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The losses in distribution networks have always been key elements in
predicting investment, planning work, evaluating the efficiency and
effectiveness of a network. This paper elaborates on the use of fuzzy logic
systems in analyzing the data from a particular substation area predicting
losses in the low voltage network. The data collected from the field were
obtained from the Automatic Meter Reading (AMR) and Automatic Meter
Management (AMM) systems. The AMR system is fully implemented in
EPHZHB and integrated within the network infrastructure at secondary level
substations 35/10kV and 10(20)/0.4 kV. The AMM system is partially
implemented in the areas of electrical energy consumers; precisely, in
accounting meters. Daily information gathered from these systems is of great
value for the calculation of technical and non-technical losses. Fuzzy logic in
combination with the Artificial Neural Networks implemented via the
Adaptive Neuro-Fuzzy Inference System (ANFIS) is used. Finally, FIS

Technical losses Sugeno, FIS Mamdani and ANFIS are compared with the measured data

from smart meters and presented with their errors and graphs.
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1. INTRODUCTION

Understanding of losses in an electricity network has always been essential due to losses directly
resulting in the increase of an electricity price and indirectly energy efficiency [1]-[2]. Electricity losses
occur in transformers, power lines, loads, reactors, capacitors and other network components [3]-[4]. For
their assessment, either analytical computation or measurement methods are used [5]. Analytical computing
assumes the knowledge of the equivalent scheme for various network elements; their physical properties and
temporal changes of electrical quantities (currents, voltages) in current facilities, while measuring methods
require measuring equipment, its installation (calibration, configuration) and regular reading [6]-[7]. In order
to correctly predict the losses for future facilities within a distribution network, it is necessary to use both
methods and their individual advantages. As with any approximation, ambiguities and uncertainties are
possible; hence, errors may occur. However, ANFIS has been used in many engineering applications and
especially in distribution and smart networks for modelling electricity demand [8]-[9], fault diagnosis [10]
and fault location [11]. Very few papers deal with distribution losses estimation using ANFIS [12]. In this
paper, fuzzy logic will be used in order to implement ANFIS for computation of losses in a low voltage
distribution network.
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2. LOSSESIN LV DISTRIBUTION NETWORK

From the perspective of a network operator, losses are inevitable costs of the transmission of
electrical energy through a distribution network causing additional loads in the power system. Generally, the
term losses mean the difference between the amount of electrical energy that has entered into the distribution
system and the measured amount of electrical energy which is delivered to customers. Losses can be
categorized as technical and non-technical losses [1]. Technical losses in the components of the power
system can be categorized as voltage-dependent losses and current-dependent losses. The latter are the results
of the flow of current through the components of the power system and depend on the level of network usage,
i.e. on the amount of transferred energy or the previous current. Voltage-dependent losses, which are
constantly present in the network, are the results of the maintenance of the electricity system in a constant
state of operational readiness to supply customers with electricity [2]. These include losses in transformer
cores, dialectical losses of cables and capacitor banks. Also, technical losses depend on the length and cross
section of the cables. Non-technical losses are otherwise known as commercial losses since their costs are
socialized instead of directly charging network operators and suppliers [4],[5]. Unauthorized consumption of
electricity refers to the unauthorized intervention of the meters and illegal connections. It is very difficult to
establish the exact amount of such losses since most of them are probably undetected. Unmeasured
consumption is usually associated with public lighting. The calculation procedure can often be inaccurate due
to: measurement errors, collection and processing of data readings, which are related to the rest of non-
technical losses. A calculation method depends on the availability of measured data. In most countries,
technical losses are calculated “ex-post” by the voltage levels [5],[7]. At voltage levels, where each
measurement site has a continuous measurement, losses are calculated hourly based on the obtained readings.
In medium and low voltage networks, the majority of measurement points are equipped with conventional
measuring devices that are periodically read. In such cases, technical losses in power lines and transformers
can be calculated by using various mathematical methods. It used to be commercially used; however, it has
not been used since the appearance of digital smart meters.

