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Abstract—This paper presents the results of a field-informed
demonstration aimed at evaluating the practical suitability of
a topology discovery algorithm for utility environments. We
demonstrated an algorithm that uses a graph-theory-informed
state estimation approach for model selection. In collaboration
with Survalent and Peninsula Light Co., the algorithm was
applied to real feeder models and field measurements from
supervisory control and data acquisition (SCADA) and advanced
metering infrastructure (AMI) systems to identify the operational
topology of a power distribution system. The demonstration
assessed the algorithm’s performance under realistic data condi-
tions, including sparse and noisy measurements, and examined
its ability to identify the most likely network configurations.
The results confirmed that the approach can effectively narrow
down feasible topologies, providing operators with improved
situational awareness of network status. Key lessons learned
emphasize the need for systematic data validation and strategic
sensor placement to enhance observability. These insights inform
future deployment strategies and guide refinements for broader
adoption in utility operations.

Index Terms—Distribution system topology, topology discov-
ery, state estimation, and sensor placement.

I. INTRODUCTION

Advanced distribution management applications such as
model-based state estimation, volt/VAR control, distributed
energy resource management, and outage management rely
heavily on maintaining an accurate grid model in the dis-
tribution system operator’s control center [1]; however, due
to the highly dynamic nature of distribution systems, which
can undergo multiple reconfigurations in a single day [2],
keeping the system topology current remains a significant
challenge. Without an accurate and up-to-date representation
of the network, operators risk making decisions based on out-
dated information, which can potentially compromise system
efficiency, reliability, and resilience [3].

In transmission systems, the topology identification task is
relatively straightforward due to the widespread deployment of
telemetered devices, supervisory control and data acquisition
(SCADA) systems, and phasor measurement units, which
provide rich and high-resolution data for processing topology
changes [4]. Unlike transmission systems, which benefit from
extensive redundancy in their metering infrastructure (with re-
dundancy ratios of 1.7–2.2), distribution networks are sparsely
equipped with real-time measurements. Different categories

for solving the topology identification problem in distribution
grid are proposed that are based on 1) generalized state
estimation (GSE), 2) optimization-based methods, and 3) data-
driven approaches [5]. Such methods have shown promising
results on IEEE test feeders; however, they often rely on unre-
alistic assumptions and fail to capture the practical constraints
and operational challenges of real distribution grids. These
limitations stem from several factors, including reliance on
high-frequency voltage and current measurements from micro-
PMUs, assumptions that only one switching action occurs at a
time, the computational complexity of solving NP-hard mixed-
integer formulations, and the need to enumerate all possible
candidate topologies. Furthermore, changes in grid structure
and function, as well as changes in grid requirements, make
the problem more complex than past approaches could handle.

Building on these challenges, the project team at Pacific
Northwest National Laboratory (PNNL) has advanced previ-
ous research to enhance the practical applicability of topology
discovery methods for real-world distribution systems. In prior
work, the authors developed a graph-theory-informed state-
estimation-based model selection approach [6]. Building upon
this foundation, the team further hardened the algorithm to
ensure robustness and suitability for utility deployment. The
enhanced approach was demonstrated in collaboration with
Peninsula Light Company and Survalent, using real feeder
models and sensor data to validate its performance under
practical operating conditions. This paper presents the method-
ology, demonstration results, and key insights gained from this
utility-focused evaluation.

II. TOPOLOGY DISCOVERY ALGORITHM

The proposed methodology for topology identification is
summarized in Fig. 1. The process is divided into two stages:
a) graph-based candidate-topology enumeration and b) SE-
based model selection (SEMS) on the candidate topologies.
The first stage is carried out in two steps: i) model reduction
and ii) case reduction. A brief overview of these steps is
provided below; detailed formulations can be found in [6].

A. Model Reduction

In the first step of the topology identification process, a
graph is constructed from a given planning model leveraging
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Fig. 1. Topology Discovery Algorithm.

equipment connectivity information. With the switch locations
identified from the planning model, the graph is reduced
such that only the switch edges are preserved. A connectivity
matrix, obtained by summing powers of the adjacency matrix,
is computed for each possible switch combination to identify
the connectivity between the source and each node in the
reduced-order graph. This information is stored for later use
in the case reduction step.

B. Case Reduction

With node connectivity to the source established for each
switch combination, measurements can be used to discard
switch combinations. When a sensor or group of sensors
within one node of the reduced-order network graph indicates
that the node is energized, switch combinations without con-
nectivity between the source and the node in question can
be removed from consideration. Note that no assumptions are
made regarding radial connectivity. Once the measurements
from different sensors are obtained, case reduction is executed
in parallel, invalid switch combinations are discarded, and the
candidate topologies (Ω) are passed into model selection.

