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ABSTRACT
Advancements to the power grid facilitates retail consumers to be participants. Smart Grid
initiative allows two way communications by means of distributed intelligent devices and thus
allows better controlling and monitoring of the distribution system. Two critical concerns in this
regard are: (i) data requirement for demand management lead to additional communication
infrastructure, and (ii) increased data processing and storage requirements. In addition customer
privacy may be compensated based on the data sharing frequency. On the other hand the higher
the data sampling interval is the lower the control accuracy would be. The prime focus of this
work is determining the link between the data and power network layers. This work focuses on
developing a methodology to quantify the relationship between the required data and the
prediction/estimation accuracy. Voltage drop in a feeder and the total power loss are considered
as two applications in this work and the impact of data sharing frequency is analyzed. Since the
relationship is feeder configuration dependent, the analysis was performed on IEEE 13 Node and
34 Node Test Feeders and the procedure and results are presented in this paper.
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CHAPTER 1
INTRODUCTION

1 .1

Background
Current advancements in the power system have focused on developing solutions and

technical frameworks for the next generation distribution system in order to make it more flexible,
robust and cost effective [1] and to allow more participation of residential customers. Several
consumer level demand response schemes are proposed such as (a) Managing demand based on
consumer comfort [2], [3]; (b) Market based or price based demand response [4], [5]; (c) Home
energy management and control [6], [7] and (d) Using demand response for system control [8],
[9]. But it is necessary to determine the incremental benefits to the distribution system for
incremental load management to present an appropriate relationship between demand
management and its benefit to the power grid.
Advanced metering infrastructure and distributed intelligent devices allows better
monitoring and controlling but data storage is a concern using smart metering. Data storage
shortage along with bandwidth limitation of communication network leads to use of different
demand interval using information engineering concepts. [1] Data at different resolutions are used
for power quality survey. Power quality study requires data at low resolution by reducing high
resolution data to form a useful form without loss of important detail. Aggregating data from high
resolution to low resolution and time period over which aggregation is done is known as
aggregation interval.
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Aggregating demand data from the consumer end at a certain sampling interval is called
demand interval [12]. Faster aggregation intervals can give more insights and hence can be used
for several power quality surveys. According to IEC61000-4-30, ten minute resolution data can be
used for routine power quality monitoring [12].
Depending on the type of signal to be measured the data aggregation interval is of great
importance. Important details are lost due to RMS averaging if long aggregation interval is used
and on the other hand short interval leads to copious amounts of data that is difficult to assess.
This excessive information may not be meaningful and leads to storage problem if the data is to
be retained [12]. Thus the accuracy of the information obtained at different intervals is analyzed
in this paper. Nine different aggregation intervals are used for the analysis.
In this paper the analysis was done on IEEE 13 Node and 34 Node Test feeder [15] with
real time demand data measured from smart meters. Power quality is an important issue for
distribution network companies. They must guarantee the electricity supply for the customers,
while fulfilling certain quality requirements and in case of voltage transformer with tap changer as
the main tool [4]. Thus, the number of tap changes by the regulator is monitored for a period of
one year at different demand interval rates. In the distribution system operation, if the tap of
transformer and capacitor regulators were frequently changed, these devices would be easily
damaged [3]. This is due to the repeated switching operation of the tap changer which results in
wearing down the metal contacts. It has been observed that failure in the population of power
transformers is mainly due to ageing and the tap changer is the component with highest
contribution of failures [5]. Thus accurate predictions of tap changing operations are necessary to
improve the failure prediction in advance, which if accurately predicted could reduce the
downtime. Furthermore, one of the objectives of the smart grid is to reduce the cost of operations.
2

Reducing distribution level losses could reduce the cost of operation. However, it is vital to
determine actual reduction in losses in the presence of communication and load control.
This work developed a framework to determine the impacts of data aggregation intervals
on distribution system impact forecasting. The number of estimated tap changes and the predicted
power loss are used as two distribution system performance parameters in this work. Nine
different data aggregation intervals are used for this analysis. To increase the value of the
proposed method, one minute demand for a whole year was used to determine the prediction
errors. IEEE 13 node and 34 node test feeders [15] were used with the real time demand data
measured from smart meters. The main focus of this work is to study and model the estimation
error, which could result from communication aggregation intervals in a smart grid scenario.
1 .2

