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Executive Summary of CRADA Work

This project, conducted by Pacific Northwest National Laboratory (PNNL), in collaboration with
Survalent and Peninsula Light Company (PenLight), focused on evaluating topology discovery
algorithms for their suitability in utility deployment. The partnership was instrumental in providing
real-world feeder models and operational data from PenLight, as well as Advanced Distribution
Management System (ADMS) software and valuable technical input from Survalent, ensuring
that the research addressed the practical needs of distribution utilities. Using Milsoft-exported
planning distribution system models deployed in OpenDSS format, along with advanced
metering infrastructure (AMI) and SCADA data received from the Survalent ADMS, the team
developed, validated, and tested a workflow that integrates utility-provided models with
measurement data to support accurate topology identification.

The project demonstrated a field-oriented approach by configuring and validating network
models, integrating AMI and ADMS data, and conducting extensive simulations to evaluate tool
performance under actual real-world conditions. Results showed that optimized sensor
placement significantly improves accuracy and robustness of topology discovery, reducing
misdetection and enhancing operational awareness. Final observations highlight both the
potential and limitations of current algorithms, particularly under sparse measurement
scenarios. The report concludes with recommendations for utilities to pursue incremental
deployment of advanced sensors, prioritize data validation processes, and integrate topology
discovery tools into operations platforms to improve situational awareness.

The report is structured as follows:

Chapter 1.0 introduces the topology identification problem and discusses the motivation behind
this work. A brief background of the existing approaches, along with their limitations, is also
given. Chapter 2.0 presents the formulation and details the developmental process of the
proposed measurement-based topology identification algorithm. The algorithm was developed
at PNNL, as part of the research on distribution model selection-based state estimation. Chapter
3.0 and 4.0 discuss the implementation, validation, and demonstration of the topology
identification algorithm. This work was performed as part of a Cooperative Research and
Development Agreement (CRADA) agreement between PNNL and Survalent, with the
overarching objective of demonstrating the topology discovery algorithm in a field test
environment.

Key Insights
Some key insights from the report are summarized below.

e This work offers actionable insights for integrating utility datasets and workflows into open-
source simulators and optimization frameworks to enhance grid reliability and visibility.

e The results in the report highlight that sensor placement is critical to algorithmic accuracy.
Many existing sensors in the distribution systems that are deployed for protection or
operational purposes may not always provide the data that is needed for topology
discovery.

e A cost-effective sensor deployment strategy that supports multiple objectives is important
to ensure system observability.

Executive Summary of CRADA Work iii
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1.0 Introduction to Topology Identification

Advanced distribution management applications such as model-based state estimation,
volt/VAR control, distributed energy resource management, outage management are highly
contingent on maintaining an accurate grid model in the control center of the distribution system
operator (Zamani and Nielsen 2020). The challenge of updating the system topology is
complicated by the highly dynamic nature of electric distribution systems, which typically can
undergo several reconfigurations in a single day (Li et al. 2018). These reconfigurations are
driven by multiple operational objectives, including power equipment maintenance and service
activities, restoring service after faults, minimizing technical losses, balancing feeder loading,
etc.

Unlike static planning models, the as-operated distribution network often differs from its
designed (as-built) configuration due to frequent switching operations, both automatic and
manual. As a result, maintaining an accurate and up-to-date representation of the network
topology is essential. Without it, system operators risk making operational decisions based on
outdated or incorrect models, which can compromise operational safety, reliability, resiliency,
and efficiency of the distribution grid. As such, the need to identify time-varying operational
topology is a central motivation for this work, which proposes a graph-theoretic approach to
model selection.

1.1 Challenges for Distribution System Model Discovery

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 (Srivastava et al. 2022). Unlike transmission systems,
which benefit from extensive redundancy in their metering infrastructure (redundancy ratios of
1.7-2.2), distribution networks are sparsely equipped with real measurements. Distribution
networks employ a wide variety of switching devices—such as circuit breakers, disconnector
switches, load-break switches, tie switches, sectionalizing switches, fuses, and reclosers—to
enable circuit reconfiguration and isolation. Due to uneven levels of automation and
communication infrastructure, many of these switching devices cannot transfer their
open/closed status in real time to the Distribution Management System (Dalavi et al. 2024).

