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Abstract: Associated downtime and economic loss caused by replacement/maintenance of equipment necessitated
pro-active technique known as Condition-Based Monitoring to prevent/reduce failures. This study evaluated the
vibration of Kiln Induced Draft (KID) of cement plant before and after failure. Vibration data was acquired using
accelerometer probe and data obtained were analyzed statistically by employing t-Test at 95% confidence. Results
showed that vibration signals measured in mm/s for KID motor and fan bearings (non-drive and drive ends) in the
horizontal plane recorded higher values than vertical and axial planes when measured before failure occurrences.
After failures, horizontal plane values increased by more than 120% while those measured in the vertical and axial
planes increased by less than 100%, making horizontal plane vibration measurement a more suitable parameter for
predicting the machinery health condition. The t-Test conducted showed that mean differences in values of
vibration signal data before and after failure are not zero but negatives (signal before failure < signal after failure).
Outputs from tests of significance using two-tailed t-Test indicated that the differences in values of vibration data
signals are not significant at (p< 0.05) when considering “equal variance not assumed”. The non-significance of
these mean differences may indicate that the present operational vibration signal level should be maintained at
lower values in order that significant difference may be observed between periods before failure and after failure
for efficient prediction of failure; as the present 1.5-3.5 mm/s range is likely not a good range for efficient failure
prediction.
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1. Introduction

Cement manufacturing according to Cantini et al. [1], consists of three main categories of operations which include
raw materials processing, clinker production and finish grinding processing. Cement is one of the most important
materials that go into the production of concrete and sandcrete for building construction and other civil structural
edifices [2]. There have been increases in the demand for cement over two decades [2-4] based on various structures
that spring up in most especially growing economies which require construction of new road network systems and
residential building to take care of increases in population. It has been said that cement production is one of the most
energy consuming industries with 12-15% of the industry’s total energy consumption being expended for this purpose
while about 51% of it is lost in various forms [5-10]. Hence, it is imperative that the cement manufacturing processes
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are maintained without interruption by way of monitoring conditions of equipment which constitute the manufacturing
plant, to ensure efficient and optimal utilization of the less than 50% available energy.

The philosophy of Condition-Based Maintenance (CBM) is a practical maintenance strategy which seeks to
optimize the mix of failure-based, preventive, predictive, and proactive maintenance practices. The strategy is typically
implemented by first identifying a Reliability Team that performs a qualitative assessment of plant processes and
machinery to determine criticality of the assets in order to prevent disruption in production processes, which often runs
into millions of Nigerian Naira. The rationale behind CBM practice involves timely restoration of faulty components by
minimizing completion time and a way to achieve this is through close monitoring of components health condition in
real-time, including operational changes which may pose possible failure [11] so that necessary actions could be taken
when observed to have deviated from normal health status [12]. Appropriately collected operational data can be
analyzed to acquire equipment conditions and afterwards, definite maintenance actions can be initiated timely [13].
Critical equipment according to Anders [14], include machines that are vital to a plant or process; they are a key part of
a production process and are usually fully monitored to avoid failure. A good example such critical equipment is the
kiln in cement making plant. Condition monitoring of plant equipment is key to effective and efficient production
process to ensure optimal use of equipment, reduce breakdowns and long repair hours. However, the concept of
condition-based monitoring is often overlooked or ignored including the consequences to overall effect on
organization’s production goal. Failure occurs in some critical cement plant equipment mainly as a result of non-
detection of the deteriorating condition or failure signs early enough during normal operation of the equipment. Failure
can also be due to operational error and failure from upstream or downstream process stage.

