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Introduction (1/3)

« Since the last few years, distributed energy resources
and storage devices are widely installed, which have
made the power flow pattern more complicated;

 Distribution system state estimation (DSSE), which
provides the control centers with the state
Information, plays a significant role in the grid
operation;

* Most distribution networks are unobservabel due to a
limited number of supervisory control and data
acquisation (SCADA) devices are installed,;
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Introduction (2/3)
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Introduction (3/3)

- To make the network artificially observable, pseudo
measurements are used, which decrease the
accuracy of DSSE;

- Smart meters provide interval demand and
generation data, also report voltage data and service
Interruption information of end-users of LV grids;

* Phase allocation information at the LV grid end-user
side is often incomplete or missing.
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Implementation Procedure
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Phase Identification

Obtain voltage profile Obtain voltage profile of

(per phase) . individual house over the
at the transformer side specified time period

over the specified time period

\ 4

Perform cross-correlation between transformer
voltage (per phase) and house voltage profile

\ 4

Choose the phase with the highest cross-
correlation coefficient
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Example (1/2)
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Example (2/2)

Case 1 Case 1

Phase A Phase B Phase C
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Data Aggregation (1/2)

In principle, power at the transformer is equivalent to the
sum of the load consumptions and the power losses of
the circuit, that is,

‘
b _ \n b b
P; = i=1 pt,i + Pt,loss

b _ n b b
th — 4Li=1 qt,i + qt,loss

(1)

b---the index of a transformer
* n---the total number of the households connecting with the transformer
* i---the index of a household
«  PP-—the active power of transformer b at time t
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Data Aggregation (2/2)

Generally, there are three ways to deal with the power
losses:

» Neglected roughly, considering the relatively
smallness comparing with loads of the LV feeder and
computational difficulties;

»Assumed as a percentage of the summed power
?=1p,’§i, according to the transformer efficiency;

» Adopt other methods to evaluate.
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Uncertainty Estimation (1/3)

* There is a hypothesis in Equation (1):
» all households are equipped with smart meter devices;
» all the measurements are perfectly synchronized,;

» each reading of an individual smart meter has intrinsic
uncertainty,

« All contributing uncertainties should be expressed at
the same confidence level, by converting them into
standard uncertainties.
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Uncertainty Estimation (2/3)

« There are two approaches to estimating uncertainties:
‘Type A’ and ‘Type B’ evaluations

 The combined standard uncertainty for the
aggregated data would be found by,

Combined wncertainty = \f P Ap 4+ ele.

- A particular value of coverage factor k gives a
particular confidence level for the expanded
uncertainty.
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Uncertainty Estimation (3/3)

Step 1. Aggregate the smart meter data by phase;
Step 2. Estimate each aspect of uncertainty;
Step 3. Decide the dependency of each uncertainty;

Step 4. Find the combined standard uncertainty from
all the individual aspects;

Step 5. Express the uncertainty in terms of a coverage
factor;

Step 6. Write down the aggregated result and the
uncertainty.
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Test Setup (1/3)

The Zaltbommel MV network is a 10 kV network,
connected to the HV grid at a single primary substation.
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Test Setup (2/3)
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Test Setup (3/3)

» 15-minute average active power are measured at LV side of
the transformer and the beginning of each feeder.

+ 190 single households' load profiles over one week are
obtained from smart meters, in every 15 minute.
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Test Results (1/5)

Actual Situation

Total phase A Total phase B Total phase C

135

122

126

Total buses
383

1 day in Summer

Total phase A | Total phase B | Total phase C | Total buses
141 136 106 383
2 days in summer
Total phase A | Total phase B | Total phase C | Total buses
132 141 110 383
3 days in summer
Total phase A | Total phase B | Total phase C | Total buses
128 147 108 383
4 days in summer
Total phase A | Total phase B | Total phase C | Total buses
128 127 128 383
5 days in summer
Total phase A | Total phase B | Total phase C | Total buses
132 141 110 383
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Test Results (2/5)

Aggregated Data Measurement at Transformer
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Test Results (3/5)

 Measurement devices Esm
» Type B error
» For each smart meter e_ sm : 0.1%-1%

» The aggregated error (independent case)