1.2 Distribution Operations Platform

Figure 1 illustrates the flow of information and control between the grid, devices, and the
distribution operations platform, with a particular focus on topology discovery. Sensor and meter
data are collected from the grid as a function of ongoing operations and capture the effects of
any actions taken by controllable devices. These measurements serve as a critical input to the
model enhancement process, where topology discovery—conducted in collaboration with
Survalent and PenLight—ensures that the system representation reflects the as-operated
network rather than just the planned configuration. The enhanced model is then maintained
within the distribution operations platform and supports applications that rely on an accurate,
up-to-date understanding of the system for monitoring, situational awareness, and control.

Introduction to Topology Identification 1
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Grid
Topology Discovery
with
Survalent & PenLight
Controllable Sensors & Model
Devices Meters Enhancement

Figure 1. Distribution operations and topology discovery.

1.3 Approaches for Topology Identification

Theoretically, topological identification is a nondeterministic polynomial time (NP)-hard
combinatorial problem that involves searching for a feasible tree within a graph that aligns with
the measurement data. NP-hard problems that include discrete and continuous measurements
are not tractable for emerging power distribution systems with many switches and possible
operating topologies.

Different categories for solving the topology identification problem are based on 1) generalized
state estimation (GSE), 2) optimization-based methods, and 3) data-driven approaches. While
approaches to GSE allow for topology and error identification while simultaneously computing
the distribution grid state, there are limitations to these approaches; some rely on forecasted or
pseudo-measurements to work correctly (Korres and Manousakis 2012), and some algorithms
must solve the GSE for each possible switch topology. A few approaches leverage mixed-
integer-based optimization to solve the topology identification problem (Tian et al. 2016;
Gandluru et al. 2020); however, mixed-integer problems are NP-hard and computationally
complex (Kannan and Monma 1978). Data-driven methods based on regression, expected-
maximization, and unsupervised machine learning are used to infer the topology of the grid.
While data-driven approaches for GSE are promising, they pose a few implementation
challenges. First, they rely on voltage and current measurements at high frequencies from micro
phasor measurement units or power flow meters at unrealistic deployment levels. Second, most
of these methods estimate topology within data windows, with window lengths on the scale of
days or much longer. Similarly, some algorithms assume only one switch change at a time, thus
restricting the applicability for a real-world distribution system. While many methods have been
proposed to solve this problem, none have found practical use in the electric utility industry.
Furthermore, changes in grid structure and function, as well as changes in grid requirements,
make the problem more complex than past approaches could handle. Therefore, there is a need
for an algorithm that can detect topology by accounting for practical constraints in the
distribution grid. To this end, the project team at Pacific Northwest National Laboratory (PNNL)
hardened existing approaches to ensure the effective evaluation of algorithms for their suitability
in utility deployment.

A two-stage approach for topology identification of power distribution systems is demonstrated
in this work. A graph-theory analysis is implemented in the first stage to reduce the sample
space of the given combinatorial problem. The system connectivity matrix and system
measurements identify a set of candidate topologies. The second stage solves an estimation
problem to infer the grid state of the candidate topologies. The model with the least objective
value (absolute difference between measurements and grid state) overall is selected as the
identified topology for the given set of measurements. Unlike mixed-integer-based formulations,

Introduction to Topology Identification 2
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we adopt a graph-theoretic approach to shrink the sample space of possible switch

combinations, thus avoiding an exhaustive search among all possible topologies. For solving
the model selection problem, we leverage sparse measurements from the lines and buses
where the distribution network is typically instrumented, such as reclosers. Furthermore, the
algorithm implemented in this work is not restricted to the degree of topology change as
determined by the number of switch statuses that have changed from the last known topology.

