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Abstract

‘Estimation of load profiles for domestic customers’ is a multi-purpose activity and 

‘Estimation of daily feeder power loss' is only a one use of customer load profiles. In 

a country, domestic electricity customer percentage is higher in number wise, but 

energy usage of one customer is lower compared to other categories. Therefore 

installation of load profile recording meters for each domestic customer to obtain 

customer load profile is impractical and not economical.

In this research, set of domestic customers are grouped by clustering their daily load 

profiles with respect to differences of patterns. Representative normalized load 

profile is obtained for each group. Same customers were interviewed for collecting 

family member composition and electric equipment usage information. Relationships 

between load profile pattern and customer information were investigated. Then a 

methodology was developed to estimate load profile of a new customer by only using 

customer information and monthly total energy consumption. These load profiles 

were used to calculate low voltage feeder power loss.

As outcome of this research, MATLAB GUI software interface was developed to 

input customer information and selection of best-matched representative load profile 

of a new customer. An algorithm is proposed to estimate time dependant LV feeder 

power loss by using estimated customer load profiles.
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CHAPTER 1

1. INTRODUCTION

In Sri Lanka, electricity customers can be divided in to two categories. One is bulk 

customers, which has dedicated transformer connection and other one is retail 

customers, which are fed by a common distribution transformer. Total electricity 

customer base of whole country in year 2017 is about 5.5 million and out of those, 

only about 20,000 customers have bulk connections. [Annual reports of LECO and 

CEB]

1.1. Background

Normally bulk customers are facilitated with an advanced electricity meter which has 

Remote Meter Reading facility and load profile recording facility. It is worthwhile to 

do such investment because, bulk customers are consuming considerable energy 

share and the number wise they are small percentage (0.36%) compared to total 

customer base in country. Therefore, extracting of load profile for bulk customers is 

not a problem. It is readily available in workstation servers.

Currently retail customers haven't load profile recording electricity meters. Retail 

customers are facilitated with basic energy meters which can read only the monthly 

energy consumption. It is not worthwhile to install an advanced electricity meter for 

each retail customer because, the number of customers is very large and the energy 

consumption of a single customer is very low compared to bulk customer.

But, estimation of load profiles of each retail customer connected to a distribution 

substation is very important for an electricity distribution utility. Distribution 

network planning cannot be done without knowing the loads of the customers. In 

current situation, low voltage distribution planning is being done by considering that 

all customer loads in specific feeder has same value and it is called After Diversity 

Maximum Demand.

After Diversity Maximum Demand

Peak load of transfomer in kVA
No of customers connected to transformer
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Low voltage feeder power loss and voltage drop are calculated under the above 

assumption. But in actual situation, apparent power (kVA) demand of a customer has 

large variation with time of the day and different customers have different load 

profile patterns. Power loss of a feeder conductors (I2 * R) is proportional to the 

square of the current in feeder. The variation of kVA loading of customers (Figure 

1.1) affects the estimated power loss (P = I2 * R) of feeder conductors in square form 

(Figure 1.2).
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Therefore the variation of power loss is further increased according to this non linear 

relationship with customer demand. Assuming that, all customers has equal loading, 

will gives us inaccurate results for network power loss and for maximum voltage 

drop calculation and far deviated from actual situation. Therefore, time dependant 

customer loading and fare representation of scale of power demand of customer are 

very important in distribution network planning.

In Sri Lanka, retail customers are divided in to six categories those are fed by 

distribution transformers. Table 1.1 shows the percentage of customer base in 

different categories considering all distribution transformers as at year 2016 in whole 

area distributed by Lanka Electricity Company [records by Lanka Electricity 

Company (Pvt.) Ltd.]

Table 1.1 Retail Customer Types

Retail Customer Category Customer Percentage 
as number wise

Energy usage as 
percentage

Domestic 84.86% 65%
General purpose 14.09% 31%
Industrial 0.50% 3%
Hotel 0.00% 0%
Government 0.07% 0%
Religious 0.48% 1%

According to the data shown in table 1.1, domestic customer base is about 85% in 

number wise and it is 65% as energy consumption wise. Therefore domestic 

customer load is a dominant factor when determining the low voltage feeder power 

loss and voltage drop calculations.

Feeder power loss calculation cannot be done by only considering the domestic loads 

because, there are other categories as well in same feeder. But without estimating this 

dominant share of domestic loads, we can never achieve accurate feeder power loss 

calculation result. To estimate loading of other retail customer categories, another 

study is needed. Otherwise, installation of load profile recording meters for other
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customers is worthwhile because the number wise percentage is 15% and energy 

consumption wise percentage is 35% of total load.

The topic of this research is '‘Defining of Normalized Load Profile Curves for 

Domestic Customer Groups to Estimate Feeder Power loss”. The research part of this 

topic is “Defining of normalized load profile curves for domestic customer groups”. 

“Estimation of feeder power loss” is the application of research outcomes for a useful 

purpose in distribution utility. In this research, the domestic customers will be 

divided into number of groups depending on their load pattern and method of 

defining of load profile for a new customer is described in problem statement and 

methodology.

Estimation of load profiles for domestic customers has multiple purposes such as 

tariff design of domestic customers, differentiated customer service, identifying 

network stress points, identifying high demand periods of separate feeders, voltage 

drop calculation, and much more. Estimation of time dependant feeder power loss is 

only one application of defining domestic customer load profiles.

1.2. Problem statement
When we considering about energy loss from power generation point to customer 

end, low voltage distribution energy loss is the dominant. So, calculation of accurate 

figure for low voltage network energy loss is very important.

A simple Low voltage feeder of a distribution transformer can be shown as in figure 

1.3. In Sri Lanka situation, the retail customers are facilitated with basic accumulated 

energy reading electricity meters at customer end.
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Transformer Lew Voltage feeder
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Customer connections

- Meter connected to starting point of the feeder 

M1, M2,.... - Meters connected for each customer

MP

Figure 1.3 LV Feeder Metering Points

Theoretically, low voltage feeder energy loss in specified time period should be 

equal to energy reading of Mtr- (M1+M2+M3+. ,). But practically those meters 

have +/- 1% error. Therefore power loss calculation by reducing those meters 

readings has unpredictable error.

As an example:

If actual energy transferred through meter Mlr is 104 units, actual loss in the feeder is 

4 units and actual total energy delivered to consumers is 100 units. Actual energy 

loss should be nearly 4% In worst case, the energy reading of Mtr may be 103 units 

and summation of energy readings at consumer points maybe 101 units due to +/-1% 

error of meters. Then calculated energy loss percentage will be nearly 2%. Therefore 

energy loss calculation by reducing the energy meter readings may give us about 

50% error. So it is clear that this is not a correct approach to estimate feeder energy 

loss. Time dependant power loss is not feasible at all with this basic energy meters.

More accurate way to calculate time dependant power loss is using estimated load 

profiles of the consumers and following 'forward backward sweep method’ to 

calculate currents of each feeder sections. Then, by using conductor resistances and
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feeder lengths, feeder power loss can be calculated from the summation of (P = I2 *R) 

power losses of each feeder section.
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Figure l .4 LV Feeder Power Loss

Algorithm for calculation of feeder power loss is proposed at 6lh chapter of this thesis 

and that can be implemented transformer-wise in power distribution utility if they 

have the network information like conductor sizes, conductor lengths etc...

The major problem for this power loss calculation approach is unavailability of 

customer load profiles. There are three options to obtain load profiles of domestic 

customers.

1. Installation of meters with load profile recording facility

The domestic customer base is very large (about 5 million] in number wise and 

installation of load profile recording meters for all the customers is not practical and 

very expensive project. In rural areas, household energy consumption is very low. 

Hence installation of advanced energy meter for those customers is not worthwhile. 

Therefore the only way to obtain load profiles of domestic customers is to go for an 

estimation method.

2. Big data analytics

A definition for big data analytics was found from website 'Techtarget Network’ it 

says, "Big data analytics is the process of examining large and varied data sets - i.e., 

big data ~ to uncover hidden patterns, unknown correlations, market trends,
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customer preferences and other useflil information that can help organizations to 

make more-informed business decisions. That encompasses a mix of semi- 

structured and unstructured data — for example, internet click stream data, web 

server logs, social media content, text from customer emails and survey responses, 

mobile-phone call-detail records and machine data captured by sensors connected to 

the internet of things ”

This approach is not feasible to estimate load profiles of domestic customers in 

current Sri Lankan situation because such advanced networking and data gathering 

means are not available covering most of the areas of country.

3. Collecting information from customers by a questionnaire

The feasible approach to collect information in current situation is to prepare simple 

questionnaire and get it filled by customer. Meter reading officers are coming to 

customer premises in every month to get meter readings. Power distribution utility 

can distribute this questionnaire though meter reading officers and collect those filled 

forms in consecutive month.

Methodology part of this thesis presents a software application that can be installed 

in a tablet or any other mobile device to collect customer information and upload to 

server. That can also be done by meter reading officers or separate survey team as 

special project.

