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Abstract

Fans are the key components of any cement manufactur-
ing process. Without them, the process does not work very
well, or it would not be effective. They can be subjected to a
large number of damages (wear, unbalance, etc.) occurring
during the operation and whose causes are multiple. One
problem of great importance in industrial monitoring is
performing fault detection and determining the faulty compo-
nent, or at least the suspect area in the schema of the system.
To address this issue, the diagnostics of most defects that
may affect the fans is investigated in this work using spectral
analysis of vibration which allows the construction of
signatures defects. These signatures are dedicated to auto-
mating the diagnostics by artificial neural network.

INTRODUCTION

In the industrial sector, production systems are increas-
ingly more complex and cannot be free of disturbances and
failures, affecting the quality of the product, which may
cause an immediate stop of a machine and affect the proper
functioning of an entire production system. Fault diagnosis
of these machines is based mainly on monitoring symptoms
related to different degradation conditions.

Industrial fans are integral and indivisible parts in modern
industry. A defect, fixing or alignment may compromise the
production and lead to a technical and economic decline of
the company. The establishment of an effective and constant
control of these machines is therefore an important aspect
to be taken into account at the level of different management
policies of any production system. The surveillance of these
machines is based mainly on the extraction of revealing
information on the encountered degradation conditions. In
this context, several sources have been exploited and exper-
imented in the past with more or less efficiency. These
include oil analysis, temperature analysis, acoustic emission,
and vibration analysis with greater intensity. Vibration anal-
ysis is becoming more and more important in the detection
and diagnosis of defects in rotating machines, because of
the increasingly high performance in terms of signal pro-
cessing. Over the last few decades, a series of articles have
been published /1/. First approaches explored the analysis
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lzvod

Ventilatori su kljucne komponente u svakom postupku
proizvodnje cementa. Bez njih postupak nije izvodljiv, ili nije
efikasan. Ventilatori mogu pretrpeti veliki broj osteéenja
(troSenje materijala, neuravnotezen rad, itd.), koja se javljaju
tokom rada, gde su uzroci visestruki. Jedan problem od veli-
kog znacaja u industrijskom monitoringu je detekcija
greSaka i otkrivanje ostecene komponente, ili bar otkrivanje
sumnjivog sklopa u okviru sheme sistema. Za resavanje ovog
problema, u ovom radu se istrazuje dijagnostika vecéine
gresaka koje mogu uticati na rad ventilatora primenom
spektralne analize vibracija, kojom se omogucava dobijanje
slike signala greSaka. Ovim odzivima se postiZze automati-
zacija u dijagnostici putem vestacke neuronske mreze.

of lubricants, sound analysis, and special attention to vibra-
tion analysis. In another study published in 1988 /2/, the
author provides state-of-the-art analysis and vibro-acoustic
diagnosis: he describes a very promising new discipline. He
noted the lack of reliable indicators for different failures
that could affect the operation of rotating machines. The
extraction of representative indicators of time signals was
first investigated; among the first works found proposing a
method for detecting defects in the bearings by counting the
number of peaks in the time signal, /3/. Other indicators
characterising the temporal form of the vibration signal are
explored. Thus the works are one of the first applications of
the kurtosis for monitoring bearings in operation, /4/. Other
works followed using this same indicator or combining and
comparing with other indicators such as the scalar RMS and
peak factor, /5-7/. In order to improve detection performance
of some indicators, filtering techniques of vibro-acoustic
signals in some frequency bands have been experimented in
several studies /8-10/. With implementation of the Fourier
transform in diagnostic tools, vibration analysis took full
advantage of the conversion of signals in the frequency
domain for diagnosing defects in rotating machines. Several
works have been published, /11-15/. Although this technique
is now considered major for diagnosing rotating machines,
it has proved efficient in some cases more than in others.
Hence, the need to combine it with other more advanced
techniques. Demodulating the signal using envelope analysis
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after filtering around a resonance frequency band has
emerged as a promising technique for the detection of bear-
ing defects. The first applications of vibration signals
emerged in the early 1970s with research in Burchillet et al.
/81, followed by several investigations and the first state-of-
the-art appeared in 1984 /16/. The significant technological
advances in electronics and computer science have enabled
massive exploitation of this technique and its implementa-
tion in many industrial diagnostic tools, /15-22/.

