SAND2017-6054C

Full-Scale Demonstration of Distribution System Parameter Estimation
to Improve Low-Voltage Circuit Models
Matthew Lave1, Matthew J. Reno1, Robert J. Broderick1, and Jouni Peppanen2
1

Sandia National Laboratories, Albuquerque, NM, 87185, USA
2
EPRI, Knoxville, TN, 37923, USA

Abstract — Accurate distribution secondary low-voltage circuit
models are needed to enhance overall distribution system
operations and planning, including effective monitoring and
coordination of distributed PV located in the secondary circuits.
Accurate secondary models are also needed to fully leverage the
measurement data received from smart meters and distributed
energy resources at the customer premises. This paper presents a
full-scale demonstration of a computational efficient approach for
estimating the secondary circuit topologies from historical voltage
and power measurement data provided by over 1,000 smart
meters on an actual 12.47 kV feeder that is 22 km long.

INTRODUCTION

SECONDARY CIRCUIT PARAMETER ESTIMATION AND
MODEL GENERATION
The overall objective of distribution system secondary circuit
topology and parameter estimation problem (DSPE) is to find
the most likely topology and resistance (𝑅) and reactance (𝑋)
parameters of a secondary circuit (shown in red in Fig. 1) by
leveraging the smart meter and DER measurements (shown in
blue in Fig. 1). The new secondary system models generated
will improve the simulation accuracy.
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To analyze and operate distribution systems with growing
amounts of PV and other distributed energy resources (DER),
more accurate distribution system models are required [1].
Since most DERs are located in secondary (low-voltage)
circuits, it is becoming important to include the secondary
circuits into distribution models. This is particularly important
since the low-voltage secondary circuits have higher per unit
impedances, which result in a large share of the feeder per unit
voltage drop [2]. Well-modelled secondary systems will allow
for high penetrations of PV through such things as improved
hosting capacity analysis and more accurate optimization and
control. However, the vast majority of existing utility feeder
models do not include the secondary circuits at all. When
modeled, they are represented with limited detail.
The on-going extensive roll-out of smart meters and growing
number of PV micro-inverters and other modern distribution
system sensors are rapidly increasing the available
measurement data along the distribution feeders. The Big Data
from advanced metering infrastructure (AMI) and other
emerging sensors has raised the interest in new methods for
distribution system parameter estimation (DSPE) [3]-[6].
In our past work, we have presented methods to estimate
secondary circuit topology and parameters (such as conductor
type and length) when a dense grid of smart meter
measurements is available [2] – [4], but it was only
demonstrated on fairly small test cases. We have also looked
at the case when only a very limited number of PV microinverter or similar measurements are available [5]. This method
was demonstrated on several real distribution feeders, but the
limited data decreased the applicability and impact of the
research. Work was also done for actual AMI data on a real
utility secondary circuit in [6], but only a single service
transformer and secondary circuit were modelled, and the
medium-voltage feeder model was not available.

This paper presents parameter estimation results for a real
U.S. utility distribution feeder with thousands of AMI power
and voltage measurements. This is the first time that parameter
estimation has been implemented at this realistic scale. This
paper details the parameter and topology estimation methods,
describes the test feeder, and presents results of parameter
estimation which are validated based on satellite imagery and
the existing (imperfect) utility secondary model. Future
extensions of this work will implement the found topologies
and parameters into secondary circuit models and quantify the
value of these improved secondary models for distribution grid
operations.
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Fig. 1 Secondary circuit topology and parameter estimation problem

In [2], [3] we have shown a linear regression parameter
estimation (LRPE) method for the case when all secondary
circuit loads and DERs are metered and the secondary circuit
topology is known. Moreover in [2], we have also shown a
method to handle some meters not reporting voltage
measurements. The LRPE method utilizes the well-known
linear approximation of voltage drop (𝑉𝑑𝑟𝑜𝑝 = |𝑉1 | − |𝑉2 |) over
a series impedance 𝑅 + 𝑗𝑋 (on the right in Fig. 2)
𝑉𝑑𝑟𝑜𝑝 = |𝑉1 | − |𝑉2 | ≈ (𝑅𝑃 + 𝑋𝑄)⁄𝑉2 = 𝑅𝐼𝑅 + 𝑋𝐼𝑋 ,

