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Abstract: This paper presents an investigation of the condition state distribution and performance
condition curve of the transformer population under different pre-determined maintenance repair
rates based on the Markov Prediction Model (MPM). In total, 3195 oil samples from 373 transformers
with an age between one and 25 years were tested. The previously computed Health Index (HI)
prediction model of the transformer population based on MPM utilizing the nonlinear minimization
technique was employed in this study. The transition probabilities for each of the states were updated
based on 10%, 20% and 30% pre-determined maintenance repair rates for the sensitivity study.
Next, the HI state distribution and performance condition curve were analyzed based on the Markov
chain algorithm. Based on the case study, it is found that the pre-determined maintenance repair
rates can affect the HI state distribution and improve the performance condition curve. The 30%
pre-determined maintenance repair rate gives the highest impact, especially for the transformer
population at state 4 (poor). Overall, the average percentage of change for all HI state distributions
is 16.48%. A clear improvement of HI state distribution is found at state 4 (poor) where the highest
percentage can be up to 63.25%.

Keywords: transformers; Health Index (HI); Markov Prediction Model (MPM); transition
probabilities; nonlinear minimization; pre-determined maintenance repair rate; state distribution;
performance condition curve
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1. Introduction

Asset management and maintenance strategies have become important aspects of the electrical
utility for a sustainable operation. It is a structural process used to guide the operation, maintenance,
replacement, and disposal of assets [1]. The majority of electrical utilities are now adopting Condition
Based Management (CBM) in order to optimize the management of the transformers asset. One of
the key components in CBM is the future assessment of transformers which could assist utilities
for asset management activities such as maintenance, repair, and replacement [1,2]. A previous
study has shown that the life of transformers can be extended through optimal asset management
strategies [3]. By maximizing the performance of the asset and optimizing the maintenance action,
the maintenance operational cost can be reduced [2,4]. The asset can operate at an optimum level
through prioritization of the equipment for maintenance, repair, or replacement based on condition and
budget [2–4]. The Health Index (HI) is known as one of the key components in the CBM and has been
adopted by most of the current utilities in the world [5–10]. HI provides a comprehensive assessment
on transformers based on multiple parameters and has been considered as one of the important
tools for diagnostic and condition monitoring techniques [11,12]. HI is mainly used to determine
the current state of transformers. Currently, the application of HI to determine the future states of
transformers and the impact of different types of management strategies on the state distribution of
the asset is yet to be explored. Most of the studies on the prediction of transformers’ future states
are based on the paper ageing model and statistical failure analyses [13–19]. There are only a few
studies that have been carried out to estimate the transformers’ future states based on MPM [20].
The studies on the future state prediction of asset based on MPM have been mainly carried out in civil
engineering [21–26]. MPM utilizes the condition parameters data and has been used to determine the
decision for maintenance, repair, and replacement [26–31]. MPM is used to minimize the prediction
issues related to the overreliance on simple mathematical fitting techniques [32,33]. In addition,
the dependency on the failure data for the computation is also minimized for MPM [17–19,34].
The application of MPM based on transformer population condition data was considered an innovative
approach to predict the future deterioration states [20]. MPM can also be used to examine the effect of
maintenance, repair, and replacement on the state distribution of the asset [26,29,31]. Updated MPM
with dedicated management strategies that can be represented by the intentional pre-determined
maintenance repair rate could assist utilities to plan and forecast the effectiveness of the intervention
actions [31]. The aim of this paper is to investigate the effect of pre-determined maintenance repair rates
by MPM on the HI state distribution and performance condition curve of the transformer population.
The previous oil condition monitoring data from 373 distribution transformers with ratings of 33 kV
and 30 MVA are tested [20]. The current study is a continuation of a previous study in [20], whereby
the state distribution and performance condition curve of the transformer population with and without
pre-determined maintenance repair rates are compared and analyzed.

