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Abstract
Currently, the electrical system in Argentina is working at its maximum capacity, decreasing the margin between the installed power and demanded
consumption, and drastically reducing the service life of transformer substations due to overload (since the margin for summer peaks is small). The advent of the Smart Grids allows electricity distribution companies to apply data analysis techniques to manage resources more efficiently at different levels
(avoiding damages, better contingency management, maintenance planning,
etc.). The Smart Grids in Argentina progresses slowly due to the high costs
involved. In this context, the estimation of the lifespan reduction of distribution transformers is a key tool to efficiently manage human and material resources, maximizing the lifetime of this equipment. Despite the current state
of the smart grids, the electricity distribution companies can implement it
using the available data. Thermal models provide guidelines for lifespan estimation, but the adjustment to particular conditions, brands, or material quality is done by adjusting parameters. In this work we propose a method to adjust the parameters of a thermal model using Genetic Algorithms, comparing
the estimation values of top-oil temperature with measurements from 315
kVA distribution transformers, located in the province of Tucumán, Argentina. The results show that, despite limited data availability, the adjusted
model is suitable to implement a transformer monitoring system.
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1. Introduction
The increase of energy demand caused by the consistent growth of the electricity
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consumption over the last few years caused the electricity distribution companies to begin considering the integration of the information and communication
technologies with the electrical infrastructure. This situation leads to the implementation of Smart Grids, the next generation of power grids [1]. The access to
real-time data from the power system state provided by the Smart Grids allows
the service quality improvement and operation costs reduction. This enhancement of the service can be achieved through the application of intelligent data
analysis techniques [2].
The relatively slow progress of the Smart Grids in Argentina is due to different
factors, mainly the lack of proper investment by companies, and poor planning
in the energy distribution context. This situation results in a progressive decrease in the service quality. The margin between installed power and the consumers demand is reduced year after year and, consequently, the electricity distribution system in Argentina is then left with a very small reserve margin, since
the electricity demand approaches in many occasions the installed capacity. Particularly in the hot seasons in Argentina, summer temperatures above 35˚C with
over 90% humidity are normal, so there are corresponding consumption peaks
related to the use of Air Conditioning devices massively. These peaks produce
severe damage or reduction of lifespan for several distribution transformers and
led to the Energetic Emergency law [3]. Against this background, the electricity
distribution companies must act efficiently to avoid damaging their equipment.
In this sense, estimating and monitoring the lifespan reduction of distribution
transformers is a key for decision making, since it enables companies to take the
necessary actions for transformer management on time. Several actions can be
taken in order to handle the situation (replacing it with a higher capacity transformer, distributing the electricity consumption to near transformers, expanding
the electrical system by installing a new transformer whenever possible, etc.).
But efficient resource management requires planning and prevision, so an estimate of remaining lifespan and loss rate is necessary.
However, estimating the remaining lifespan of a power transformer is not a
simple task for many reasons. The accumulative effects of the transformer deterioration are not well known, so predict this expected lifespan accurately is a big
challenge, even under strictly controlled conditions. Recent works performing
transformer state diagnosis based on the analysis of cooling oil [4] [5], vibrations
[6] and others (for a review, see [7], and [8]). Many of these publications propose an accurate diagnosis of transformer state analyzing its cooling oil, but they
cannot be used in countries such as Argentina, where the Smart Grids have just
arrived, because their implementation requires a high cost. A good alternative to
estimate the remaining lifespan is based on several tests and experts knowledge.
For this purpose, empirical life expectancy curves have been developed, founded
on functional tests performed in controlled conditions, measuring the decrease
of mechanical and electrical resistance under different operating conditions on
commercially produced distribution transformers. These empirical results led to
DOI: 10.4236/sgre.2018.99010
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the development of general recommendations for estimating the lifespan, established in loading guides and standards, based mainly on the aging of the winding
insulation [9] [10].
Over time, different models have been proposed to estimate the remaining lifespan of distribution transformers. Each of them takes into consideration different criteria and it is based on different physical effects to explain the transformer deterioration. The Chendong model [11] is an example of models that
use the polymerization degree as an indicator of the degradation condition of the
insulation paper. The stress generated by thermal, mechanical and electrical effects causes the reduction of the polymerization degree, which in turn reduces
the mechanical resistance of the insulation paper, leading to its breaking [12].
On the other hand, there are models which consider that the aging of the
winding insulation of the transformer is due mainly to internal temperature effects during its operation. The first IEEE thermal model [13] calculates the temperature of the hot-spot in the winding using the load and ambient temperature
measurements. Then, from this hot spot temperature, the lifespan of the winding
is estimated by comparison with respect to a nominal expected loss, determined
by the insulation construction material. Based on this standard emerged new
loading guides that use improved models, such as the IEC 60076-7 [9] and the
IEEE C57.91-2011 [10].
Thermal models are widely used because of their simplicity of implementation
(since they require only a few easy to acquire input variables). Also, the incorporation of new sensors for measuring other variables that allow better estimations of transformer remaining lifespan is limited in general and especially in
Argentina since the advent of Smart Grids is relatively recent [14] [15]. Changes
in technology and media support make it difficult to reliably store and retrieve
historical data, as well as the complete repair history of transformers. However,
despite these models are general, there is a need to adapt them to local conditions of use. This adjustment consists of determining the values of some of its
parameters using known measurements. The Parameters Estimation Problem
[16] is well known and appears in many areas of science, including the estimation of parameters in thermal models for estimating the internal temperature of
a transformer [17]. Galdi et al. [18] use Genetic Algorithms to estimate the parameters of the thermal models. Their method uses real hot-spot temperature
measurements, which are not always measure. The authors do not analyze the
possibility that there is more than one suitable solution (traditional genetic algorithm is used).
This paper presents a methodology to adapt the thermal model to local conditions, to estimate the lifespan reduction in distribution transformers, based on
existing loading guides. The used model takes current consumption and ambient
temperature data as the only input variables, and we use information about
transformer construction characteristics in the model parameter setting step. We
use a Niching Genetic Algorithm to determine the best combination of parameDOI: 10.4236/sgre.2018.99010
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ters values in the top-oil temperature model (temperature in the upper layer of
the refrigerant oil tank). To validate the model, we were applied the methodology to 315 kVA distribution transformers, located in the province of Tucumán,
Argentina, whose history was well known (they were not maintained or repaired
in its history). The proposed methodology represents an improvement over existing off-the-shelf international guidelines, which takes advantage of minimal
measured data and adapts to the prevailing conditions.
The rest of this paper is organized as follows: Section 2 describes the methodology used to estimate the lifespan of distribution transformers and the procedures for parameter setting, both for the top-oil temperature model and the accumulated loss of life; Section 3 describes the tests performed and the results
obtained; Section 4 presents the conclusions.