(1)

where 𝑃, 𝑄, 𝐼𝑅 and 𝐼𝑋 are the active power, reactive power, real
current (𝐼𝑅 = 𝐼(𝑃𝐹)), and reactive current (𝐼𝑋 = 𝐼√1 − (𝑃𝐹)2 )
flowing over the branch, respectively. For transformers, all
values must be referred to the same voltage level. In 3-phase
systems, line-line voltages and 3-phase powers are used
whereas in 1-phase systems, line-to-neutral voltages are

utilized. The LRPE method algorithm estimates the secondary
circuit parameters by proceeding from the tree leaf nodes
towards the tree root node. At a given iteration, the algorithm
utilizes (1) to generate linear regression models
𝒚 = 𝓧𝜷 + 𝝐

(2)

to estimate the branch impedances of a circuit subsection
consisting of either two series meters (on the right in Fig. 2) or
M parallel meters (on the left in Fig. 2 for two meters):

shows the measured power consumption from 3 customers on
the same transformer on the feeder for a day during the year.
As is typical for AMI data, the power consumption of a single
house is highly variable with large spikes at times large
appliances are used or when the heating/cooling system is on.
The consumption profiles are uncorrelated, so the overall load
profile on the feeder is fairly smooth.
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Fig. 2 Two meters connected in parallel (left) and in series (right)

For two series meters, the linear regression (2) variables are
𝒚 = 𝑽1 − 𝑽2 , 𝓧 = [𝑰𝑅

𝑰𝑋 ], and 𝜷 = [𝑅

𝑋]T .
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For M parallel meters, the variables are

22.32 km
T

𝜷 = [𝑉0,1 , … , 𝑉0,𝑀 , 𝑅1 , 𝑋1 , … , 𝑅𝑁 , 𝑋𝑁 ] ,

(4)

T

𝒚 = [𝑉1,1 , … , 𝑉1,𝑀 , … , 𝑉𝑁,1 , … , 𝑉𝑁,𝑀 ] ,

(5)
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Fig. 3. Distribution system feeder being studied. The lines are colored
based on their voltage.

(6)

Many utilities do not know the secondary circuit topologies.
In [4], we apply linear regression topology and parameter
estimation (LRTE) algorithm to generate the entire secondary
circuit models, including topology, using only the
measurements. The algorithm processes one secondary circuit
at a time, using the list of all the meters of the secondary circuit.
For each meter pair, the algorithm solves a linear regression
problem for the parallel circuit type (on the left in Fig. 2)
𝑽1 − 𝑽2 = 𝑰𝑅1 𝑅1 + 𝑰𝑋1 𝑋1 + 𝑰𝑅2 𝑅2 + 𝑰𝑋2 𝑋2 + 𝝐

(7)

and a linear regression problem for the series circuit type (on
the right in Fig. 2) to determine the best matching topology.
𝑽1 − 𝑽2 = 𝑰𝑅 𝑅 + 𝑰𝑋 𝑋 + 𝝐.

Fig. 4. One-day time series of power consumption for 3 customers on
the same transformer.

(8)

STUDY FEEDER AND MEASURED DATA
The distribution system being analyzed is shown in Fig. 3. It
is a 12.47 kV feeder that is approximately 22 km long. There
are three sets of line voltage regulators on the feeder, and three
fixed capacitor banks. There are 1010 customers on the feeder
with AMI. For this area, the AMI rollout happened in May
2016, and data was available through October 2016, resulting
in approximately 6 months of AMI data.
The AMI
measurements are recorded every 15-minutes and include
consumed kWh and kvarh, and time-averaged voltage. Fig. 4

Fig. 5. Histogram of peak load measured for each of the 1010
customers on the feeder.

