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Abstract—An accurate loss estimation in distribution lines
dramatically depends on load estimation in distribution
transformers. The lack of network databases in large-scale
distribution networks leads to use estimation methods. In this
work, we introduce a new method to estimate the loss of
distribution lines based on transformer load. This method
contains two parts. The first one introduces a new load estimation
method using Fuzzy C-means clustering. In this part, extraction
of two load patterns (residential and commercial) for each cluster
subject to a small fraction of network data is the main step
followed in this paper. In the second part, loss estimation is
performed based on load flow. IEEE-33 bus test system was
applied to demonstrate the accuracy of the proposed method.

Index Terms—distribution transformer, loss estimation, load
estimation, residential customers, commercial customers, limited
information, Fuzzy C-means clustering

L INTRODUCTION

Energy losses are inescapable in power system. Energy
losses which occur in both transmission and distribution
networks exist at all levels from generation to loads. The major
part of the energy is lost in distribution networks, especially in
low voltage level. Energy losses in low voltage distribution
networks are almost 70% of energy transport technical losses
and can climb to 75% in some power systems [1]. An accurate
energy loss estimation in distribution network highly depends
on the precision of determining the load in distribution
transformers.

Estimation of load, which is the most important
requirements for efficient operation, real-time monitoring and
controlling of power distribution systems, plays a significant
role in loss estimation [2]. The expansion of the distribution
networks needs an accurate examination. It is obvious that loss
and load estimation in a large distribution system is not as easy
as small one and relates to the observability of distribution
systems significantly. Moreover, observability relates to the
number of installed smart meters in distribution systems nodes
and their locations but the installation of smart meters in each
node is technically and economically impossible [3]. Load
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estimation methods need the limited number of installed smart
meters to estimate. A daily load curve is representative of
Consumer behavior and corresponds to the electric power
consumption. Availability of these data depends on the type of
consumer [4].

The smart meters are not installed in each costumer of large-
scale distribution networks because of economic and technical
reasons and these smart meters are used executively for
customers with high consumption. On the other hands, smart
meters are not installed on the consumers which are connected
to LV distribution networks. It is obvious that the load
characteristics of all customers required to evaluate for
improving the observability of distribution systems.

A novel approach for the loss estimation of the power
distribution networks is proposed by the author in [5] and it is
based on the typical load profiles of the nodes with the
minimum information. The clustering methods are applied to
categorize the nodes in power distribution system. In this paper,
the optimal number of smart meters is use.

Technical energy loss estimation in power distribution
systems is discussed in the paper [6]. In this paper, energy
losses were estimated using information about the mean and
variance components of the load curve. In this study, the link
between the average loss and the time necessary to achieve the
equivalent loss at the average load was obtained. Additionally,
it is said the information about the energy consumption is more
meaningful and usually more reliable than the maximum
demand in loss estimation. Furthermore, the information about
losses during the peak loads is obtained from the energy loss
distribution through statistical methods.

A method for estimation and evaluation of the loss
estimation on a distribution feeder is introduced in [7] which
can produce useful outputs, by network segments, obtained
from a limited database. Load curve of the studied feeder or
substation and some complimentary data are required for this
methodology. This method was applied to two real Brazilian
distribution systems.

1251



26 Iranian Conference on Electrical Engineering (ICEE2018)

Most of the existing loss estimation studies concentrate on
distribution system clustering, estimation function or artificial
intelligence based approaches and the majority of these are
aimed at off-line studies at the distribution level and utilize
mainly the historical data similarity [8]. It should be mentioned
some of those studies also applied a limited amount of smart
meters [9]. Because of the similarity in energy consumption of
the customers, all of the approaches use the fact that most of the
loads follow a very similar daily load profile. Learning
methods, such as artificial neural networks, fuzzy logic, have
also been proposed [10].

Herein, an improved approach for the loss estimation of the
electric distribution system, based on load estimation in
distribution transformer which is used the residential and
commercial load profiles obtained from a limited number of
smart meters and heuristic formula is proposed. We employed
Fuzzy C-means classification method for load estimation. Due
to lack of information in distribution networks, the main aim of
this study is loss estimation based on minimum information.

II. OPTIMAL SMART METERS PLACEMENT

The consumer features such as customer bills and the
number of commercial and residential customers of each
transformer are determinant for clustering and organization of
the distribution transformers which is followed by the
determination of the candidate points for smart meter
installation. It is because of installation of measurement devices
on all network transformers does not consider wisely.
Therefore, it is important to place existing measurement
devices on the appropriate buses of the network to gain more
accurate information from their group transformers. If the
equipment install randomly, the result will not be trustworthy.
Hence, it should be necessary to consider the criterion to choose
the perfect locations. The selected locations should be proper
representative of transformer groups.

It is possible that the characteristics of the cluster center and
transformers are not similar. Therefore, it is not correct to place
the measurement devices on it center. Whit regard to
differences that are between characteristics of the cluster center
and transformers the similarity of data related to the transformer
of a cluster within center should be expressed by using a
criterion. The degree of membership is considered suitable
criterion for determining appropriate location of measurement
devices.