2. Materials and Methods
2.1. Thermal Model Based on International Loading Guides
Although deterioration or aging of the transformer insulation is a function of
temperature, time and content of moisture, oxygen and acid, the model presented in loading guides [9] [10] is based exclusively on temperature as the control parameter. Most of the aging studies focus on the effects produced by the
temperature at the hottest point of the winding (called hot-spot).
The analyzed guides (IEC 60076-7 [9] and the IEEE C57.91-2011 [10]) propose two alternatives to describe the hot spot temperature as a function of time,
load and ambient temperature. On the one hand, there is a simple solution that
uses an exponential equation, which is appropriate when the electric load varies
according to a step function, only appropriate when the electric load jumps discretely and it can be modeled by a step function. On the other hand, there is a
more accurate solution based on differential equations, which is more suitable
when both the charge and the ambient temperature vary arbitrarily. In our particular situation, we decided to use the solution based on differential equations,
since the models will be used for transformers monitoring, where there are continuous measurements of the variables available.
2.1.1. Estimation of the Hot-Spot Temperature Using Differential
Equations
The models described in the loading guides analyzed are designed to explain the
hot-spot temperature dynamics, in power transformers. For this purpose, they
take into account two effects: the heating caused by the electrical currents flowing through the winding, and the effects of the temperature changes due to the
oil flow moving around the hot spot. Then, as an intermediate step for estimating the temperature in the hot-spot, we must first determine the oil temperature
on the top of the container, where the flow is at its hottest. Figure 1 shows a
block diagram that describes the necessary steps for the hot-spot temperature estimation procedure, taking the load factor K (dimensionless parameter) and ambient temperature θ a [˚C] measurements as input variables.
DOI: 10.4236/sgre.2018.99010
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Figure 1. Block diagram of the hot-spot temperature estimation procedure used to describe the temperature of the hottest point inside the transformer θ h as a function of
load factor K and ambient temperature θ a . The top-oil temperature θ o and hot-spot
temperature rise ∆θ h are estimated in intermediate steps.