The majority of the loads on the feeder are residential
customers, with peak consumptions for each customer less than
10 kW (Fig. 5), but there are some large commercial/industrial
customers with high yearly peak loads. Finally, the utility
provides net metering for any distributed generation connected
to the distribution system.
PARAMETER AND TOPOLOGY ESTIMATION APPLICATION
A. Transformers with Multiple Customers
For transformers with multiple customers, all possible
customer pairs are evaluated using the parallel model in Eq. (7).
For example, for transformers with 3 customers, all 3 possible
combinations of customers pairs (1 and 2, 2 and 3, 3 and 1) are
evaluated. AMI data for voltage and real and reactive power,
are used to solve for R1, X1, R2, and X2 using (Eqns. (3)-(6)).
We started with the parallel model since the vast majority of
customers are connected in parallel. In some cases, though,
linear regression based on using Eq. (7) resulted in negative R1
or R2 values. In these situations, the linear regression was rerun using the series model in Eq. (8). Assuming a positive series
resistance resulted, the two customers were assumed to be
connected in series.
To understand how well the linear regression fits the data, we
computed the Pearson correlation coefficient (R2) of the fit.
This can be seen visually in Fig. 6, which shows the predicted
V1-V2 using the right side of Eq. (7) with R1, X1, R2, and X2
from linear regression against the measured V1-V2. The same
approach was used for series connections: R1 and X1 were used
in the right side of Eq. (8) and compared to V1-V2 to determine
the R2 value.

By convention, we defined V2 as the higher voltage of the pair
( 𝑚𝑒𝑎𝑛 (𝑉2 ) ≥ 𝑚𝑒𝑎𝑛(𝑉1 ) ). Thus, Eq. (9) ensures that the
voltage at the virtual node is, on average, higher than the
voltage at each of the customers. Real and reactive power
consumption of the virtual nodes were found by summing the
real and reactive power of the two customers. For pairs
connected in series, the virtual node is located at the upstream
customer (i.e., customer 2), the voltage is V2, but the real and
reactive power are the sum of the power from both customers.
As a second iteration, all remaining customers (those not
contributing to the virtual node) were again paired with one
another and with the virtual node. Again, the series or parallel
pair with the highest R2 value was assigned as the actual
topology, and a virtual node was created. This method was
repeated until all customers were paired in the topology.
Fig. 7 shows an example of the result of this topology and
parameter estimation. First, customers 2 and 3 were determined
to be paired in parallel, with resistance values around 0.1Ω.
Virtual node 1 was created out of this pair. Next, customer 1
was found to be paired in series with virtual node 1. The
resistance was found to be about 0.04 Ω, indicating a shorter
length of wire between the virtual node and customer 1 than the
other customers.

Fig. 7. Example topology estimated from AMI measurements, with
calculated R and X parameters shown.

B. Transformers with only One Customer

Fig. 6. Relationship between predicted (using R and X values from
linear regression, as listed in the bottom right) and measured V1-V2.

Once R2 values were computed for all customer pairs, the pair
with the highest R2 value was assigned as the actual topology.
If this pair was found to be connected in parallel, then a new
virtual node, representing the point where these two parallel
lines connect, was created. The voltage at the virtual node was
found by adding the voltage drop to the measured voltage:
𝑽𝑣𝑖𝑟𝑡𝑢𝑎𝑙 𝑛𝑜𝑑𝑒 = 𝑉2 + 𝑰𝑅2 𝑅2 + 𝑰𝑋2 𝑋2 .

(9)

On transformers with a single customer, the method
described in Section IV.A will not work: although we know the
customer must be connected in series, we only have one voltage
measurement (at the one customer), and so cannot solve for R
and X between two voltage measurements using Eqs. (7) or (8).
Instead, we look to find a nearby transformer that also has
voltage measurements. Because of the voltage level, the per
unit resistance on the primary voltage system between two
nearby transformers is much smaller than the per unit resistance
on the low voltage system from transformer to customer. For
example, on a 12kV system, 1 foot of wire has the same per unit
resistance as approximately 1000 feet of wire on the lowvoltage system. Thus, the primary voltage side of nearby
service transformers can be assumed to be very close with little
impact to the estimated resistances, and the customers can be
compared in the same fashion as described in Section IV.A, as
though they are on the same transformer.

