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ABSTRACT
This work examines the failure rate of the transformer population through the application
of the Markov Model (MM) and Health Index (HI). Overall, the condition parameters data
extracted from 3,192 oil samples were analysed in this study. The samples were from 370
transformers with the age range between 1 and 25 years. First, both HIs and failure rates
of transformers were determined based on the condition parameters data of the oil samples
known as Oil Quality Analysis (OQA), Dissolved Gas Analysis (DGA), Furanic Compounds
Analysis (FCA) and age. A two-parameter exponential function model was applied to
represent the relationship between the HI and failure rate. Once the failure rate state was
obtained, the non-linear optimisation was
used to determine the transition probability
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be predicted through MM based on updated transition probabilities. It is observed that the
MAPE between predicted and computed failure rates is 7.3%.
Keywords: Condition parameters data, failure rate, health index, Markov model, transformer

INTRODUCTION
One of the most crucial components in the electrical power network is a transformer. It
can be subjected to various types of stresses during its operational lifetime. These events
could lead to degradation, whereby without mitigation, it could lead to irreparable damages.
As the population of in-service transformers are getting old, much attention should be
highlighted to its reliability (CIGRE WG A2.18, 2003; Emsley et al., 2000; Lundgaard
et al., 2004). Condition assessment is essential to optimise the transformer lifetime by an
active maintenance and replacement strategies.
Most utilities have implemented Condition-based management to evaluate the health
of transformers. This approach could increase the efficiency of asset management practices,
which subsequently reduces the related costs through advanced analysis that acts as a
preventive measure against underlying failures (Jahromi et al., 2009). Health Index (HI) is a
concept under condition-based management whereby a single measurable index is proposed
to classify the condition of a transformer. HI considers multiple condition parameters data
and utilises various criteria to determine the ageing condition of transformers, which may
not be assessable through individual measurement techniques. HI is computed through a
scoring method whereby the condition parameters data are classified through weighting and
ranking approaches. Based on HI, the condition is graded into several categories defined
by Naderian et al. (2008).
Apart from HI, the failure rate is also one of the important aspects that can be used
to analyse the reliability, which can be used to drive the optimal maintenance planning
(Jürgensen et al., 2016a). Conventionally, the failure rate can be used to evaluate the
effectiveness of maintenance strategies (Jürgensen, 2018). However, due to the long
lifetimes of transformers, in-service failures data are quite difficult to be obtained (Zaidey et
al., 2015). Many studies such as the proportional hazard model, Bayesian updating scheme
and linear interpolation between different inspections outcomes are proposed to estimate the
failures data based on the available information (Brown et al., 2018; Jürgensen et al., 2016a;
Lindquist et al., 2005). Among the difficulties for failure rate modelling is the limitation of
historical failures record (Jürgensen et al., 2018; Lindquist et al., 2005). One of the unique
approaches to determine failure rate can be carried out based on the condition of the assets
(Jürgensen, 2016). Currently, the study to predict the failure rate of the transformers is still
limited. Other studies by Jürgensen (2016) and Jürgensen et al. (2016b) mainly focus on
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single time condition parameters data whereby statistical data-driven approaches are used
to model the failure rate. Markov model (MM) has been identified as one of the methods
used to predict the failure rate of transformers.
MM is a stochastic model whereby the conditional distribution of future states of the
process given present and previous states depends only on the present state (memoryless
property) (Chatfield, 1973). In principle, MM is used as a model to predict the performance
of assets by identifying discrete conditions through utilisation of transition state probability
over multiple discrete time intervals, where Pij is the probability of a failure rate to transit
from state i to state j within a certain year of interval (McDonald, 2004; Borovkov, 2003).
MM is widely implemented in civil engineering for various applications (Edirisinghe et
al., 2015; Setunge & Hasan, 2011; Agrawal et al., 2006; Camahan et al., 1987; Micevski
et al., 2002). It is also utilised in electrical equipment such as switchgear and transformers
(Hoskins et al., 1999; Hamoud, 2011; Hamoud, 2012). Recently, many studies have been
carried out to employ the MM to determine the transition probabilities of the transformer
population for condition state prediction (Selva et al., 2018; Yahaya et al., 2017).
In this paper, the estimation of the future failure rate for the transformer populationbased on HI is carried out by MM. The contribution of this work is the utilisation of MM
and HI to predict the future failure rate of the transformer population. First, the HIs and
failure rates are computed. Next, the transition probability is obtained, and subsequently,
the failure rate prediction is carried out. Finally, the predicted failure rate is compared with
the computed failure rate.
METHODS
The model was developed based on oil samples data of 33/11 kV distribution transformers
with ages ranging from 1 to 25 years retrieval from one of Malaysia’s utilities (Company
A, personal communication, November 13, 2016). Oil Quality Analysis (OQA) parameters
used in the current study were AC breakdown voltage, acidity, moisture in oil, colour and
interfacial tension. The Dissolved Gas Analysis (DGA) included hydrogen (H2), carbon
monoxide (CO), carbon dioxide (CO2), methane (CH4), ethane (C2H6), ethylene (C2H4)
and acetylene (C2H2). The Furanic Compound Analysis (FCA) consisted of 2-furaldehyde
(2FAL), while age was also considered in this case study. The condition parameters data
were used to calculate both HI and Individual Failure Rate (IFR). The workflow of this
study can be seen in Figure 1.
The HI was computed through the scoring and weighting method utilising the
corresponding scales given by Jahromi et al. (2009) and Naderian et al. (2008). Both oil
quality and dissolved gasses factors were determined based on Equation 1 (Jahromi et al.,
2009; Naderian et al., 2008):
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Start
•