The load factor is calculated dividing the current measurements of each phase

I f [A] on rated current I n [A], which is obtained from the rated power value
of three-phase distribution transformer S [kVA] as shows in Equation (1). For
practical reasons, the nominal voltage U n = 220 [V] and the power factor
I n 1.45 × S .
cos (ϕ ) = 0.9 are adopted, so the rated current is just obtained as =
Deviations on cos (ϕ ) are severely fined both by governments, regulatory authorities and companies on users, son it being above 0.9 is a realistic assumption.
Then, for 315 kVA distribution transformers, the rated current I n is equal to
459.3 [A].
I n = 1000 × S  2 3 × U n × cos cos (ϕ ) 

(1)

As mentioned above, the first step in the hot-spot temperature estimation
process is calculating the temperature in the cooling oil. The Equation (2) describes the dynamics of the oil temperature change on the upper level of the
container (top-oil). This equation will first be used to estimate the top-oil temperature rise ∆θ o , which will then be used to calculate the top-oil temperature
by solving the differential equation. This procedure corresponds to step 1 in the
block diagram shown in Figure 1. The inputs are the load factor K and the ambient temperature θ a [˚C], and the output is the top-oil temperature θ o [˚C].
dθ o
1
=
dt
k11 × τ o

 1 + K 2 R  x


 × ∆θ or − (θ o − θ a ) 
 1 + R 


(2)

On the other hand, we must calculate the hot-spot temperature rise above the
top-oil temperature ∆θ h . To model the thermal behavior of the winding
hot-spot, the loading guides propose the Equation (3) and Equation (4). The first
one represents the fundamental hot-spot temperature rise, without taking into
account the effect of the oil flow. The second equation represents the temperature variability that introduces the oil flow through the hot-spot, which changes
DOI: 10.4236/sgre.2018.99010
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much slower. Then, combining both effects, according to the Equation (5) we
can calculate the hot-spot temperature rise. The solving of these equations corresponds to step 3 in the block diagram shown in Figure 1.

1 ( k22 × τ w ) ×  k21 × K y × ( ∆θ hr ) − ∆θ h1 
d ∆θ h=
1 dt
d ∆=
θ h 2 dt

( k22 τ o ) × ( k21 − 1) × K y × ( ∆θ hr ) − ∆θ h 2 
∆θ h = ∆θ h1 − ∆θ h 2

(3)
(4)
(5)

Finally, the calculation of the hot-spot temperature (step 4 in the block diagram of Figure 1) is completed by the Equation (6).

θ h= θ o + ∆θ h

(6)

Unfortunately, these differential equations cannot be solved analytically or
exact solution in terms of simple mathematical functions. However, they can be
solved using well known numerical methods. In this paper, we have selected the
Runge-Kutta method using the GNU Octave Ordinary Differential Equations
package [19].
2.1.2. Relative Aging Rate
Once the hot-spot temperature has been calculated over a time period, we can
proceed to calculate the insulation degradation rate of the transformer. Figure 2
shows a box diagram that describes this procedure.
As mentioned earlier, the first step of this procedure is to estimate the
hot-spot temperature, which corresponds to the dotted lines box in Figure 2,
and it is described in detail in Figure 1. After that, the relative aging rate referred to the hot-spot is calculated using the Equation (7), where B = 15000 is
a valid parameter value when the transformer is constructed with thermally upgraded paper [10].

=
V exp  B (110 + 273) − B (θ h + 273) 

(7)

Integrating the relative aging rate V over a certain time period we can obtain
the total lifespan L occurred in that period. We use the Equation (8) when we
have discrete values, where Vn is the relative aging rate at time n, tn is the
time duration of n and N is the number of intervals considered.