3. AUTOMATIC METER READING AND ADVANCE METER MANAGEMENT SYSTEM

Prior to the AMR and AMM systems, various complex methods of approximation of losses in
distribution networks were used. Nowadays, calculating is based on raw data with voltage levels that are
taken into account in the calculation of losses. The AMR and AMM systems are constantly active and
adaptable to end-users. A very important characteristic of these two systems is continuity in the activities of
reading and their withdrawal from a database. Depending on the needs of users, in this case the distribution
of electrical energy, meters that are placed in the LV feeders can serve as readouts acquired in different time-
intervals (minute, hour, day). For example, the consumption in kWh for a period, which may not be less than
15 minutes (with the parameters for the meter can go up to 1 min.), which is sufficient to calculate the hourly
losses on some part of the network, can be easily calculated. This paper does not take into account voltage
levels above 0.4 kV because of the complexity of fuzzy models. The data to be read every day in the AMR
system are on a server located in the Distribution EP HZ-HB building in Mostar [13]. The data can be read
out with a delay of 24 hours [13]. The data from the AMM system are on the same server under another
domain so they are separated by functionality. The LV distribution area exemplified in this paper is covered
from the substation to the end customers with smart meters for measuring electricity consumption. The data
used in this paper are taken directly from the server, which reads the meters installed in the substation and the
end customers without any modification of the data. The situation presented in this paper is illustrated in
Figure 1. As can be seen, the energy flow from the substation to the end customers is complemented with
inevitable technical losses of electrical energy. Therefore, if one invests in a new LV network or maintain the
existing one, one needs to know the extent of these losses.
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Figure 1. Graphical presentation of the Low Voltage network

The presented low voltage area consists of different conductors with the most present ones being 70
mm?, 50 mm’ and 35 mm?’. Each smart meter is installed on pole positions just in front of a consumer’s
object such as a house, workshop, etc. so other conductors smaller than 35 mm? are connected after observed
meters and they do not influence losses. A single line diagram for a distribution LV area, previously

discussed, is presented in Figure 2.
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Figure 2. Single line diagram of the distribution LV network area

The counters with their respective characteristics used in the AMR and AMM systems are defined in
the standards IEC 62053-22 and IEC 62053-23, as presented in Table 2. The table shows standards of losses
in electrical energy measurement; therefore, this mistake needs to be taken into consideration during data
acquiring. The meters used to measure the electricity consumption by customers are mostly 2009 generation;
yet, they are gradually being replaced by a new generation. More detailed characteristics of the meters are not
listed. Also, the communication technologies used for transmission of data from remote sites where the
meters are installed are not elaborated on in this paper.

Table 2. Characteristics accuracy

Measuring accuracy Speed (rpm)

Active energy according to IEC 62053-22
Reactive energy according to IEC 62053-23

Class 1/Class 2
Class 2
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4. FUZZY LOGIC

Fuzzy logic is a concept much more natural than one might think. Recently, a number of different
applications of fuzzy logic have significantly increased. Applications range from consumer products such as
cameras, camcorders, washing machines and microwaves to control industrial processes, medical
instrumentation, decision support systems and a choice of portfolio [8]. Fuzzy logic has two different
meanings. However, in a broader sense, fuzzy logic is almost synonymous with the theory of fuzzy sets - the
theory related to the class of objects with indistinct borders in which the membership is determined by a
degree. Therefore, fuzzy logic in the narrow sense is a branch of the fuzzy logic. One relatively new
approach to management is the application of a fuzzy controller. Fuzzy controllers are systems that actively
regulate dynamic environment [9]. A prototypical example is a temperature controller on the inputs from a
temperature sensor. It sets the engine temperature control devices to cool or warm environment [8],[9]. The
general scheme of a fuzzy controller is illustrated in Figure 3.