The degree of membership for each transformer is evaluated
in a cluster that is gained from FCM and one of which that has
the highest degree of membership in the cluster is introduced as
the cluster center. We introduce two cluster center namely the
math cluster center and physical one. The math cluster center is
gained from FCM, and the physical cluster center is the
transformer that has selected based on the most degree of
membership.

11I. LOAD PATTERN EXTRACTION

In distribution networks operation studies, it is necessary to
know the consumer consumption pattern. There is not a wide
disparity in consumer's behavior of urban distribution networks

(including residential and commercial customers). The network
operator can create the consumption pattern which can be
recognized using a group of consumers [11]. The network
operator adopt a method to extract and rebuild the load profile
of the distribution transformer. There are many methods such
as, clustering, using a mean feeder, etc. were used in different
investigations that had different accuracy. It is an appropriate
approximation for all customer's load profiles. However, it is
not precise load pattern for all customers and transformers.

In this study it is crucial to discover the load pattern of
distribution transformer. Each kind of customers has its
executive pattern. Therefore, it is important to introduce a
method which includes two types of load patterns: residential
and commercial users. The load pattern estimation of
residential and commercial users gets high errors without
network transformers categorize. Therefore, clustering
technique divides network into smaller networks. For each
small network, a couple of load profiles can be gained from
residential and commercial models. Dividing the network into
several regions causes the pattern extraction error be reduced.

In the following, we introduce a relationship between
transformer load and commercial and residential load pattern.
This relationship is run as an equation for each cluster
exclusively. The number of unknowns of this relationship is
more than the number of clusters. Because the unknowns are
the residential and commercial consumer patterns.
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The above equation is written for each cluster, where:

r, ¢ and n: Number of residential and commercial customers
and number of clusters, respectively

I'rn: The number of residential customers of the transformer
that has K smart meter in the cluster number n

Ckn: The number of commercial customers of the
transformer that has K smart meter in the cluster number n

P{,: The registered hourly power of the transformer that has
K smart meter in the cluster number n

Pl.: Hourly power consumption pattern of residential
customers in cluster number n

PL.: Hourly power consumption pattern of commercial
customers in cluster number n

Uy The degree of transformer membership corresponds to
the k smart meter of the cluster number n

If the equation is run for each cluster separately, the number
of unknowns is twice the number of equations. To solve these
mentioned equations, we need an ancillary equation for each
cluster, which can be generalized for the sum of transformers
of each cluster:
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In the above equation, LAF, is the coefficient which is
obtained from the following equation:

— Ercn
LAF,=_~ 3

Where:

Etcn: Total consumption of transformers of cluster number
n

Ekn: The total consumption of transformer that has smart
meter k in the cluster number n

This method is based on the segregation of residential and
commercial transformer load patterns. It is obvious that
transformer supply customers follow a specific load curve. In
addition, the information of transformers within a cluster, such
as the number of customers and the total customer bills, are
almost same. Furthermore, transformers that is selected as
physical cluster center within a cluster follow a residential
pattern and a commercial pattern. The load profile of each
transformers inside each cluster approximately equivalent to
cluster candidate.

There is a restriction in the number of measurement
equipment. Therefore, using one pattern curves for all
transformers in a cluster will be contained some errors in
estimating the load. There are two ways to reduce the estimation
errors. The increase in the number of clusters cause to increase
in amount of measurement equipment is the first way. The
second way is increase in the number of measurement
equipment in each cluster especially on distant cluster center
transformers. It is clear the transformers on which were
installed the smart meter has the minimum errors and also the
measurement equipment error was assumed to be zero so it can
be assumed the error of estimation is considered zero for these
transformers.

Iv. LOAD ESTIMATION

The load pattern extraction of residential and commercial
customers can be easily performed from the suggested method.
The load of the transformers was estimated by using the load
pattern of residential and commercial customers and proposed
equation. The pattern load curves were gained from (1) and (2)
were specific to the study period. In other words, we estimated
the load of other cluster transformers by referring to physical
cluster center load pattern at 15-minute intervals in all days. The
load of distribution transformer can be estimated using (1). In
the following, they were aggregated and the curves were fitted
for transformers.

V. LOSS ESTIMATION

With respect to the instantaneous load of each transformer,
it is easy to calculate the average network losses by load flow
at the distribution level. In this study, values of the active power

of each transformer have been estimated. Therefore, the
reactive power values of each transformer must be determined
in order to carry out the load flow problem. The Power Factor
(PF) value in each transformer is assumed to be constant, equal
to 0.85. As a result, it is easy to obtain instantaneous reactive
power values (every 15 minutes). As soon as knowing the
active and reactive power values for each node, the load flow
problem easily runs and the power losses for each line from the
network are obtained. It should be noted that due to the
selection of the IEEE 33 BUS network, the resistance and
reactance values of the 20 KV lines are specified.