Figure 2. Block diagram of the procedure for the relative aging rate V and accumulated
loss of life estimation L, based on the load factor K and ambient temperature θ a . The
hot-spot temperature values θ h are estimated in an intermediate step.
DOI: 10.4236/sgre.2018.99010
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=
L

t2

∫t

1

N

Vdt → L ≈ ∑ Vn × tn
n =1

(8)

2.2. Parameters for the Top-Oil Temperature Model
The models used in the loading guides include certain parameters whose values
are established based on many tests performed on the transformers under controlled conditions. Since these parameters depend on the manufacturing characteristics among other things, it is possible that the proposed values may not be
suitable in all cases. For these reasons, an adjustment process of these parameters is necessary, in order to adapt the thermal model to different kinds and
brands of transformers and its particular conditions. If real temperature measurements are available, the model parameters can be adjusted in such a way that
the estimates obtained using the model are as close as possible to the real values.
In this context, the problem is referenced as a parameter estimation problem,
which belongs to the class of so-called inverse problems [16]. One of its characteristics is that they are ill-posed problems in the sense that they have more than
one solution. For this reason, we decided to approach the problem using an
Evolutionary Algorithm as an optimization method.
The model for the top-oil temperature estimation described in Section 2 was
adjusted from measurements provided by the local electricity distribution company, Empresa de Distribución Eléctrica de Tucumán (E.D.E.T.s.a.). For this
work, data were collected from two 315 kVA distribution transformers located
in residential areas with similar consumption profiles. One of these datasets was
used in the parameter adjustment process, and the other one in the validation
stage, where the top-oil temperature was calculated and compared with real values to determine the error obtained when using the adjusted parameters. Besides
the electrical current measurement, the transformers have a temperature sensor
located at the top of the oil tank. The available measurements correspond to the
period between 13-11-2016 and 25-02-2017, and the records were sampled every
15 minutes. This time period corresponds to the hot season, which facilitates the
model adjustment in conditions of higher ambient temperature. About the ambient temperature, the data comes from a meteorological station from the same
company, located less than 1.5 kilometers away from the transformers.
2.2.1. Statistical Analysis
To evaluate the performance of the adjusted models, the errors are analyzed by
comparing the real temperature values ( Yi ) with temperature estimations produced by the thermal model ( Ti ). To do this, we use different metrics commonly
used in the literature, such as: Root Mean Squared Error or RMSE (Equation
(9)), whose value is interpreted easily because it is expressed in the same unit
that the variable to be estimated; Percentage Root Mean Squared Error or
RMSE% (Equation (10)), which expresses the RMSE as percentage; Mean Bias
Error or MBE (Equation (11)), which allow us to know if there is an underestimation or overestimation, analyzing its sign; Pearson’s Correlation Coefficient R
DOI: 10.4236/sgre.2018.99010
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(Equation (12)), which helps to determine the extent in which the model follows
the general trend of the data.

∑ i =1 (Yi − Ti )
n

RMSE (T , Y ) =

RMSE% (T , Y ) =

2

(9)

n

∑ i =1 (Yi − Ti )
n

1
Ymax

2

(10)

n

Yi − Ti
n
i =1
n

MBE (T , Y ) = ∑
R (T , Y ) =

(11)

n∑YiTi − ∑Yi ∑Ti
n∑Yi − ( ∑Yi )
2

2

n∑Ti 2 − ( ∑Ti )

2

(12)

2.2.2. Genetic Algorithms
Genetic Algorithm (GA) is a stochastic search technique that allows us to find
solutions to a wide variety of optimization problems [20]. The GAs mimicked
the genetic process of natural evolution, and they were proposed for the first
time by John Holland [21]. The basic scheme of a GA begins with a population
of randomly generated individuals (set of initial solutions). By applying some
genetic operators, these solutions are selected, combined and mutated, so that
each new population tends to be better than the previous ones, through generations. We will use AG to find the best combination of values for the parameters
of the thermal models, because of their good performance in nonlinear problems
involving real noisy data.
To use a GA and find solutions to the parameter adjustment problem, each
individual is coded by a vector with real values, where each element represents a
particular parameter that we want to find. From Equation (2) we can see that the
parameters to be optimized are: k11 , x , R , ∆θ or and τ o . However, to prevent the occurrence of different values representing the same solution we set the
value of k11 = 1 as indicated in Loading Guides, so that the combination
k11 × τ o is unique. This is known as redundancy in the context of GA and heuristics, and it should be avoided since it complicates the search unnecessarily. On
the other hand, to avoid inconveniences due to a possible wrong calibration or
bad location of the temperature sensors (it might not be located exactly in the
zone of higher oil temperature), an additional parameter is included by adding a
constant Coffset to the Equation (2). This extra parameter is used only in the solution search process in order to automatically correct a measurement offset detected in some cases. Nevertheless, we set Coffset = 0 once found the best parameter values.
To delimit the search space, we define lower and upper bounds for each parameter. Then, each gene of the individuals will correspond to a single parameter to optimize, which are bounded by the limits described in Table 1. These
limits were established based on the values proposed by the IEC Loading Guide
[9]. Also, restricting the search space helps the algorithm to choose values that
DOI: 10.4236/sgre.2018.99010
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Table 1. Values suggested by IEC Loading Guide, Lower and Upper Bounds, and optimized values of the top-oil temperature model parameters proposed in this paper for the
local conditions of use.
Parameter