Maintenance is implemented when there is existence of an objective and observable proof for potential occurrence
of imminent failure [15]. To optimize production, ensure high equipment reliability and utilization, it is necessary to
run the machines at high efficiency without premature and preventable failure or breakdown which disrupts production
and leads to economic loss. This sort of increase in reliability and machine utilization was demonstrated in Adetunji et
al. [16] as increase in cement production was recorded when computer maintenance management system became
operational, leading to increase in revenue. Having made it known by Lv et al. [17] that “the Kiln Head Temperature
(KHT) is a key thermal variable to condition monitoring and stable control of the rotary kiln”, they implemented a
hybrid dynamic prediction framework to accurately predict the KHT chaotic time series in real-time and it was found
that the implemented framework has the capability to capture dynamic evolution of KHT with respect to time. It has
been shown in the work of Uit het Broek [18] that CBM policies are mainly effective in situation of required higher
production with the risk of considerably higher failure rates. The authors also noted that the cost-effectiveness of CBM
largely depends on maintenance planning time, corrective maintenance cost and the rate and volatility of deterioration
process. The cost benefit of CBM becomes substantial for broad range of preventive maintenance cost but limited when
preventive maintenance is extremely small or large [19]. Utilization of multi-feature techniques in a CBM as applied to
monitoring high-speed centrifugal blowers in the work of Gowid et al. [20] indicated a promising reduction in fault
interference potential. Deviation from the traditional measure of features such as vibration, temperature, pressure and
acoustic emission, Famakinwa and Shibutani [21] attempted monitoring cylinder liner wear amount to aid decision
making on maintenance policies formulation for marine engine cylinder liner via condition-based monitoring of Iron
composition in drain cylinder oil sample. The authors implemented their condition-based monitoring using Gaussian
Graphical Model which also extended to predict the remaining useful life of the cylinder liner. Manjunatha et al. [22]
deployed a CBM system for monitoring health condition of nuclear power plant, exploring the advantage of machine
learning, artificial intelligence, physics-informed modeling and visualization, realized significant improvement in fault
prediction performances while reducing data heterogeneity. Rameshkumar et al. [23] also adopted the coast down time
techniques as a potentially viable technique for condition health monitoring of rotating machine and its performance
was proven. Based on available literature, it not evident that studies have been conducted to statistically evaluate
vibration signal of KID before and after failure in order to present evidence of significance in vibration signal between
period before failure and after failure for the purpose of ensuring efficient operation, considering set equipment
operational vibration range. Therefore, this work evaluated the vibration signals of KID before failure and after failure
by employing statistical analysis type of t-Test at 95% confidence, including determine the plane that is most
appropriate for vibration health condition monitoring of the equipment.

2. Materials and Methodology

Materials and tools used in this work are Kiln induced draft fan (313FA17) of 400 kW rated power, CSI 2130
Machinery Health Analyzer Firmware, Machinery Health Manager Version 5.3, High Frequency accelerometer and
Cable for use with accelerometer.

Kiln Induced Draft equipment was monitored for its operating condition using the above materials and tools to
obtain parameter values for vibration as shown in Table 1. Data collection was conducted from October 2011 to
December 2013 for the Kiln Induced Draft Fan before failure and February to December 2012 for periods after failure.

The vibration signals data from induced draft fan were captured using CSI 2130® Machinery health Analyzer as in
Figure 1 via accelerometer probe (Figure 2) placed at the identified portion on the running equipment.

57



Adetunji et al., Journal of Advanced Industrial Technology and Application Vol. 4 No. 1 (2023) p. 56-64

Table 1 - Equipment, data collected and planes of measurement

s/n Measurement Plane Data Captured Equipment Type Process Section
1. Horizontal
(motor and fan bearing ends, non-drive
and drive)
2. Vertical Vibration (mm/s) Kiln Induced Fan Burning
(motor and fan bearing ends, non-drive (313A17)
and drive)
3. Axial
(motor and fan bearing ends, non-drive
and drive)

An accelerometer makes use of piezoelectric (that is, pressure-sensitive) films to convert mechanical energy into
electrical signals. Vibration signal data obtained were for three planes namely Vertical (V), Horizontal (H) and Axial
(A) at the motor bearing and fan bearing ends respectively, before and after failure of the equipment. Machinery faults
are clearly visible in the waveform at peak value, opening up new options for fault detection and diagnosis. Data
obtained from measured vibration signals were subsequently subjected to t-Test statistics at 95% confidence to
determine degree of significance between periods before failure and after failure.