Organization of Thesis
The content of this thesis has been divided into five chapters. Chapter 1 introduces

demand response requirements and related complications in communication infrastructure.
Chapter 2 presents an overview of the research work and a literature review. Chapter 3 provides a
description of the testing procedure. Chapter 4 provides modeling of the system for time-series
analysis and results using the test feeder. The conclusion and possible future work are given in
Chapter 5.
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CHAPTER 2
LITERATURE REVIEW

2 .1

Importance of Aggregation Interval
End use load shape or residential load shape plays an important role in planning efforts of

electrical utilities. It provides detailed time-of-use information and a vehicle for evaluating the
impact of various types of utility demand side programs. End-use forecasting requires
description of the load shape in terms of economic data, customer demographics, dwelling
characteristics (i.e. the characteristics of the equipment which causes the demand, and
weather).The introduction of smart grid created a technological transformation by deployment of
distributed intelligent devices and two way communications. These help electric utilities to
enable greater monitoring and control of their distribution system. A consequence is more data
and data flow over communication network and hence storage and management of data become a
big issue. Data collected from each smart meter is approximately of five bytes. So for feeder
system with 50,000 meters will have 250,000 bytes of information for every meter read every
time [1]. The amount data for different periods of time is shown in Table 1.
TABLE 1
AMOUNT OF DATA AT DIFFERENT TIME INTERVAL
Time Interval

Number of Meters

Data

Amount of Data

1 Day

50K

5 Bytes

24 MB

1 Month

50K

5 Bytes

720 MB

1 Year

50K

5 Bytes

8.76 GB

4

Smart meters alone are not sufficient to measure all the parameters to maintain power
quality standards.Hence distribution system operators are installing power quality monitoring
system (PQMS) based on fixed power quality monitors [8], thus increasing the size of the data to
be analyzed. Due to this instrumentation limitations and memory restrictions, non-standard data
aggregation intervals are used [2].

Figure 1. Principle architecture of the smart distribution grid [8]
Other than power quality monitoring, utilities use aggregation intervals to maintain
customer privacy. From daily energy consumption data, information such as household
occupancy and occupant activities can be derived, hence short intervals can compromise
customer privacy, thus leads to use longer aggregation intervals [9].

5

Figure 2. Hourly energy consumption plots showing occupancy status [9]
2 .2

Voltage Regulation
In a feeder system the voltage drop along the line is calculated as a product of line

impedance and total line current. Figure 3 shows the voltage ranges for primary feeder and
secondary customer service points for a feeder system. Voltage regulation under ANSI C84.1
standard and the unidirectional nature of power flow can be performed using an on-load tap
changing transformer or by using capacitor banks.
Tap changer varies the number of turns in one side of the transformer and thereby, change
the transformer ratio. Normally, this can vary between 10-15% in steps of 0.6-2.1%. There are
several options to design the control of the voltage. One of them is to set a nominal value of the
voltage with a dead band in a point of the line, and to control it with an integral controller [20].
Figure 3 show the working principle of a tap changer incorporated with a line drop compensator
circuit which is used to compensate for the voltage drop between the regulator and the load center.
In order to prevent excessive operation of tap changer, a time delay is used in order to keep the
voltage fluctuation within a desired or predetermined bandwidth [7].

6

Figure 3. Line-Drop Compensator Circuit [21].
In order to introduce reactive power to system capacitor banks can be used and can be
fitted anywhere in the feeder. The line current is reduced if the capacitor is closer to the load
center and hence improves the feeder voltage profile. In order match the supplied reactive power
to the load, capacitor banks can be fixed permanently or switched in order to prevent
overcompensation of reactive power which might lead to increase feeder level voltage [7].
In this study performance of the tap changer is analyzed using tap changing transformer
available in the IEEE test feeders at different aggregation interval.