Parameter value
Lower Bound

Upper Bound

IEC Guide

Optimization

x

0.70

1.10

0.80

0.94

R

3.30

6.50

5.00

5.31

∆θ or

40.0

60.0

55.0

40.6

τo

90

210

180

106

Coffset

−0.20

0.20

0.00

0.00

respect the real meaning given to each parameter of the model, that is, to make
them consistent with the physical meaning they have.
2.2.3. Niching Genetic Algorithms
As discussed above, given the nature of the problem, the combination of parameters of a differential equation that generates a particular solution might not be
unique. That is, there could be more than one combination of parameters that
produce similar responses. For this reason, it is necessary to search all existing
parameter sets to analyze and select the most adequate to ensure that the model
generalizes adequately. In this perspective, there are GA architectures specially
designed for situations where more than one solution is required. These algorithms, called Niching, allow us to find and preserve all points or zones of the
search space corresponding to the local optimums. This means that the Niching
algorithms will search for as many different numerical combinations as they can
find, of the model parameters that allow obtaining estimates with similar error
level.
Among the existing variants of Niching algorithms we use Deterministic
Crowding [20] [22] because its parameter adjustment is simple, it does not require specifying the niche size and the number of generations is not a critical
parameter and it is easy to obtain. The version used in this paper was implemented in Octave [19], which is described below:
• Initialization: a population is created, consisting of n randomly generated
individuals so that each gene will have random values within the range defined by the lower and upper limits for each of them.
• Evaluation: each individual is evaluated using the fitness function defined
for the problem, described in Section 2.2.4.
• Crossover: all the individuals of the population are grouped in pairs, to recombine them and generate new individuals. We decided to apply more than
one operator to achieve a good exploration of the search space as is usual in
this architecture. A Uniform Crossover scheme is implemented to the half of
the population so, for each gene, one child copies their value from one randomly chosen parent (the other child will take the gene value from the other
DOI: 10.4236/sgre.2018.99010
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parent). The other half of the population is generated using Cube Crossover,
in which children genes are randomly generated within the range determined
by the parent genes values.
• Replacement: each parent is grouped with their most similar child, and then
they are compared to determine which one survives the next generation. The
Euclidean distance metric is used to determine which child is the most similar to each parent, and the fitness values associated with each individual are
used to decide which is best and therefore allowed to continue into the next
generation (see the flow diagram in Figure 3). This mechanism reduces
competition among individuals who do not belong to the same niche, thus
allowing the algorithm to preserve local optima.
To set the GA parameters, some considerations were taken into account. On
the one hand, the population size should be large enough to be able to adequately cover the entire search space. In this paper, this was achieved with a population of 100 individuals. On the other hand, to set the number of generations, we
established as a termination condition that individuals must generate estimations that exceed a certain threshold of precision. The RMSE is used as the error
metric, and the threshold is set to 5 [˚C] for estimations of the top-oil temperature. Thus, the number of generations reached allows us to find solutions that
generate estimations with a good accuracy, but at the same time maintain the
diversity of the solutions, and do not continue after the majority of the population is made up of solutions that provide good estimations.
2.2.4. Fitness Function
As in nature, the selection of individuals in GA is made according to a criterion:

Figure 3. Replacement Step of the Deterministic Crowding algorithm. Parents ( P1 and