# GheEtie. -

Fig. 2 - Accelerometer probe with magnetic base for onsite data capture

3. Results and Discussion

3.1 Vibration Data on Kiln Induced Draft Fan (313FA17)

The vibration data monitored over the period between October, 2011 and December, 2013 for the Kiln Induced
Draft Fan (313FA17) at motor bearing, non-drive and drive ends (M1 and M2) and fan bearing, non-drive and drive
ends (F1 and F2) respective, before failure are as presented in the Tables 2 and 3 while that obtained after failure for
period between February and December 2012 are contained in Tables 4 and 5. The data presented in these tables shows
relationship between vibration data for planes H, V and A for the motor bearing and fan bearing ends. It was observed
that vibration measured along plane H for both motor bearing (non-drive and drive ends) and fan bearing (hon-drive
and drive ends) recorded higher values than data obtained along planes V and A, this is in agreement with values
obtained in the work of Dutta et al. [24]. The same can be said of vibration signals obtained after failure and these
values obtained for plane H increased by more than 120% on average when compared to that measured for period
before failure, while for planes V and A, the vibration signal values obtained are far less than 100% increase on average
(Figure 3). This may indicate that vibration signals measured in the H plane presents true health state of the equipment
than the other planes and it is more appropriate to adopt as a measure of equipment health status. Making reference to
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the 1SO 10816 standard chart [25] for a 400 kW Kiln Induced Draft Fan (313FAL7), the mean plane H vibration signals
obtained before failure are within satisfactory range while that obtained after failure crossed the satisfactory range into
unsatisfactory region as expected. Increased vibration signal obtained after failure resulted from unbalance introduced
as a result of failed units in the rotating equipment, leading to excessive vibration [26]. Other abnormal conditions
which may be termed vibration precursors as indication of failed units are misalignment, looseness and resonance

condition [27].
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Table 2 - Vibration data for Kiln Induced Fan (313FA17) at motor bearing ends

Date M1H M1V M1A M2H M2V M2A
(mm/s) (mm/s) (mm/s) (mm/s) (mm/s)  (mml/s)
Oct., 2011 3.322 0.353 0.591 2.652 0.796 0.582
Nov., 2011 2.168 0.587 2.157 2.655 0.444 2.690
Jan., 2012 2.530 0.447 0.455 1.750 0.900 0.836
Feb., 2012 3.213 0.570 0.714 2.148 0.664 0.882
June, 2012 2.609 0.346 0.661 2.123 0.853 1.170
Oct., 2012 2.887 0.525 0.631 1.956 0.938 0.632
Feb., 2013 2.122 0.37 0.716 1.846 0.491 0.657
April, 2013 2.864 0.475 0.616 2.478 0.93 1.324
June, 2013 2.486 0.868 0.948 2.32 0.748 0.93
Nov., 2013 1.817 0.607 0.889 1.375 0.754 0.673
Dec., 2013 2.567 0.993 1.005 2.755 0.978 1.385

Table 3 - Vibration data for Kiln Induced Draft Fan (313FA17) at fan bearing ends

Date F1H F1Vv F1A F2H F2v F2A
(mm/s) (mm/s) (mm/s) (mm/s) (mm/s) (mm/s)
Oct., 2011 2.789 0.482 1.506 2.042 0.5 1.754
Nov., 2011 2.343 0.493 2.628 2.172 0.572 2.095
Jan., 2012 2.159 0.454 2.512 1.744 0.496 1.211
Feb., 2012 2.122 0.474 4.275 1.698 0.624 2.095
June, 2012 1.073 0.527 4.340 1.104 0.466 3.922
Oct., 2012 1.791 0.453 4.648 1.067 0.656 3.151
Feb., 2013 3.169 0.498 3.591 2.937 0.738 2.382
April, 2013 2.228 0.426 2.059 2.744 0.598 1.246
June, 2013 2.353 0.712 3.287 1.847 0.771 1.157
Nov., 2013 2.454 0.484 3.513 1.735 0.528 2.187
Dec., 2013 3.813 0.81 3.781 3.24 0.779 2.072

Table 4 - Vibration data for Kiln Induced Draft Fan (313FA17) at motor bearing ends

Date M1H M1V M1A M2H M2V M2A

(mm/s) (mm/s) (mm/s) (mm/s)  (mm/s) (mm/s)
Feb. 2012 7.197 0.429 0.715 5.759 0.511 0.906
April, 2012 10.310 0.592 1.085 8.600 0.739 1.015
Aug. 2012 3.680 0.691 1.236 2.624 1.137 0.884
Oct. 2012 2.887 0.525 0.631 1.956 0.938 0.632
Dec. 2012 10.000 1.331 2.345 9.286 1.583 1.910
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Table 5 - Vibration data for Kiln Induced Draft Fan (313FA17) at fan bearing ends