7

2.3

Voltage Quality Requirement
In order to unify values for the different electrical parameters there are standards to

preserve acceptable voltage quality for customers. EN 50160 is presented which gives the main
voltage parameters and their permissible deviation in public low voltage (LV) and medium
voltage (MV) electricity distribution systems. The technical and economical possibilities needed
for the supplier to maintain public distribution systems are provided in EN 50160 [22]. Since we
are not considering abnormal operating conditions, EN 50160 is best suited. Table 2 shows the
main supply voltage requirements in EN 50160.
TABLE 2
SUPPLY VOLTAGE REQUIREMENTS FOR EN 50160 [22]
Power frequency

LV, MV: mean value of fundamental measured over 10s
±1% (49.5 - 50.5 Hz) for 99.5% of year
-6%/+4% (47- 52 Hz) for 100%

Voltage magnitude
variation

LV, MV: ±10% for 95% of week, mean 10 minutes

Rapid voltage changes

LV: 5% normal

rms values

10% infrequently
Plt ≤ 1 for 95% of week
MV: 4% normal
6% infrequently
Plt ≤ 1 for 95% of week

8

TABLE 2 (continued)
Supply voltage dips

Majority: duration <1s, depth <60%.
Locally limited dips caused by load switching on:
LV: 10 - 50%, MV: 10 - 15%

Short interruptions of
supply voltage

LV, MV: (up to 3 minutes)
few tens - few hundreds/year
Duration 70% of them < 1 s

Long interruption of
supply voltage

LV, MV: (longer than 3 minutes)

Temporary, power
frequency
overvoltages

LV: <1.5 kV rms

<10 - 50/year

MV: 1.7 Uc (solid or impedance earth)
2.0 Uc (unearthed or resonant earth)

Transient over voltages

LV: generally < 6kV,
Occasionally higher; rise time: ms - μs.
MV: not defined

Supply voltage
unbalance

LV, MV: up to 2% for 95% of week, mean
10 minutes rms values, up to 3% in locations

9

CHAPTER 3
ANALYSIS OF SYSTEM AND DATA
3.1

Aggregation and Estimation Error

The prime focus of this work is determining the link between the data and power network
layers. Once the relationship between the power network and data layers are determined then
similar analysis could be done to determine the relationship between the data and cyber network
layers. Once the data is aggregated and the demand is computed for a particular aggregation
interval, this demand data would be used for forecasting the performance of the system. Since the
average demand is used, the spikes and dips within that period are masked as shown in Figure 4.
This masking would create an error in the performance estimation.

Figure 4. Loss of information due to aggregation
The following steps were taken to determine the relationship between data aggregation
interval and forecasting error for tap-change estimation and power loss estimation.
Step 1: One minute demand for each consumer needs to be determined or generated.
10

Step 2: Determine the points of data aggregation. The data aggregation is geographical location
dependent. Typically based on available bandwidth and packet size, optimal consumers within
one aggregation node need to be determined. Furthermore, based on the total number of
consumers, required levels of aggregation needs to be determined. Since focus of this work is
limited to aggregation data interval and power system performance estimation, one level
aggregation with different intervals is sufficient.
Step 3: Run time sequential voltage drop analysis and power flow analysis for the given time
interval
Step 4: Repeat step 3 for multiple time intervals.
Step 5: Determine the difference between the estimated values for both number of tap changes
and power loss for each time interval and the reference time interval. The total prediction error is
computed as

 

   ref
 ref

,

(1)

where is the measurement of the performance parameter (in this work it is either the total
number of tap changes in a given month or total line-loss in a month) for the given aggregation
interval , and refis the same for the reference aggregation interval. For accuracy the reference
time interval will be the smallest time interval.
Step 6: Statistically determine the significance of different contributing factors for the model
development. In this work the following are considered as contributing factors.


Size and type of the distribution system.
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Season or month of the year. This is included to ensure any changes due to month are
incorporated.