Dynamic System

= E
o =
3 —5%
Denormalization Fuzzy Normalization
) Regulator
Defuzzification ( | Inference | Fuzzification
Base of Rules

Figure 3. The general scheme of a fuzzy regulator

Fuzzy reasoning is the process of formulating a specific mapping input to an output using fuzzy
logic. Mapping then provides a basis used to make a decision or to notice patterns. The program, which will
be used to create a fuzzy system, is MatLab 2010a [14]. The part of MatLab to be used in this paper is a
toolbox consisting of the ANFIS Editor which is used to train and test the fuzzy system by default rules
GUIDE - a set of tools that are used to create interfaces and the M-file editor used to write programming
codes. The two types of fuzzy reasoning can be carried out within the toolbox - Mamdani and Sugeno type.
These two types of the reasoning system differ in the way they set out results. The process of fuzzy reasoning
consists of five parts: fuzzification of input variables, the use of fuzzy operators (AND or OR), implications
of the premise in consequence, the aggregation effect in accordance with the rules and defuzzification.
ANFIS stands for the adaptive network fuzzy reasoning system or semantically equal, adaptive fuzzy
reasoning neuro-system.

4.1. Development of the ANFIS model

The basic ANFIS model, as shown in Figure 4, is illustrated in five blocks of learning stages [11]
[12]. This model is an example of the ANFIS development model for a power restoration plan that consists of
two inputs and two membership functions.

Neuron
Addition

pé! Ry Ny Gy

Fuzzification ‘IF-THEN" Normalization Defuzzification

Figure 4. A basic ANFIS model with two input data and two MFs
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So, there are four fuzzy ‘IF-THEN’ rules to show the relationship between faults locations in ‘x, y’
coordinates. There are five stages of the ANFIS operational process that include fuzzification, ‘IF-THEN’
rules, normalization, defuzzification and neuron addition.

As illustrated in Figure 4, the fuzzification stage is located at the first stage of receiving the input
signal. Its function is to convert the input signal to a fuzzy signal where the signal is yielded via the input side
of the MF curve, defined by applying the following equations:

)~ M
Yi(0)= e @)
=

where, Xi(x) and Yi(y) are fuzzed values for each input data, while ai, bi and ci are the MF parameters for the
respective representation of the middle, width and slope of the curve.

These parameters are varied accordingly to get a suitable curve in order to get a fuzzy signal. An
output signal from the fuzzification stage becomes input to the stage of the ‘IF-THEN” rule. In this stage, the
fuzzy signal is gained by using the equation (3) to (6).

Ri=X,(x)*Y:(y) (€)
Ro=Xo(%)*Y2(y) 4)
Rs=X3(0)*Y1(y) Q)
R=X,(x)*Y(») (6)

R1, R2, R3 and R4 are real values for every ‘IF-Then’ rule.

Further, the output signal from the stage of ‘IF-THEN’ rule will be an input signal to the
normalization stage. In this stage, every gained signal is divided to the total of a gained signal by the
following equation:

R .
N=—L i=1,2,3,4 (7
RT

Where: RT = R[ + R2 + R3 + R4.

The next process is signal defuzzification in which the output signal from the normalization stage
becomes an input signal to this defuzzification stage. In this stage, a normalized signal is gained again
through a linear equation that is formed from the MF of the output signal as shown in the following equation

Gi=Ni(px+qy+r) i=1,2,3,4 ®

with pi, qi and ri are the MF parameters for the linear signal.
The last process in the ANFIS operation is called neuron addition in which all defuzzification
signals Gi are added together as shown below:

OT = 3G, i=1,2,3,4 )

OT is a predicted value.