In this research the customer information related to family member composition, 

electric equipments used and the time/nature of using those equipments will be 

collected. Average monthly energy consumption of each customer will be obtained 

from past data of electricity bill preparing program.

1.3. Objectives of study

As described in problem statement, the problem is unavailability of load profiles of 

domestic customers to estimate time dependant feeder power loss. This study has two 

objectives,
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1. Defining of load profile curve for any customer depending on his information 

such as family member composition, electric equipments used, the 

time/nature of using those equipments and system data of past average 

monthly energy consumption of that customer.

2. Development of methodology to estimate time dependant low voltage feeder 

power loss (power losses in conductors) for distribution transformers.

1.4. Motivation

This research enables to obtain domestic customer load profiles without installing 

load profile recording meters for every customer. Low voltage feeder power loss 

calculation is only one use of domestic customer load profiles estimation. There are 

other uses that are very important for an electricity distribution utility such as,

• Low voltage substation and network planning

• To identify network stress points

• To identify high demand periods of separate feeders

• Tariff design

• Study the demand elasticity with tariff revisions

• To design market strategies for utilities

• Differentiated services for customers

If updated information about the customers and relevant load profiles are available in 

the databases, above activities can be implemented by the utility.

1.5. Methodology

Major activities of this research can be ordered as follows.

1. Load profile data collection of randomly selected customers in a selected area

8



For the first time in Sri Lanka, smart meters were installed for domestic customers 

with load profile recording facility in year 2016. This pilot project was done by 

Lanka Electricity Company (Pvt.) Ltd. in area of Sri Jayawardhanapura Kotte for 

3200 numbers of domestic customers. For this research, 81 numbers of customers 

were selected and load profiles were collected for 10 week days for each customer. 

Those 10 load profiles were averaged to obtain one representative load profile for a 

customer to be more accurate.

2. Clustering of load profiles to group similar load patterns

The purpose of clustering is to group similar load patterns. Since, distance based 

clustering algorithms (k-means algorithm in MATLAB) are used, all 81 numbers of 

load profiles were normalized to equal area under each curve. Then only the pattern 

matters for clustering and effect of magnitude of the load profile is removed. 

Thereby 8 groups of customers with differentiated load profile shapes were 

identified.

3. Do surveying and collecting information of those customers

Then all the customers in 8 groups were interviewed and information such as family 

member composition, electric equipment information and salary scale of family were 

collected.

4. Analysis of customer information and load profile to identify relationships

Collected information was analyzed to find out similarities in same group with 

relevant load profile pattern. Those 8 different representative load profiles were 

named as follows for identification purpose.

• Time restricted job holders
• Students
• Unemployed/retired/self employed people (at home)
• Flexible time outside job holders
• Evening load consumers
• Noon load consumers
• Night time load consumers
• Even load consumers

9



Now, there are 8 numbers of differentiated shape load profile curves and 

identification name for that cluster.

5. Development of algorithm to find out unknown load profiles from customer 

information

Final objective is to select the best match load profile curve out of 8 above 

mentioned curves according to customer information, for a customer which is not 

having load profile recording meter.

MATLAB graphical user interface was developed to input customer family 

information and electric equipment usage information. Then that program will output 

the best match representative load profile curve out of 8 curves for that specific 

customer.

6. Application of load profiles to estimate time dependant feeder power loss

Example is presented at the end of this thesis for calculation of feeder power loss. Up 

to now, selection of best match representative curve according to customer 

information is discussed. But, that selected curve is a normalized curve so that area 

under the curve is lkWh. We can obtain average monthly kWh consumption of the 

customer by bill preparing program in distribution utility. Thereby, daily kWh 

consumption can be deduced. By multiplying representative per kWh curve by actual 

daily kWh consumption, we can obtain actual kW load profile of that customer. That 

kW load profile will be divided by assumed power factor to obtain required kVA 

load profile.

Network data such as conductor lengths and sizes are available in Geographical 

Information System of utility or otherwise those information need to be updated, 

voltage profile of feeder starting point is captured by the smart meter installed at 

distribution transformer. Feeder section currents are calculated by ‘Forward 

Backward Sweep Method’ and thereby the time dependant feeder power loss is 

calculated in 24 hour time frame of the day.

10



CHAPTER 2

2. LITERATURE REVIEW

Most of the international research papers are describing load profile clustering 

methods, but not described the application of the clusters for a useful purpose in 

distribution systems. The papers just mentioned the various uses of grouping of the 

domestic customers, [2] [3] but they have not presented a method of implementing 

any of those, because, that is job of electricity distribution utility.

There were some researches done by using smart meters for domestic customers. [ 1 ] 

They have used kWh consumption, maximum demand and minimum demand as 

attributes for clustering. This research is totally different approach from those.

In this research, I have presented research part as well as application part, because I 

have done this research conjunction with one of electricity distribution utility in Sri 

Lanka called "Lanka Electricity Company (Pvt.) Ltd". They have practiced a 

domestic customer classification method about 10 years back and definition of 

representative load profile curves for those groups.

They have divided domestic customers in to groups according to their monthly 

energy consumption as below.

• Group 1 - below 30 units per month

• Group 2 - 30-60 units per month

• Group 3 - 60-90 units per month

• Group 4 - 90-150 units per month etc...

Then set of load profile recording meters were connected to each customer in one 

group and obtained load profiles. Those load profiles were used to calculate average 

load profile curve for that specific group. Drawback of this approach is that the 

patterns of load profiles of different customers in same group may be different. So 

they are averaging load patterns with large variation in shape.
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Figure 2.1 is prepared to shows the lapse of that old method.
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Figure 2.1 Monthly Energy Consumption Distribution

This figure was deduced after classification of customers according to the approach 

presented in this research. In my approach I have divided customers in to 8 groups 

according to the similarities in load profile pattern. If we consider cluster 1 in figure 

2.1, the monthly energy consumption of customers in that group has a large range 

between 90-210 units. If we consider cluster 6, the monthly energy consumption 

variation of customers is between 30-180 units.

If we analyze in other way, in monthly energy consumption range of 60-90 units, 
there are customers in 5 numbers of clusters. In monthly energy consumption range 

90-120, there are customers in all the clusters. This reveals that, grouping of 

customers considering monthly energy consumption range is not a right approach to 

define representative load profile curves for customer groups. But 10 years back, that 
approach is used because of unavailability of installed smart meters for domestic 

customers.
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CHAPTER 3

3. DATA COLLECTION

3.1. Load profile from smart meters

The customer classification method discussed in this research is based on daily load 

profiles patterns. There are 3200 numbers of smart meters installed in 2016 of the 

area Sri Jayawardenapura Kotte by Lanka Electricity Company. There were some 

revisions of the firmware versions of smart meters and only about latest 1200 of 

them were enabled for load profile recording facility. Since smart metering project 

was done in Sri Lanka for the first time, there were some remote meter 

communication problems as well at that time.

Therefore, in this research, I will consider 81 numbers of customers for collecting of 

data which were properly communicated and considering convenience for surveying 

by going to customer houses and interviewing them. The area selected to collect data 

is shown in figure 3.1.
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Figure 3.1 Survey Area
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81 numbers of customers were distributed among 15 numbers of distribution 

transformers as mentioned in figure 3.1. Customers in this area have a large range of 

electricity consumption variation from about 50 units to 500 units per month. This is 

not a very rural area as well as not highly urbanized area. Living pattern of customers 

has a large variation and occupations are also different. Figure 3.2 shows a picture of 

smart meters that are used for data collection.

Figure 3.2 Smart Meter

Figure 3.3 shows extracted load profile curves for 10 days for a one customer.
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Figure 3.3 Customer Load profiles of Several Days
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Some abnormal behavior of load patterns may happen unexpectedly due to special 
occasions. Those are called outliers and those are removed when getting an average 

daily load profile for a customer as in figure 3.4.
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Load profiles of 81 numbers customers were analyzed and average load profile 

curves were obtained in this way for all customers.

3.2. Customer Survey

Apart from the data extracted from smart meters, 81 customers were interviewed and 

gathered information according to survey sheet shown in figure 3.6.

Survey Sheet

Units: !Account No:

.Transformer: BQ!:

Serial No: i

f—— i rHow many 
members M , Morn. j 05:00 - 10:00___

N I Noon i 10:00-13 00 
A j Af.Noon j 13:00 - 18:00 

Eve.__ i 18:00-22:00

Member 
. composition

Students
Restricted time job holder !

