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Abstract— Centrifugal machines are crucial in the process of making sugar. It requires proper centrifugal maintenance so that the
production process runs smoothly. Efficiency and productivity are, therefore, critical factors in producing high-quality sugar.
Centrifuge damages may occur, suddenly causing huge losses. Therefore, predictive treatment is essential. To achieve this, vibration
analysis is a reliable and easy method to determine the vibration levels of spinning machines such as centrifuges. Simply by attaching
the sensor to the outside of the engine, the engine condition will be read. Unfortunately, not all employees understand how to read
vibration measurement data. Even experts need time to analyze the vibration signal. Therefore, the purpose of this study was to
design an expert system that diagnoses centrifugal vibrations using the Bayesian Network. The vibration analysis process will be
employed in the network using a series of complex nodes and trained according to the reference spectrum analysis. The presence or
absence of spectral lines is evidence of Bayesian Network input in updating information regarding centrifugal damage. The result
shows that the Bayesian network method was successfully applied to diagnose centrifuges based on vibration data. The inputs in the
form of 1X and 2X produced an Unbalance probability value of 90%, Misalignment 93.2%, Looseness 57.38%, Bearing 33.79%,
Pulley 50.3%, and produce a centrifugal damage probability of 7.86%. Therefore, these values were the actual conditions of the
vibration data.
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vibration frequency characteristics is to show the types of
I. INTRODUCTION damage that happen in a rotating machine. Vibration
analysis is an effort to minimize damage to engine
components that propagate to other engines [4]. This method
also helps determine the engine structure and operating
conditions using the latest technique used to analyze
vibration signals and diagnose centrifuges according to
standards taken from centrifugal casings [5]. This aims at
detecting the location and nature of damage at an early stage.
Furthermore, it includes the development and monitoring of
its condition to estimate an engine's life span and prepare
appropriate maintenance [6]. Fundamental frequencies and
harmonics are the main components in the centrifugal
frequency domain (spectrum) [7]-[9], and disturbances can
be observed from an increase in amplitude as shown in the
spectrum graph [10]-[12].

Unfortunately, not all employees understand how to
analyze vibrations in industrial machinery, especially in
centrifuges. The analysis of centrifugal vibrations requires
time and experience. This is done with the use of standard

The production of sugar with high-quality standards is the
goal of every sugar factory. To achieve goals with minimal
losses, it is important to maintain the good working
conditions of machines involved in this process, thus
accelerating productivity and profitability targets. One
machine that plays an essential role in making sugar is
centrifugal, shown in Figure 1. Good maintenance of
centrifuges ensures good sugar quality and minimal losses
[1], [2]. The centrifugal machine's primary function is to
break up crystals in the massecuite from peripheral molasses
by centrifugal force. Raw sugar is then sent to the drying or
refining unit, matching its type and desired packing section
[3]. To keep the centrifuge in good operating conditions, it is
necessary to do predictive maintenance with proven
reliability methods.

Vibration analysis has unique advantages associated with
the monitoring and fault diagnosis of machinery. One of the
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software from the manufacturers. Sometimes, a company
may have to pay dearly for this service. This may require
them to employ external staffs to analyze data taken from
centrifuges.

Furthermore, expert staff in vibration analysis also needs
time to analyze spectrum data. Therefore, in solving this
problem the research proposes to create a system that can
read the spectrum of vibration data precisely to diagnose
centrifuges. To perform operations, systems only require
data and input spectrum specifications. Furthermore, the
system provides important information about centrifugal
conditions, including point of damage, what action is needed
and damage level.

Fig. 1 Conical continuous centrifuges

The medical field has inspired the concept of diagnosis.
At present, types of engine failure can be identified as the
main cause of sophisticated diagnostic methodologies.
However, the diagnosis is made after the damage has
occurred, including in the reactive action. In fact, observing
certain machine conditions has a problem fault diagnosis in
detecting the characteristics of damage that might be hidden
in the dataset. Also, signal processing and data acquisition
are features of the vibration condition monitor, suitable for
detecting damages in a spinning machine. Other ways of
detecting damages are from historical data, expert insight,
and physical formation, all of which are general frameworks
for damage diagnosis systems [13]-[15]. Therefore,
Bayesian Networks (BNs) can detect possible incidents that
may occur. They are also able to handle uncertain causal
relationships, update probabilities, multi-state variables,
make two-way interpretations and handle data gaps [16]-
[18].