This method includes the transformer resistance and
reactance in the parameter estimation. The size of transformers
is generally known, and hence resistance and reactance can be
fairly well estimated. The transformer resistance and reactance
are subtracted out from the estimated parameters to find the
customer resistance and reactance. Including the transformers
in parameter estimation can also be used to validate the
transformer sizes in the utility models.
RESULTS
A. One Transformer with Three Customers
To demonstrate the methodology, we focus on one specific
transformer with three customers. In fact, this is the same
transformer and set of customers shown in Figs. 4 and 7. The
secondary model from the utility is shown in Fig. 8. The
topology found in Fig. 7 – that all customers are connected in
parallel with separate lines to the service transformer – is
consistent with the utility model, demonstrating successful
topology estimation.

Fig. 9 shows the correct location of customer 3 – much further
away from the transformer and consistent with the distance
found based on the estimated resistance. This shows the value
of parameter and topology estimation even when utility
secondary models exist: it can help to identify errors in those
models.
TABLE 1: DISTANCES TO THE TRANSFORMER FROM THE METERS.
Distance to Transformer
Direct based on Based on parameter
latitude/longitude
estimation
Customer 1
58 ft
66 ft
Customer 2
149 ft
165 ft
Customer 3
111 ft
204 ft

Fig. 9. Actual secondary setup based on inspection using Google Street
View.

B. Sensitivity to amount of AMI Data Available

Fig. 8. Anticipated secondary setup based on utility model.

The utility uses almost exclusively #2 wiring for its overhead
secondary lines. Based on the properties of #2, the resistance
will be approximately 0.058Ω per 100ft. Using these numbers
and the resistances shown in Fig. 7, we were able to estimate
the line distances for each customer. Table 1 shows these
estimated line distances from parameter estimation, and
compares them to the direct distance from the transformer to
the customer using the latitude and longitude in the utility
model. For customers 1 and 2, close agreement is found: the
lines go almost directly from transformer to customer, and the
resistances found in parameter estimation are consistent with
this to within a few feet. Variation by a few feet is expected
since the exact location of the customer meter (e.g., which side
of the house) is not known.
The distance found for customer 3 based on the resistance is
not consistent with the distance based on latitude and longitude
in the utility model. Visual inspection of the transformer and
wiring using Google Street View images shows that customer
3 is incorrectly located in the utility’s original secondary model.

The parameter estimation shown in Section V.A. used all
available AMI data from the 6-month period (16,072
timestamps with voltage, power, and reactive power
measurements at each customer). However, in many cases such
as new AMI installations, less frequent data collection intervals,
or significant missing data, less AMI data will be available for
parameter estimation.

Fig. 10. Resistances found using parameter estimation with varied
amounts of input data starting in May 2016 (x-axis).

Fig. 10 shows the sensitivity of parameter estimated
resistance to the amount of data used. The resistances for all
three customers are consistent when 30% (4,822 data points) or
more of the data is used. However, when less than 10% of the
data is used (less than 1,607 data points), resistances are
significantly different from the values with 100% of the data.
Results may vary for other transformers, but suggest that 5,000
data points (roughly 52 days of data collected at 15-minute
intervals) may be sufficient to accurately resolve parameters.
C. All Transformers with Two Customers
To test the parameter estimation performance across several
transformers, we ran the topology estimation for all
transformers with two customers. It is most common for such
transformers to have parallel connections where the line goes
directly from transformer to customer. Fig. 11 show the scatter
plot of distance from found resistances versus distance from
modeled latitude and longitude for all transformers with two
customers that were found to be connected in parallel in
topology estimation. Overall, a positive trend is seen in Fig. 11,
suggesting that the found resistances are accurate. There are
several reasons unrelated to parameter estimation errors which
may cause some points to disagree.

Points above the dashed line may also be explained by not all
connections following a straight line from the transformer to the
customer – some might take indirect paths to follow roads or
connect to existing poles – such that the true distance is longer
than the latitude/longitude modeled distance. Points below the
dashed line may also be explained by situations such as those
shown in Fig. 13. While the customers are connected in parallel,
their lines meet before the transformer. This would cause the
resistance found by parameter estimation to be only the
resistance on the line from the customer to the point where the
two customer lines meet. Thus, the distance found based on the
resistance would be less than the actual distance from customer
to transformer.

Fig. 12. Customer (top left green pushpin) with longest distance to
transformer based on latitude and longitude. The transformer the
customer is connected to indicated in the model is in the top right.
However, there is a much closer transformer to which the customer
may actually be connected.