TFlexible time out side job holder _ E j.
T j Night! Unemployed people 22:00 - 05:00

Retired people!

iUsed time/ How many
TEquipment Site/TypeM N A E

f TBulbs________
Fan (Ceiling) 
ran (Pedestal)

___4 N/A
1Tn/a

*
T 1I I I: N/A1

T 1TV
1 IRice cooker| i :

ij Kettle N/A.P : I | N/AEquipment
usage

Iron i
T;I washing me

1 Computer
j Refrigerator___
I AC (12000 Btu) 
j AC (24000 Btu)
! Geyser
| blender __

____ feet
! '1
; N/Ai

I N/A_i__
! N/A-J____ : j■

iSpecial needs:| Rooms 
j Stories

Dwelling I Size

« T
i1'i

Lighting level
Closed / Open ;i ;I i__ i

Figure 3.6 Survey Sheet
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The top information of figure 3.6, Account number is the number given by the utility 

for a specific customer as unique identification. Serial number is the number 

mentioned in smart meter, because that is required when mapping this information 

with smart meter load profile data. Monthly energy consumption units and monthly 

bill was noted as reference, but past data can be collected from billing system 

database.

Members of the family are divided into 5 categories considering their energy usage 

behavior and time. When students are in a family, they will get up early morning and 

come back in evening. Students may have a habit of studying in morning or night. 

Restricted time job holders may be working for government or private sector, but 

they are leaving home in morning at same time and coming back in evening at their 

usual time. Flexible time outside job holders may leave home at late morning or at 

another time, however they are doing their jobs in outside. When unemployed 

people, self employed people and retired people are at home, day time energy using 

activities may happen.

These behaviors of different types of members affect daily energy consumption 

pattern and it is reflected in load profile curves captured by smart meters. Conducting 

of survey to collect these information and load profiles collected from smart meters 

are needed to analyze the relationship between member composition of family and 

load profile.

The member composition alone will not define the energy consumption pattern of the 

day, because families with same type of members may use different types of electric 

equipments. Therefore the list of electric equipment used in that house is needed. 

And the size of equipment is needed for some items such as air conditioners, 

refrigerators, rice cooker etc...

If the some families even have same member composition, same electric equipments, 

the energy consumption pattern may differ according to their habit of using those 

electric equipments. Some people used to iron cloths in morning; some are at 

evening or night. Some people use washing machine in morning, some are in 

evening. There are special cases, the families which has babies, they use washing
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machine at noon in everyday. Some people turn on T.V. in early morning to listen 

religious blessings. Therefore the habit of using electric equipment is very important 

to determine energy consumption pattern.

Special electricity needs are also important if some members are using electricity for 

self employments, such as sewing machines, cooking meals as business etc... 

Lighting level of dwelling and air circulation ability of the dwelling may affect day 

time lighting load and usage of fans.

The survey sheet shown in figure 3.6 was prepared considering these things which 

have a possibility to affect the energy consumption pattern. Some of these may not 

considerable effect and some have a great effect for load variation.

The survey sheet was prepared with simple questions where anyone can answer. The 

information such as monthly salary, and other deep personal information that are 

difficult to get a reliable answer, are not included in survey sheet because, the people 

are not providing trustful information for those. Then whole study will depend on 

non-reliable data.
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CHAPTER 4

4. DEFINING OF DOMESTIC CUSTOMER GROUPS

Averaged load profile curves of 81 numbers of domestic customers have different 
shapes. Daily energy consumption is represented by the area under the 24 hour time 

kW load profile curve and there is a large variation of the magnitude of area. This 

study is based on categorization of domestic customers according to the shape of 

their load profile. Finally, the customer load profiles in same group should be same 

in shape, but the magnitude may be different.

In figure 4.1, both load profiles have same shape, but magnitude is different.

Demand in W

Customer 1 Load profile

+ +
Time (Hours)

Demand in W

Customer 2 Load profile

+ +
Time (Hours)

Figure 4.1 Sample Load Profiles

In this study, these customer 1 and customer 2 should be in same group, because the 

load profile pattern is same. Therefore, a method is needed for numerical 
representation to identify difference or similarity of the load profile patterns to 

cluster customers with same load profile curve shapes.
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4.1. Numerical representation to identify difference of load profiles 

If we consider a load profile with only three time slots of the day, it can be shown as 

in figure 4.2.

Demand in 
Wans

800

600

ws$&m
■■ \

4 ■ • I>

500

' V ' - 3
: • - • -

tm ■

■

? • •. .>
- . • »-.3.1;: M - &

00 00 hrs Time08:00 hrs 16:00 hrs 24:00hrs

Figure 4.2 Daily Load Profile as 3 time slots

If the demand in these three time slots represented in three dimensional space, this 

load profile can be represented by a point as shown in figure 4.3.

:Demand in 16:00 - 24:00 hrs
i

i

:^ Demand in OS 00 - 16.00 his

600
'

t

1
;

i.:
)

i

\
Demand m 00:00 - 08:00 hrs

Figure 4.3 Load Profile in 3D space
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Likewise if, the load profile has 96 data points in 15 minutes intervals of 24 hour 

domain, the customer load profile can be represented as a point in 96-dimensional 

hypothetical space. [2] When that point moves to another place, the shape of load 

profile is changed. The distance between two points in this 96 dimensional space is 

called as Euclidean distance [8] [3]. That Euclidean distance is a representative 

parameter to define the difference between two load profiles.

There are standard methods for load profile clustering such as K-means clustering 

algorithm [8], Hierarchical clustering algorithm [8] etc... Those are Squared 

Euclidean Distance based clustering methods. If those load profiles are clustered 

directly without normalizing, the curves with same shape, but different magnitudes 

will belongs to different groups. Therefore, the customer load profiles must be 

normalized before clustering. Here, the normalizing means, adjustment of all 

customer load profiles so that area under each curve to be 1 kWh. Then only the 

difference of shape is represented by Euclidean distance and the effect of magnitude 

is removed.

To understand the concept, let's consider a simple example as figure 4.4 represents 

different shapes and different magnitudes of load profiles of different customers.

Figure 4.4 Icons with different shapes and magnitudes 

If we cluster these icons directly without normalizing, those will be grouped as in 

figure 4.5.
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Figure 4.5 Clustered without Normalizing

In figure 4.5, the purpose of differentiating icons according to shapes is not 
succeeded. Therefore we have to normalized those icons before clustering. After 

clustering the normalized icons, those will be clustered as in figure 4.6.

Figure 4.6 Clustered After Normalizing

Figure 4.6 shows correctly clustered icons according to their shapes.

Therefore 81 numbers of customer load profiles were normalized so that, area under 

each curve to be 1 kWh. Averaged raw load profile data of 81 customers are attached 

in Appendix G and 81 number of normalized load profile data in Appendix H as soft

copy.
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4.2. Clustering of Normalized Load Profile Curves

K- Means clustering algorithm [8] is used in this study for load profile clustering. In 

built MATLAB functions are available for k-means clustering. There are 81 numbers 

of normalized load profile curves to be clustered. But, number of clusters in that set 
of data is unknown. For k-means algorithm, we need to define the number of cluster 

before clustering.

Knee point analysis was done in order to find out the optimum number of clusters in 

that data set. Figure 4.8 shows the decreasing of sum of square error (SSE) [5] verses 

number of clusters.
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Number of dusters13 .
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Figure 4.7 Optimum Number of Clusters

First, 81 numbers of load profiles were clustered in to l cluster and sum of square 

error was calculated. In second step, those 81 numbers of load profiles were clustered 

in to 2 clusteres and calculated the sum of square error. Likewise, the data set was 

clustered up to 8lnumbers, and calculated SSE and plotted 'SSE? verses 'number of 

clusters’ as in figure 4.8. If the numbers of cluster is equal to numbers of load 

profiles, SSE will be zero.
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To find out optimum number of clusters, intersection of two trend lines for first 6 

data points and last 50 data points is considered. Angle bisector is extended from 

trend line intersection point up to the SSE curve to find out knee point of the curve. 

Knee point is found at 13 numbers of clusters in x-axis, hence the optimum numbers 

of cluster is found as 13.

Inbuilt function for k-means clustering was used to cluster 81 numbers of load 

profiles in to 13 numbers of clusters. The result was indicated that the number of 

load profiles belongs to each cluster as in table 4.1.

Table 4.1 Customer Distribution Among Clusters

Cluster Number Number of load profiles 

in cluster

Cluster 1 10

Cluster 2 12

Cluster 3 1

Cluster 4 2

Cluster 5 1

Cluster 6 5

6Cluster 7

1Cluster 8

6Cluster 9

11Cluster 10

1Cluster 11

3Cluster 12
22Cluster 13

81Total

According to the clustering results, cluster 3, 4, 5, 8, 11 has only one or two load 

profiles and those clusters cannot be considered as rich clusters. In this analysis, only
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the clusters having at least 3 load profiles were considered as rich clusters because 

the total number of load profiles is limited to 81.

Therefore 8 numbers of domestic customer groups were identified according to the 

clustering of normalized load profiles curves as in table 4.2.

Table 4.2 Set of Rich Clusters

Cluster Number Number of load profiles 

in cluster
Cluster 1 10
Cluster 2 12

Cluster 6 5

Cluster 7 6

Cluster 9 6

Cluster 10 11

Cluster 12 3

Cluster 13 22

4.3. Defining of representative normalized load profile for customer groups

Each group has number of customer load profiles. Those are slightly different but in 

same cluster. The most representative load profile for a group is given by the cluster 

centroid of that cluster. Therefore to define a representative normalized load profile 

for each group; all load profiles in that group should be averaged [8]. Deduced 

representative curve is also a normalized curve so that, the area under the curve is 

l kWh.
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Figure 4.9 shows the normalized load profiles in cluster 1.
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Figure 4.8 Cluster 1

As shown in figure ##, the curve number 3, 17, 76 are outliers because those are 

deviated from common profile of that group. Therefore those curves were not 

considered when obtaining representative normalized load profile for cluster 1. 