Date F1H F1v F1A F2H F2v F2A
(mm/s) (mml/s) (mm/s) (mm/s) (mm/s) (mml/s)
Feb 2012 4.426 0.694 3.143 3.892 0.851 2.051
April, 2012 6.140 0.894 4.636 5.666 1.164 2.610
Aug. 2012 2.509 0.475 4.040 2.266 0.638 3.271
Oct. 2012 1.791 0.453 4.648 1.067 0.656 3.151
Dec. 2012 12.370 2.728 6.120 20.380 2.672 5.161
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Fig. 3 - Percentage mean increase in vibration signal data after failure

3.2 Statistical Analysis of Vibration Data Collected

Data generated from measurement of vibration data for kiln induced draft fan on motor drive end (drive and non-
drive) and fan drive end (drive and non-drive) in planes H, V and A subjected to statistical t-Test are as presented in
Figures 4 and 5. Figure 4 shows mean and standard deviation of data collected for conditions before failure and after
failure and Figure 5 presents test of significance in values of mean difference at 95% confidence. The mean vibration
signals obtained before failure for M1H and F1H are higher than that obtained for M2H and F2H respectively, this is
the case for signals obtained after failure and according to Orhon and Belek [28], these indicated transmission of
vibrations to non-drive side via motor bearing and fan bearing structures respectively. Negative values of mean
differences obtained imply that mean vibration data values before failure are lower than that obtained after failure. If
equal variance is assumed, the p-value (p<0.05) obtained for M1H, M2H, F1H, F2H, F1V and F2V showed that true
differences between means for period before failure and after failure are not equal to zero and that these differences in
vibration signals recorded are significant for one-tailed t-Test results. Same can be said for two-tailed t-Test results for
M1H, M2H, F1H, F1A, F2V and F2A. But in this case, unequal variance can only be assumed as the sample sizes are
unequal, and the standard deviations obtained cannot be assumed to be roughly equal. The p-values obtained under
“equal variance not assumed” is (p>0.5) for two-tailed t-Test in all conditions of the kiln induced draft fan. Hence, the
mean differences in vibration data before failure and after failure are not equal to zero but these mean differences are
not statistically significant. In order for the mean difference in vibration signal to be significant, vibration before failure
should be maintained well below current mean vibration levels for plane H. This is because the mean vibration data
obtained may be an indication that the current operational vibration level of the equipment, though within the
satisfactory range, is near failure and, must be maintained below “satisfactory” range and below currently adopted 1.5-
3.5 mm/s range values by ensuring it is within “good” range in order to have a statistically significant effect of
vibration signal after failure.
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Group Statistics

Std. Error

Group M Mean Std. Deviation Mean
M1H { mms) Before failure 11 259564 457860 138050
At failure 5 6.81480 3.455524 | 1.545357
M1V { mms) Before failure 11 .bheg2y 207683 062619
At failure 5 71360 358137 | 160164
M1A { mms) Before failure 11 85300 462741 139522
At failure 5 1.20240 (686386 306961
M2H { mms) Before failure 11 218709 434260 130934
At failure 5 5.64500 3.344289 | 1.4956M
M2V { mms) Before failure 11 7236 178209 053732
At failure 5 98160 A0B6T2 182764
M2A [ mms) Before failure 11 1.06918 605475 182558
At failure 5 1.06940 490398 219312
F1H [ mms) Before failure 11 2.39036 710166 214123
At failure 5 544720 4226370 | 1.890030
F1V [ mms) Before failure 11 52845 119990 036178
At failure 5 1.04880 955744 427422
F1A { mms) Before failure 11 3.28545 1.001979 302108
At failure 51 451740 1.085856 485610
F2H [ mms) Before failure 11 2.03000 701016 211364
At failure 5 5.65420 7.865700 | 3.517648
F2V [ mms) Before failure 11 612 1128 0340
At failure 5 1.196 8517 3809
F2A [ mms) Before failure 11 2.11564 838935 252949
At failure 5 3.24880 1.173601 524850