The Bayesians Network and its application practices are
widely used in various fields of science. The probabilistic
graphic model has long been an exciting topic that supports
computer science's rapid development, especially in data
mining and machine learning [19]-[21]. Uncertainty arises
and becomes the main component when designing
knowledge-based reasoning and decision-makers methods
[22], [23]. Regarding the expert systems in manufacturing,
Barry R. Cobb and Linda Li emphasized that the Bayesians
Network is most useful when dealing with uncertainty [24].
The Bayesian Network is a reliable tool for developing
expert systems in the field of artificial intelligence. This is
an advantage to reflecting and diagnosing complicated

systems with incomplete, uncertain, and conflicting
information. The BN is a probabilistic graphical model
whose nodes are a set of random variables connected by a
directed acyclic graph (DAG) to represent the conditional
dependencies among those variables. Pearl was introduced in
the early 1980s [25], [26], and states that probabilistic
conclusions and fields of knowledge discovery were applied
successfully [27], [28]. The BN was successfully applied to
monitor engine conditions, especially in vibration analysis
[29]-[31]. It is applicable as a decision-making tool.
Furthermore, being supported by several journals on this
similar topic, it was chosen as an effective method in
designing expert systems for centrifugal diagnosis.

II. MATERIALS AND METHODS

The implementation of this research was divided into
several stages. This includes preparing centrifugal data,
designing BNs according to vibration analysis principles,
making programs in MATLAB, and testing systems that
have been made. Data presentation in the form of centrifugal
specifications and vibration values was shown in Table 1.
This was prepared as input and training data when creating
the system outlines and the vibration spectrum component so
that the output data can be read as input for the BN obtained.

TABLEI
CENTRIFUGE SPECIFICATION

Continuous
Machine Name Centrifugal 111
Power 90 kW
Motor Speed 1500 RPM
Rotor Speed 1800 RPM
Transmission System Pulley Belt
Pitch Diameter of First Pulley 250 mm
Pitch Diameter of Second Pulley 208.34 mm
Pitch Diameter of Sheave 260 mm
Center Length between Pulleys 500 mm

The spectrum data entered was processed to determine
each machine component's frequency, as shown in Figure 2.
Centrifugal specification data was a reference for frequency
calculation and will be adjusted to the spectrum.

Spectrum
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Fig. 2 Vibration frequency extraction

If the calculated frequency value is found in the spectrum,
then it is input for the existence of evidence to the BN.
Conversely, if the frequency value is not found in the



spectrum, it becomes an input for the BN's absence of
evidence. Furthermore, identification will be wused as
evidence to show whether there are frequencies associated
with centrifugal damage. The frequency of centrifugal
components can be seen in table 2.

Input data for BNs were grouped into 2 types. According
to the frequency calculation, the frequency line that is
proven to exist becomes input type 1 (true).

: Revolutions Per Minute
FTF : Fundamental Train Frequency

BPFI  : Ball Pass Frequency of Inner ring
BPFO : Ball Pass Frequency of Outer ring
BSF : Ball Spin Frequency

B4 : Ball or roller diameter

No : Number of balls or rollers

P4 : Pitch diameter
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Fig. 3 System flowchart

This input has a large amplitude-frequency requirement of
> 2 mm/s RMS. Whereas for data that is not proven, there is
a frequency line according to the calculation or the value of
the frequency amplitude of < 2mm/s RMS. This becomes

input type 2 (false). The machine specification data and
process of grouping input types then enter the BN
calculations to provide diagnosis results such as vibration



status and damage location. Detailed research flow diagram
can be seen in the Figure 3.
Based on the stages of vibration analysis in diagnosing

centrifugal conditions, it is necessary to build a BN structure.

The first process assumes the cause of the damage in the
centrifuges is based on the spectrum lines that appear. Then
BN is built to show the location of damages and the actions
that the user should take. A BN structure model is shown in
Figure 4.

Bayes Theorem:

P(B|A)= (7)

o>
- o
-

BeltFreq

TABLE I
CENTRIFUGAL COMPONENT FREQUENCY
Component/Attribute Freq. 1 (Hz) Freq. 2 (Hz)
0.5X 13 15
1X 25 30
2X 50 60
3X 75 90
4X 100 120
5X 125 150
BPFI 23.5 268.25
Bearing: BPFO 176.75 211.75
’ FTF 11 13.25
BSF 209.75 251.5
Pulley 12 -

Choce 5

= -

BPFO

Cllode 2

Damage

Fig. 4 Bayesian network structure

TABLE III
PRIOR PROBABILITY
Node Name P (Yes) P (No)

0.5X 0.1 0.9
1X 0.1 0.9
2X 0.1 0.9
3X 0.1 0.9
4X 0.1 0.9
5X 0.1 0.9
BPFI 0.05 0.95
BPFO 0.05 0.95
FTF 0.05 0.95
BSF 0.05 0.95
A 0.1 0.9
B 0.1 0.9
C 0.05 0.95
D 0.02 0.98

There are 24 nodes in the BN structure. The root of each
node has a related Conditional Probability Table (CPT).
Despite decreasing, it only contains a line that represents the
prior probability. If a node has many parent nodes or if a
parent can take many values, the CPT can be very large. The
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size of the CPT is exponential in the number of parent nodes.
Thus, for Boolean networks a variable with n parents
requires a CPT with 2*(n+1) probabilities. The nodes in this
case include Harmonic, Trans, and Bear Freq.