2. Health Index (HI) and Asset Management Strategy

Transformers can be subjected to electrical, mechanical, and chemical stresses that could
reduce their reliability in-service [11,15]. Maintenance is essential to ensure that transformers
operate at an optimum level [35]. The challenge for utilities nowadays is not only to monitor the
condition of transformers, but also to identify the optimum maintenance strategies for the sustainable
development of power system networks. It is known that maintenance is one of the pillars that
support the asset management framework [36]. It is defined as all actions appropriate for retaining
an item/part/equipment in, or restoring it to, a given condition [37]. The maintenance action for
transformers can be divided into three schemes [35]. The first scheme is the condition assessment or
basic maintenance. It includes regular maintenance plans such as Time-Based Condition Monitoring
(TBCM), Condition-Based Monitoring (CBM), On-Line Condition Monitoring (OLCM) and Time-Based
Maintenance (TBM). These maintenance schemes are normally performed for transformers with a
higher/good condition state. The second scheme is applied for transformers with a middle/moderate
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condition state and maintenance action consists of minor work known as Corrective Maintenance
(CM). The action is carried out to restore certain parts of transformers which have failed or degraded.
The third scheme is for transformers with a lower/bad condition state. The maintenance action is
the replacement or refurbishment of a major part of the transformers’ components such as windings,
bushings, and tap changers. Principally, these maintenance actions are carried out based on the
condition monitoring data, observations, and expert judgement. HI is normally used to assess the
overall condition of transformers. HI is defined by [38] as an approach to quantify the condition
monitoring information for the purpose of asset management. In [5,9,35,39], HI is also used as an
indicator for transformers’ maintenance, repair, and replacement. Figure 1 illustrates the linkages
between the HI concept and action plan for the asset management purpose [40].
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There are several HI models for transformers that have been developed by previous researchers
and practitioners [10,40,41]. Most of the HI mathematical formulations adopt a scoring system and
it is used by most of the utilities due to the ease of use. Based on HI, the states of transformers can
be categorized into several discrete groups. The maintenance action can be defined based on these
groups, as seen in Table 1 [5,39]. In this study, the HI of transformers was categorized based on the
maintenance action proposed in Table 1 [5,39].

Table 1. Corresponding HI, condition states, and recommendation of maintenance action.

Health Index Condition State Required Maintenance Action

85–100% Very Good 1 Normal maintenance.
70–84% Good 2 Normal maintenance.
50–69% Fair 3 Increase diagnostic testing, possible remedial work or replacement needed depending on criticality.
30–49% Poor 4 Start planning process to replace or rebuild considering risk and consequences of failure.
0–29% Very Poor 5 Immediately assess risk, replace or rebuild based on assessment.

3. Updating Markov Prediction Model (MPM)

MPM is a dynamic stochastic probabilistic approach that is capable of predicting the future condition
state of transformers [20,42]. MPM has been widely applied to model the deterioration of different types of
equipment [21–28]. It is also capable of simulating the effect of maintenance on the equipment by updating
the MPM transition matrices with any pre-determined repair rate pre-defined by utilities based on their
asset maintenance strategy [26,29,31]. In this study, the MPM for transformers was determined based
on several assumptions. The first assumption is that the degradation of the transformer under study is
a monotonic process and the condition will end up at the final state. The second assumption is that the
transformer undergoes normal ageing and remains in one state for each time interval. The assumptions
were translated into the transition probabilities, given as Pij [20–23]. Pij is the probability of equipment
decaying from state i to j in a specific time interval. The transition probabilities were computed through the
condition monitoring data based on the nonlinear optimization technique. A set of transition probabilities
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was represented in the form of transition matrix, P. The transition matrix without the pre-determined repair
rate is shown in Equation (1).