VL CASE STUDY

In this work, IEEE 33-bus radial distribution system test is
used. There is a distribution transformer (20kv/0.4kv) at each
node of the network which is connected to the specific amount
of customers. Two types of consumers (residential and
commercial) were considered in this research.

Fig. 1 shows the topology of IEEE 33-bus system test with
a substation at the first node and loads at the remaining nodes.
Each transformer consists of residential and commercial
customers.

566656568
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Figure 1. IEEE-33 bus system

VIIL

The accurate features of distribution transformer are
necessary to reach acceptable results of clustering. But, the
number of residential and commercial customers and periodic
bills customers is the only available information of
transformers. Therefore, these features can be selected to apply
in FCM as input information.

DISTRIBUTION TRANSFORMER CLUSTERING

After collecting information, we needed to choose the
number of clusters. We used FCM for 2 to 25 clusters.
Dispersion of data is shown in Fig. 2. The data is shown in two
dimensions to be more obvious. The data was normalized

1253



26 Iranian Conference on Electrical Engineering (ICEE2018)

because of the difference of dimension of data. Energy
consumption of consumers was registered with measurement
equipment placed in each house. Aggregation of energy
consumption of all customers for a specific period (2 months)
was operated and the energy consumption of each transformer
was finally calculated.

Input feature vectors
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Figure 2. Dispersion of transformer data
In next stage, the program was run for a different number

of clusters. For example, the clustered data and center of
clusters is shown for 7 clusters in Fig. 3.
Fuzzy C-means
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Figure 3. clustered transformers and center of clusters for 7 clusters

A transformer that had the most degree of membership is
selected as the cluster center.

In table I, the difference of physical centers and math
centers has been shown for 7 clusters.

TABLEI THE DIFFERENT OF PHYSICAL CENTERS AND MATH CENTERS

Math cluster centers Physical cluster centers
Number
of Residential | commercial | Residential | commercial
clusters cu er c c c
n h, n h n b, P h
1 101.4877 43.2571 104 44
2 6.0911 18.7934 6 19
3 75.6893 32.6950 75 32
4 52.4467 175.3310 52 175
5 37.6093 125.6064 39 129
6 69.4717 231.0968 66 219
7 153.4780 66.1637 157 68

The investigation duration was 7 days and the sampling
interval was every 15 minutes. By installation of smart meters
on the representative transformers, after the 7-day study period,
the active inject power samples had been registered. Extracted
samples from the measurement devices are shown in Fig. 4.
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Figure 4. samples extracted from the smart meters

Using (1), transformer load estimation is gained easily. The
estimation program was run each 15 minutes for distribution
transformer then was aggregated. In order to demonstrate the
accuracy of load estimation, it is necessary to compare the
estimated load with their actual values. For this purpose, the
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estimated load profile and actual load profile was drawn in one
graph.
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Figure 5. estimation of transformer load (BUS 33)
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Figure 6. estimation of transformer load (BUS 4)

As can be obvious in Fig. 5, the amount of errors is low due
to the low destination of the transformer to the cluster center,
and there is not a high difference between estimated values and
their actual values at different moments. But in Fig. 6, the
estimated error is slightly greater in comparison with Fig. 5.
The distance of the transformer from the center of the cluster
plays the main rule in rate of error. This problem can be solved
by increasing in the number of clusters and the number of
measurement devices. The amount of error of representative
transformers equals to zero because the transformer placement
is in the cluster center and as a result, two curves which show
the actual loads and estimated load values are exactly similar.

As can be seen in Fig. 7, the estimated power losses on the
lines are not significantly different from the actual value.
However, in some lines containing a transformer with a high
load estimation error, the amount of loss estimation error is
different. In this study, the estimation error was 8.176%, which,
in comparison with other estimation methods, is a valid amount.
It should be noted that the estimation error significantly

depends on the correlation of consumption of subscribers. The
consumption of subscribers with a greater correlation has less
error rate. Consequently, the more correlation of data reduces
the average distance between the center of the cluster and
transformer. Finally, the purpose of this research is to calculate
the percentage of technical losses that was 4.14%. The
percentage of technical losses depends on network length. The
error in rural areas is more significant than urban areas.
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Figure 7. Estimation of line loss

VIII. CONCLUSIONS

The loss estimation in different parts of the distribution
system especially distribution lines is one of the most
significant requirements for efficient operation of electric
distribution systems.

In this study, a new approach which estimates the distribution
lines loss is proposed based on distribution transformers load.
The load profiles of the distribution transformer were obtained
from the heuristic approach and through the FCM method. The
validation of method was done by the actual transformers data
in IEEE 33-bus radial distribution system test. The loss of lines
successfully estimated and they were compared with the actual
one. Although, in this paper the loss estimation method is used
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on the IEEE 33-bus system, it can be applied to all types of
power distribution systems, meshed or radial.
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