Aggregation interval.



Combination of these factors.

Step 7: Once the significant contributing factors are determined a relationship between the
contributing factors and the prediction error will be determined.
3.2

Model Development

In this work IEEE 13 and 34 node test feeders were used [15]. The short and relatively highly
loaded IEEE 13 node test feeder consist of unbalanced spot and distributed loads while one
substation voltage regulator and two shunt capacitor banks regulates the feeder voltage. The very
long IEEE 34-node test feeder consist of two-step-type voltage regulators and capacitor banks to
satisfy the ANSI voltage standards.
Since both these feeders have limited information for time sequential analysis,
appropriate one minute load shape needs to be modeled. Load profiles for this study were
developed using available data [16]. The data were separated into three type of houses i)
Detached ii) Semi-detached iii) Terraced. The proprietary data were statistically analyzed and a
model was developed to extend the number of houses to the required level for IEEE 13 and 34
bus systems. It was determined that lognormal distribution (shown in Figure 5, 6, 7) could be
used to extend the load curve by changing the number of houses. Thus individual mean and
standard deviation of each day of the three type of houses available were generated for a period
of one year and were used to randomly generate more number of houses to create the load shape
for different node of the feeder system.
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Figure 5. Lognormal plot for Detached houses

Figure 6. Lognormal plot for Semi-Detached houses
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Figure 7. Lognormal plot for Terraced houses
It is assumed the system consists of residential customers and commercial load shown
in Figure 8. Nodes with balanced three phase loads were considered as commercial loads. Total
number of homes for each node was calculated using 0.55 coincidence factor [17].

Figure 8. Time-Series Load Profiles (One-Minute Interval).
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CHAPTER 4
MODELING OF ESTIMATION ERROR
4 .1

Tap Changer Modeling
The estimated number of tap changes and total power loss at different demand interval

was monitored and compared with one minute values, which were considered as reference
values. Due to the regulator delay settings one minute demand was considered as the real time
demand. If needed, the same procedure could be repeated with smaller reference demand
intervals. Initially the estimation error in the total number of tap changes for a year is determined
for all the three contributing factors defined in the previous section, assuming all of them
contribute to the prediction error. When more than one input / contributing factor is suspected to
influence a relationship, Design of Experiments (DoE) can be used to determine the significance
of each factor and to develop a predictive equation [18]. This work uses DoE to determine the
significance of each contributing factor towards the prediction error. As the initial step,
prediction errors  for 13 node and 34 node systems were used to determine the influence of
each contributing factor. The following aggregation intervals were used: 1, 5, 15, 20, 30, 40, 45
minutes and 1 hour. Each month of the year is considered as the contribution factor. Half normal
plot for this experiment is given in Figure 9. Factor A is the aggregation interval, factor B is the
month of the year, and factor C is the type of the system (13 bus or 34 bus) .
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Figure 9. Half-normal plot for the combined 13 node & 34 node feeder analysis
Unimportant factors are those close to the indicated fitted line. If a factor is close to the
fitted line, then it has an effect modeled by a normal distribution with near zero mean. The
unimportant factors can be eliminated in the modeling [19]. From Figure 9 it can be seen that the
type of feeder has the most influence on the prediction error and the aggregation interval is the
next most influential factor. Therefore it is determined that each feeder needs its own model for
error prediction. The following two sections describe the tap change and power loss modeling for
13 node and 34 node feeders separately.
4 .1 .1

IEEE 13 Node Feeder
The number of tap changes in the on load tap changer for each day was simulated for a

whole year. Table 1 shows the percentage prediction error with respect to one minute
aggregation interval.
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TABLE 3
PERCENTAGE DIFFERENCE FROM 1MIN
Sample Rate(min)
1
5
10
15
20
30
40
45
60

Average No. of Tap
Changes per Month
1438.3
1126.9
1006.7
959.1
950.6
896.7
858.7
826.4
739.2

% diff from 1min
-21.65
-30.01
-33.32
-33.91
-37.66
-40.30
-42.54
-48.61

This results were analyzed using Design of Experiment (DoE) with two factors at
multilevel. Factor A represents the sample rate (SR) or demand interval and factor B represents
individual month of a year. Figure 10 shows the Half-Normal probability plot.