C. Model Selection

Once candidate topologies are identified, system states are
calculated based on the given measurements and the network
model. The objective function (or fitness function) denoted
by O is calculated for each candidate topology, where the
objective function is defined as the difference between the
measurements and the system state. Mathematically,

Ow =
∑
i∈B

αi

(
hi(S)− zi

)2
+

∑
j∈Vc

γj
(
hj(v)− zj

)2
, ∀ω ∈ Ω (1)

where B is the set of sensors measuring line flow; Vc is the set
of sensors recording node voltages; S represents the line flow;
and v represents nodal voltage. Since these measurements
have different errors associated with them, corresponding
weights (αi, γj) are applied to bias the objective toward a
specific measurement. First, a topology is extracted from
the candidate topology list (Ω) using the original planning
model. A system admittance matrix for the candidate topology
is then constructed, leveraging the switching combinations
corresponding to this topology. State estimation is solved
for the candidate topology to determine the system states.
The objective function calculates the sum of squared errors
between system measurements and their respective variables

as shown in (1). The candidate topologies are ranked according
to their optimal objective value, and the one with the lowest
objective value is identified as the optimal topology.

D. Metrics

The effectiveness of the proposed approach is thoroughly
tested for different sets of unknown switches and varying
sensor configurations. The metrics defined are capable of
providing a measure of how far, on average, the identified
topology is from the accurate topology if it is mis-detected.

1) Missed Switch Detection Ratio: Note that an incorrect
estimation of one or more switches renders the given topology
incorrectly identified. Thus, we define a metric, the missed
switch detection ratio (MSDR), which quantifies the algo-
rithm’s performance in correctly estimating switch statuses,
as shown in (2).

MSDR =
SC

S ×M
(2)

SC is the number of switches identified incorrectly, S is the
total number of switches, and M is the total number of trials.

2) Average Percentile Ranking: For a given topology, a
percentile ranking (PRi) of the accurate topology is cal-
culated using the objective value at each trial. If O =
{O1, O2, ..., ON} is the set of objective values of possible
N topologies, the percentile rank of the correct topology with
objective value Oi is given by:

PRi =

(
1− L

N

)
× 100 (3)

where L is the number of values in O that is lower than
Oi and N is the total number of possible topologies. Once
PRi is obtained for each trial, an average percentile ranking
is calculated using:

APR =

∑M
i=1 PRi

M
(4)

3) Absolute Objective Difference: During a topology mis-
detection, a model with the smallest objective function value
is not the correct topology. In such a case, there is a difference
between the objective value of a correct topology and the
topology with the least objective value. This metric quantifies
the absolute difference between the residuals of the actual
topology and the identified topology. Mathematically, AOD
is given as,

AOD = |Min(O)−Oi| (5)

where Oi is the objective value of the correct topology.

III. MODELING AND DATA INTEGRATION

The proposed workflow for modeling and data integration
is illustrated in Fig. 2. The process began with extracting
the distribution network model from Geographic Information
System (GIS) data. The distribution network model used in this
study was originally maintained in a proprietary format within
a commercial distribution system simulation tool. This tool
offers an export feature for OpenDSS, enabling the conversion
of the network model into a set of DSS files.
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Fig. 2. Modeling and meter data integration.

A. Topology and Parameter Validation

This function thoroughly checks topology, base voltages,
and component parameters to ensure the operational accu-
racy of the network representation. Topology validation in-
volves detecting issues such as isolated components, phase
inconsistencies, or disconnected buses. When missing con-
nectivity is found, utility partners are consulted to update
the model and ensure a complete network representation.
Nominal voltage validation focuses on confirming that the
primary and secondary voltages of transformers, as well as
the nominal voltages assigned to other components—such as
capacitors, loads, distributed energy resources, and voltage
regulators—are correctly specified. Special attention is given
to the control modes of regulators to ensure consistency
with field operation. Component parameter validation includes
verifying that critical physical and electrical parameters are
reasonable and correctly assigned. This includes verifying
that line impedance parameters, such as insulation values and
geometric mean radius, transformer reactance values, and line
lengths, are non-negative and non-zero where applicable, and
that their units are consistent and accurate.

B. Meter Data Integration

SCADA data is used to drive the simulation for SCADA-
connected loads or DERs, source voltage, and tap positions.
The SCADA measurements are mapped to the corresponding
equipment in the network model.