P2 ), and offspring ( C1 and C2 ) are paired based on a distance function d. Then it is decided which individual in each pair survives into next generation ( D1 and D2 ), based on
a random p ∈ ( 0,1) value.
DOI: 10.4236/sgre.2018.99010
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the more suitable they are to solve the problem, the more possibilities they have
to survive and reproduce. The fitness function allows us to evaluate each individual and weighs and compare them, in order to determine which solution is
more adequate. Thus, the best solutions will be those that enable a better fit of
the temperature estimates curve with the measured temperatures curve. Then,
the fitness function (which must produce a real numeric value proportional to
how good the solution is) is defined in Equation (13), where Y ( S ) are the estimated values of the top-oil temperature using the parameters determined by
the solution S, and T represents the real measurements of top-oil temperature.
Good solutions will have a low RMSE value and R value close to 1, so the fitness
value will be high. The constant term in the fitness function equation is added
only to ensure we do not obtain negative values.
fitness ( S=
) 50 −

RMSE (T , Y ( S ) )
R (T , Y ( S ) )

(13)

2.3. Parameters for the Hot-Spot Temperature Model
The same methodology used to set the parameters of the top-oil temperature
equation can be used to adjust the parameters of the hot-spot temperature equations. It would require real temperature measurements of the hot spot taken over
a time period to compare them with the results of the adjusted model. However,
hot-spot temperature measurements are difficult to get, since the transformers
should include a fiber optics sensor that is usually installed in the factory, but
this is not a common situation. Furthermore, determining the exact location of
the hot spot is not a simple task, since it depends on the particular characteristics
of each transformer. Additionally, installing a sensor inside a transformer that
does not include this factory feature generally involves dismantling it and taking
it out of service for an extended time period. For these reasons, at the moment
we do not have measurements of hot-spot temperature. So, we adopt the parameter values proposed by the loading guides for obtaining the first approximation of the results. Table 2 shows the values and a brief description of these parameters.

2.4. Adjustment for the Estimation of Lifespan
The Loading Guides propose a method for estimating the rate of aging based on
the hot-spot temperature. The expected lifespan of 20 years is considered as the
reference, which is the time it takes to degrade the insulation paper of the
winding in normal operating conditions (100% power consumption). From this,
the Equation (7) is proposed, and the parameter B = 15,000 is set up for the
thermally upgraded paper. This equation is used to determine how fast a transformer reduces its lifespan due to the effect of its winding temperature being at
its maximum or exceeded for a certain period of time. However, this reference
may be different for distribution transformers with particular characteristics,
depending on the type of insulation paper and operating conditions (for example if
DOI: 10.4236/sgre.2018.99010
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Table 2. Parameters to calculate the hot-spot temperature recommended by IEC Loading
Guide for three-phase distribution transformer with 315 kVA power rate and ONAN
cooling system type.
Parameter

Value

Description

y

1.6

Thermal exponent

k21

1.0

Thermal constant

k22

2.0

Thermal constant

τw

4.0

Winding time constant

∆θ hr

35.0

Hot-spot to top-oil gradient at rated current

it operates in locations with high ambient temperature, direct solar radiation,
high humidity, among others).
The hot-spot temperature measurements from the transformer installation
time to the moment where it suffers some damage due to overload (i.e. over its
whole lifetime) are required to find a better value for the parameter B in the Equation (7). These measurements are unusual and difficult to obtain in Argentina
since the installation of new remote measuring Devices on distribution transformers is in progress, and it is relatively recent. Moreover, repair history and
traceability is usually not well documented. For this reason, we propose an alternative method to do this adjustment using only the available measurements of
the ambient temperature and the electric load at the transformer substation.
First, the data time series are filled and completed, considering the period starting from the installation time of the transformer. The data filling procedure is
performed by replicating the available data, adjusting the magnitude of the
measurements according to the values of annual increments of electricity consumption recorded throughout the province [23].
After completing the data set, we estimate the hot-spot temperature and the
accumulated loss of life. For the last step, it is necessary to find the value of the
parameter B so that the PVU calculation is equal to 100% at the moment when
we know that the transformer suffered severe damage due to overloads. For this
adjustment, we have information on two 315 kVA distribution transformers,
which we know that they continuously operated until they were damaged due to
overloads (without moving it or repair it). We also assume that there were no
events related to failures that could accelerate the aging process (bumps, faults in
the contact terminals, short-time over-voltages, among others) as a hypothesis of
the problem. One of these cases is used to obtain a proper value of the parameter
B, and the other one is used to validate the results achieved with this value. The
procedure described above could not be applied to more cases due to the limited
information available about the distribution transformers currently installed.
Only two cases can be analyzed given the current circumstances, hoping to have
more cases as the remote measuring network grows and better care in keeping
the history of movements and repairs.
DOI: 10.4236/sgre.2018.99010
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3. Results and Discussion
To use the GA described in Section 2.2.3, we used data from a particular Distribution Transformer in order to obtain a set of parameter combinations of the
top-oil temperature, and then the model was applied using each combination on
a different dataset, from the other transformer, to determine the most appropriate. Figure 4 shows the solutions obtained with the GA, represented in a parallel