Introduction to Topology Identification 3
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2.0 Topology Identification Algorithm — Formulation and
Development

The proposed methodology for topology identification is summarized in Figure 2 and is based
on the prior work done at PNNL (Poudel et al. 2024). PNNL conducted research on the
applicability of graph-theoretical approaches for topology identification. The measurement-
based topology identification algorithm leverages measurements from the distribution network to
infer the current operational topology from a given planning model. The planning model of a
distribution grid consists of power delivery elements such as lines, transformers, normally
closed sectionalizing switches, and normally open tie switches. These components together
form a cyclic graph that can be operated in numerous topologies by opening and closing
switches within the planning model. Thus, theoretically, it is a combinatorial problem that
searches for a feasible tree or sub-trees with a graph that satisfies given measurements. In this
work, the topological identification problem is based on two types of measurements: 1) sensor
measurements (line flows and/or nodal voltages) and 2) pseudo-measurements in the form of
measured or otherwise forecasted nodal injections at all buses.

=1, E =(1
3 29 250 sw- | M350 G="¢& Ge=(%, &)
o L — 1 qgo 12 13 114
28 151 300
8 49 109 07 52 67
5 48 7
Q ) 5 108 104 § ——— >
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- 105 10; a3 . 150 149 .
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. 66 101 o 35 197 Matrices
40 197® o Y
, 39 62 R
Su 38 SWs 7Q
= 35
18 135
oot Aw= 1]
®
° 59 ‘}—o ‘oo
2 8 —e .‘o—o *
9
2 10 S 15; ¢
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(= location Redulction
149 1 34§
150 12 17, Candidate
1 topologies
sl 5 ¢
4 & ) Measurements
Switches 2 Topology Identification
® 06 Voltage and ® Injections (load) —{FClosed forecasted loads stot Vodel o
flow sensors —{__T Open _— ate odel

Estimation Selection

Figure 2. Proposed graph-theoretic approach to state estimation-based model selection.
Different steps in implementing this approach are highlighted within the green box.

2.1 Methodology

The process is divided into two stages: 1) graph-based candidate topology enumeration and

2) state estimation (SE)-based model selection (SEMS) on the candidate topologies. The first
stage is carried out in two steps: a) model reduction and b) case reduction. The model reduction
step is done offline using a static planning model of the distribution network. The case reduction
step and SEMS stage are implemented in real time using graph-theory analysis and
optimization, respectively. Note that these processes could be started in parallel to improve
performance.

Reducing candidate topologies before invoking the model selection stage can greatly improve
the computational efficiency of the topology identification process. Since there are several
possible switching combinations for a traditional SE to calculate a prediction from, it is also more
likely that an inaccurate topology prediction would occur over the increased sample space

Topology Identification Algorithm — Formulation and Development 4



PNNL-38910
compared to the reduced sample space. To this end, the proposed graph-theoretic approach
can improve accuracy and computational performance.

211 Model Reduction and Case Reduction

A distribution planning model comprises multiple feeders and can be operated in numerous
operational topologies by choosing different switch combinations, as shown in Figure 2. The
planning model is represented by an undirected graph ¢ = V, E; the set V, with cardinality

|V| = n representing buses, and the set E, with cardinality |E| = m representing edges
associated with the electrical lines, transformers, and switching devices. For the topology
identification problem, it is the position (ON/OFF) of switching devices that needs to be
discovered. In this work, we implement a graph-theory-based approach for case reduction to
eliminate several topologies before invoking the SE algorithm. To implement the case reduction
technique, only switch-level information is required; thus, the graph-minor technique is
implemented to consolidate all non-switch edges (Figure 3).

Algorithm 1 Model reduction using graph minor
Given: G = (V, &), &
F «+ TRUE

while F do
F + FALSE

for e in € do
try

if e ¢ £ then

\\ G Contracted_edge(g, e)
F + TRUE

catch Continue

Ojltput: gc = (V(_‘! g()

Figure 3. Algorithm 1 for model reduction using graph minor.

Given a graph G and a set of switches E;, the graph minor algorithm (Demaine et al. 2005) will
contract all the edges except the ones with switches, preserving the number of collapsed nodes
as weights of the remaining nodes. An edge contraction is an operation that removes an edge
from a graph while simultaneously merging the two vertices it connects. Model reduction using

graph minor is accomplished using Algorithm 1 as implemented by Python’s “networkx” package
(Hagberg et al. 2008).