P =


P11 1 − P11 0 0 0

0 P22 1 − P22 0 0
0 0 P33 1 − P33 0
0 0 0 P44 1 − P44

0 0 0 0 1

 (1)

The MPM and performance condition curve of the transformers population were determined based
on [21–28,30]. In this study, several specific pre-determined maintenance repair rates were introduced to
update the transition probabilities in transition matrices. In this study, these rates are artificially chosen
in order to examine the impact on the health index state distribution and performance condition curve.
These rates, however, can be carefully chosen by utilities based on historical database assessment and
maintenance budget schemes. The updated transition matrices, PM, with a pre-determined repair rate,
can be seen in Equation (2). Prepair rate can be introduced at any condition state.

PM =


P11 1 − P11 0 0 0

Prepair rate
(
1 − Prepair rate

)∗P22
(
1 − Prepair rate

)∗1 − P22 0 0
0 0 P33 1 − P33 0
0 0 0 P44 1 − P44

0 0 0 0 1

 (2)

The maintenance repair rate for any equipment can be obtained through several approaches. It can
be obtained through a global conservation survey, population conservation investigation, examination
of individual equipment behavior, budget, and policy of the utilities. A previous study in [31]
implemented a 10% and 20% repair policy to simulate the future risk and maintenance cost of a bridge
population. While, the actual repair rate from a conservation investigation was used by [26] to predict
their bridge components’ deterioration. Since there is a limitation on the maintenance record of the
population of transformers data under study, multiple pre-determined maintenance repair rates of 10%
(0.1), 20% (0.2), and 30% (0.3) were assigned at each state for sensitivity study purposes. This rate was
chosen to simulate the impact of updated MPM. The rate can affect the current state of transformers,
whereby it moves to the inferior state. An example of an updated MPM transition matrix with a
pre-determined maintenance repair rate 0.1 at state 3 (fair) can be seen in Equation (3).

PM =


P11 1 − P11 0 0 0

0 P22 1 − P22 0 0
0 0.1 0.9∗P33 0.9∗(1 − P33) 0
0 0 0 P44 1 − P44

0 0 0 0 1

 (3)

Equation (3) shows that the distribution of a population at (fair) state (P33 and 1-P33) will move to the
(good) state (P32) by 10% at each interval (t). Once the transition matrix is updated, the state distribution
and performance condition curve can be examined. The distribution of transformer population, D, can be
simulated based on Markov chain iteration formulation, as shown in Equation (4).

D(t+1 ) = D(t) × PM (4)

The performance condition curve, HI, can be simulated based on Equation (5).

HI (t+1) = HI(t) × PM × RT (5)
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Where D(t+1) and HI(t+1) are the next conditions at the specific interval, D(t) and H(t) are the current
conditions, PM is the updated transition matrix, and RT is the matrix of the discrete HI condition state
scale where R = [100 84 69 49 29]. In this paper, the MPM that has been computed in a prior study was
tested to investigate the impact of maintenance, repair, and replacement [20].

4. Application of Updated Markov Prediction Model (MPM)

The predicted distribution of the transformer population in each of the states based on MPM
for 30 years can be seen in Figure 2. It is plotted based on the transition matrices for zone 1 and
zone 2, which have been previously computed in [20]. The current study focuses on the impact
of the pre-determined maintenance repair rate on the future deterioration states of the transformer
population obtained based on [20]. The transition probabilities are determined according to a nonlinear
minimization technique based on distribution transformer (33/11 kV and 30 MVA) oil samples data
from utility. During the first five years, 96.45% of the transformer population reside within state 1
(very good) and state 3 (fair), while the rest reside in state 4 (poor) and state 5 (very poor). Over the
next 25 years, the majority of the transformer population in state 1 (very good) shift to state 5 (very
poor). At year 30, 96.09% of the transformer population are in state 4 (poor) and state 5 (very poor).
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P =


0.2889 0.7111 0 0 0

0 0.7717 0.2283 0 0
0 0 0.9626 0.0374 0
0 0 0 0.9900 0.0100
0 0 0 0 1

 (6)