However, many diagnostic techniques available currently
require a lot of expertise to apply them successfully. New
techniques are required that allow relatively unqualified
operators to make reliable decisions without knowing the
mechanism of the system and analysing the data. New
techniques are required to monitor a mechanical system.
So, reliability must be the most important criterion of the
operation. Artificial neural networks (ANN) are suitable for
this type of problem. They have been researched and applied
in real systems, /14, 23-29/.

DAMAGE ENCOUNTERED ON FANS

Shaft defects

The faults of rotating shafts and more globally rotors are
quite common in rotating machines. In reality it is virtually
impossible to achieve perfect alignment of all elements of a
rotor causing an unbalance in rotating machinery. An unbal-
ance can have many origins as initiator; machining defects,
assembly, or mounting of the rotors. The rotors may also be
deformed under the influence of unsymmetrical heating.
Some events that cause the appearance of unbalance are
described as follows, /21, 30-32/.

- Unbalance of mechanical origin

Loss of material: an unbalance may be caused by loss of
material, for example, by the loss of a blade or the breaking
of a blade. We then observe the instantaneous elevation of
vibration levels.

Creep: an unbalance may also be observed due to a creep
phenomenon of creating a permanent deformation of the
shaft and generating high vibration. This phenomenon is
often encountered after an extended shutdown of the
machine.

Erosion: the erosion of blades in most cases creates unbal-
ance. Unbalance is manifested, then with a slow evolution
of the vibrations to the rotational frequency.

- Unbalance of thermal origin

An unbalance can occur following a symmetric rotor
deformation under thermal stress effect; this happens when
the rotors are not homogeneous or when the temperature is
not evenly distributed. This kind of phenomenon can be
detected by correlating the temperature variations and vibra-
tions. The speed of evolution informs on the origin of a fault.

Unbalance faults can be classified into:

Static unbalance: the centre of gravity of the rotor is not on
the axis of rotation, but the principal axis of inertia remains
parallel to the axis of rotation.

Dynamic unbalance: the rotor centre of gravity is on the axis
of rotation, but the principal axis of inertia is not parallel to
the axis of rotation.
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Damage encountered in bearings

The main damage may be classified into, /6, 22, 33-36/:
Damage due to fatigue: this type of damage is manifested
by the appearance of a crack that grows until shucked.
Abrasive wear: destruction of an element by progressively
removing the surface material and particle formation.
Scuffing and adhesive wear: produced at high slip resulting
in localised welding, and surface roughness of a material
transfer between surfaces.

Footprints: it is related to the Hertzian contact. The effect
of load produces a plastic deformation when a particle is
trapped in the contact, causing surface defects.

Unbalance heat: the temperature rise causes destruction of
the lubricant.

EXPERIMENTAL WORK

Description of draft fan

The fan type FN 280 is provided for transporting hot
gases whose grit content is limited. The fan (Fig. 1) is of an
aspirant type without an inlet box.

Figure 1. Images of cement draft fan.

The fan (Fig. 2) consists of the impeller (11) with impeller
mounting (13), shaft (15), cooling fan (16), bearings (18
and 6), and fan casing (17) to the conical dish (front cheek)
(3), base (rear flange) (5) and coned inlet (2). The impeller
(11) is constructed as a closed wheel consisting of a cast hub
(13) to which the wheel itself is bolted. The adjustment
between shaft and hub (13) is a sliding fit h/H. The impeller
has undergone a dynamic balancing. The shaft is made of
steel. Bearings (18 and 6) are spherical thrust roller bearings,
basic designation 22332/C3 for (18) and 22328/C3 for (6),
as sintered on the shaft. One, designed as a guide bearing is
mounted near the motor. The other is movable in the body.
All these bearings are mounted in bearing FLS cast housings
(19) mounted on the stool (20). A cooling turbine (16) is
mounted on the shaft near the casing because the fans must
work at temperatures above 125 °C. The fan casing consists
of the casing itself (17), front cheek (3), rear flange (5), and
coned inlet (2). The fan casing is sealed by stuffing rope (12)
and is provided with an inspection hatch (21). The front
cheek is bolted to the casing.