Retrieval distribution transformer oil samples. (Figure 2)

•

Calculate HI based on the scoring and weighting method. (Equation 2)

•

Calculate individual failure rate based on relative risk method. (Equation 8)

•

Determine average HI/failure rate and arrange according to age.

•

Determine the relationship between HI and failure rate. (Equation 9)

•

Compute transition probabilities. (Equation 11)

•

Apply Markov model algorithm to predict future failure rate. (Equation 13)

•
•

Develop performance condition curve. (Figure 3)
Analysis of the result using the Chi-Square test. (Equation 16)
End

Figure 1. Workflow of the research

			

[1]

where Wj represents the parameter’s weighting factor, n represents the number of
parameters in each factor, and Sj represents the parameter’s score. All parameters rating
codes were identified based on Jahromi et al. (2009); Naderian et al. (2008). The final HI
was determined based on Equation 2 (Yahaya et al., 2017):
[2]
where K represents the rating assigned to each factor, and HIF represents each factor’s score.
The failure rate of the individual transformer was determined based on the relative risk
method (Jürgensen et al., 2016b). The average failure rate, failure location and confidence
level were determined as per Jürgensen et al. (2016b). Based on the condition parameters
data of the transformer population, the average condition parameter was computed
according to Equation 3 (Jürgensen et al., 2016b):
						[3]
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where m represents the number of transformer population, θj,N represents the average of
all obtained values θj,k in each parameter. In this study, all condition parameters data were
assumed to correspond to winding failures (Jürgensen et al., 2016b). Therefore, when
multiple condition parameters data was associated with winding failures, each parameters’
weighting was required to demonstrate its significance to indicate the condition in one
failure location. The assigned scores and weights of all condition parameters data were
determined based on Equation 4 (Jahromi et al., 2009; Jürgensen et al., 2016b):
						[4]
where Cp represents the weight score assigned to each parameter, the 2FAL and age scores
were obtained based on Jahromi et al. (2009). Next, the condition parameter factor, Sj,k
was identified as either a positive or negative linear function (Jürgensen et al., 2016b).
Finally, the positive or negative linear function was determined based on Equations 5 and
6 (Jürgensen et al., 2016b):
						[5]
						[6]
where θpc,j is described as a perfect condition or as a new condition. Next, the condition
parameter factors of all condition parameters for each of the transformers were computed
by Equation 7 (Jürgensen et al., 2016b):
						[7]
Finally, the IFR of the transformer was determined based on Equation 8 (Jürgensen
et al., 2016b):
			[8]
where λN represents the average failure rate, Sj,k represents the condition parameter factor
for each transformer, αi represents failure location, and ρj represents the probability of
condition parameters.
Once the average HI and failure rate of the individual transformer was obtained, the
corresponding relationship was modelled based on a two-parameter exponential function
model as shown in Equation 9:
							[9]
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where y is the failure rate, a is the initial Table 1
failure rate, b is the accumulation factor, Relationship among the state, health index, failure rate
and condition based on two-parameter exponential
and x is the HI. Based on Equation 9, the function model
failure rate indicator scales and states were
Health
Failure
State
Condition
determined with reference to the condition
Index (%)
Rate (%)
1
85 – 100
1.27 – 1.59 Very Good
of HI from 100% - 0%, corresponding to
2
70 – 84
1.60 – 1.99
Good
very good until very poor as defined by
3
50
–
69
2.00
–
2.69
Fair
Jahromi et al. (2009); Naderian et al. (2008).
4
30 – 49
2.70 – 3.59
Poor
The failure rate scales and states used for the
5
0 – 29
3.60 – 5.60 Very Poor
MM are shown in Table 1.
MM was implemented to predict the future failure rate of the transformer population.
Two assumptions were made to simplify the model in this study. Firstly, natural and
monotonic distributions were considered for the future failure rate model. Secondly, the
probability summation in each of the rows for the MM transition matrix was set to one.
In total, five Pij terms were required to formulate the transition matrix of the MM as seen
in Equation 10:

		 [10]

The final state, P55, was set to 1 to simplify the MM process, assuming that all
transformers would reach a deplorable state. As represented in Equation 11, the nonlinear
optimisation technique was implemented to determine the transition probabilities matrix,
which could minimise the overall difference between computed and predicted failure rates
for every age zone (Selva et al., 2018; Yahaya et al., 2017).
						[11]
where N represents the number of years in each zone, P represents the transition
probabilities, P11, P22, P33, P44, A ( t ) represents the computed failure rate at time t, and
B( t,P) represents the predicted failure rate by MM at time t. Next, the prediction of the
future failure rate state in a year, t can be represented by Equation 12:
					[12]
where t represents the interval number, F0 represents the initial state, and P represents the
transition probability matrix. In this study, the F0 was set as F 0 = [ 1 0 0 0 0 ] based on the
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assumption for an initial state for a newly installed transformer. Finally, the future failure
rate of the transformer population at n year was computed based on Equation 13:
						[13]
where Fn+1 is the next failure rate at the specific interval, Fn is the current failure rate, and
RT is the matrix transform of the failure rate state scales where R = [1.59 1.99 2.69 3.59
5.60] is obtained from Table 1.
RESULTS AND DISCUSSION
The distribution of the number of oil samples between 1 and 25 years is shown in Figure 2.
It is observed that the highest and lowest numbers of oil samples are distributed at the age
of 14 and 25 years, respectively. The computed failure rate of the transformers according
to the zone and age is shown in Table 2. It is found that the failure rate increases with
age. Once the transformer population reaches 6 years, the failure rate slightly exceeds
the global average failure rate, which is 2%, as reported in Bossi et al. (1983). However,
as the age increases from 7 to 13 years, the transformer population failure rate decreases
slightly than the global average failure rate. Finally, at the age between 14 and 25 years,
the transformer population failure rate once again exceeds the global average failure rate.
Next, based on computed failure rate values, the transition probabilities were
determined by minimising the summation of absolute differences between the computed
and predicted failure rates for each year based on Equation 11. The computed failure rates
for zones 1 and 2 were utilised to determine the transition probability matrix for training
and application. For zones 3 to 5, the computed failure rates data were used to verify the
240
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Figure 2. Distribution of oil sample data versus age
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Table 2
Computed failure rate by ages and zones
Zone

1

2

3

4

5

Transformer Age (Year)
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

Number of Sample
40
84
80
79
101
112
140
139
164
182
171
217
217
227
220
212
177
155
146
107
85
60
44
21
12

Computed Failure Rate (%)
1.54
1.67
1.64
1.80
1.70
2.05
1.93
1.74
1.91
1.80
1.90
1.92
1.90
2.04
2.01
2.07
2.18
2.47
2.23
2.51
2.43
2.92
2.16
2.31
2.59

predicted failure rate computed by the MM approach. Based on Equation 11 and Table 2,
the transition probability matrix for zone 1 was computed as seen in Equation 14:

		

[14]

Next, the failure rate state probability for years 1 to 5 was determined based on
Equation 14 based on the product of the initial state and transition probability matrix. The
computational process of failure rate state probability for each year can be seen in Table 3.
The last failure rate state probability computed for year 5 from Table 3 was used as
the initial state for zone 2. The computed transition probability matrix for zone 2 is shown
in Equation 15:
3036
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Table 3
Failure rate state for years 1 to 5
Year
1
2
3
4
5

MM Process
F0 x P1
F0 x P2
F0 x P3
F0 x P4
F0 x P5

Failure Rate State Probability
[0.9348, 0.0652, 0.0000, 0.0000, 0.0000]
[0.8739, 0.1254, 0.0007, 0.0000, 0.0000]
[0.8170, 0.1811, 0.0016, 0.0003, 0.0000]
[0.7637, 0.2326, 0.0027, 0.0007, 0.0003]
[0.7139, 0.2800, 0.0038, 0.0012, 0.0010]