These nodes describe the source of centrifugal damage. In
its design, they are directed to the Damage node to obtain the
probability value of the centrifugal damage level. The
Damage node also has CPT from nodes A, B, C, and D. The
application of this will produce a probability of 1024, then
by giving a Trans node, the number of probabilities at
Damage node becomes 64.

Expert systems work with the acquisition of knowledge
for the signs of centrifugal damage data, under the
measurement of vibrations that have been converted into
spectrum and processed using the BN method. The spectrum
was used to analyze vibration amplitudes at various
component frequencies. This identifies and tracks vibration
occurring at specific frequencies. The information was used
to diagnose the cause of excessive vibration (damage).
Centrifugal damage is distinguished by the amplitude of the
vibration that appears in the spectrum data. The prior
probability values of each centrifugal symptom can be seen
in Table 3.



TABLE IV
ISO STANDARD

Machine Group Machine Condition (mm/s RMS)
Ne- Rigid Foundation A B C D
1 Group 1 0-23 23-45 45-17.1 >17.1
2 Group 2 0-1.4 1.4-28 2.8-45 >4.5
3 Group 3 0-23 23-45 45-7.1 >17.1
4 Group 4 0-1.4 1.4-28 2.8-45 >4.5
Flexible Foundation A B C D
5 Group 1 0-35 35-71 7.1-11 >11
6 Group 2 0-23 23-45 45-17.1 >7.1
7 Group 3 0-35 35-7.1 7.1-11 >11
8 Group 4 0-23 23-45 45-17.1 >17.1

Determined centrifugal conditions based on the amplitude
of vibration at the frequency have been identified. The
vibration value entered is then processed by the system and
will be grouped into machine group 3 with a flexible
foundation type. The level of damage detected will be
compared with the vibration value that has been grouped in
ISO standard. Therefore, conclusions on centrifugal action
can be obtained. Table 4 shows the grouping of vibration
values according to ISO 10816-3 Standard.

TABLE V
CPT FROM THE MISALIGNMENT NODE

Parent Node(s) P(Misalignment | 1X, 2X, 3X)
1X 2X 3X Yes No Bar Charts
Yes Yes 95% 5%
Yes No 90% 10%
No Yes 40% 60%
No 10% 90%
Yes Yes 45% 55%
No No 25% 75%
No Yes 45% 55%
No 0% 100%

CPT shows the level of centrifugal damage. An expert
was required to fill each table with a percentage of 0% -
100% (0-1). For example, the chance of misalignment if the
evidence of X1, X2, and X3 was obtained is 95%.
Determination of the value, 95%, is obtained from an expert.
One of the most important advantages of BN is its ability to
calculate conditional probabilities between input and output
nodes. It also performs more accurate probability inferences.
Conditional probabilities will provide valuable advice for
diagnosis of centrifugal damage. The CPT value for the
Misalignment node can be seen in Table 5.

II1. RESULTS AND DISCUSSION

This expert system uses probabilistic renewal beliefs in
making decisions. The node with the largest percentage
value will be determined as the highest trigger for damage in
the centrifuges. As for other damages, it will be calculated
according to the percentage level obtained from the system.
Any value given to CPT will affect other nodes. Therefore,
the CPT value is designed to determine appropriate results.
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Each node in the system set has 2 states namely "Yes" and
"No". The decision-making at focal point, 5 node location
where the solution was broken were Unbalance,
Misalignment, Looseness, Bearing and Pulley. At 1 node the
conclusion is Damage. Figure 5 shows the information of no
evidence of symptoms.
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Fig. 5 Update on probability without evidence
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Fig. 6 Update on probability with evidence

Without evidence of the probability, value of Unbalance
was 13.5%; Misalignment 1.85%; Looseness 11.73%;
Bearing 16.58%; Pulley 11.78%; and results in the
probability of centrifugal damage was 5.36%. All probability
values were still less than 50%; this indicated no damage to
the centrifuges.