5. ASSESSMENT OF TECHNICAL LOSSES

The data to be used from the servers collected from the meters are the total consumption for a
certain period of time of 0.4 kV side of the substation and the total consumption of consumers connected to
the substation for the same period [11],[12]. All consumption is expressed in kWh. The goal is to create as
precise ANFIS as it can be. Further, the smallest possible samples, in this case the sample of 15 minutes, are
taken, as presented in Table 5. The period of learning, training and testing ANFIS work is three months.
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Table 5. The calculated loss for the samples of 15 minutes

Time Cust_omer Substation Losses
consumption (kWh) (kWh) % (kWh)
2015-1-1 00:15 8.85875 9.50 7.24 0.64125
2015-1-1 00:30 8.40775 10.00 18.94 1.59225
2015-1-1 00:45 8.18675 8.50 3.83 0.31325
2015-1-1 01:00 8.17575 9.50 16.20 1.32425
2015-1-1 01:00 8.17575 9.50 16.20 1.32425
2015-1-1 01:15 8.14350 8.50 4.38 0.3565
2015-1-1 01:30 7.93850 8.50 7.07 0.5615
2015-1-1 01:45 7.91750 8.75 10.51 0.8325
2015-1-1 02:00 8.18350 8.25 0.81 0.0665
2015-1-1 02:15 6.84900 8.00 16.81 1.1510

The losses in the electrical energy of the distribution system are the ratio of energy passed through
the substation and energy that consumers have taken through their meters:

E—E
G=%*1oo% (10)

T

G — total losses expressed as a percentage (%);
Er— energy that is recorded on the meters of the substation (kWh);
Ep — energy that is recorded on the meters of customers (kWh).

The value G is calculated every 15 minutes during a day aiming at building a precise knowledge
base ANFIS will be built upon. In order to reduce enormous amount of data, the decision is to take samples.
For the purpose of this paper, 178 samples for training FIS and 80 samples for testing FIS are chosen. The
best examples are those that come from different seasonal periods and different times of a day and night in
order to properly model the low voltage network [12].

It is important to stress that the greater the number of samples, FIS will be more accurate; yet,
calculation time is multiplied. When you calculate all the samples losses, it is necessary to define the
transformer bay under review. Defining the transformer bay means making base characteristics data which
includes cross sections ranging from the substation to the end customers, length of a conductor, type of
material they are made of (Cu, Al), number of consumers, "dispersion" of consumers, temperature for each
sample and relative humidity for each sample. Some of these characteristics are not so important for the loss
calculation but may be considered as factors that affect the electric consumption and consequently the
budget. Most of the characteristics can be found on the scheme showing the feeder (Figure 2) and weather
conditions which can be found on the local weather conditions provider. It is necessary to calculate the
formula (10) for 178 samples in order to determine the knowledge base. Among the recorded data, the
columns such as the cross section of the cables (70, 50, 35 mm?2), the air temperature (T), humidity (H),
number of consumers (CN), the substation (SS)-registered at the substation kWh % - percentage of losses
from SS to consumers will be inserted. Notice that there is no consumption in kWh for consumers. The
reason is that this is already contained within the registration of energy within the substation and the
percentage of losses to be calculated. So, data inputs are cross section of the cables, T, H, CN, and SS, while
the output, losses in percentage (%), comes from the FIS system [11],[12]. The information that is thrown
away is the date and time. The reason is that the time is irrelevant considering the temperature and humidity
characteristics because it can be determined that losses are unrelated to date but related to the conditions
under which the LV network is working, which makes inputting data in MatLab Workspace much easier.
After editing the data presentation, the table is made and afterwards inserted into MatLab Workspace. The
observed substation areas have characteristics presented in Table 6.
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Table 6. Input data of transformer area

Cables Temperature ~ Humidity = Customer  Substation Losses
70 mm® 50 mm’ 35 mm® oC % number kWh %
6000 1200 2500 -3 12 110 9.5 7.24
6000 1200 2500 -3 12 110 10 18.94
6000 1200 2500 -3 12 110 8.5 3.83
6000 1200 2500 -3 12 110 9.5 16.2
6000 1200 2500 -3 12 110 8.5 4.38
6000 1200 2500 -3 12 110 8.5 7.07
6000 1200 2500 -3 12 110 8.75 10.51
6000 1200 2500 -3 12 110 8.25 0.81
6000 1200 2500 -3 12 110 8 16.81
6000 1200 2500 -3 12 110 7.25 9.67
6000 1200 2500 -3 12 110 7.25 9.3
6000 1200 2500 -3 12 110 7 7.69
6000 1200 2500 -3 12 110 6.75 11.96
6000 1200 2500 -3 12 110 6.5 3.85
6000 1200 2500 -3 12 110 7.25 18.68
6000 1200 2500 -3 12 110 6.5 7.69
6000 1200 2500 -3 12 110 5.75 -4.84
6000 1200 2500 -3 12 110 6.25 2.55
6000 1200 2500 -3 12 110 7 14.59
6000 1200 2500 -3 12 110 6.5 6.81
6000 1200 2500 -3 12 110 6.75 0.75
6000 1200 2500 -3 12 110 6.75 4.25
6000 1200 2500 -3 12 110 7.75 19.4
6000 1200 2500 2 16 110 7 6.47