		

[15]

The computed transition probability matrix for zone 2 was used to calculate the failure
rate state probability for years 6 to 10 as in Table 4.
Table 4
Failure rate state for years 6 to 10
Year
6
7
8
9
10

MM Process
F0 x P6
F0 x P7
F0 x P8
F0 x P9
F0 x P10

Failure Rate State Probability
[0.5365, 0.4546, 0.0066, 0.0006, 0.0016]
[0.4032, 0.5834, 0.0111, 0.0004, 0.0020]
[0.3030, 0.6778, 0.0168, 0.0003, 0.0021]
[0.2277, 0.7463, 0.0234, 0.0003, 0.0023]
[0.1711, 0.7954, 0.0306, 0.0004, 0.0025]

These steps were repeated to determine the future failure rate state probability for
zones 3 to 5, where the last failure rate state probability from the previous zone was used
as the initial state for the next zone. The initial state for zones 1 to 8 are shown in Table 5.
Table 5
Initial state for zone 1 to 8
Zone
1
2
3
4
5
6
7
8

1.0000
0.7139
0.1711
0.1627
0.0000
0.0000
0.0000
0.0000

0.0000
0.2800
0.7954
0.7639
0.6703
0.4780
0.3408
0.2430

Initial State
0.0000
0.0038
0.0306
0.0517
0.1814
0.1768
0.1403
0.1044
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0.0000
0.0012
0.0004
0.0087
0.0625
0.0772
0.0654
0.0498

0.0000
0.0010
0.0025
0.0130
0.0858
0.2681
0.4535
0.6029
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Figure 3 shows the predicted failure rate computed by MM based on Equation 13
and Table 2 within 40 years. Most of the predicted failure rates are quite close to the
computed failure rates, as illustrated in Table 2. The predicted failure rates exhibit slight
differences from computed failure rates at 6, 23, 24 and 25 years. The predicted failure
rate of the transformer population is quite low during the first 13 years of service, and it
is lower than the global average failure rate, which is 2%. The predicted failure rate of the
transformer population begins to exceed the global average failure rate at the age of 14
years and remains high until 40 years. Based on the prediction, the high increment failure
rate occurs at 23 to 40 years.
5

Failure Rate (%)

4
3
2
1
0

Computed FR
Predicted FR
0

5

10

15

20
25
Age (Year)

30

35

40

45

Figure 3. Comparison between computed and predicted failure rates

The Chi-squared test based on Equation 16 was used to evaluate the goodness-of-fit
between the predicted and computed failure rates:
						[16]
where k represents the observation number, Ei represents the computed value at i year, Ri
represents the predicted value of the i, year and X2 represents a Chi-squared distribution
coefficient with k – 1 degree of freedom. The coefficient X2 is 0.79 where it is lower than
the significance value at the region of 0.05 with 24 degrees of freedom which is 36.42
based on the Chi-Square distribution table (Onchiri, 2013). This result indicates that there
is no significant difference between the predicted and computed failure rates.
Mean absolute percentage error (MAPE) was used to calculate the difference between
computed and predicted failure rates according to Equation 17:
			[17]
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where Yt represents the computed failure rates, Xt represents the predicted failure rates,
and t represents the age of the transformer. The MAPE and accuracy level are tabulated in
Table 6. The absolute errors between computed and predicted failure rates for each zone are
shown in Figure 4. It is found that the highest and lowest percentage of errors in zone 1 is
at the age of 4 and 5 years, respectively. For zone 2, the highest and lowest percentage of
errors are between 6 and 9 years. The highest and lowest percentage of errors in zone 3 is
at 13 and 15 years, respectively. Zone 4 has the highest and lowest percentage of errors at
the age of 19 and 20 years. Finally, the highest and lowest percentage of errors in zone 5
is 23 and 22 years. A significant difference in Table 6
the percentage of errors between computed Mean absolute percentage error and accuracy level
and predicted failure rates are observed at for failure rate
Zone
MAPE (%) Level of accuracy (%)
the age of 23 to 25 years due to the low
7.27
92.73
distribution of oil samples data used in Zone 1 – 5
Zone
3
5
8.91
91.09
failure rates computation for this zone.
100
90

Absolute error (%)