Similarly, AMI integration begins with the collection of
time-series data from individual customer meters. Although
this AMI data may not be available in real time, it can typically
be exported in a structured format, such as a CSV file. To as-
sociate this meter data with the physical distribution network,
PenLight meter GIS information is leveraged. This allows us
to map each asset ID (meter ID) to its corresponding service
transformer, enabling us to determine which transformer each
customer meter is connected to. As multiple meters can be
associated with a single service transformer, each meter is
linked to a specific triplex node within the network model.
This creates a direct connection between meter readings and
precise locations in the network topology.

Fig. 3. Representative single line diagram of feeder with sensor location.

IV. DEMONSTRATION

A. Simulation Setup

Fig. 3 presents a one-line diagram that closely represents
the feeder topology, including switching devices and sensor
locations. While the number of switching devices and sensors
is not exact, their placement and density are shown to approx-
imately reflect those in the utility’s model. In this work, we
employed a deterministic estimation approach, where a load
flow analysis is conducted to evaluate the theoretical values
of line flows and node voltages that are consistent with the
observed measurements. For the simulation purpose, a set of
20 different unknown switches was identified.

The AMI meter readings and SCADA measurements were
aligned by selecting a timestamp at which most AMI data
were available. Since AMI readings were recorded at 1-minute
intervals, any missing values were filled by averaging the
readings immediately before and after the target timestamp.
For this demonstration, the timestamp 2025-06-25 17:30 was
chosen, where SCADA data were available and approximately
95% of AMI readings were present. For the remaining 5%,
interpolation using adjacent timestamps was applied to create
a complete AMI dataset. If the operator intends to run this
algorithm in real-time, forecasting will be necessary, as AMI
data may not be available instantly. Alternatively, the operator
can select a time window of a few minutes to an hour earlier,
assuming the topology has not changed during that period,
when the last AMI data was available. This approach allows
the use of actual AMI data without relying on forecasting.

B. Simulation Results

In this section, we discuss the simulation results from two
different studies. First, we identify the system’s topology based
on the measurements collected from SCADA at the chosen
timestamp. Next, we create a hypothetical sensor configuration
to quantify the tool’s performance and compare it to the base
sensor configuration.

1) Base Case: In this case, we assumed that around 20
switches had unknown statuses, representing those for which
the operator might be uncertain about their actual state.
With the given sensor configuration (telemetered reclosers in
PenLight feeders and AMI readings), we were able to deduce
seven switches from the list of unknown. This brings the total
number of unknowns to 13. Now, out of 8,192 switching
combinations, the case reduction stage provided only 256 valid
combinations, as shown in Table I. The objective function
value was computed for these 256 candidate topologies.
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TABLE I
ALGORITHM CHARACTERISTICS FOR BASE CASE

Parameters Value
Total Unknown Switches 20

Switches Deduced 7
Remaining Unknown Switches 20− 7 = 13

Total Combinations 213 = 8192
Total Valid Combinations 256
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Fig. 4. Objective function plot for the base case.

Figure 4 shows the plot for the objective functions for
all 256 valid combinations. The minimum objective function
was observed for 39th index, and that switching configuration
represents the most likely topology. It is also observed that the
objective function values for different candidate topologies are
close to each other. This means that the identified topology
may not always accurately represent the actual topology, as
measurements are prone to errors. Since these measurements
were obtained for a particular time, it was not practical to
validate this output with the actual topology in the field, as
the system’s topology is not known or recorded for that time.

To test a known scenario, we created an operational topol-
ogy in OpenDSS and generated noisy measurements using
the base sensor configuration. With this, we would be able
to compare the identified topology with the actual topology.
Figure 5 shows such a case, where the identified topology and
actual topology were different. As noted earlier, when mea-
surements cannot clearly differentiate between topologies, in-
correct identification may occur. Because errors are inherent in
measurements and some topologies are very similar—meaning
sensor readings are minimally affected by different switching
configurations—misdetections are likely to occur. This high-
lights the importance of optimal sensor placement to enhance
the accuracy of the topology discovery tool. The minimum
number of measurements required to guarantee topological
identifiability (assuming error-free measurements) is based on
a spanning tree and a fundamental cycle [7]. The condition
specifies that the measurement set must be chosen such that
every possible spanning tree of the network differs from the
others by at least one flow measurement, ensuring that each
tree can be uniquely identified. Consequently, this implies
that at least one flow measurement is needed along each
fundamental cycle [3].