Upon completion of sampling, the data need to be fed into MatLab where the ANFIS building is
done. First, the data are translated so that the Data Importer recognizes and saves them as the knowledge
base. It is crucial to clean the information of "dirt" that only brings confusion and unnecessary delays in the
calculation of the fuzzy rules. In this example, the samples that have value "0" are bad because there was no
consumption, i.e. the distribution network was out of the operation or the meter did not measure; therefore,
the data are not valid. Hence, data processing needs to be done prior to the ANFIS training. In addition,
before processing the data, "cleaning" of the table knowledge base, that pollute the knowledge base, needs to
be done. Cleaning is done manually by finding values that are not good examples for the assessment and are
possible errors in meter reading. It is necessary to go through the data table, look for values that are
abnormal, like faults in the distribution network or switching of line breakers etc., and delete them from the
specimen. When the base sample is ready for the ANFIS training, open the ANFIS Editor from the command
line and import the data that are prepared for the training. Figure 5 shows the imported data when presented
in the ANFIS Editor accompanied by the most of work on ANFIS, training, testing, checking, managing error
and training epochs. After creating ANFIS, it is necessary to train FIS to successfully meet the criteria of
accuracy. For testing purposes, the table created from the same data as the table to create FIS was used. The
criterion of accuracy depends on the users who will use the above FIS system. The satisfactory level of an
error depends on the knowledge base used to create FIS, the methods used for modeling and user sensitivity.
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Figure 5. ANFIS Editor, which creates a fuzzy system that is based on the entered data
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In this case, three epochs are sufficient to train and will take a level of an error to 5%. In the
properties of FIS, the membership function data are presented. It is possible to manually change the type,
scope and parameters of the function itself if the membership functions do not correspond to the level of
sensitivity of the data that it represents. Figure 6 shows the ANFIS Model Rules generated from the imported
data. Depending on the input data tuning and membership functions rules can be more or less generated. It is
best to have more rules to cover most of input situations but it is impossible to cover them all, so continued
development of ANFIS is of great importance.