Fig. 4 - Estimation of mean and standard deviation of vibration signal for kiln induced draft fan
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Independent Samples Test

Levene's Testfor

Equality of Variances ttest for Equality of Means
95% Confidence
Interval of the

Maan Std. Error Difference

F Sig. t df 3ig. (2-tailed) | Difference | Difference Lower Upper
Wi (mms) Eg;'j;’:gams 24239 000 | 4142 14 001 | 4215164 | 1017856 | 6399247 | 2033081
Eﬂt”jggi“nfgjes 277 | 4064 052 | 4215164 | 1551511 | 8497230 | 054902
Wiv(mms) - Eausarances | g | a8 | 110 14 286 | -185327 | 140083 | -455776 | 145121
E;”:;;ﬂ“;;fs 903 | 5267 406 | -185327 | 171969 | 590731 | 280076
WA (mms) Eg;’jﬁgams 795 388 | 1208 14 247 | -349400 | 289228 | -969733 | 270833
Eﬂt”jéiﬂ”nfgfs 403 | 5728 342 | -340400 | 337182 | 1184130 | 485330
N2+ (mms) Eg;'m:gams 28323 000 | 3513 14 003 | -3.457909 | 984270 | -5.568958 | -1.346860
E;”:;:ﬂ“nf;‘fs 2303 | 4061 082 | -3.457909 | 1501332 | -7.601518 | 685699
2y {mme) Eggjﬂ;’j;‘a”m 4103 082 | 1482 14 466 | -200236 | 143111 | 516179 | 097706
E;”:Q;ﬂ“;;ges 4008 | 4707 395 | -200236 | 100499 | -708230 | 280758
24 {mme) Eg;'j:,:ggams 145 700 | -001 14 999 | -000218 | 310105 | -665328 | 664892
ﬁgtu:;:il”nf:ges 001 | 917 999 | -000218 | 285351 | 630471 | 630034
FR(mms) Eg;'j:,:zgams 11.480 004 | 2425 14 029 | -3.055836 | 1250733 | 5750840 | -352833
E;“:;:ﬂ“nfe”j"'s 4607 | 4103 482 | -3.086836 | 1002180 | -8.286227 | 2172554
FV (mms) Eggjﬁgams 11336 005 | 1852 14 085 | -520345 | 280017 | 1122853 | 082162
Eﬂt”jggi“nfgjes 4213 | 4087 201 | -520345 | 428950 | -1704682 | 663991
FIA(mms) Eggsmgams 043 838 | 2225 14 043 | 1231945 | 553730 | 2419579 | -044312
E;”:;;ﬂ“nfe”fs 2154 | 7260 067 | 1231945 | 571914 | 2574536 | 110645
FH(mms) Eg;jﬁg’j{ja”m 11.968 004 | 2019 14 063 | 4524200 | 2200086 | 9535045 | 287545
ﬁﬂf:;:ﬂ“nfgfs 4312 | 4020 259 | -4624200 | 3523993 | 143807 | 5132341
F2y(mms) Eg;ngances 9.998 007 | 233 14 035 | -5846 2509 | 11226 |  -0465
ng:;:i”n?gges 4520 | 4064 200 | -5846 3824 | 16307 | 4706
Fas(mms) Eg;'j:,:ggams 313 584 | 2219 14 044 | 1133164 | 510614 | -2228322 | -038005
Eﬂt”:gﬂ“n?;‘ges 4045 | 5945 400 | 1133164 | 582624 | 2561958 | 205631

Fig. 5 - Test of significance in mean difference in vibration signal data for periods before and after failure

4. Conclusions

This work has successfully presented an evaluation of vibration signals data obtained by accelerometer probe
placement at specified locations on the equipment and data capture via a machinery health manager software suite. The
evaluation involved implementation of t-Test statistics at 95% confidence on vibration signal data obtained and it was
found that mean differences in vibration data for period before failure and after failure were not significantly different
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and as such, the presently set operational vibration signal range of 1.5-3.5 mm/s may be reviewed by lowering the
range values. Furtherance to this, the following bullet points are conclusion from results analysis obtained:
» Horizontal plane vibration signal data values obtained are quite higher than that in vertical and axial planes for
both motor and fan bearings (non-drive and drive ends).
» The horizontal plane vibration signal data is most suitable for monitoring the equipment health condition since
it is more pronounced.
»  Vibration signal data in horizontal plane increased by more than 120% after equipment failure while less than
100% was observed in vertical and axial planes.
» The mean differences in vibration data between period before failure and after failure obtained from t-Test
statistics are not significant (p>0.05) for all planes when condition is “equal variances not assumed”.
« In order to obtain statistical significance, the presently operational vibration signal range values of 1.5-3.5
mm/s in horizontal plane should be lowered for more effective maintenance and operation system.