The reduced model preserves the information necessary for the case reduction procedure.
Figure 2 shows how the original IEEE 123-bus feeder is reduced into a 7-bus, 7-edge system,
where the size of the bus is proportional to the number of contracted edges around it. For
example, the edge connecting buses 149 and 1 is not a switch, so it collapsed into bus 149. The
output is a new graph object G, with endpoints of non-switchable edges (e ¢ E;) identified in a
single node.

There are 2™s possible combinations of switches for a distribution grid with ng switches. This
sample space is too large to efficiently identify the correct topology through enumeration. In this
work, we implement a graph-theory-based case reduction technique to avoid massive
enumeration.

LetM = {ml,mz,mg...,m“m} represent the set of possible switch combinations with cardinality
M = 2"s. For each switch combination, a connectivity matrix (4,,,) is computed and stored by

Topology Identification Algorithm — Formulation and Development 5
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summing powers of the adjacency matrix between one and the length of the longest path in G..
In the worst case, when there exists a path that takes every intermediate node, the longest path
in the network equals V. — 1. The connectivity matrix for each switching combination is
computed using Equation (1) and stored in a set A as shown in Equation (2).

A, = Ay + AL + AL+, AL, VM EM (1)

wherer = |v| -1

A= {Amy Amy Amys 0 Ay} (2)
Even though calculating the connectivity matrix for each possible topology is a computationally
complex process, it does not impact the algorithm’s real-time performance because it is
performed during pre-processing. An example of a connectivity matrix is shown in Figure 4. Two
switch combinations, T-1 and T-2, representing two topologies, are selected for a given network.
The topology T-1 is a connected network, and, hence, every entry of 4,,. is non-zero. In
contrast, in the topology T-2, the source node is only connected to node “1,” and the rest of the
network is disconnected, thus giving several zero entries in the A,

s 1 2 3 45 6 s 1 2 3 45 6

s|jo 1. 00000 S [XX XX XX XX XX XX XX

1 010010 1lxx XX XX XX XX XX XX

210 1. 0 0000 2 [xx xx XX XX XX XX XX

ﬂ1'= 3]0 0 0 0100 Api = 3|xX XX XX XX XX XX XX

T-1 ™ alo oo 1010 4100 XX XX XX XX XX XX
510100101 500 XX XX XX XX XX XX

60 0 0 0 010 B[XX XX XX XX XX XX XX

s 1 2 3 45 6 1 2 3 45 6

s{0 1 0 0 0O O s|xx xx 0 0 0 0 O

111 o o 0o 00O llxx xx 0 0 0 0 0O

ﬁi—z 0001000 A 7:2 0 0 XX XX XX XX XX

T2 MT3l0 00 1 0 10 0] ™7 3/0 0 xx xx Xx XX xx
40 0 0 1 01 0O 40 0 xx XX XX XX XX

o—<é 50 0 0o o101 5|0 0 xx XX XX XX XX
6|0 0 0 0 01 0 60 0 xx xx XX XX XX

Figure 4. Connectivity matrix representation for two different switch combinations. Note that
“xx” represents a non-zero entry in the connectivity matrix showing a possible path
from the source node (“s”) to a particular node. The zero value in A, represents a

disconnected network.

We first identify and lock the status of switches whose open position would isolate a
measurement location. This step is justified because if a sensor on a line or node reports a
measurement, there must be a continuous path to that sensor from the source. Accordingly, the
nearest switch must remain closed whenever it serves as the only possible connection to that
sensor. For example, in Figure 5, if the sensor recorded a measurement, then it is confirmed
that switch s; should be in CLOSED position. Therefore, this switch can be removed from the
set of unknown switches.