Fig. 13. Customers (green pushpins) connected in parallel, but the lines
do not meet at the transformer (white pushpin).
Fig. 11. Distance from customer to transformer calculated from
parameter estimation (y-axis) versus distance based on model latitude
and longitude (x-axis) for transformers with two customers where the
connection was found to be in parallel during topology estimation.

The differences are likely due to errors in the utility model
for wire type (not all #2 conductor) or customer location. For
example, the point which falls furthest to the right in Fig. 11
(latitude/longitude distance of 415ft, parameter estimation
distance of 53ft), may be not have the correct transformer
assigned in the model. As seen in Fig. 12, there is a transformer
much closer to the customer (about 100ft away) to which the
customer may actually be connected. Similarly, for the point in
the top left (latitude/longitude distance of 15ft, parameter
estimation distance of 324ft) the customer appears to be much
further form the transformer than the point indicated by the
latitude/longitude.

Fig. 14. Voltage rise for 20A of current injection (max output for
4.8kW PV) using parameter estimation resistance, latitude/longitude
distance-based resistance, and the resistance of a 100ft line.

To better understand the impact of parameter estimation, we
calculated the rise with 20A injected current, which
corresponds to the maximum output of a 4.8kW PV system at
240V. We calculated the voltage rise using parameter estimated
resistance; resistance based on the latitude/longitude distance
assuming #2 triplex taking a straight path; and resistance based
on a line of 100ft of #2 triplex (0.058Ω). Results are shown in
Fig. 14. Voltage rises from parameter estimation varied up to
4V from values using the latitude/longitude in the utility.
Similarly, the 100ft line assumption varied from parameter
estimation by up to 3V. Differences of these magnitudes
(several volts) are significant for managing the voltage of
customers with PV.

Fig. 16. Topology and parameters for the customers shown in Fig. 15.

D. Transformers with Only One Customer
The procedure described in Section IV.B was applied to the
two transformers each with only one customer as shown in Fig.
15. The resulting topology and parameters are displayed in Fig.
16. The virtual node in this case is located on the primary
system, between transformers 1 and 2. This means that the
transformer resistance and reactance are both included in the
parameters found in Fig. 16. For transformers, the resistance is
approximately 0.75% across both winding, and the reactance is
approximately 2%. Thus, transformer resistance and reactance
looking up from the low-voltage side can be estimated as:
𝑅𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟 (𝑝𝑜𝑤𝑒𝑟 𝑟𝑎𝑡𝑖𝑛𝑔) = 240𝑉 2 /𝑝𝑜𝑤𝑒𝑟 𝑟𝑎𝑡𝑖𝑛𝑔 ×0.75%

(10)

𝑋𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟 (𝑝𝑜𝑤𝑒𝑟 𝑟𝑎𝑡𝑖𝑛𝑔) = 240𝑉 2 /𝑝𝑜𝑤𝑒𝑟 𝑟𝑎𝑡𝑖𝑛𝑔 ×2%

(11)

Both transformers are 15kVA, such that 𝑅𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟 ≈
0.029Ω and 𝑋𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟 ≈ 0.077Ω. The customer R and X
values can be found by subtracting out the transformer
resistance and reactance. Fig. 17 illustrates this separation of
transformer and customer. The customer resistances are found
to be 0.059 Ω and 0.056 Ω , corresponding to approximately
100ft distances from transformer to customer, which are
consistent with Fig. 15.

Fig. 17. Adjustment of topology in Fig. 16 to separate transformers
from customers.

CONCLUSIONS
We have demonstrated parameter and topology estimation
algorithms using large AMI data sets. Results were generally
consistent with satellite imagery and the existing utility
secondary model, demonstrating the accuracy of the method.
Some examples of disagreement may indicate parameter
estimation detecting errors such as incorrect customer meter
locations, line routings, or customer-transformers connections
in the existing model. Thus, parameter estimation is valuable
both when no secondary model exists and to help make existing
secondary models more accurate. Future work will more
directly quantify the benefit of improved secondary models to
distribution grid operations, including the ability to install
additional PV systems due to a better understanding of
secondary system voltages.
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