STRUCTURAL INTEGRITY AND LIFE
Vol. 23, No.1 (2023), pp. 23-29



Faults diagnostics of cement draft fan using Artificial Neural ...

Dijagnostika ventilatora u cementari primenom vestacke ...

= r-—

1-fan casing and outlet, 2-coned inlet, 3-conical dish (front cheek), 4- cover
coupling, 5-base (rear flange), 6-bearings (22328/C3), 7-motor pedestal, 8-
motor, 9-flexible coupling, 11-impeller, 12-stuffing rope, 13-impeller mount-
ing, 14-nut, 15-shaft, 16-cooling fan, 17-casing, 18-bearings (22332/C3),
19-bearing cast housings FLS, 20-stool, 21-inspection hatch.

Figure 2. Assembly drawing of FN280 fan.

Technical fan characteristics

The fan is essentially comprised of: a drive motor ABB;
flexible coupling; an impeller blade mounted on shaft with
two SKF bearings fitted with tapered roller thrust bearing.
Fan and motor technical data are given in Tables 1 and 2.

Table 1. Fan technical data.

Type MTSS 224/224
Number of blades 16
Temperature 84 °C
Speed 985 tr/min
Roller bearings bearing 1 22328/C3
bearing 2 22332/C3
Table 2. Motor technical data.
Mark ABB
Power 500 kW
Tension 11000 V
Weight 53 kg
Intensity 33 A
Speed 995 tr/min
Roller bearings DE 6324/C3
NDE 6326/C3

Calculation of frequencies occurrence defects of fan elements

The calculation of equipment kinematics is necessary for
defining the appearance of anomaly frequencies and defines
the minimal and maximal threshold vibration amplitudes of
each part. Tables 3 and 4 summarize the frequencies of
occurring defects in fan and motor bearings, and minimal

and maximal threshold vibration amplitudes of each element
according to the 1SO10816-3 standard, /36-38/.
Table 3. Frequency faults in fan and motor bearings.
Bearing | fre [HZ] | fhext [HZ] | foint [HZ] | Fc [HZ]

Motor | 6324/ C3 72.74 51.93 80.74 6.49
6326/C3 72.89 51.95 80.72 6.49
Fan | 22328/C3 88.86 102.46 146.29 6.83
22332/C3 | 90.24 102.76 145.99 6.85

foine-frequency of inner ring; foexi-frequency of outer ring;

fe-frequency of cage; fre-frequency of rolling element;
fr-frequency of mechanical rotation
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Table 4. Threshold RMS (mm/s) for motor- and fan shaft.

Measuring point Warning Alarm Fault
M1A 2.7818 7.1000 11.2000
M1H 6.5717 7.1000 11.2000
M1V 4.4760 7.1000 11.2000
M2A 2.2400 7.1000 11.2000
M2H 5.6928 7.1000 11.2000
M 2V 2.5217 7.1000 11.2000
F1A 4.7919 7.1000 11.2000
F1H 4.8756 7.1000 11.2000
F1V 5.2785 7.1000 11.2000
F2A 6.4134 7.1000 11.2000
F2H 3.6907 7.1000 11.2000
F2V 4.1555 7.1000 11.2000

Measurements and interpretations

To analyse the vibrations generated by parts of the gear
unit, measurements are carried out in three directions (axial,
horizontal, and vertical) of the four points bearing shafts
(Fig. 3) using an accelerometer AO760GP SNP66223. Signal
acquisition is made by vibrating machine CSI 2130 Machin-
ery Health analysed with sampling time Ts = 0.15 s. Spectral
analysis is done using AMS Suite version 5.3.