Figure 6. The structure of the created ANFIS model

Figure 6 demonstrates how the structure ANFIS model created FIS looks. Clearly, a lot of rules are
used for 7 inputs and 1 output. Considering the information used for creating FIS, the possibilities of fuzzy
logic are clear. The number of created “if-then” rules is 2,187, which is not a lot if the number of the entered
samples is considered. Figure 7 shows the membership functions for input no. 7, which is a registered flow
through the substation. Now, test FIS is created due to the data which are loaded into the workspace. As can
be seen in Figure 8, a standard error testing FIS is 29.1628. It is a great error from the perspective of the
distribution system. The error of 30% poured into energy losses is significant. In order to reduce the error,
introduction of more samples and taking samples from several different periods have to be done. As the
number and quality of samples increase, FIS will be more accurate.
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Figure 7. Membership function inputs for registered energy through the substation
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Figure 8. The test results of the created FIS
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Creating FIS for the assessment of physical behavior is an evolving process; fuzzy logic is based on
the knowledge base, which is improved with more experience. It is important to notice that this method can
only calculate technical losses for a certain LV feeder for a certain period of time under certain weather,
climate and technical requirements. Even though losses may include a non-technical aspect, the method in
this case can clearly separate the technical from non-technical losses. After performing the simulation for a
certain period, the results obtained from the simulation are compared with the measured actual values. In the
event that deviates more than a specified allowable threshold (in this case, to consider the error counters,
current transformers, the application itself, which has a clear mistake), there is a presence of non-technical
losses in the LV network with a +/- error that was mentioned. Creating FIS Sugeno and FIS Mamdani is very
similar to creating ANFIS except when creating MF. [2],[11]-[13]. In ANFIS Editor, in MatLab, new FIS is
created and finally Sugeno or Mamdani are to be chosen. The difference is in the output function. Mamdani
provides the choice between several output functions such as trimf, gaussmf, zmf, etc. and Sugeno gives us
two choices - constant or linear. For FIS Mamdani, three MFs are chosen, namely gaussmf, trimf and
gaussmf as shown in Figure 9. For FIS Sugeno, three MFs are chosen and it will be a linear type as shown in
Figure 10. MFs of seven inputs are the same in both of these reasoning systems. Temperature, humidity and
registered kWh in the substation influence the output MF the most. The reason for this is in the types of
conductors installed in the LV distribution network and the number of consumers of electrical energy being
the same most of the time, so it does not influence losses during time on a different level. The system is
integrated with the application using such interface.
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6. COMPARISON OF THE RESULTS

When the application with FIS Mamdani, FIS Sugeno and ANFIS are integrated into the executable
file, the comparison of the measured data from the field (smart meters) with the calculated ones from the
application can be done. For example, 80 measured specimen and 80 calculated values from the application
are taken and presented in Figure 11 and 12. There is a clear difference in accuracy between three methods.
Errors -1.29% for ANFIS, -2.56% for FIS Mamdani and -1.09% for FIS Sugeno are recorded according to
the generated results. FIS Sugeno has the lowest recorded error. In addition, the trend of FIS Sugeno is
mostly neutral of specimen time that is not promising for longer period of approximation. Further analysis
shows that ANFIS has the best trend according to the measured values from AMR but has bad results in the
beginning. FIS Mamdani has the steadiest trend but the highest error. The deviation of the errors decreases
for longer specimen. The reason is that the longer specimen, the better period results. In that way, it cannot
be ignored, especially when the assessment declares the course of expenses inside the investment or
maintenance of the distribution network. Errors of -1.29 %, -2.56 % and -1.09% are great starting points for
further research on the FIS system. The fuzzy-based approximation method is one of the easiest and fastest
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growing methods for the assessment. In conclusion, we can suggest a combination of several methods in
order to provide better overall results than the ones obtained. Taking more samples of this application and
combining them will provide results that are more accurate. Also, the voting mechanism for all 3-inference
methods can bring a better trend.
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Figure 12. Graphic presentation of measured and calculated losses in the LV distribution network

Losses 1,26 [5] ANFIS
—— Losses -2,5G[%] FIS Mamdani

Lusses -1,09]%] FIS Sugeno

2000 |
10,00 |

non |

E! 6?’%7 69 719 75 77 79 81

=y

1o |

-20,00 |

. . VY, W .\ __/\KA AF\
Vh—ﬂ\wﬁ%wﬁgW;ﬁ

-30,00 1

-10,00 -

Figure 13. The error between the measured and calculated losses in the LV distribution network

7. CONCLUSION

The paper describes the advantages of using fuzzy logic to approximate losses on the low voltage
electricity distribution network. The method accuracy depends on the specific practical examples to be used
as references because measurement data are used to create knowledge bases, which are further used to derive
membership functions. In long-term approximation, the best method is ANFIS because as specimen grows in
number, it becomes close to real measured values, which lowers down the error percentage. In comparison to
Sugeno and Mamdani, ANFIS is the easiest to upgrade from training data. Its application is not limited solely
to the low voltage network but can be applied on the transmission network. By enriching the base elements of
the distribution network with new features and putting the network in new weather conditions, the
distribution network losses can be well estimated and computed with ANFIS.
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