Figure 10. Half-normal plot for tap change analysis for 13 node feeder
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From Figure 10 it can be inferred that months of a year (factor B) have negligible effect
on number of tap changes whereas the demand interval (factor A) has a significant effect on
number of tap changing. The results can be further analyzed using ANOVA table (Table 4).
TABLE 4
ANOVA TABLE FOR WHOLE YEAR (13 BUS VOLTAGE DROP MODEL)
Sum of

Mean

F

p-value

Source

Squares

df

Square

Value

Prob > F

Model

1.189E+006

9

1.321E+005

17.37

< 0.0001

A-SR

9.998E+005

4

2.499E+005

32.88

< 0.0001

B-Month

1.889E+005

5

37778.43

4.97

0.0041

Residual

1.520E+005

20

7601.58

Cor Total

1.341E+006

29

significant

From the Table 4, since the p-value is less than 0.05, the model is significant. F value
associated with the model is the ratio of the Model MS / Residual MS and shows the relative
contribution of the model variance to the residual variance. A large number indicates more of the
variance being explained by the model; a small number says the variance may be more due to noise.
Hence from Table 4 it can be inferred that both aggregation interval and months of a year
contributed to the model but the demand interval has much larger F value than individual months of
a year. Hence months of a year have negligible effect on the experimented response (i.e. predicted
error in tap change). The following relationship is developed using demand interval only. The
estimation error in tap changes in terms of the demand interval is modeled as
13 N
VD
 10.9ln    2.094

(2)
18

The error in estimation is plotted against the data aggregation interval in Figure 11.

Figure 11. Voltage drop model for the 13 node system
4 .1 .2

IEEE 34 Node Feeder
Similar analysis was performed in IEEE 34 test feeder system. The number of tap

changes in the on load tap changer for each day was monitored for a whole year. Half-normal
plot for the 34 node system is given in Figure. 12.

19

Figure 12. Half-normal plot for tap change analysis for 34 node feeder
TABLE 5
ANOVA TABLE FOR WHOLE YEAR (34 BUS VOLTAGE DROP MODEL)
Sum of

Mean

F

p-value

Source

Squares

df

Square

Value

Prob > F

Model

2.454E+007

9

2.727E+006

187.21

< 0.0001

A-SR

2.417E+007

4

6.042E+006

414.89

< 0.0001

B-Month

3.688E+005

5

73756.21

5.06

0.0037

Residual

2.913E+005

20

14564.01

Cor Total

2.483E+007

29

significant

Both Half-Normal plot and ANOVA table shows months of a year (factor B) has
negligible effect on the response signal. The estimation error in tap changes in terms of the
demand interval is modeled as
34 N
VD
 14.3ln    6.253

20

(3)

The error in estimation is plotted against the data aggregation interval in Fig 13.

Figure 13. Voltage drop model for the 34 node system
4.2

Line Loss Modeling
Similar to voltage drop analysis DoE was used to determine the line-loss predicted error

modeling. Half normal plot for 13 and 34 node systems are given in Figure 14, 15. From Figure
14, 15 and Table 6, 7 it can be inferred that the month of the year has higher contribution to the
model than the aggregation interval when a model is developed for the year.