Esm= \/Z’i"zi(e_smi)z

* Missing data Emd
» Type A error
» 0.1%-5%
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Test Results (4/5)

« Unsynchronization error Eue
» Type A error
» 0.1%-0.6%

* Phase identification error Eid
» Type B error
» 10%-15%

- Power loss error Epl
» Type B error
» 0.5%-2%
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Test Results (5/5)

The combined standard uncertainty for the
aggregated data is:

u=y/ (Esm)2+(Emd)?2 + (Eue)? + (Eid)? + (Epl)2

- Take the coverage factor k=2, which gives a
particular confidence level 95%;

- The aggregated data available for state estimation is
given by,

P? =Y, Pf:’,i"‘u
- The calculated u = (20%~40%)*Y. , p2;, with
I 0 Technische Universiteit
confidence level 95%. TU/e
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Conclusions

« Smart meter data is beneficial to transformer load
modeling and management;

* Aggregated smart meter data can be used for state
estimation of both LV and MV networks;

« The uncertainty of aggregated smart meter data is
lower than the pseudo- measurement which is always
assumed 50%;

- The uncertainty of aggregated smart meter data could
be reduced to some degree, by taking high-quality
device and more precise phase identification method.
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Thanks for your attention!
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State Estimation Introduction

State estimation algonthm 15 commonly based on the
weighted least square method [4] , where the state vanables
(voltage magnitude and phase angle) are determined by the
mimimisation of the square of the error of all measurements.
The basic equation which relates the measurements with the
state variables 15:

z=h{x)+e
Where
= 15 the measurement vector
x 15 the state vanable vector
h 1s the nonlinear power flow equations
¢ 15 the measurement error vector

The state vector x can be estimated using different estimator
techmques [7]:

1- Weighted Least Squares Estimator,
2-  Least Absolute Value Estimator.
3- Reweighted Least Squares Estimator.

Weighted Least Squares Estimator will be used in ths
paper as it gives a consistent performance under Gaussian
assumptions for known noise characteristics [9].

a. WLS estimeator

Weighted least square method deals with mimmisation of
the error e, which is done by minimising the cost function
J(x) as follows :

J(x) = [z = h(x)]"Wlz — h(x)]

Where W is the weighting matnx, which 1s chosen to be the

inverse of the covariance matrix of the measurement error
vector.
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Standard Uncertainty Calculation

7.11 Calculating standard uncertainty for a Type A evaluation

When a set of several repeated readings has been taken (for a Type A estimate of uncertainty),
the mean. ¥ . and estimated standard deviation, 5, can be calculated for the set. From these, the
estimated standard uncertainty, u, of the mean is calculated from:

U=——,
- ®
where 7 was the mumber of measurements in the set. (The standard uncertainty of the mean has
historically also been called the standard deviation of the mean. or the standard emror of the
mean )

7.1.2 Calculating standard uncertainty for a Type B evaluation

Where the information is more scarce (in some Type B estimates). you might only be able fo
estimate the upper and lower limits of uncertainty. You may then have to assume the value is
equally likely to fall anywhere in befween 1e a rectangular or uniform distribution. The
standard uncertainty for a rectangular distnibution 1s found from:

a

NEl 3
where a 1s the semi-range (or half-width) between the upper and lower limts.

Rectangular or uvmform distribufions occur quite commonly, but if you have good reason to
expect some other distribution, then vou should base your calculation on that. For example, yvou
can usually assume that uncertainties “imported” from the calibration certificate for a measuring
mstrument are normally distributed.
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Table 1. Spreadsheet model showing the *uncertainty budget’

Source of uncertamty Value Probability Dhvisor Standard
+ distribution uncertamnty

Calibration uncertainty 5.0 mm Normal 2 2.5 mm

Resolution (size of divisions) 0.5 mm* | Rectangular Y3 0.3 mm

String not lying perfectly straight 10.0 mm* | Rectangular V3 5.8 mm

Standard uncertainty of mean of 10 0.7 mm Normal 1 0.7 mm

repeated readings

Combined standard uncertainty Assumed 6.4 mm
normal

Expanded uncertainty Assumed 128 mm
normal (k= 2)

*Here the (£) half-width divided by 3 is used,
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