Figure 6 shows the information with evidence of
symptoms at 1X and 2X. It is important to know how a
component will affect the whole system. The probability of
Unbalance increased to 90%; Misalignment 93.2%;



Looseness 57.38%; Bearing 33.79%; Pulley 50.3%; and
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produce a centrifugal damage probability of 7.86%.
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Fig. 7 Spectrum data

Through Figure 6 it can be concluded that the most
damages occur due to unbalance and misalignment.
Therefore, the corrective action on the Misalignment takes
precedence because the percentage value of the probability is
greater than Unbalance. The probability for Damage value is
very little due to the absence of input in the form of vibration
value. CPT node Damage has a small value or probability in
case where there no evidence in the form of value for
vibration.
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The application is designed to be easy for users to
understand the information generated by the system. Basic
features were programmed to obtain important information
from centrifugal conditions. The application created can
display original spectrum data in graphic form, display BN
results in bar graphs, and display important information
about each centrifugal component's condition. Furthermore,
the application is also programmed with facial expressions
related to centrifugal conditions. If the centrifuges are in bad
condition, facial expressions will adjust to sad facial



expressions. Conversely, if the centrifugal conditions are in
good condition, happy expressions will appear. Features like

reset are also added so that users can restart the diagnosis

Vibration Spectrum
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Fig. 8 System testing
TABLE VI
SYSTEM DIAGNOSIS RESULTS
No. Spectrum RMS Value (mm/s) Actual Condition System Diagnosis Result
1 A 5.86 Unbalance Unbalance Correct
2 B 7.34 Misalignment Misalignment Correct
Looseness Looseness
3 ¢ 3.21 (good condition) (good condition) Correct
Pulley Pulley
4 D 2.37 (good condition) (good condition) Correct
5 E 5.97 Misalignment Misalignment Correct
Unbalance Unbalance
6 F 3.46 (good condition) (good condition) Correct
Bearing Bearing
7 G 2.07 (good condition) (good condition) Correct
8 H 2.38 Bearing Bearing Correct

(good condition)

(good condition)

A system or software that has been designed and analyzed
will undergo the stages of implementation, inspection and
subsequently be released for running programs after been
tested for eligibility. Therefore, the system is made in
accordance with the desired goals and can be operated
properly. The following will explain the implementation of
an expert system, for diagnosing centrifugal damage-based
analysis and design that has been done before. After the

29

implementation phase is complete, it is followed by testing
the implementation that has been carried out.

System testing was carried out to ensure the system is
built in accordance with the results of analysis and design so
that a final conclusion is made. Testing is done based on the
results of the system's diagnosis with the same actual
conditions, regarding the signs that have been obtained from
the data that has been entered. Testing uses centrifugal



vibration data whose measurements were obtained from the
sugar factory of PT. Berkah Manis Makmur, where the data
contains several types of measurements such as vibration
and spectrum values. This data obtained was used for input
to determine the conditions of the centrifuges. Search for
sources of damage that occur in the centrifuge and actions to
be taken by the user. Figure 7 shows the centrifugal
spectrum diagnosis.

Figure 8 shows the calculation results of BNs that have
been built, there are symptoms of possible indications of
damage to the centrifuge. The diagnosis result states that the
presence of unbalance causes the dominant damage. This
characteristic is due to the appearance of 1X in the spectrum
frequency. The system also states that the damage has been
severe and recommends immediate repairs. Referring to
table 4, the vibration level enters zone C. This means that
short-term operation is still permitted. Table 6 shows the
system's diagnosis results, which is the same as the actual
conditions in the field. The system was able to predict the
location of damage and centrifugal conditions accurately.

IV. CONCLUSIONS

Centrifuges can be diagnosed accurately and efficiently
using vibration data in the form of vibration and their
spectrum. Vibration values were used to determine
centrifuge conditions. The spectrum was useful to find the
source of damage. The vibration analysis method was
successfully applied to the BN by making the signs of
centrifugal damage into interconnected nodes. The BN
method is advantageous because it does not need a lot of
data to build a network so that it can recognize spectrum
patterns. The network can also accurately diagnose
centrifuges even though more than 1 symptom is found in
the spectrum. Furthermore, prior actions can be adjusted by
changing the CPT value. The results of the diagnosis by the
system of 8 spectra showed the appropriate results. The
predictions on centrifugal condition and location of damage
were correct.

When building a BN, determining the prior probability
and CPT should be done by an expert in this field. The
accuracy of the results from the BN was determined by the
values of the prior, CPT, and connections between nodes.
The result obtained will not match if these processes were
not carried out correctly. Many nodes may require tedious
computer works and lots of time to fill the CPT. Therefore,
minimizing the number of nodes when creating a network is
advised. Each node does not have more than 5 parent nodes.
Further research can be done using different machine
methods, such as fuzzy logic, support vector machines, and
others, to choose the best method for centrifugal diagnosis.
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