Acknowledgement

The authors would like to thank the Department of Mechanical Engineering, College of Engineering, Federal
University of Agriculture Abeokuta and the Department of Mechanical Engineering, College of Engineering, Osun
State University for the support.

References

[1] Cantini, A, Leoni, L., De Carlo, F., Salvio, M., Martini, C. & Martini F. (2021). Technological Energy Efficiency
Improvements in Cement Industries. Sustainability, 13. doi.org/10.3390/sul3073810

[2] Ohunakin, O.S., Leramo. O.R., Abidakun, O.A., Odunfa, M.K. & Bafuwa, O.B. (2013). Energy and Cost Analysis
of Cement Production using the Wet and Dry Process in Nigeria. Energy and Power Engineering, 5, 537-550.

[3] Ayu, T.T., Hailu, M.H., Hagos, F.Y. & Atnaw, S.M. (2015). Energy Audit and Waste Heat Recovery System
Design for a Cement Rotary Kiln in Ethiopia: A Case Study. International Journal of Automotive and Mechanical
Engineering, 12, 2983-3002.

[4] Okoji, A.l,, Anozie, A.N., Omoleye, J.A., Taiwo, A.E. & Osuolale, F.N. (2021). Energetic Assessment of a
Precalcining Rotary Kiln in a Cement Plant using Process Simulator and Neural Networks. Alexandria
Engineering Journal, 61(7), 5097-51009.

[5] Atmaca, A. & Kanoglu, M. (2012). Thermodynamic Analysis of a Pyroprocessing Unit of a Cement Plant: A Case
Study. International Journal of Exergy, 11(2), 152-172.

[6] Atmaca, A. & Yumrutas, R. (2014). Analysis of the Parameters Affecting Energy Consumption of a Rotary Kiln
in Cement Industry. Applied Thermal Engineering, 66, 435-444.

[7] Atmaca, A. & Yumrutas, R. (2015). The Effect of Grate Clinker Cooler on Specific Energy Consumption and
Emission of a Rotary Kiln in Cement Industry. International Journal of Exergy, 18(3), 367-386.

[8] Sztekler, K., Komorowski, M., Tarnowska, M. & Posak, L. (2016). Utilization of Waste Heat from Rotary Kiln
for Burning Clinker in the Cement Plant. E3S Web of Conferences, 10. doi.org/10.1051/e3sconf/20161000095

[91 Hussan, A., Ali, M., Ali, H.M., Sabir, M.S. & Mehboob, M. (2020). an Experimental Analysis of Waste Heat
Recovery Potential from a Rotary Kiln of Cement Industry. The Nucleus, 57(1), 33-38.

[10] John, J.P. (2020). Parametric Studies of Cement Production Process. Journal of Energy.
doi.org/10.1155/2020/4289043

[11] Yodo, N., Afrin, T., Yadav, O.P., Wu, D. & Huang, Y. (2022). Condition-Based Monitoring as a Robust Strategy
towards Sustainable and Resilient Multi-Energy Infrastructure System. Sustainable and Resilient Infrastructure.
doi.org/10.1080/23789689.2022.2134648

[12] Balakrishnan, G.K., Yaw, C.T., Koh, S.P., Abedin, T., Raj, A.A., Tiong, S.K. & Chen, C.P. (2022). A Review of
Infrared Thermography for Condition-Based Monitoring in Electrical Energy: Applications and
Recommendations. Energies, 15. doi.org/10.3390/en15166000

[13] Teixeira, H.N., Lopes, I. & Braga, A.C. (2020). Condition-Based Maintenance Implementation: A Literature
Review. Procedia Engineering, 51, 228-235.