Representative normalized curve for cluster 1 is shown in figure 4.10. This customer 

group has a morning load peak than evening peak.
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Figure 4.9 Cluster 1 Representative Curve
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Figure 4.11 shows the normalized load profiles in cluster 2.
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Figure 4.10 Cluster 2

As shown in figure 4.11, the curve number 5 is an outlier because that is deviated 

from common profile of that group. Therefore that curve was not considered when 

obtaining representative normalized load profile for cluster 2. Representative 

normalized curve for cluster 2 is shown in figure 4.12. This customer group shows 

even load at all the time except evening.

Figure 4.11 Cluster 2 Representative Curve
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Figure 4.12 shows the normalized load profiles in cluster 2.

Figure 4.12 Cluster 6

As shown in figure 4.13, the curve number 59 is an outlier because that is deviated 

from common profile of that group. Therefore that curve was not considered when 

obtaining representative normalized load profile for cluster 6. Representative 

normalized curve for cluster 6 is shown in figure 4.14. The load peaking of this 

customer group is at noon.
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Figure 4.13 Cluster 6 Representative Curves
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Figure 4.15 shows the normalized load profiles in cluster 7.

Figure 4.14 Cluster 7

As shown in figure 4.15, there is no curve specially deviated with common profile. 

Therefore Representative normalized curve for cluster 7 is shown in figure 4.16. This 

curve shows morning peak and distributed evening peak. There is a considerable load 

in day time with respect to rest of the time for this customer group.
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Figure 4.15 Cluster 7 Representative Curve
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Figure 4.17 shows the normalized load profiles in cluster 9.

Figure 4.16 Cluster 9

As shown in figure 4.17, the curve number 13 and 14 are outliers because those are 

deviated from common profile of that group. Therefore those curves were not 
considered when obtaining representative normalized load profile for cluster 9. 
Representative normalized curve for cluster 9 is shown in figure 4.18. There is a 

huge morning peak with respect to other time periods for this customer group.
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Figure 4.17 Cluster 9 Representative Curve
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Figure 4.19 shows the normalized load profiles in cluster 10.

Figure 4.18 Cluster 10

As shown in figure 4.19, there is no curve specially deviated with common profile. 
Therefore Representative normalized curve for cluster 10 is shown in figure 4.20. 
There is night time energy consumption than day time loading for this customer 

group.
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Figure 4.19 Cluster 10 Representative Curve
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Figure 4.21 shows the normalized load profiles in cluster 12.

Figure 4.20 Cluster 12

As shown in figure 4.21, there is no curve specially deviated with common profile. 
Therefore Representative normalized curve for cluster 12 is shown in figure 4.22. 
This customer group shows evening peak rather than morning peak.
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Figure 4.23 shows the normalized load
profiles in cluster 13.
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Figure 4.22 Cluster 13

As shown in figure 4.23, the curve number 15, 81, 29, 68 and 79 are outliers because 

those are deviated from common profile of that group. Therefore those curves were 

not considered when obtaining representative normalized load profile for cluster 13. 

Representative normalized curve for cluster 13 is shown in figure 4.24. This 

customer group has even load pattern all over the day with respect to other groups.

Figure 4.23 Cluster 13 Representative Curve



Now there are 8 numbers of representative normalized load profile curves for 8 
customer groups according to clustering of domestic load profiles 

of representative load profiles are shown in
. These 8 numbers

appendix I.
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CHAPTER 5

5' C=T RELEVANT gro w of a new

Defining of names for clusters

The survey information

group. Table 5.1 shows the information 

details of each cluster.

5.1.

nalyzed to find out similarities of customers iwas
in same

of customer family member composition

Table 5.1 Family Percentage of Members

Family IV ember compositionCluster
identificatio Students Restricted Flexible time

outside job 
holder

At home people 
(self empVretired/ 
unemployed)

time job 
holder

n

Cluster 1 40% 90% 20% 90%
Cluster 9 100% 50% 50% 83%
Cluster 7 50% 66% 50% 100%
Cluster 12 66%0% 0% 100%

91%36%45%Cluster 2 27%
100%25%0%Cluster 6 25%
63%54%45%54%Cluster 10

100%30%76%58%Cluster 13

40% of families which have students, 90% of families whichIn cluster 1, there are 
has restricted time job holders, 20% of families which have flexible time outside job

holders and 90% of families which has people at home
with members of member categories mentioned in

in day time. Likewise other

clusters have family percentages 

table 5.1.
in table 5.1, possibility of having students in

According to the statistical information m . ono/ :hi|i,
inn restricted time job holders ts 90%. possibility

is 20% and possibility of having people at
possibilities presented in

cluster 1 is 40%, possibility of having
outside job holdersof having flexible time 

home in day time is 90%. Likewise 

table 5.1 of having those types o

ise other clusters also have

f members.

35



Final use of this table is, 

customer, the possible cluster 

this table. Therefore 

statements, because the famil 

form.

if family member i 

of that
information is available for

percents o , CUSt°mer ^ be SeleCted ^ herring 
^ ^ “f 5-1 « b, con™*. to .yts/No.

composition can be collected in ‘Yes/No ’

a new
new

y member

If the member composition is >80%, i 
composition is <20%, it is considered 

mentioned as

•t is considered as ‘Yes’ and if member

as ‘No’. In between 20% and 80%, is

cluster cannot be defined by
don t care information when finding relevant 

cluster of a new customer. Converted table to Yes/No form is shown

Yes/No (may be), because the relevant

that member information. So it is a ‘

in table 5.2.

Table 5.2 Family availability of Members

Family Member compositionCluster 
identifies tio 
n number

Students Restricted Flexible time
outside job 
holder

At home people 
(self emp./retired/ 
unemployed)

time job 
holder

Cluster 1 Yes/No Yes No Yes
Cluster 9 Yes Yes/No Yes/No Yes
Cluster 7 Yes/NoYes/No Yes/No Yes

Yes Yes/NoCluster 12 NoNo
YesYes/NoYes/NoCluster 2 Yes/No
YesYes/NoNoCluster 6 Yes/No

Yes/NoYes/NoYes/NoYes/NoCluster 10 

Cluster 13 YesYes/NoYes/NoYes/No

for these 8 clusters are defined by considering familyCluster identification names 

member information 

clusters mentioned in table 5.3 are 

information. Other 4 clusters are 

load profile.

and the specialty of representative load profile pattern. First 4 

defined by considering family member 

defined by special features of load representative
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Table 5.3 ClSUter Identification Names
Cluster

identification
___number

Cluster
Cluster name

Cluster 1 
Cluster 9 
Cluster 7 

Cluster 12 

Cluster 2 

Cluster 6 

Cluster 10 
Cluster 13

CL1
liMstricted Job holHprc 
Students
No job / refir pH

CL9
CL7

. ------- jeople /self emp. (at home’
jjgxible time outside jnh h»i,w,_______
Evening load consumers_______
Noon load consumers 
Night time load consumers
Even load consumpre

CL12
CL2
CL6
CLIO
CL13

If a new customer to be in cluster 1, that family should have restricted time job 

holders. Therefore that cluster is named as “Time restricted Job holders”. These 

names does not mean that family has only the time restricted job holders, and that 

family may have other types of members as well according to table 5.2. These names 

are just for identification of clusters. The algorithm to find out relevant cluster of a 

new customer according to customer information is described under next topic.

If a new customer to be in cluster 9, that family should have students. Therefore that 

cluster is named as “Students”.

If a new customer to be in cluster 7, that family should have people at home in day 

time. There is no relevance of having or not other types of members for that cluster. 
Therefore that cluster is named as “No job / retired people /self emp. (at home)”.

If , new customer to be in cluster 12, that family should have flexible lime oulside 

job holder, Therefore .ha. clus,er is named as “Flexible time ..ts.de jab holders-.

For cluster 2, 6, 10, 13, there is no strong re
Therefore those clusters are named according to peaking ot then power consump ton 

* • ments figure 5.1 shows the representative load
according the usage of electric equipments, rife

profiles of those 4 clusters. To find 0

electric equipments and used time in

lationship to family member information.

levant cluster of a new customer, the
ceded due to this reason.information are n
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Figure 5.1 Equipment Related Clusters

Load pattern of cluster 2 has a peak demand at evening from 6.00 pm to 10.00 pm 

and this cluster is named as “Evening load consumers”.

Load pattern of cluster 6 has a noon peak from 10.00 am to 12.00 pm and this cluster 

is named as “Noon load consumers”.