80

Zone 1

Zone 2

Zone 3

Zone 4

Zone 5

70
60
50
40
30
20
10
0

1 2 3 4 5 6 7 8 9 10 111213141516 171819202122232425
Age (Year)

Figure 4. Absolute error between computed and predicted failure rates for each of the zones

CONCLUSION
It is found that the MM can be utilised to predict future failure rates based on HI. The
majority of the predicted failure rates are quite close to the computed failure rates, with an
accuracy level of 91.10%. Notwithstanding, higher discrepancies between the computed
and predicted failure rates in Zone 5 are observed due to insufficient oil samples data to
compute the failure rates in the respective zone. Based on the MM prediction, the failure
rate of the transformer population increases as the transformer’s age increases, and it begins
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to exceed the global average failure rates at 14 years. Overall, MM can be considered a
viable approach to predict transformer failure rates, and it can be used as an alternative
option to determine the forecasted failure data.
ACKNOWLEDGEMENTS
The authors would like to express sincere gratitude to the Ministry of Higher Education
for the funding provided for this study under the FRGS scheme of FRGS/1/2019/TK07/
UPM/02/3 (03-01-19-2071FR).
REFERENCES
Agrawal, A. K., Qian, G., Kawaguchi, A., Lagace, S., Delisle, R., Kelly, B., Weykamp, P., Conway, T., & Dubin,
E. (2006). Deterioration rates of typical bridge elements in New York. In Proceedings of the Structures
Congress and Exposition (pp. 1-10). ASCE Library. https://doi.org/10.1061/40889(201)128
Borovkov, K. (2003). Markov chains. In Elements of Stochastic Modelling (pp. 75-128). World Scientific.
https://doi.org/10.1142/9789812779199_0003
Bossi, A., Dind, J. E., Frisson, J. M., Khoudiakov, U., Light, H. F., & Al., E. (1983). An international survey
of failures in large power transformers in service. In Final report of the CIGRE Working Group 12.05
(pp. 20-48). Electra.
Brown, R. E., Member, S., Frimpong, G., Member, S., & Willis, H. L. (2018). Failure rate modeling using
equipment inspection data. In IEEE Power Engineering Society General Meeting, 2004 (pp. 693-700).
IEEE Publishing. https://doi.org/10.1109/TPWRS.2004.825824
Camahan, J. V., Davis, W. J., Shahin, M. Y., Keane, P. L., & Wu, M. I. (1987). Optimal maintenance decisions for
pavement management. Journal of Transportation Engineering, 113(5), 554-572. https://doi.org/10.1061/
(ASCE)0733-947X(1987)113:5(554)
Chatfield, C. (1973). Statistical inference regarding Markov chain models. Applied Statistics, 22(1), 7-20.
https://doi.org/10.2307/2346299
CIGRE WG A2.18. (2003). Life management techniques for power transformer. CIGRE Publication.
Edirisinghe, R., Setunge, S., & Zhang, G. (2015). Markov model-based building deterioration prediction and
ISO factor analysis for building management. Journal of Management in Engineering, 31(6), Article
04015009. https://doi.org/10.1061/(asce)me.1943-5479.0000359
Emsley, A. M., Xiao, X., Heywood, R. J., & Ali, M. (2000). Degradation of cellulosic insulation in power
transformers. Part 3: Effects of oxygen and water on ageing in oil. IEE Proceedings: Science, Measurement
and Technology, 147(3), 115-119. https://doi.org/10.1049/ip-smt:20000021
Hamoud, G. A. (2011). Assessment of spare transformer requirements for distribution stations. IEEE
Transactions on Power Systems, 26(1), 174-180. https://doi.org/10.1109/TPWRS.2010.2046429
Hamoud, G. A. (2012). Use of Markov models in assessing spare transformer requirements for distribution
stations. IEEE Transactions on Power Systems, 27(2), 1098-1105. https://doi.org/10.1109/
TPWRS.2011.2177999
3040

Pertanika J. Sci. & Technol. 29 (4): 3029 - 3042 (2021)