Topology Identification Algorithm — Formulation and Development 6
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Figure 5 Sample distribution circuit to illustrate switches statuses

Similarly, the sensor status (energized or de-energized) is used to disregard several switch
combinations that are invalid. For example, in Figure 5, if the sensor recorded a measurement,
then it is confirmed that either of switch s; or s, must be closed. In other words, any switch
combination that has s; and s, as OPEN is an invalid combination for this example. A proper
mathematical approach to handle this is explained next.

Each connectivity matrix (a € A) is passed through a processor that checks if a path exists from
a source node to an energized sensor. Suppose S represents a set of sensors reporting
measurements (i.e., energized). For a given energized sensor (s), the corresponding entry of a
connectivity matrix is checked for a valid path a[s]. If no path exists from the source node to one
of the sensor locations contained in S, then that combination is not included in the candidate
topology list (). If a connectivity matrix has non-zero entries corresponding to all energized
sensors S, the switch combination represented by the connectivity matrix is included in the
candidate topology list. The overall procedure is summarized in Algorithm 2 (Figure 6). The final
output of this step is a set of candidate topologies Q to be fed into model selection step.

Algorithm 2 Case reduction using graph theory
Given: G. = (V.,&.), S, M, A
Q]
for k «+ 1 to | M| do
F 1
a + Alk]
for s in S do
// find the entry in the connectivity matrix
path+— a[s]
if path = 0 then
/I if no path exists from source to s, the given
switch combination, M k] is not valid
F <0
break

if 7 = I then
// k' switch combination in M is a candidate for SE
Q2+ [Q, MK]

O_utput: Q

Figure 6. Algorithm 2 for case reduction using graph theory.

Topology Identification Algorithm — Formulation and Development 7
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21.2 Model Selection

Once candidate topologies are identified, system states are calculated based on given
measurements and network model. The objective function (or fithess function) denoted by 0 is
calculated for each candidate topology where objective function is defined as the difference
between the measurements and system state. Mathematically,

0, = Z w; (h; (S) —Zl-)2 + Z w](h]-(v) — Zj)z Vw € Q

i€B jeve

where B is the set of sensors measuring line flow; V. is the set of sensors recording node
voltages (such as AMI); S represents the line flow; and v represents nodal voltage. Since these
measurements have different errors associated with them, corresponding weights are applied to
bias the objective toward a specific measurement. First, a topology is extracted from the
candidate topology list () using the original planning model (G). A system admittance matrix for
a candidate topology is then constructed leveraging the switching combinations M
corresponding to the candidate topology. State estimation is solved for the candidate topology
to determine the system states. In this work, we used a deterministic estimation, where a load
flow analysis is conducted to evaluate the theoretical value of line flow and node voltages that
are consistent with the observed measurements z; and the values are plugged into Equation (3)
to evaluate the objective function. The candidate topologies are ranked according to the optimal
objective value, and the one with the least objective is the identified topology.

2.2 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.

2.21 Missed Switch Detection Ratio (MSDR)
Note that an incorrect estimation of more than one switch renders the given topology incorrectly

identified. Thus, we define a metric, missed switch detection ratio (MSDR), that quantifies the
algorithm performance in correctly estimating switch statuses. Mathematically,

Sc
SxM

MSDR =

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

Topology Identification Algorithm — Formulation and Development 8



PNNL-38910
2.2.2 Average Percentile Ranking (APR)

For a given topology, a percentile ranking (PR;) of the accurate topology is calculated using

the objective value at each trial. If 0 = {0, 0, ..., Oy} is the set of objective values of possible
N topologies, the percentile rank of the correct topology with objective value 0; is given by:

L
PR; = (1 _N> x 100

where L is the number of values in 0 that is lower than 0; and N is the total number of
possible topologies. Once PR; is obtained for each trial, an average percentile ranking is
calculated using:

APR = (ML, PR;))/M.
2.2.3 Absolute Objective Difference (AOD)
During a topology misdetection, 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(0) - 0]

where 0; is the objective value of the correct topology.
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3.0 Topology Identification Algorithm — Implementation
and Validation

The project team at PNNL established a Cooperative Research and Development Agreement
(CRADA) with Survalent to implement and validate the topology identification algorithm,
developed as part of the earlier research at PNNL. The goal of the CRADA was the validation of
the model identification algorithm, in a controlled field test environment. Under the CRADA,
PNNL provided a tool package, including research-grade code, and documentation to Survalent
in a format that facilitates incorporation of the functionality into a commercial solution. Models
and data for demonstration were provided by Peninsula Light Company (PenLight) through their
relationship with Survalent.