Load pattern of cluster 10 has a higher night time power demand before 6.00am and 

after 6.00pm and this cluster is named as “Night time load consumers”.

Load pattern of cluster 13 has even power demand all over the time with slightly 

higher demand in morning and evening. Therefore this cluster 
load consumers”. These names and cluster ID mentioned in table 5.5 will be used in

next chapters.

is named as “Even

. Determining relevant cluster according to customer Information

developed to implement the algorithm ot 
, ut 0f 8 above mentioned) according to 

selection ot representative loa pr jnterface (GUI) is shown in figure 5.2.

5.2

MATLAB software application was

The graphical user
customer information. 
MATLAB code is attached in appendix A.
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Figure 5.2 Customer Information Form

Account number of a customer is a unique number that can be referred to any 

database of the power distribution utility to identify the customer and save 

information. In this algorithm, “Monthly energy usage” is required to calculate actual 

load profile of a customer by representative normalized load profile curve.

In right hand side of GUI, the customer family member composition is to be input by

the dropdown list. If we have only the family member composition,
customer exactly; there may be some of

we cannot fmd

the relevant customer group of a new 
possible load profiles ou, of 8. Those »11 be .ppesred by clicking on bu«o„

“Possible Load Profiles”.
ion about the electric equipments used by 

This information form is
Left hand side of GUI is to input information 

the customer and the usual time
of using those equipments.

collect from customers to estimate
set of data toprepared to obtain minimum

accurate and usable load profile. Collecting
ssential and valid, because

data for electric equipment usage is 

customers cannot exactly
not practical and that is not e 

answer those deep questions. The tun
defined as follows into 5 slots,intervals are
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M- Morning (05:00 am 10:00 am) 

— 01:00 pm) 

A - Afternoon (01:00 pm - 06:00 pm) 

E-Evening (06:00 pm- 10:00 pm)

N - Noon (10:00 am

T - Night (10:00 pm-05:00 am)

Equipments such as bulbs and fans are used in 

intervals. The GUI i 

time intervals se

different quantities in different time 

IS prepared to input number of items used in above mentioned
parately. Equipments such as television, rice cooker and refrigerator 

have different sizes. There is a selection for size/type in GUI for those categories. By 

clicking on button Calculated Normalized Load Profile" the program will show the

calculated normalized load profile according to electric equipment usage 

information.

By clicking on the button “kVA Load Profile of This Customer’ the program wall 
select the nearest load profile to ‘Calculated Normalized Load Profile’ among 

‘Possible Load Profiles’ by comparing Squared Euclidean Distances between each 

cluster centroid and calculated normalized load profile point in 96 dimensional

space.

Load factors of equipments, power factors, and average operating times of different 
considered inside the program. As an example; operating time forequipments are

rice cooker is .boo. 30 mioo.es, for Ml. is .boo. >» '5
miou.es, for bulbs, fans, T.V, Co.opu.er is specified .fine, for refiig«or is - on

for all over the time.
new customer with onlyion of kVA load profile for

Block diagram for estimation 

family information and energy usage infom
tion is shown in figure 5.3.
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New Customer Family 

Member Composition Electric Equipment 
Us*ge Information

Load Factors of 
Equipments

Pre-defined 

Survey Table for
Family Members

Operational Time 
Slots

Possible Normalized 

Load Profiles for 

New Customer

Calculated Normalized 
Load Profile

New Customer’s kW Load 
Profile (Area under the 

curve is lkWh)

Monthly Energy 

Consumption/30
Power Factor4-

Estimated kVA Load Profile of 

New Customer __

5.3 Load Profile Estimation MethodologyFigure

5.3. Method validation

To validate the results obtained by this method gy profile
Stained by this methodology and actual load profile 

profile curve of a new customer ^ consider an exarnpie only
captured by the smart meter have to be com 

with two attributes (2 dimensional) for ea y

, the estimated normalized load

f graphical representation.
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Attribute 1
Cluster Centroid12 O:

l ©
10

,0
8

o....
6

o
4

O
O >

2 m
O

fjfc0
9 Cluster RadiusvVJ

&> J-2 1
V.*

-4-2 0 2 4 6 8 10 12 14
Attribute 2

Figure 5.4 Cluster Radius

In figure 5.4, there are three clusters and 3 centroids of all clusters are named. As in 

this research, the cluster centroids are 8 numbers of representative normalized load 

profile curves and other points are 81 numbers of load profiles used for clustering.

To validate the methodology, information ot some new customers (which were not 
used for method development) has to be collected and televan. load pmfiles of tee
customers should be estimated using aforementioned methodology. Those estimated

cluster centroid out of 8 cluster centroids 

Boundary of each cluster is 

from centroid to a point

load profiles of each customer should be a 

relevant to representative normalized load profile c
Euclidean distance

tual load profile captured by smart
the cluster radius which is the maximum
belongs to cluster. If the point relevant to tl

radius of specific
have selected the correct c

cluster, we can say the new customer 
luster for a new customermeter is within the cluster 

belongs to that cluster. Hence we
by the developed methodology-

out of 8 clusters
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As examples, new 8 numbers of 

composition and electric
customers were iinterviewed for family member 

n’ ^ose 8 numbers of
equipment

customers were external to the 81 

methodology in this research

usage informatio
numbers of custom

ers used for development of 

n of 8 customers are
and survey sheets informatio

attached in Appendix B.

Fr°n 72 7 7 “ **" 5'12 Sh“WS ,he load
profile by the deve.oped —oddogy and ,he load profile c„„e
smart meter for new 8 numbers of cust a

omers.
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Figure 5.5 Load Profile Comparison 1
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Figure 5.6 Load Profile Comparison 2

Figure 5.7 Load Profile Comparison 3
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Figure 5.8 Load Profile Comparison 4

5.9 Load Profile Comparison 5Figure
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Figure 5.10 Load Profile Comparison 6
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Figure 5.11 Load Profile Comparison 7
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Figure 5.12 Load Profile Comparison 8

To obtain a numerical value for the deviation between estimated load profile (one of 

8 numbers of cluster centroids) and Actual load profile captured by smart meter, 
Euclidean distance from cluster centroid to actual load profile location in 96 

dimensional space were compared and shown in table 5.4.
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Table 5.4 Load Profile C

tor new customer 
deduced by 

algorithm

omparison Validation
Customer

Euclidean distance 
between cluster centroid 
to actual load profile 
location in 96 dimensional 
space

No:
relevant cluster

Customer 1 CL 12 184 220.7112

Customer 2 CL 7 170 130.2372

Customer 3 CL 2 145 94.77481

Customer 4 CL 13 147 53.56557

Customer 5 CL 2 145 119.9091

89.32261170CL 7Customer 6

103.1271145CL 2Customer 7

94.20077165CLIOCustomer 8

According to comparison in table 5.4, all new customers’ load profile points are
within the cluster radius of each relevant cluster except for customer 1. As described

13 clusters but only 8 clusters were selected as rich-in chapter 4, initially there were
of exceptions may happen when estimating the load

clusters. Therefore these types 

profile, because 5 numbers of poor-clusters were omitted.

closest cluster centroid when selecting relevant 
1 is outside the cluster radius, the 

12. Therefore this methodology 

1 figure 5.5, we can see that,

But this methodology selects the 

cluster for new cus
closest cluster tor customer I is selected as Cluster 

selects . fare result for au,
this methodology selected a most suttaWe load pr

tomer. Though above customer

1.
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CHAPTER 6
6. LV FEEDER POWER LOSS CALCULATION

In this thesis, chapter 1 to chapter 5

domestic load profiles. One application of estimated load profile is presented 

chapter. Calculation of low voltage feeder power loss is very important for electricity 

distribution utility. Inaccuracy of feeder line loss calculation by existing 

meters is discussed in problem statement in chapter 1.

discussed the importance of estimating

in this

were

energy

Transformer

l*R i:R i:R

3 f--—---* w—\/ \ \
/ \ / / \\ \

if
jJi

■

u v\L V.

Customer load profiles

Figure 6.1 LV Feeder Power Loss

As shown in figure 6.1, the power loss of a specific feeder can be calculated using 

kVA load profiles of connected customers, conductor resistances of feeder sections 

and starting point voltage profile. Customer load profiles can be estimated according 

to the methodology presented in this thesis. Conductor resistances can be calculated

using low voltage feeder details in geographical information system of distribution 

Starting point voltage profile is captured by substation meter. Forward-utility.
Backward Sweep Method can be applied for calculation of currents of each feeder 

section and total line power loss. To obtain a curve for feeder power loss 

domain, this calculation should be repeated in 15 minutes intervals, since the load 

profiles of customer and voltage profile transformer are in 15 minutes intervals.

in 24 hour

selected in Pita-Kotte area where all 8 

feeder section have smart meters with load 

substation meter was installed to capture

As an example, small feeder section
connected to 

Additionally, a

was

numbers of customers 

profile recording facility.
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voltage profile at the starting point of that feeder 

starting point is shown in figure 6.2 which i 
Set of voltage data in 24 hour domain is attached i

section. Voltage variation of feeder 
is captured by installed substation meter, 

in Appendix F.