MIH M2H
FIH FIH M1V M2V
FIV FLV M1A M2A
FIA FlA

k!

Figure 3. Points for measuring vibration signals.

To locate the fault, spectral points are assessed in three
directions.

- At the level of motor bearing

Figures 4a and 4b show spectrum points M1H and M2H
of the vibration image in the frequency range [0-1000 Hz].
It is noted that the overall vibration behaviour is acceptable
of the motor:

- unbalance normal motor;
- misalignment (motor-fan) normal,
- state of motor bearings are normal.

(a) ©
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Figure 4. Spectrum signals of points: a) M1H; and b) M2H.

- At the level of fan bearings

The analysis in the high frequency band (Fig. 5) shows
the peaks of shocks and a clear comb (signal modulation)
around the frequency [2217-3542 Hz] whose pitch is approx-
imately 103.9 Hz which corresponds to the outer ring fault
of the bearing SKF 22332/C3.

06
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Frequency (Hz)

Figure 5. Spectrum signal of point F2H (fault of outer ring in
bearing SKF 22332/C3).

Low-frequency analysis (Fig. 6) shows the spectrum to
an important amplitude of 4.24 mm/s at the turbine rotational
frequency, thus reflecting a significant unbalance vibration of
the fan, due to clogging of material on the fins or advanced
wear, highlighting an occurrence of a fault on the outer ring
bearing SKF 22332/C3. Advanced degradation of the bearing
outer ring is clearly visible in the spectrum (Fig. 5).

0 10 20 30 40 50 60 70
Frequency (Hz)

Figure 6. Superposed spectrums with and without fault unbalance.

Figure 7 shows the spectrum a failure to lubrication.

We observe that in the absence of a defect the spectrum
is flattened. If there is a lack of lubrication there will be a
rolling defect. The fault is represented by a modulation in
the high frequency band.
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Figure 7. Superposed spectrums with and without lubrication fault.

AUTOMATION OF DIAGNOSTICS USING ARTIFICIAL
NEURAL NETWORK

In the following, we apply the neural networks approach
with a set of real measurement data of draft fan (FAN 280)
without faults or defects (bearing failure, unbalance, and
lubricating fault).

Construction of the ANN block

The neural network we have chosen is a network that
uses a multilayer retro propagation algorithm for learning.
This method gave good results in many applications /14,
23-27/. To apply it suffices to have the input and output
data. Stages of construction and validation of the neural
network are divided into three phases:

« Choice of network inputs

The selected inputs are twelve amplitude values of low
frequency band acceleration spectrum and twelve amplitude
values of high frequency band acceleration spectrum for
point 2 in the horizontal direction. The latter has 24 inputs
of the input layer that are sampled values of acceleration
spectra (Fig. 8).

Decision System Aid
S5 5 8

|

uonRRLa D

Svstem
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Processing
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08T NV

B
g

N

Figure 8. Diagram of the diagnostic system by neural network.

- Choice of network outputs

Our network has three outputs since in our case we have
considered not many faults (see Fig. 8). We associate each
fault a code, i.e., each fault is represented by three output
neurons (see Table 5). When detecting a fault, the network
must indicate any binary number (e.g. 100) at its output,
which corresponds to this type of fault (fault of the outer
ring of bearing SKF 22332/C3). In other words, each output
of the network has a single digit, as 1 or 0.
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Table 5. Classification of types of faults of FAN 280.

Code
Cat. Type of fault Symbol sis2s3
1 faultless NF 0]0]0
5 wear of outer ring WB SKF 11010
SKF 22332/C3 22332/C3
3 unbalance UNF 0]1]0

Learning of selected neural network

The network used is a multi-layer network (Fig.9),
comprising an input layer corresponding to the retina, an
output layer corresponding to the decision, and a hidden
layer. The number of neurons in each layer is given in
Table 6. The selected network is entrained by the retro propa-
gation algorithm.