P =


0.5051 0.4949 0 0 0

0 0.8923 0.1077 0 0
0 0 0.7315 0.2685 0
0 0 0 0.9900 0.0100
0 0 0 0 1

 (7)

In the study, 10%, 20% and 30% pre-determined maintenance repair rates were applied to examine
the effect on the transformer population. The first step was to update the previous transition matrices
in [20]. For example, the non-updated transition matrices for zone 1 and 2 in Equation (6) and Equation (7)
were adjusted to state 2 (good) by 10%. The adjustment representing the maintenance action defined in
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Table 1 was performed and the distribution of the transformer population improved to state 1 (very good)
by 10%. The updated transition matrices for both zones, PM, are shown in Equations (8) and (9) below.

PM =


0.2889 0.7111 0 0 0

0.1 0.6945 0.2055 0 0
0 0 0.9626 0.0374 0
0 0 0 0.9900 0.0100
0 0 0 0 1

 (8)

PM =


0.5051 0.4949 0 0 0

0.1 0.8031 0.0969 0 0
0 0 0.7315 0.2685 0
0 0 0 0.9900 0.0100
0 0 0 0 1

 (9)

Next, the distribution of the transformer population in each of the states and performance
condition curve were re-plotted by the Markov chain algorithm based on Equations (4) and (5).
The distribution of the transformer population in each state with a 10% pre-determined maintenance
repair rate carried out at state 2 (good) is shown Figure 3. The transformer population residing in
state 1 (very good) and state 2 (good) increase up to 9.05% and 0.96%, respectively. In addition,
the transformer population residing in state 3 (fair), state 4 (poor) and state 5 (very poor) decrease
up to 7.92%. At year 30, the transformer population residing in state 4 (poor) and state 5 (very poor)
decrease up to 3.50% and 1.51%, respectively, while there is a 2.76% increment of the transformer
population residing in state 1 (very good), state 2 (good) and state 3 (fair).

Sustainability 2018, 10, x FOR PEER REVIEW  6 of 12 

 

 P = 0.2889 0.7111 0 0 00.1 0.6945 0.2055 0 00 0 0.9626 0.0374 00 0 0 0.9900 0.01000 0 0 0 1  (8) 

 P = 0.5051 0.4949 0 0 00.1 0.8031 0.0969 0 00 0 0.7315 0.2685 00 0 0 0.9900 0.01000 0 0 0 1  (9) 

Next, the distribution of the transformer population in each of the states and performance 
condition curve were re-plotted by the Markov chain algorithm based on Equations (4) and (5). The 
distribution of the transformer population in each state with a 10% pre-determined maintenance 
repair rate carried out at state 2 (good) is shown Figure 3. The transformer population residing in 
state 1 (very good) and state 2 (good) increase up to 9.05% and 0.96%, respectively. In addition, the 
transformer population residing in state 3 (fair), state 4 (poor) and state 5 (very poor) decrease up to 
7.92%. At year 30, the transformer population residing in state 4 (poor) and state 5 (very poor) 
decrease up to 3.50% and 1.51%, respectively, while there is a 2.76% increment of the transformer 
population residing in state 1 (very good), state 2 (good) and state 3 (fair). 

 

Figure 3. Distribution of the transformer population in each of the states with a 10% pre-determined 
maintenance repair rate carried out at state 2 (good). 

An example of HI performance condition curves for all conditions can be seen in Figure 4. It can 
be seen that the predicted HI performance condition curve based on MPM agrees quite well with the 
actual HI performance curve. Based on the predicted HI performance condition curve, there is a 
3.94% improvement of the HI performance condition curve along the 30 years period. In order to 
identify the full spectrum of the HI performance condition curve improvement, a sensitivity study 
on different state transitions is required. Table 2 shows the updated transition matrices of each state 
with a 10% pre-determined maintenance repair rate. 

Figure 3. Distribution of the transformer population in each of the states with a 10% pre-determined
maintenance repair rate carried out at state 2 (good).