3.1 Development of Utility Evaluation Plan

The team at PNNL began planning for the utility evaluation by identifying the minimum network
model and sensor/AMI requirements necessary to support the deployment of the topology
discovery algorithm. In parallel, PNNL and Survalent, in collaboration with PenLight, defined the
network scope for evaluation, determining the portions of the system that would be included in
the study. The parties also identified the data to be shared among collaborators, agreed on
formats for the available data, and established data management and sharing protocols,
including the provision of base electric network model information. As a part of this process,
PNNL received the network model representing multiple feeders from two distribution systems.
AMI measurements and SCADA data were exported and provided in CSV file format.

3.2 Configure and Validate Network Model

Survalent provided the data required for model creation, which PNNL used to develop an
electric network model at the level of detail specified in the evaluation plan. This model was
validated in collaboration with Survalent. For this evaluation, a Milsoft-exported OpenDSS
model for the area of interest was provided. PNNL performed load flow analyses using the
integrated AMI data to verify the model’s validity, confirming that the simulated voltage levels
and line flows aligned with expected operational values.

3.3 Characterize Tool Sensitivity to Practical Constraints

The team then evaluated the topology discovery tool’s sensitivity to practical operational
constraints. Sensitivity studies were performed by varying the number of unknown switches
and sensor locations, and the results were carefully reviewed. The analysis revealed that
the algorithm could not handle all possible configurations of unknown switches. In response,
the PNNL team enhanced the graph-theory component of the algorithm (lock status of a

few unknown switches, as described in 2.1.1), enabling it to handle at least 20 unknown
switches. Additionally, it was observed that some AMI data was missing, and it was not fully
time-synchronized with SCADA measurements. To address this, the team implemented a
data-filling approach using a moving average, ensuring proper synchronization between AMI
and SCADA data.

3.4 Tool Finalize and Evaluation
Because a direct comparative analysis in the field was impractical, a simulated environment was

created in OpenDSS to emulate the existing sensor configuration. Multiple simulations were
conducted within this environment to characterize the performance of the topology discovery
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tool. Additionally, the team used a new sensor configuration that could improve the tool’s
performance compared to the default setup, using the relevant metric.

3.5 Data Integration Workflow

The proposed workflow for modeling and data integration is illustrated in Figure 7. The process
began with extracting the distribution network model from Geographic Information System (GIS)
data. PenLight utilizes Milsoft as its primary distribution system simulation tool, where the
network model was maintained in Milsoft’s proprietary format. Milsoft offers an export feature for
OpenDSS, enabling the conversion of the network model into a set of files compatible with the
OpenDSS simulation environment. These exported OpenDSS files, provided by PenLight,
served as the foundation for tool development used in this study.

@ MILSOFT 5 A
Utility Solutions P

. . Penlight OpenDSS Simulation b Network Model
Penlight GIS »  Milsoft Model > Exported Model .. .. |——> forApplication
Data “mpt/.std” “ dss” Model Verification Testing
A
ﬁ Topological and Sensor
Parameter Validation Measurements
PN - [
Penlight Meter Data Meter Data OnenD53 Load'Objects
sz . —>| and Profile
.csV’ Integration " .\
.dss and .csv

Figure 7. Workflow for model validation and data integration.

In the remainder of this section, we describe the process used to validate the topology of
OpenDSS models exported from Milsoft, eliminate gross modeling errors, and integrate AMI
data into the network model, enabling load flow analysis.

3.5.1 Topology and Parameter Validation

This function thoroughly checks topology, base voltages, and component parameters to ensure
the operational accuracy of the network representation.