[14] Anders, S. (2003). Management Aspects on Condition Based Maintenance — The New Opportunity for Maritime
Industry. Proceedings of 9th International Conference on Marine Engineering Systems, Helsinki University of
Technology (HUT) Ship Laboratory and on board MS SILJA SERENADE. Finland.

[15] Oldfield, M., McMonies, M. & Haig, E. (2022). The Future of Condition Based Monitoring: Risks of Operator
Removal on Complex Platforms. Al & Society. doi.org/10.1007/s00146-022-01521-z

[16] Adetunji, O.R., Owolabi, S.M., Adesusi, O.M., Dairo, O.U., Ipadeola, S.O. & Taiwo, S.O. (2018). Effect of
Computerized Maintenance Management System on a Cement Production Plant. International Journal of
Integrated Engineering, 10(4), 12-16.

[17] Lv, M., Zhang, X., Chen, H., Ling, C. & Li, J. (2020). An Accurate Online Prediction Model for Kiln Head
Temperature Chaotic Time Series. IEEE Access, 8, 44288-44299.

63



Adetunji et al., Journal of Advanced Industrial Technology and Application Vol. 4 No. 1 (2023) p. 56-64

[18] Uit het Broek, M.A.J., Teunter, R.H., de Jonge, B. & Veldman, J. (2021). Joint Condition-Based Maintenance and
Condition-Based  Production  Optimization.  Reliability —Engineering and System Safety, 214.
doi.org/10.1016/j.ress.2021.107743

[19] de Jonge, B., Teunter, R. & Tinga, T. (2017). The Influence of Practical Factors on the Benefits of Condition-
Based Maintenance Over Time-Based Maintenance. Reliability Engineering and System Safety, 158, 21-30.

[20] Gowid, S., Dixon, R. & Ghani, S. (2016). Characterization of Major Fault Detection Features and Techniques for
the Condition-Based Monitoring of High-Speed Centrifugal Blowers. International Journal of Acoustics and
Vibrations, 21(2), 184-191.

[21] Famakinwa, A. & Shibutani, T. (2022). Condition-Based Monitoring for Marine Engine Maintenance by
Analyzing Drain Cylinder Oil Sample. Tribology Online, 17(2), 71-77.

[22] Manjunatha, K.A., Agarwal, V. & Palas, H. (2022). Federated-Transfer Learning for Scalable Condition-Based
Monitoring of Nuclear Power Plant Components. Proceedings of 16th Conference of Probabilistic Safety
Assessment and Management, Hawaii, USA.

[23] Rameshkumar, G.R., Rao, B.V.A. & Ramachandran, K.P. (2010). Condition Monitoring of Forward Curved
Centrifugal Blower using Coast Down Time Analysis. International Journal of Rotating Machinery.
doi.org/101155/2010/962804

[24] Dutta, R., Dwivedi, J.P., Singh, V.P. & Ghosh, A. (2018). Using Vibration Analysis to Identify and Correct an
Induced Draft Fan’s Foundation Problems of a Pollution Control Device- A Case Study. International Journal of
Applied Engineering Research, 13(8), 5831-5840.

[25] Rahman, A., Hoque, M.E., Rashid, F., Alam, F. & Ahmed, M.M. (2022). Health Condition Monitoring and
Control of Vibrations on a Rotating System Through Vibration Analysis. Journal of Sensors.
doi.org/10.1155/2022/4281596

[26] Sanliturk, K.Y. and Belek, H.T. (2001) Design and Implementation of a 2-Dimentaional Vibration Absorber on a
Pre-Heater Tower at a Cement Factory. Proceedings of 8th International Congress on Sound and Vibration. Hong
Kong.

[27] Saleem, M.A., Diwakar, G. and Satyanarayana, M.R.S. (2012) Detection of Unbalance in Rotating Machines
using Shaft Deflection Measurement during Its Operation. IOSR Journal of Mechanical and Civil Engineering
3(3): 8-20.

[28] Orhon, B.E. and Belek, H.T. (2007). Vibration Analysis on a Cement Mill Foundation. Proceedings of 36th
International Conference and Exhibition on Noise Control Engineering. Istanbul, Turkey.

64