(a)

(b)

(c)

Figure 4. The graphical representation to visualize the variability of the solutions obtained with the Niching Genetic Algorithm and the corresponding top-oil temperature
estimates. (a) Each solution is represented by a polygon line crossing the parallel axes (the
black line is the best solution); (b) Temperature curves generated on the training set (the
dotted line represent the real measurements and the black line represent the best estimation curve); (c) Temperature curves generated on the validation set.
DOI: 10.4236/sgre.2018.99010
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axis diagram, and the different temperature curves generated by the model when
using each parameter combination. On the one hand, the parallel axis diagram
in Figure 4(a) helps to easily visualize each solution, represented by a polygon
line that traverses each axis, indicating the value for each adjusted parameter. It
involved 100 individuals and 37 generations to obtain these solutions. The color
of the lines represents the fitness value of each solution, where the darkest corresponds to the best fitness. On the other hand, Figure 4(b) shows the different
temperature curves for the dataset used in the adjustment process (training set),
which are very similar to each other. The same happens with the curves for the
validation dataset that are shown in Figure 4(c). The black color line indicates
the closest estimate curve to the real curve represented by the dotted line. The
RMSE was used in order to obtain the best parameter set among all feasible solutions. It can be seen that the solution is not unique since several solutions allow
top-oil temperature estimations with the same error level. The best parameter
values are shown in Table 1, with the values proposed by the Loading Guides for
easy comparison. The optimized values do not differ too much from the Loading
Guides recommendations, except the oil time constant τ o . However, they are all
within the expected bounds.
Table 3 shows the errors that resulted from using the parameters obtained
with the optimization algorithm and the parameters recommended in the Loading Guides for determining easily the improvement achieved with the optimization. The error levels reached in the training and the validation dataset are
shown for both cases. The RMSE and RMSE% values are reduced by 60.6% in
training and 63.7% in validation, indicating a general reduction of the magnitude of the error. An important reduction also occurs in the MBE values, being
positive for the validation. The MBE sign indicates that there is a slight overestimation of the temperature in general. Regarding the correlation coefficient R,
its value is higher using the optimized parameters, which indicates that the estimates have correctly captured the general tendency present in the measured data. This result is reflected in Figure 5, where the different oil temperature curves
are shown, and it is clear that the model with optimized parameters generates a
better-fitted curve than the model with Loading Guides parameters.
Regarding the adjustment of the parameter for the calculation of the relative
aging rate, two historical measurements datasets were used. The first one
Table 3. Error values obtained at the top-oil temperature calculation for the two different
transformer data sets using different parameter values (Loading Guides recommendation
and optimized parameter values).
Parameters
IEC Guide

Optimized
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Dataset

RMSE

RMSE%

MBE

R

Training

7.10

14.51

6.41

0.94

Validation

11.66

25.34

10.67

0.89

Training

2.80

5.72

−1.33

0.96

Validation

4.23

9.20

2.55

0.94
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Figure 5. Comparison of the real measurements with the top-oil temperature estimates using parameters recommended by the IEC Loading Guide 2005 and the optimized parameters (the best solution obtained by GA). The ambient temperature is included for reference.