Figure 14. Half-normal plot for line loss analysis for 13 node feeder
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Figure 15. Half-normal plot for line loss analysis for 34 node feeder
TABLE 6
ANOVA TABLE FOR WHOLE YEAR (13 BUS LINE LOSS MODEL)
Sum of
Source
Model

Mean

Squares df Square
954.23
9 106.03

F

p-value

Value
9.89

Prob > F
< 0.0001

A-DI

139.29

4

34.82

3.25

0.0331

B-Month

814.94

5

162.99

15.20

< 0.0001

Residual
Cor Total

214.47
1168.69

20
29

10.72

significant

TABLE 7
ANOVA TABLE FOR WHOLE YEAR (34 BUS LINE LOSS MODEL)
Sum of
Source

Mean

F

Squares df Square Value

p-value
Prob > F

Model

395.28

9

43.92

11.00

< 0.0001

A-DI

114.52

4

28.63

7.17

0.0009

B-Month

280.76

5

56.15

14.07

< 0.0001

Residual

79.84

20

3.99

Cor Total

475.12

29

22

significant

4 .2 .1

IEEE 13 Node Feeder
Half-normal plot of power-loss prediction error for each season for 13 node system is

shown in Figure 16.

(a) Spring

(b) Summer

(c) Fall

(d) Winter

Figure 16. Half-normal plot for line loss analysis for 13 node feeder for four season
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Based on the half normal plot for the four seasons in Figure 16, the individual month in a
season has negligible effect on the response signal, therefore estimates of power loss error for
demand intervals were developed and shown in the following equations.
13 N
3
2
Spring : PL
, Sp  0.722  10.56  53.77  42.18

(4)

N
3
2
Summer : 13
PL , F  0.063  1.610  20.64  20.50

(5)

13 N
3
2
Fall : PL
, Su   0.302  4.471  8.417  5.287

(6)

N
3
2
Winter : 13
PL ,W  0.453 5.138  24.9  18.58

(7)

The error estimates for the different seasons are plotted in Figure. 17.

Figure 17. Line-loss error estimation for 13 node system for individual seasons
4 .2 .2

IEEE 34 Node Feeder
Half-normal plot of power-loss prediction error for each season for 34 node system is

shown in Figure 18.
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(a) Spring

(b) Summer

(c) Fall

(d) Winter

Figure 18. Half-normal plot for line loss analysis for 34 node feeder for four season
Based on the half normal plot for the four seasons in Figure 17, the individual month in a
season has negligible effect on the response signal, therefore estimations of power loss error for
demand intervals were developed and shown in the following equations.
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34 N
2
Spring : PL
 0.143  0.909
, Sp  0.004

(8)

34 N
2
Summer : PL
, F  0.004  1.120  0.434

(9)

34 N
2
Fall : PL
 0.444  2.083
, Su  0.001

(10)

34 N
2
Winter : PL
,W  0.004  0.198  0.195

(11)

The error is estimation for the different seasons are plotted in Figure 19.

Figure 19. Line-loss error estimation for 34 node system for individual seasons
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CHAPTER 5
CONCLUSIONS AND FUTURE WORK

5 .1

Conclusions
Active consumer participation through the smart grid initiative requires more demand

information from the consumers. Requirement of large data creates additional burden in terms of
larger bandwidth requirement for communication and data storage. One of the solutions to this
problem is aggregating the data at the consumer level and forwarding the aggregated data. This is
further expected to reduce the privacy concerns from residential consumers. However the
aggregated data loses the granule information which is vital for accurate load forecasting and
managing. This work analyzed the impact of data aggregation interval on the error of parameter
prediction. Load tap changer operation estimation and line-loss estimation were used as two
example applications in this work. Designs of Experiments were used in this work to determine
the significance of contributing factors for a particular application or output. This analysis was
performed with different houses generated with different load shapes (using statistical modeling)
for each day for a year in order to simulate the actual feeder behavior. Based on the results, it is
evident that prediction error can’t be generalized for any distribution network, but could be
useful for given distribution network. For each network such a model needs to be developed. The
results for different bus systems shows that change in voltage in the distribution system is less
prone to the individual month, while total power loss of the circuit is prone to individual months
of a year but less prone within months of a season. This work presented the initial bench mark
for quantifying the loss of important detail when a longer aggregation interval is used. The
outcomes could be used for evaluating the impact of a certain aggregation interval on the
distribution system parameters.
27

5. 1.1

Future Work
As a future direction a more general relationship of demand interval for combined

applications should be modeled. An optimal aggregation interval needs to be evaluated to
support active consumer participation.
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