Figure 6.2 Feeder Starting Voltage Profile

Figure 6.3 shows the line diagram of selected feeder section.
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Supply side
PoleX

PoleY Rxl=0.028fl; 
Rx2=0.028fl; 
Rx3=0.028fl; 
Rx4=0.038n; 
Ryl=0.032fl; 
Ry2=0.032fl; 
Ry3=0.032fl; 
Ry4=0.044fl;

Vsl
Ryj V7:V-

R*2 V*: Rv: V?JV;

R*J V,J Ryi
Vi

Rx4 V*4 R>ft
V4 (OV)

lx* I*: 1*3 1*4= - (T*i -Lo -Tj)

Sxi S*; S*3

Iy! IT; Iy- I:u= - (It; "1% : -Iy3)

Syl Syi Syi

35m 40m

Figure 6.3 Three Phase Line Loading

Most of the domestic customers have single phase connections; therefore connected 

phase of each customer is important when calculating accurate figure for feeder 

section power loss. Current of neutral conductor is also considered in this 

calculation.

In initial backward sweep, voltage at pole x and pole y are assumed to be 230V. The 

currents of each feeder section are calculated using estimated loads of each customer. 

Power factor is assumed to be 0.9 when obtaining kVA load profile. Then using 

voltage at feeder starting point, the voltages at pole x and pole y are calculated in

done for 10 iterations and currents of each section areforward sweep. This was 
deduced. This procedure is repeated for 96 times to obtain feeder loss curve for 24

interval. MATLAB program coding for this activity ishour domain in 15 minutes 

attached in Appendix E.

lculation was done by considering estimated load profile 

information as well as actual load profiles captured 

The comparison of power loss

Feeder section power loss ca

curves according to the customer in
connected to those customersby smart meters 

profiles in two scenariosios is shown in figure 6.4.
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Figure 6.4 24 Hour LV Feeder Section Power Loss

The area under the curve is total energy loss of the feeder section for a 1 day. Since 

this is a small feeder section with only 8 customers, the figures are small in 

magnitude. But for a 160 kVA distribution transformer, there are about 250 numbers 

of customers and feeder power losses will be in considerable magnitudes.

• Total estimated energy loss of feeder section for 1 day - 15.95 Wh

• Total estimated energy loss of feeder section for 1 day = 15.42 Wh
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The error of total energy loss estimation i
is 3.44%. This is an acceptable estimation 

compared to existing method (error is about 50%) described in problem statement in 

chapter 1 • Figure 6.5 shows the flow chart to calculate time dependant LV feeder 

power loss according to estimated customer load profiles.

Collecting customer information of the feeder

Family member composition

• Electric equipments used

• Time of using those equipments

• Monthly energy consumption

Selection of representative per kWh load profile among defined 8 
curves for each customer according to methodology

Deducing the actual load profile by multiplying per kWh curve by 
daily energy consumption

LV feeder information, feeder starting point 
voltage profile, average power factor

Calculation of voltages and currents of each feeder section by 

Backward Forward Sweep method

Calculation of section -wise feeder power losses using currents and 

resistances of conductors

Figure 6.5 Feeder Power Loss Estimation
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CHAPTER 7
7. CONCLUSION

7.1. Achievement of objective and research outcome

There were two objectives of this research, one is “Defining of load profile curve for 

any customer depending on his information such as family member composition, 

electric equipments used, the time/nature of using those equipments and system data 

of past average monthly energy consumption of that customer”

Development of methodology to estimate time dependant low voltage feeder p 

loss (power losses in conductors) for distribution transformers”. The methodologies 

to achieve those objectives were proposed and validated in chapter 5 and chapter 6.

other one is

ower

Research outcomes can be pointed out as follows

• Domestic customers are divided into 8 groups according to the shape of their 

load profile.

• Most representative load profile pattern for each group was defined.

• Methodology is being developed for selection of relevant load pattern of a 

domestic customer among 8 pre-defined patterns, according to

information.

customernew

• Methodology is being proposed for estimation of low voltage distribution

in 24 hour domain, by estimated load profiles otfeeder power loss curve 

customers and geographical and feeder network information.

7.2. Applicable situations

The selected area to colle 

area
energy consumption between

., in this study In Sri Lanka, electricity customers
—«—-■—“ 

Therefore this is applicable for almost every type

ct data and conducting the study is neither highly populated 

wide range of customers which has monthly

50kWh to 500kWh. Therefore every type of customers
are using common

nor a rural area. Kotte area has a

of domestic customers.

54



7.3. Limitations

Load growth of a domesti 

deepening and other one i 

using same electric

ic customer can be considered as two scenarios. One 

is load widening. Load deepening
is load

means, one customer is
equipments, but usage of those equipments is increased. In this 

scenario, the load profile pattern is not affected, but only the magnitude is increased. 

Load widening means, if a customer start to use 

pattern is affected. Therefore the
new electric equipment, the load 

customer in the areas where load widening is
dominant, those customers 

customer classification is needed for those areas.
moving among the different clusters. Frequentare

Effect of weather is not much affected for Sri Lankan situation because there is no 

differentiated season change. But in rainy days, usage of air conditioners and fans is 

reduced with respect to normal use. This situation will affect the estimated load 

profiles. Another study is needed to analyze this situation.

In special cases deviated from nomial household nature such as boarding complexes, 

we cannot consider those as domestic customers. If someone has net metering 

connections, electric car, then smart meters should be installed to capture actual load 

profiles of those customers to estimate load profiles for feeder power loss 

calculation.

cannot predict the behavior of the customers.In holydays and festival seasons,
The estimated load pattern is affected due to special uses of electric appliances. This

we

limitation for application of this methodology. Another study is needed to
on those

is also a
analyze these situations and load protile data is needed for several years

special days.

7.4. Recommendations for power distribution utility-

. It is recommended forto Sri Lanka, .here are nearly 5 million *>m«lic cuslomers 

an electricity
about 5000 smart metering customerdistribution utility to keep

implement online load profile classification program.
population in a selected area to imp

should be updated at least twice a year.
a month. If a

Information of those 5000 customers 

Changes of load profiles of those customers
be captured oncecan
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customer changes the pattern of the load 

group, utility can investigate 

profile defining algorithm.

Updated methodology 

customers which has not installed smart meters as described in this thesis.

profile and moves to another customer 
reasons and can be added modification to the load

be applied to define unknown load profiles for rest of thecan

56



References

1. ?imWpann!fiTing Zhang’ Zhimin Wan§>
T>me of Use Tariff Design for 

Model-based Clustering”,
Energy-ICAE2014

2. In Hyeob Yu, Jin Ki Lee, Jong Min Ko,
Classification of Electricity Demands 
Electric Power Research institute 2015

3. Gheorghe Grigoras, Ovidiu Ivanov, and Mihai Gavrilas, “Customer 
Classification and Load Profiling using Data from Smart Meters'’ 12th 
symposium on Neural network applications in electrical engineering, School 
of Engineering, University of Belgrade, Serbia, 2014

4. Christian Beckel, Leyna Sadamori, Silvia Santini, “Towards Automatic 
Classification of Private Households Using Electricity Consumption Data", 
Institute for Pervasive Computing, ETH Zurich, 8092 Zurich, Switzerland 
2012

Ran Li, Furong Li, Hao Wuc, 
Domestic Customers from Flat Rate by 

The 6th International Conference on Applied

Sun Ic Kim, “A method for 
using load Profile Data”. Korea

5. Fintan McLoughlin, “Characterizing Domestic Electricity Demand for 
Customer Load Profile Segmentation", Dublin Institute of Technology 
ARROW@DIT, 2013

6. Antti Mutanen, Perth Jarventausta, Matti Karenlampi, Pentti Juuti, 
“Improving Distribution Network Analysis With New AMR Based Load 
Profiles”, 22nd International Conference on Electricity Distribution 
Stockholm, 10-13 June 2013

7 Antti Mutanen, Maija Ruska, Sami Repo, and Perth Jarventausta, Customer 
and Load Profiling Method for Distribution Systems",Classification 

TPWRD-00616-2010

“AN OVERVIEW ON CLUSTERING METHODS"
8' KDS^RJounwl'ot'Engineering 2012, Vol. 2(4) pp: 719-725.

