trial to implement anomaly detection using 
the LTSM-autoencoder approach that learns to reconstruct 
‘normal’ time-series behaviour and thereafter uses 
reconstruction error to detect anomalies. As a result, this 
method can capture anomaly events before SOE occurs 
(based on the Accumulation of Data Amount above the 
Upper Limit).  

The accuracy of the proposed model points out the 
reliability of the architecture which might lead the power 
plant to get an alert before a breakdown happen. Therefore, 
management might have a chance to reduce maintenance 
costs while increasing revenue and service quality. Our 
future research is to calculate the Cost-Benefit Analysis of 
data unplanned maintenance cost versus data planned 
maintenance cost (the result of LSTM-autoencoder 
implementation) to convincing the economic feasibility of 
this research. The LSTM method has a longer training 

time compared to other methods. This must be prepared 
regarding big resources before running the model using 
LSTM method. 
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Nomenclature 

b the bias 

𝐶௧ഥ  state update 

ft forget gate 

g sigmoid 

H / h implicit layer 

it input gate 

LCL upper control limit 

ot output gate 

tan h status and gate input unit 

UCL lower control limit 

w weight of neuron 

w specified time window (18 times window) 

X / x the input 

𝑥  average of the last (𝑤) values 

Z the implicit variable reconstructs 
 
Greek symbols 

3𝜎 statistical process control (-) 
 
Subscripts 

std standard deviation 
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