Table 6. Number of neurons in each layer.

Network constructed Hidden layer
Numbers of neurons 4

input layer
24

output layer
3

1} LWz 13

o2}

cotpeod3
Figure 9. Structure of the selected network.

We created automatic learning using MATLAB (SIMU-
LINK) until the smaller squared error. The mean square
error is the smallest obtained after 12 iterations equal to
1.5026E-07.

Simulation test of the artificial neural network

Once the neural network is constructed and its learning
achieved satisfactory performance, we move to the test step
with examples to the input of the network. In fact, these
examples belong to two databases, the first being the learning
base and the second based on tests where we proceed to test
the network capacity to recognise examples not learned. This
last operation is used to estimate the capacity generalisation
of the network (see Fig. 10a). Tests are performed according
to the following procedure: sane system, then fault 1, sane
system, then fault 2, sane system, then fault test not learned,
and that for a 3 s period of time for each test. It is evident
that the tests of the neural network on the learned examples
(Fig. 10b) gave better results, because all types of running
(anomalies and normal running) were identified exactly by
the network. This can be explained by results obtained in
the learning phase of the network (including the value of
the mean square error close to zero).

Figure 10a. Simulation test of neural network.
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Figure 10 b. Graphical representation of testing the Artificial
Neural Network (ANN).

CONCLUSION

Monitoring this vibration signature can detect faults at an
early stage because each fault shows a well specified signa-
ture. An unbalance fault is detectable in the low frequency
band which is manifested by high amplitude, but the rolling
defect is manifested by the appearance of peaks of shocks
and a clear comb (a modulation whose pitch is equal to the
occurrence frequency of the rolling element defect, namely
the inner ring, the outer ring, or the rolling element) in the
high frequency band.

The difficulty of interpretation of a form, value, makes
delicate operations of the monitoring. The automation of
this process by the neural network hidden layer with retro
propagation learning gave correct results. This work has vali-
dated the performance of neural networks for a classifica-
tion problem.
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3R0 EUROPEAN CONFERENCE ON THE STRUCTURAL INTEGRITY OF ADDITIVELY
MANUFACTURED MATERIALS, September 4-6, 2023, Porto, Portugal

https://www.esiam.site/esiam23

Additive manufacturing (AM) techniques offer the potential to
economically fabricate customized parts with complex geometries in a
rapid design-to-manufacture cycle. The conference will shed light
on the basic physical phenomena of fatigue and fracture of AM mate-
rials and develop effective criteria for the design of unprecedented
high performing components for next generation applications.
Topics
Fracture of AMed Materials (Metals, Polymers, Ceramics and
others); Fatigue of AMed Materials; Post Processing; Advanced
AM Materials through High Performance Light Sources; AM in
Aerospace and Lightweight Design; AM for Biomedical Applica-
tions; AM in Automotive and Railway Engineering; AM in Civil
Engineering Applications; Raw Materials, Processability and
Sustainability; Notches and Discontinuities; Combined Loads;
Post Processing for Metals and Non-Metals; Wear and Corrosion
of AM Materials; Effects of Surface Modifications on Mechanical
and Chemical Properties; Characterization of Ceramic, Polymeric
and Metallic Materials; Design for AM; Topology Optimisation;
Non-Destructive Testing and Health Monitoring in AM; Digital
Materials; AM for Electronics and Photonics; Computational
Property and Process Prediction; Metamaterials; Certification and
standardization
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All submitted papers, after being reviewed, will be published in
Procedia Structural Integrity, the new Procedia published by
Elsevier and focused on the ESIS events.

Important dates
Abstract submission (max 300 words): close on June 30, 2023

Abstracts acceptance: July 15, 2023

Early bird fees payment: July 15, 2023

Fees payment (mandatory to add the presentation to the
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Conference papers submission: September 30, 2023
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