corresponds to a transformer installed and started working on 13-07-2001, and it
was replaced by another transformer due to overload damage on 13-02-2016
(5328 operating days). The second case corresponds to a transformer put into
operation on 02-08-2002, and damaged by overload on 23-03-2014 (4431 operating days). The measurements of these transformer substations are only available in the period between 01-01-2013 and 31-12-2016 (4 years of data). There is
no record of movements or repairs conducted on any of the transformers, supported by old employees of the company that support the claim that they were
never moved or repaired. The previous historical data was completed by replicating the available measurements in the missing periods, taking into account
the annual consumption registered in the whole province, reported for residential customers. These annual increments were taken from statistical reports [23],
and are shown in Figure 6(a) & Figure 6(b) shows the current measurements
for the first case (filled records are shown in gray color). A similar process was
conducted for the second transformer. The exact date of the transformer critical
overload damage is indicated by the dotted gray line. Finally, Figure 6(c) shows
the accumulated loss of life, calculated in the entire time period analyzed. Then,
the B = 11000 is adopted in the Equation (1), for the calculated lifespan value
to be equal to 100% at the time the transformers are damaged, For the calculated
lifespan value to be 100% at the time the transformers are damaged, B = 11000
is adopted in the Equation (7).
Finally, the thermal and the lifespan models adjusted in this paper are applied
to the first case dataset to exemplify the use and implementation of a real time
monitoring system. Figure 7 shows the resulting curves, highlighting the hottest
period with the greater electricity demand. The measurements of the electrical
consumption are shown in Figure 7(a) (the other two phases of the transformer
are omitted for clarity); The temperatures in different levels of the transformer
(hot-spot, top-oil and the ambient temperature) are shown in Figure 7(b); the
relative aging rate curve is shown in Figure 7(c), which indicates exactly when
the lifespan reduction is greater; Finally, Figure 7(d) shows the evolution of accumulated loss of life, which allows us to determine how much useful life is left.
By setting appropriate thresholds, an alarm system can be implemented based on
DOI: 10.4236/sgre.2018.99010
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(a)

(b)

(c)

Figure 6. Data to fill the electrical consumption dataset and to adjust the parameters involved in the lifespan calculation procedure; (a) Annual consumption increments on the
province of Tucumán for residential customers; (b) Available (black) and filled (gray)
current measurements (the dotted gray line indicate the rated current); (c) Accumulated
loss of life calculated using the adjusted parameter (the dotted gray line indicate when the
transformer was damaged).

these curves, which would help during the decision making process when the
transformers are at their top demand in the year.

4. Conclusions
Regarding the parameter adjustment of the top-oil temperature model, the optimized values are very similar to the values proposed by the Loading Guides,
except for oil time constant τ 0 , which is slightly lower than expected. This difference may be due to the lack of adequate heat dissipation in the transformers
so that it heats faster than normal, or may be attributable to the influence of the
climate on heat dissipation or the particular characteristics of the transformer
DOI: 10.4236/sgre.2018.99010
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(a)

(b)

(c)

(d)

Figure 7. Visualization of some variables of interest in the monitoring of distribution
transformers (on the right a short period is amplified). (a) Current measurements and
current rate (dotted line); (b) The temperatures in different levels of the transformer; (c)
the relative aging rate; (d) Accumulated and nominal loss of life.

used in the performed tests. These results indicate that the models proposed in
the Loading Guides, once adjusted, are adequate for estimating the lifespan of
the transformers located in the province of Tucumán. In this sense, the Genetic
Algorithms allowed us to obtain good solutions. Some other restrictions might
be added (e.g. based on the physics of the problem) that make the problem more
complex, what might require adjustments or changes in the algorithm. If adding
other restrictions to the parameter adjustment problem was necessary (possibly
based on the physics of the problem), other algorithms could be used.
As for the adjustment of the aging rate equation, the results indicate that the
lifespan is smaller than the values indicated in the Loading Guides. This result is
a product of the particular insulation paper of these transformers degrades faster
than expected due to ambient factors (high humidity, solar radiation influence,
among others). However, we were unable to confirm this since, in this stage, the
adjustment lacks enough data to produce solid results. To improve the accuracy
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of the prediction we need more data (transformers damaged by overload and
with a traceable history). Nevertheless, the model and methodology presented in
this paper constitute a good approximation that can be refined and improved as
new data becomes available. The model adjustment and validation must be carried on continuously, due to the results are more precise when we have a greater
number of measurements. It is important to notice that different brands and
construction year seriously affect the transformer lifespan (transformers used to
be built more solid and with a larger margin). So, even when more data become
available, a clustering process should be performed in order to adjust a model to
a group of transformers with similar strength.
From the results presented, we can conclude that the models and methodologies proposed allows for a correct implementation of a transformer monitoring
system, helping to plan actions on the transformers near their end of life. As future work, we propose the inclusion of additional variables with greater impact
on the internal temperature of the transformer, such as solar radiation [24] [25].
We will also explore the possibility of implementing Edge computing [26],
where these calculation are performed right on the transformer and only an
alarm is issued when necessary, is an interesting possibility that would greatly
reduce communication issues.
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