An example of HI performance condition curves for all conditions can be seen in Figure 4. It can
be seen that the predicted HI performance condition curve based on MPM agrees quite well with the
actual HI performance curve. Based on the predicted HI performance condition curve, there is a 3.94%
improvement of the HI performance condition curve along the 30 years period. In order to identify the
full spectrum of the HI performance condition curve improvement, a sensitivity study on different
state transitions is required. Table 2 shows the updated transition matrices of each state with a 10%
pre-determined maintenance repair rate.
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0.2899 0.7111 0 0 0

0 0.7717 0.2283 0 0
0.1 0 0.8664 0.0336 0
0 0 0 0.9900 0.0100
0 0 0 0 1

 PM =


0.5051 0.4949 0 0 0

0 0.8923 0.1077 0 0
0.1 0 0.6584 0.2416 0
0 0 0 0.9900 0.0100
0 0 0 0 1



4 Poor Fair PM =


0.2899 0.7111 0 0 0

0 0.7717 0.2283 0 0
0 0 0.9626 0.0374 0
0 0 0.1 0.8910 0.0090
0 0 0 0 1

 PM =


0.5051 0.4949 0 0 0

0 0.8923 0.1077 0 0
0 0 0.7315 0.2685 0
0 0 0.1 0.8910 0.0090
0 0 0 0 1



5 Poor Good PM =


0.2899 0.7111 0 0 0

0 0.7717 0.2283 0 0
0 0 0.9626 0.0374 0
0 0.1 0 0.8910 0.0090
0 0 0 0 1

 PM =


0.5051 0.4949 0 0 0

0 0.8923 0.1077 0 0
0 0 0.7315 0.2685 0
0 0.1 0 0.8910 0.0090
0 0 0 0 1



6 Poor Very good PM =


0.2899 0.7111 0 0 0

0 0.7717 0.2283 0 0
0 0 0.9626 0.0374 0

0.1 0 0 0.8910 0.0090
0 0 0 0 1

 PM =


0.5051 0.4949 0 0 0

0 0.8923 0.1077 0 0
0 0 0.7315 0.2685 0

0.1 0 0 0.8910 0.0090
0 0 0 0 1



7 Very poor Poor PM =


0.2899 0.7111 0 0 0

0 0.7717 0.2283 0 0
0 0 0.9626 0.0374 0
0 0 0 0.9900 0.0100
0 0 0 0.1 0.9

 PM =


0.5051 0.4949 0 0 0

0 0.8923 0.1077 0 0
0 0 0.7315 0.2685 0
0 0 0 0.9900 0.0100
0 0 0 0.1 0.9



8 Very poor Fair PM =


0.2899 0.7111 0 0 0

0 0.7717 0.2283 0 0
0 0 0.9626 0.0374 0
0 0 0 0.9900 0.0100
0 0 0.1 0 0.9

 PM =


0.5051 0.4949 0 0 0

0 0.8923 0.1077 0 0
0 0 0.7315 0.2685 0
0 0 0 0.9900 0.0100
0 0 0.1 0 0.9



9 Very poor Good PM =


0.2899 0.7111 0 0 0

0 0.7717 0.2283 0 0
0 0 0.9626 0.0374 0
0 0 0 0.9900 0.0100
0 0.1 0 0 0.9

 PM =


0.5051 0.4949 0 0 0

0 0.8923 0.1077 0 0
0 0 0.7315 0.2685 0
0 0 0 0.9900 0.0100
0 0.1 0 0 0.9



10 Very poor Very good PM =


0.2899 0.7111 0 0 0

0 0.7717 0.2283 0 0
0 0 0.9626 0.0374 0
0 0 0 0.9900 0.0100

0.1 0 0 0 0.9

 PM =


0.5051 0.4949 0 0 0

0 0.8923 0.1077 0 0
0 0 0.7315 0.2685 0
0 0 0 0.9900 0.0100

0.1 0 0 0 0.9



The distribution of the transformer population according to various state transitions based on a
10% pre-determined maintenance repair rate can be seen in Figure 5. It is worth noting that, practically,
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it is quite difficult to determine the equivalent state transitions for individual types of maintenance
actions. Comprehensive examination and expert judgement are required in order to obtain the required
information. Nevertheless, this study can provide an overview for utilities on how the health index
state distribution and performance condition curve of the transformer population can be affected
by several pre-determined maintenance repair rates. An apparent improvement in the transformer
distribution is found once the pre-determined maintenance repair rate is applied for transition from
state 4 (poor) to state 1 (very good). The transformer population in state 4 (poor) and state 5 (very poor)
decrease up to 44.33% and 8.18% correspondingly. On the other hand, the transformer populations in
state 1 (very good), state 2 (good), and state 3 (fair) increase up to 8.67%, 32.38% and 12.47% respectively.
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The HI performance condition curves based on various state transitions can be seen in Figure 6.