57



APPENDIX A: Graphical User Interface

CUSTOMER INFORMATION FORMAccount No: 000000001
MontHy Energy Usage: 230 kWh

items sliJCLCT A]rr;: ; =j
.2 »;0 »o ’■iJI

iEquipment Type/Size

[Bubs J Family Member Ccmpostiion 

Students

15W HiEan];^ngnZI3^Z^^~ !o *!n
Fanffedestal) i; 35W

HO HO *•'2 H

130
iv c

Yes,1----------0 w _ al ah
l|32" LCD 4JTS ! 
l[T.8Ur d~~a| □ |
li 1KW ID □ ESI m

TV.
iime Restricted job Holders y&sIfMQooker

IKettte
Oran I
I’^^g^pnej Normal
Computer 
jV-Vmgerator

C L
Ffeixibfe Time Qjlside Job Holders No___ ie15kW i 3 □ C Ej E ;

H 0 i n ~[~E ; 15 ! E : 
31 Desktop i ffl r i r r
]l7.7Cft

5

Unemployed/Retired/Sefemp (At Home) Yes ▼

RIM day
!%C (12000 BtU) | 12kW i0 Ho Ho Ho Hi - 
lAC(24pOQBtu) J 2.m o ,j0 

l 2.5KW fi | □
iafaider ~l 200W "TnTa

Pcssbie Load Profiles
Ho Ho -Hi

I.Gavser IT i [7j , (L
ecu

M- Morning (05:00-10:00 hrs) 
N-Noon (10 00-13.00 hrs)
A - After Noon (13:00-18:00 hrs) 
E-Evening (18:00-22:00 hrs) 
T-Night (22:00-05:00 hrs)

Calculated Normalized Load Profile KVA Load Profile of This Customer

LjOos« Ail_____)

Program code of above interface and Matlab files are burnt in CD as Appendix A



APPENDIX B : Customer information
forms of validated customers

Survey Sheer

Account No: i
Units:! 4 O ^.41>
BiH: j 0_OO

Customer 1Transformer:
Serial No:

How many 
members ;M Mom. QS.CO -10:00Member

composition
Students Mo 10:00 -13:00 j

13:00-18:00 i
1S.-00- 22:00 ■

N Noon
Restricted time job holder hJO Af.NoonA
Flexible time out side job holder ES&S Eve.
Unemployed people ! T Night 22:00 - 05:00
Retired people Klo

Used time/ How many
MIN 1a IT Size/ Type j! EEquipment :

] n/aBulbs
Fan (Celling)
Fan (Pedestal)

m N/A !
n/a

ETSM83TV mwrsnvXRice cooker
N/AKettle
N/AIronEquipment

usage washing me.
In/Computer

■MRefrigerator
N/AAC (12000 Btu)
N/AAC (24000 Btu)
N/AGeyser

1 N/Ablender

Special needs:2Rooms
1Stories
idDwelling Size

C4M‘lighting level
Closed / Open

burnt in CD as appendix BRest of scanned copies are



Appendix C: Smart meter data of Validated 8 C 

Customer " ' —
ustomers

No: 1 2 3 4 5 6 7 8Cluster 12 7 2 13 2 7 2 10Pole No: 1 2 2 2 2 1 1 1
Phase 1 3 3 1 2 2 3 1
kWh/Day 1.076 3.161 4.519 7.136 3.775 2.863 4.977 2.770

0:00 0.039 0.104 0.211 0.303 0.153 0.086 0.213 0.185
0:15 0.035 0.103 0.210 0.308 0.153 0.090 0.213 0.185
0:30 0.024 0.098 0.191 0.303 0.153 0.084 0.210 0.185
0:45 0.024 0.098 0.191 0.303 0.153 0.084 0.210 0.185
1:00 0.027 0.098 0.190 0.301 0.153 0.083 0.211 0.145
1:15 0.027 0.098 0.190 0.301 0.165 0.083 0.211 0.145
1:30 0.033 0.092 0.187 0.304 0.165 0.081 0.202 0.145
1:45 0.033 0.093 0.184 0.304 0.1380.165 0.082 0.203

0.033 0.1382:00 0.093 0.184 0.304 0.165 0.082 0.203
0.1380.2030.093 0.184 0.304 0.155 0.0822:15 0.033
0.1380.1990.0810.098 0.173 0.318 0.1552:30 0.032
0.1380.1990.0810.318 0.1550.1730.032 0.0982:45
0.1380.1990.0810.1550.3180.1730.0980.0323:00
0.1850.1900.0820.1650.3160.1810.0980.0323:15
0.1580.2030.0830.1650.3090.1730.0980.0323:30
0.1580.2030.0830.1650.3090.1730.0980.0323:45
0.1320.2060.0820.1650.3090.1700.0990.0304:00
0.1320.2060.0820.1530.3090.1700.0990.0304:15
0.1370.2200.0810.1530.3070.1810.1270.0334:30
0.1300.2170.0820.1530.3070.1810.1250.0334:45 0.1300.2170.0820.1530.3070.1810.1250.0335:00 0.1300.2170.0820.1600.3070.1810.1250.0335:15 0.1340.2260.1590.1600.2990.1740.1690.1035:30 0.1340.2260.1590.1600.2990.1740.1690.1035:45 0.1340.2260.1590.1600.2990.1740.1690.1036:00 0.0900.2140.1480.1550.3030.1750.1690.1256:15 0.1310.156

0.156
0.144
0.144
0.130
0.130
0.130
0.141
0.164
0.164
0.164
0.164
0.134

0.176
0.176
0.159
0.159
0.076
0.076
0.076
0.072
0.115
0.115
0.115
0.115
0.073

0.155
0.155
0.155
0.155
0.155
0.155
0.155
0.135
0.135
0.135
0.135
0.145
0.145

0.294
0.294
0.289
0.289
0.270
0.270
0.270
0.269
0.274
0.274
0.274
0.274

0.205
0.205
0.198
0.198
0.141
0.141
0.141
0.140
0.127
0.127
0.127
0.127
0.138

0.126
0.126
0.117
0.117
0.104
0.104
0.104
0.103
0.091
0.091
0.091
0.091
0.091

0.099
0.099
0.077
0.077
0.024
0.023
0.023
0.023
0.004
0.004
0.004
0.004
0.001

6:30 0.131
0.131
0.131
0.128
0.125
0.075
0.065
0.069
0.069
0.069
0.057
0.079

6:45
7:00
7:15
7:30
7:45
8:00
8:15
8:30
8:45
9:00
9:15 0.294 0.068

0.068
0.072
0.059

0.134
0.134
0.130
0.134
0.134

0.0730.1459:30 0.294
0.294
0.294
0.315
0.315
0.316
0.316

0.138
0.138
0.131
0.133
0.133
0.136
0.136

0.091
0.091
0.092
0.095
0.095

0.073
0.072

0.001
0.001 
0.001 
0.007 

.. 0.007 
0.015 
0.015

0.1459:45
0.12710:00

10:15
10:30

0.1350.127 0.0590.1350.127 0.0600.1350.1340.127____ 1Q:45 0.0530.1350.094 0.1340.10811:00
0.09411:15



11:30 0.022 0.092 0.114 0.310 0.108 0.122 0.15111:45
12:00
12:15
12:30
12:45

0.0470.014
0.014
0.014
0.046
0.046

0.093
0.093
0.093
0.099
0.099

0.114
0.114
0.114
0.135
0.135

0.310
0.310
0.310
0.257
0.257

0.108
0.108
0.107
0.107
0.107

0.144
0.144
0.144
0.118
0.118

0.159
0.159
0.159
0.151

0.045
0.040
0.040
0.053

0.151 0.05313:00 0.046 0.099 0.135 0.257 0.107 0.118 0.151 0.05313:15 0.046 0.099 0.135 0.257 0.138 0.118 0.151 0.05313:30 0.047 0.125 0.163 0.242 0.138 0.106 0.182 0.056
13:45 0.047 0.125 0.163 0.242 0.138 0.106 0.182 0.056
14:00 0.047 0.125 0.163 0.242 0.138 0.106 0.182 0.054
14:15 0.047 0.125 0.163 0.242 0.155 0.106 0.182 0.054
14:30 0.023 0.114 0.169 0.258 0.155 0.102 0.231 0.050
14:45 0.023 0.114 0.169 0.258 0.155 0.102 0.231 0.050
15:00 0.023 0.114 0.169 0.258 0.155 0.102 0.231 0.044
15:15 0.023 0.114 0.169 0.258 0.113 0.102 0.231 0.044
15:30 0.043 0.142 0.183 0.314 0.113 0.118 0.210 0.081
15:45 0.043 0.142 0.183 0.314 0.210 0.0810.113 0.118

0.08116:00 0.043 0.142 0.183 0.314 0.113 0.118 0.210
0.0660.118 0.2100.314 0.1050.043 0.142 0.18316:15
0.0840.1680.1420.315 0.1050.1980.032 0.16116:30
0.0840.1680.1420.1050.3150.1980.1610.03216:45
0.0840.1680.1420.1050.3150.1980.1610.03217:00
0.0840.1680.1420.1180.3150.1980.1610.03217:15
0.0870.1620.1800.1180.2680.2160.169 .0.04017:30
0.0870.1620.1800.1180.2680.2160.1690.04017:45
0.0800.1620.1800.1180.2680.2160.1690.04018:00
0.0800.1620.1800.1680.2680.2160.1690.04018:15
0.1610.2400.2050.1680.3080.2580.1910.08118:30 0.1610.2400.2050.1680.3080.2580.1910.08118:45 0.1610.2400.2050.1680.3080.2580.1910.08119:00 0.1610.2400.2050.2150.3080.2580.1910.08119:15 0.1860.3350.1650.2150.3200.2890.1640.13419:30 0.1860.3350.1650.2150.3200.2890.1640.13419:45 0.1860.3350.1650.2150.3200.2890.1640.13420:00 0.1860.3350.165