Topology validation involves both visual inspection and graph-theory-based analysis. Visual
inspection helps identify obvious modeling errors such as isolated components, phase
inconsistencies, or disconnected buses. Graph-theory analysis is used to detect isolated
networks or unintended partitions within the system systematically. Where missing connectivity
is identified, discussions with utility partners are initiated to update the model with the
appropriate components and ensure a fully connected network representation. Additionally, the
radiality of the system is tested by confirming the network’s as-operated model with utility
operators, ensuring that the model accurately reflects the operational configuration of the real-
world distribution system.

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
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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. Cross-verification is performed against engineering standards or
utility-provided specifications to ensure fidelity.

This validation process ensures that the distribution network model is configured correctly and is
ready to conduct a load flow study.

3.5.2 AMI Data Integration

Integrating the AMI measurements from individual sites requires three steps. First, the data
must be mapped to the correct transformer to which the meter would be connected. Second, the
site power must be applied to one of the potential feeders connected to the secondary side of
the transformer. Finally, the integrated sensor data must be verified to be a reasonable
measurement.

Figure 8 illustrates the process of integrating AMI data from a meter database into an OpenDSS
distribution network model. This 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 associate this meter data
with the physical distribution network, ADMS model is leveraged. This allows us to map each
asset ID (meter ID) to its corresponding service transformer as well as line segment the
transformer is connected to, 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 tripled node within the network model. This creates a direct
connection between meter readings and precise locations in the network topology.

ADMS Model
. meter-to- —
service  f Ne¢ T e
transformer —
transformer —
¥
meter id

am[—tb— hgdé
triplex

meter database

dss load objects and profile

Figure 8. Mapping AMI data to load object.

Using this mapping, each AMI meter is associated with a corresponding triplex node in the
OpenDSS model, which represents the customer’s point of connection on the secondary side of
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the transformer. A load object is then created at each of these triplex nodes within the
OpenDSS model. The AMI data for each customer is used to define a time-series load profile for
these load objects. These profiles reflect the actual energy usage patterns of individual
customers and serve as dynamic inputs for power flow simulations.

3.6 Correcting Model and Component Definitions

A major objective of the model development and the correction process (Figure 9) is to identify
the switch elements and the associated switch properties. The process begins by parsing the
switch data and identifying all the switch types (breakers, reclosers, fuses, reactors). The data
parsing is performed in Python 3.12, which uses a “py-dss-interface” package to interface with
the OpenDSS solver engine. The properties of the switch objects are retrieved from the
OpenDSS models using the Application Programming Interface (API) calls to connect with the
compiled model of the circuit.

In the second step of the switch mapping process, the “fuse” objects are identified and removed.
The switches that are identified are added to the OpenDSS model. With these changes, a new
OpenDSS switch file (Switch.DSS) is created, and the corresponding “Reactor.DSS” file that
originally contained all the switch types is modified. Appropriate modifications are made to the
“SwtControl.DSS” files that contain the control logic of the reactors in the circuit. The process is
repeated for the second distribution system, and a new switch file (with all the switches except
fuses) is created, along with new reactor and switch control files.

Model Development

P Mapping switch
switch_analysis.py data  with ~ the
e === - OpenDSS model
|
|
1| © Get switch | y N
) — .. |-—— [Ds§
» Getswitch | «fp————
: properties 1 A
Penlight Switch 1 |
Data I 1
r____.___l_ e o s 1
* Remove * Write new model
Fuses from e files.
the model * Reactor, Device,
Switches.

connecting switches.
» Recloser locations
and IDs.

|
|
|
|
: « |dentified inter-
|
|
|

Model Verification in
Python

Figure 9. Model development with appropriate component definitions.
It is important to note that the switch analysis uncovered some fictitious buses that were found

in both circuits with random connections that were inconsistent with the design of typical radial
and meshed distribution systems. Such buses and the associated line connections were deleted
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to preserve the original layout of the circuits. It is our understanding that these buses with
inconsistent connections were added to the circuit during the model conversion process from
Milsoft’s Windmill platform to OpenDSS format. Such conversions are known to introduce errors
and necessitate a model cleanup process that checks the viability of the model to produce
acceptable power flow results.