The most significant improvement can be attained through the introduction of the pre-determined
maintenance repair rate at state 4 (poor). The transition from state 4 (poor) to state 1 (very good)
provides an average improvement of the condition state of up to 10.24%.

Further investigation was carried out to analyse the impact of different pre-determined
maintenance repair rates. The transition matrices adjustment similar to Table 2 was carried out
for 20% and 30% pre-determined maintenance repair rates. The same methodology was repeated
to examine the performance condition curve and distribution population. The HI state distribution
and performance condition improvement trends for 10%, 20%, and 30% pre-determined maintenance
repair rates are quite similar. For all rates, the most significant impact on the HI state distribution and
improvement of the performance condition curve occur at the transition from state 4 (poor) to state
1 (very good). Figure 7 shows the comparison of the HI performance condition curve for different
pre-determined maintenance repair rates. The average improvement of the HI performance condition
curve for 20% and 30% pre-determined maintenance repair rates is 14.23% and 16.48% respectively.
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The changes of transformer population for each of the states from state 4 (poor) to state 1 (very
good) for different pre-determined maintenance repair rates are shown in Figure 8. In total, the 30%
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pre-determined maintenance repair rate has the greatest effect on the HI state distribution of the
transformer population. The transformer populations in state 4 (poor) and state 5 (very poor) decrease
up to 63.25% and 13.10% respectively. The transformer populations in state 1 (very good), state 2
(good), and state 3 (fair) increase by 15.03%, 46.67% and 18.20% respectively.
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20%, and 30% pre-determined maintenance repair rates (from state 4 (poor) to state 1 (very good)).

Based on the case study, it is found that the highest percentage of changes for the HI state
distribution can be achieved through calibration of the transformer population in state 4 (poor), which
has the highest distribution. Since MPM is a continuous time process that is based on the prior state,
any improvement to state 1 (very good) from state 4 (poor) should affect the other future HI state
distribution, as shown in Figure 8. It can be summarized that the changes for individual HI states’
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distribution not only depend on the percentage of the pre-determined maintenance repair rate, but also
depend on the transition of HI state improvement in the MPM.

5. Conclusions

The effects of maintenance, repair, and replacement on the HI states based on MPM have been
investigated in this study. A study between updated and non-updated transition matrices reveals
that all pre-determined maintenance repair rates adjustment from state 4 (poor) to state 1 (very good)
gives the greatest improvement in terms of the HI state distribution and performance curve. The 30%
pre-determined maintenance repair rate has the most significant impact on the distribution of the
transformer population. However, these rates must be chosen appropriately based on maintenance,
repair, and replacement readiness and cost benefit consideration. In addition, the pre-determined rates
should be employed by the state with the largest population in order to obtain significant changes
in the HI state distribution. Overall, this study could assist the utilities to plan and optimize the
investments which support the sustainable transformer asset management.
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