2) Updated Sensor Configuration: In this section, we
present simulation results for the updated sensor placement, as
shown in Fig. 3 (right). We placed sensors in various locations
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Fig. 5. Objective function value plot, where identified and actual topologies
are different.
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Fig. 6. Switching combination analyses for different cases.

to ensure that the configuration of candidate topologies would
affect the sensor readings. It should be noted that we did not
use an optimal sensor placement approach; instead, we applied
a heuristic method to position sensors so that changes in
topology would affect their readings. Flow readings were ex-
tracted from these sensor locations to create input for the tool,
like in the previous case. Different cases were created, where
each case represents a different set of unknown switches. The
number of unknown switches is fixed to 20. Figure 6 shows
the plot for different cases where the performance of the first
stage of the algorithm is highlighted. In each case, the solid
blue curve represents the number of unknown switches that
were deduced during the first stage, while the solid red curve
indicates the number of valid switch configurations retained for
further analysis. For example, in Case 3, 8 unknown switches
were deduced, and 12 unknown switches were considered
for generating candidate topologies. Out of the 4,096 total
possible combinations (illustrated by the dashed red curve),
only 176 valid combinations were retained for the computation
of objective functions (see solid red curve).

Fig. 7 shows the objective functions plot for all 176 valid
combinations for case 3. It is observed that the identified topol-
ogy and the actual topology were the same, thus indicating that
the topology was accurately discovered.

On the other hand, it was observed that the identified
topology and actual topology were different for case 6, as
shown in Fig. 8. This indicates that some switches were
identified incorrectly when compared to the actual topology.
To investigate the cause of these discrepancies, a root cause
analysis was performed. For the incorrectly identified switch,
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Fig. 7. Objective functions plot for case 3 in Fig. 6.
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Fig. 8. Objective functions plot for case 6 in Fig. 6.

the observed flow was zero since no loads were connected
downstream. As a result, the objective function was largely
unaffected by whether the switch was open or closed. Con-
sequently, the algorithm classified the switch as open, even
though it was closed in the actual topology.

C. Performance Analysis

The three metrics described earlier were evaluated for
different sensor configurations, as shown in Table II. The
purpose of these metrics is to assess the performance of the
topology discovery tool, particularly in scenarios where the
correct topology is not explicitly identified. Even when the
accurate topology is not determined, this performance analysis
allows operators to examine the set of most likely topologies
and understand the operational differences between the actual
topology and these identified candidates.

For instance, the percentile ranking metric quantifies how
many topologies exhibit an objective function value smaller
than that of the actual topology. This statistical insight helps
operators narrow down the list of most plausible topologies.
Similarly, the MSDR metric represents the proportion of
switches that were incorrectly identified. Finally, a lower AOD
metric indicates that the identified topology is closely aligned
with the actual topology in terms of objective function values.
This similarity suggests that the identified topology has com-
parable operational characteristics to the actual topology and
does not significantly affect grid states. As observed in Table
II, the metrics improve with the updated sensor configuration.
This improvement occurs because, in this case, the sensors
are strategically positioned to ensure that the objective values
of different candidate topologies differ more significantly.
In the default configuration, the sensor locations were un-
able to distinguish among candidate topologies because their

TABLE II
PERFORMANCE COMPARISON FOR DEFAULT AND UPDATED SENSOR

CONFIGURATIONS.

Metrics Default Sensor Config. Updated Sensor Config.
Percentile Ranking 61.41 10.21

MSDR 0.26 0.12
AOD 0.000298 3.27e−7

readings showed minimal variation across configurations, and
measurement errors further masked those small differences.
In contrast, with the optimized sensor placement, the sensor
readings vary with changes in topology, enabling the algorithm
to more effectively identify the correct operational state and
thus improve the overall performance metrics.

V. CONCLUSIONS

This paper presented a demonstration of a topology dis-
covery algorithm developed and tested in collaboration with
Survalent and Peninsula Light Company using real feeder
models and sensor data. The results demonstrated the po-
tential of advanced topology discovery tools to improve
situational awareness in distribution system operations. The
study underscored that sensor placement plays a pivotal role
in determining algorithmic accuracy. However, many sensors
currently installed in distribution systems - such as reclosers -
are primarily deployed for protection or operational purposes
and may not always provide the measurements required for
accurate topology discovery.

To address this gap, the work emphasized the importance of
conducting sensitivity analyses to guide cost-effective sensor
deployment strategies that support multiple operational ob-
jectives while maintaining system observability. While chal-
lenges remain in handling sparse or imperfect field data, the
demonstration provides a foundation for incremental advance-
ments and field implementation. Ultimately, the work lays the
groundwork for incorporating topology discovery capabilities
into commercial platforms, enhancing grid reliability, visibil-
ity, and operational efficiency.
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