Failure Rate Estimation for TX Based on HI through MM Approach

Hoskins, R. P., Strbac, G., & Brint, A. T. (1999). Modelling the degradation of condition indices. IEE
Proceedings: Generation, Transmission and Distribution, 146(4), 386-392. https://doi.org/10.1049/
ip-gtd:19990063
Jahromi, A., Piercy, R., Cress, S., Service, J., & Fan, W. (2009). An approach to power transformer asset
management using health index. IEEE Electrical Insulation Magazine, 25(2), 20-34. https://doi.
org/10.1109/MEI.2009.4802595
Jürgensen, J. H., Nordstrom, L., & Hilber, P. (2016a). A review and discussion of failure rate heterogeneity in
power system reliability assessment. In 2016 International Conference on Probabilistic Methods Applied
to Power Systems (PMAPS) (pp. 1-8). IEEE Publishing. https://doi.org/10.1109/ PMAPS.2016.7764078
Jürgensen, J. H., Nordström, L., & Hilber, P. (2016b). Individual failure rates for transformers within a
population based on diagnostic measures. Electric Power Systems Research, 141, 354-362. https://doi.
org/10.1016/j.epsr.2016.08.015
Jürgensen, J. H. (2016). Condition-based failure rate modelling for individual components in the power system
(Licentiate dissertation). KTH Royal Institute of Technology, Sweden.
Jürgensen, J. H. (2018). Individual Failure Rate Modelling and Exploratory Failure Data Analysis for Power
System Components (PhD dissertation). KTH Royal Institute of Technology, Sweden.
Jürgensen, J. H., Brodersson, A. L., Nordstrom, L., & Hilber, P. (2018). Impact assessment of remote control
and preventive maintenance on the failure rate of a disconnector population. IEEE Transactions on Power
Delivery, 33(4), 1501-1509. https://doi.org/10.1109/TPWRD.2017.2710482
Lindquist, T. M., Bertling, L., & Eriksson, R. (2005). Estimation of disconnector contact condition for modelling
the effect of maintenance and ageing. In 2005 IEEE Russia Power Tech (pp. 1-7). IEEE Publishing. https://
doi.org/10.1109/PTC.2005.4524406
Lundgaard, L. E., Hansen, W., Linhjell, D., & Painter, T. J. (2004). Aging of oil-impregnated paper in
power transformers. IEEE Transactions on Power Delivery, 19(1), 230-239. https://doi.org/10.1109/
TPWRD.2003.820175
McDonald, D. (2004). Elements of applied probability for engineering, mathematics and systems science.
World Scientific. https://doi.org/10.1142/5456
Micevski, T., Kuczera, G., & Coombes, P. (2002). Markov model for storm water pipe deterioration. Journal
of Infrastructure Systems, 8(2), 49-56. https://doi.org/10.1061/(asce)1076-0342(2002)8:2(49)
Naderian, A., Cress, S., Piercy, R., Wang, F., & Service, J. (2008). An approach to determine the health index
of power transformers. In Conference Record of the 2008 IEEE International Symposium on Electrical
Insulation (pp. 192-196). IEEE Publishing. https://doi.org/10.1109/ELINSL.2008.4570308
Onchiri, S. (2013). Conceptual model on application of chi-square test in education and social sciences.
Educational Research and Reviews, 8(15), 1231-1241. https://doi.org/10.5897/ERR11.305
Selva, A. M., Azis, N., Yahaya, M. S., Kadir, M. Z. A. A., Jasni, J., Ghazali, Y. Z. Y., & Talib, M. A. (2018).
Application of markov model to estimate individual condition parameters for transformers. Energies,
11(8), Article 2114. https://doi.org/10.3390/en11082114
Pertanika J. Sci. & Technol. 29 (4): 3029 - 3042 (2021)

3041

Nor Shafiqin Shariffuddin, Norhafiz Azis, Amran Mohd Selva, Muhammad Sharil Yahaya,
Jasronita Jasni, Mohd Zainal Abidin Ab Kadir and Mohd Aizam Talib

Setunge, S., & Hasan, M. S. (2011, December 16-18). Concrete bridge deterioration prediction using Markov
chain approach. In Proceedings of the International Conference on Structural Engineering, Construction
and Management (ICSECM) (pp. 1-14). Earl’s Regency Kandy, Sri Lanka.
Yahaya, M. S., Azis, N., Kadir, M. Z. A. A., Jasni, J., Hairi, M. H., & Talib, M. A. (2017). Estimation of
transformers health index based on the markov chain. Energies, 10(11), 1-11. https://doi.org/10.3390/
en10111824
Zaidey, Y., Ghazali, Y., & Soosai, A. M. (2015, June 15-18). TNB Approach on managing asset retirement
for distribution. In 23rd International Conference on Electricity Distribution (pp. 1-5). Lyon, France.

3042

Pertanika J. Sci. & Technol. 29 (4): 3029 - 3042 (2021)