0.137
0.137
0.137
0.137
0.133
0.133
0.133
0.133
0.103
0,103
0.097
0.097
0.086
0.086

0.225
0.225
0.225
0.225
0.243
0.243
0.243
0.243
0.225
0.225
0.225
0.225
0.203
0.203
0.203

0.320
0.310
0.310
0.310
0.310
0.336
0.336

0.289
0.286
0.286
0.286
0.286
0.255
0.255
0.255
0.255
0.227

0.164
0.232
0.232
0.232
0.232
0.214
0.214
0.214
0.214
0.174
0.174
0.169
0.169
0.104
0.104

0.134
0.104
0.104
0.104
0.104
0.046
0.046
0.046
0.046
0.035
0.035
0.035
0.035
0.041
0.041

20:15
20:30
20:45
21:00
21:15
21:30
21:45
22:00
22:15
22:30
22:45
23:00
23:15
23:30

0.193
0.193
0.182
0.182
0.133
0.143
0.140
0.207
0.208
0.156
0.156
0.180
0.180
0.180

0.379
0.379
0.379
0.379
0.331
0.331
0.331
0.331
0.249
0.249
0.249
0.249
0.216
0.213

0.336
0.336
0.307
0.307
0.307

0.227
0.227 _
0227____ 
O208___ 
0211_____

0.307
0.313
0.303

23:45

4.977483 - 2.7703543.775 2.8629134.519056 7.136191Total
kWh/Bay -1.0757 3.160891



APPENDIX D: Feeder section used for validation of feeder loss estimation

6lh Lane, Mission Road,

Pita-Kotte, Sri Lanka



APPENDIX E: Matlab Program for Feeder Loss Validation

Rxl=0.028 
Rx2=0.028 
Rx3=0.028 
Rx4=0.038 
Ryl=0.032 
Ry2=0.032 
Ry3=0.032 
Ry4=0.044

for p=l:96
Vx(p, : ) = [230, 230*complex (-sin (pi/6), cos (pi/6) ), 230*complex (- 

sin(pi/6),-cos(pi/6)), 0];
vy (P/ •* ) = [230, 230*complex (-sin (pi/6), cos (pi/6)), 230*complex (- 

sin(pi/6),-cos(pi/6)), 0] ;

for k=l:10

lx (p, 1) =conj (complex (0.8*Sx (p, 1), 0.6*Sx (p, 1) ) /Vx (p, 1)) ; 
lx (p, 2) =conj (complex (0.8*Sx (p, 2), 0.6*Sx (p, 2)) /Vx (p, 2)); 
lx (p, 3) =conj (complex (0.8*Sx (p, 3), 0.6*Sx (p, 3) ) /Vx (p, 3)) ; 
Ix(p, 4)=—(Ix(p, 1)+Ix(p,2)+Ix(p,3) ) ;
Iy (p, 1) =conj (complex (0.8*Sy (p, 1) , 0.6*Sy (p, 1) ) /Vy (p, 1)); 
Iy (p, 2) =conj (complex (0.8*Sy (p, 2), 0.6*Sy (p, 2) ) /Vy (p, 2)) ; 
Iy (p, 3) =conj (complex (0.8*Sy (p, 3), 0.6*Sy (p, 3) ) /Vy (p, 3)); 
Iy(p, 4)=-(Iy(p,1)+Iy(p/2)+Iy(p,3));

Vx(p,1)=V(p,1)-Rxl*(lx(p,1)+Iy(p, 1));
Vx(p/2)=V(p,2)*complex(-sin(pi/6),cos(pi/6) )- 

Rx2*(lx(p,2)+Iy(p,2));
Vx(p,3)=V(p,3)*complex(-sin(pi/6),-cos(pi/6))

Rx3*(lx(p,3)+Iy(p,3));
Vx(p,4)=V(p,4)-Rx4*(Ix(p,4)+Iy(p,4) ) ;
Vy (p, l)=Vx(p, 1) -Ryl*Iy (P/ D /*
Vy(p/2)=Vx(p,2)-Ry2*Iy(P/ 2) ;
Vy(p,3)=Vx(p,3)-Ry3*Iy(P/ 3);
Vy(P/4)=Vx(p,4)-Ry4*Iy(p,4);

end

rUS'LniJiP. 31 ;-2-Ry3«b,(iy(P.<> I

end



APPENDIX ^togejrofile for feeder starting point 
Phase 1 (V) Phase 2 (V) Phase 3 (V)0:00 230 233 2320:15 229 232 2310:30 229 233 2320:45 229 234 233

1:00 230 233 232
1:15 230 233 233
1:30 230 234 233
1:45 231 234 232
2:00 231 235 234
2:15 229 234 233
2:30 228 233 232
2:45 229 233 233
3:00 229 233 233
3:15 229 233 233
3:30 229 234 233
3:45 228 233 232
4:00 227 233 232

2274:15 232 231
226 231 2304:30

231227 2324:45
230226 2325:00
2302312245:15
2312312265:30
2292322275:45
2292322266:00
2292312266:15
2292302276:30
2302312286:45
2292312287:00
2302322277:15
2292312277:30
2302322297:45
2312322308:00 2292302278:15 2302312288:30 2302312278:45 2292302269:00 2292302279:15 2322322289:30 2312312299:45 23123022810:00 23123122910:15 23123223010:30 23123222810:45 23223122811:00 231231228 23011:15 23122711:30





APPENDIX G : Actual Load profiles for 81 customers (in Watt)

Customer
No: 0:00 0:15 0:30 0:45 1:00 1:15 1:30 1:45 2:00 2:15 2:30 2:45 3:00 3:15 3:301 125 112 112 109 109 107 108 109 104 99 102 104 106 114 1302 72 62 62 62 62 70 70 40 40 50 50 70 70 50 50

3 287 270 270 252 252 240 238 233 218 218 222 233 240 220 213
4 222 208 208 217 217 202 205 223 162 162 160 145 140 138 134
5 150 150 110 180 180 180 170 170 120 100 100 110 130 140 120
6 240 228 214 192 186 188 192 188 176 166 159 172 189 180 173
7 626 891 891 851 851 831 831 831 541 541 524 524 673 540 580
8 73 69 69 72 72 72 72 69 73 80 78 80 80 75 75
9 259 271 271 258 258 257 257 264 261 261 261 263 247 253 250

10 159 142 143 134 134 137 143 163 147 143 141 131144 117 127
11 78 77 77 67 84 91 73 68 59 73 45 41 75 60 48
12 145 127 136 149 149 137 164 180 160 160160 170 160 137 149

189 286 286 300 360 278 290 225 240 333 240 29313 230 335 240
274 192222 185 185 185211 183 174190 238 220 211 253 22414

9698 88 10189 96156 153 89149 158178 187 187 14915
3340 3330 303036 3036 3653 5384 8416 97

120 125 110777288 4810560100 6010082 87 11217
80205 808585854090140123133 133160 7015818

253278 293257297300280269256269260 26025325326319
5580 55808080806767100 8010084848720

162178190 17413012512911712913412013014314313121
77396010201160870 11408008007607601120843823106083022
57475757746048636558656563637123

37735835820720719719718818818921021021019819824
99991131201409393100110103106106106999925 136 136141148147142142142127132147147148151 15126 16014087739310060100133110909012012011527 20018822022822421218417222026022820422021223228 11013513512512513213215415414914914414715415929

Rest of the data are burnt in CD as Appendix G



APPENDIX H : Normalized load profiles for 81 customers (in Watt)

Customer No: 0:00 0:15 0:30 0:45 1:00 1:15 1:30 1:45 2:001 27 24 24 24 24 23 23 24 23
2 32 28 28 28 28 32 32 18 18
3 48 45 45 42 42 40 40 39 36
4 99 93 93 97 97 90 91 100 72
5 41 41 30 49 49 49 46 46 33
6 58 55 52 46 45 45 46 45 42
7 46 66 66 63 63 62 62 62 40
8 30 28 28 29 29 29 29 28 30
9 33 34 34 32 32 32 32 33 33
10 61 55 55 52 52 53 55 63 57
11 23 23 23 20 25 27 21 20 17
12 38 33 36 39 39 36 43 47 42
13 35 53 53 43 62 56 6744 52

40 3852 48 46 55 49 4614 41
2545 4442 42 4451 53 5315

15 131523 1536 233616 41
30 251717292925 322417

17385952565629676618
49474547454544 444619
110929211013713711611611920
28252829262831312821
53535151755655715522
15202118212120202323
49474747525252494924
24262827272727262625
33333031343435353526
16273630242432323127 40374856504448465028 33393938383737394029 1633317171291130 31252629282828263931 33383845453737414632 291015202031333333 000000000 3834 4139394341434445 292935 2930292933332936

burnt in CD as Appendix H
Rest of the data are
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