A second major objective of the model development and correction process is to identify the
interconnecting switches that serve to interconnect two different feeders of the same distribution
system. This was accomplished by tracing the connectivity paths from the candidate
interconnecting switches to the substations.

A series of power flow programs was run, each with a different potential combination of the
interconnecting switches with associated switch states. It was found that the first distribution
circuit consists of four interconnecting switches that can be used to transfer load between
feeders (reconfigurations) in the event a feeder is disconnected from the substation. A similar
analysis was done for the second distribution system, which hosts two interconnecting switches.
The normal state of the interconnecting switches is set to open in the OpenDSS model. This is
done to create separate radial feeders for the model discovery analysis.

Topology Identification Algorithm — Implementation and Validation
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4.0 Topology Identification Algorithm — Field Demonstration

The application developed and later found not suitable is about interfacing with the Survalent
ADMS system to obtain and process telemetry data from various electrical components. The
system works by connecting to a SCADA host, which is based on the Network Data Acquisition
(NDA) API framework. Through this connection, the system can retrieve and analyze essential
data points like voltage, current, and status information for specific electrical elements. An
application was developed to interface with the Survalent ADMS system for obtaining and
processing telemetry data from various electrical components. It operated by connecting to a
SCADA host through the Network Data Acquisition (NDA) API framework, enabling the retrieval
and analysis of key data points such as voltage, current, and status information for specific
elements in the network. While a dedicated application itself was not required to demonstrate
the tool’s suitability, the effort helped uncover the actual mechanisms required for potential
integration between research environments and production-grade ADMS systems.

4.1 Interfacing with SCADA Host

The workflow for interfacing the SCADA subsystem of the Survalent ADMS host with the state
estimation algorithm is shown in Figure 10 and discussed further in the rest of this section.

SCADA Host (localserver) . NDAAPI Framework - Query Telemetry Data
(SCADA Database) = (Connection Layer) = (C++ Code)
Y
JSON Formation
Structured Output
Y
NDA API (Deprecated) Python Binding > State Estimation Algorithm

JSON Input Exchange (Python Code)

Figure 10. Workflow for interfacing between SCADA host and state estimation algorithm

The system enables communication with the Survalent ADMS environment hosted on a local
server (“localhost”) and utilizes the element names (reclosers, switches) given as input to
identify and retrieve corresponding telemetry data. Specifically, it constructs derivative point
identifiers for key metrics like amperage (current), voltage, and operational status for breaker
switches. These metrics are then collected from the ADMS system, which provides the real-time
operational information about the actual state of the electrical infrastructure for the state
observation algorithms. A key feature of this system is its ability to interface the Survalent
ADMS with the Topology Discovery tool through a JSON-based data exchange, effectively
replicating real-world conditions within the laboratory environment. Each element is associated
with its corresponding status, voltage, and current values, which are collectively formatted to be
easily interpretable by downstream systems or users. The structured data could potentially
serve in monitoring, diagnostics, and reporting tasks aimed at ensuring the reliability and
efficiency of the electrical network.
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Upon completion of data retrieval tasks, the application performs cleanup operations to release
resources and maintain optimal functionality. This includes disconnecting from the ADMS server
and cleaning up its environment. The functionality of this system is centered around providing a
seamless interface for acquiring, processing, and structuring telemetry data from critical
electrical infrastructure elements. The system enables real-time monitoring and delivers
enhanced operational insights to stakeholders responsible for managing electrical systems and
maintaining network stability.

}‘ﬁ*ﬁ__ /l /\ \\_ @® substation
- />_ JZ_/Ll, = />_ _tﬁ switching device
® sensor (default)
E Wi | \— / | ® sensor (updated)
/T\ /‘\

Figure 11 Representative one-line diagram of feeder with sensor location

4.2 Demonstration

The topology discovery tool is demonstrated using one of the distribution systems and
associated feeders. Three feeders are selected for the demonstration purpose. AMI meters
associated with these feeders were filtered from the database to ensure that only relevant
devices were included in the analysis. Figure 11 shows the 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
approximately reflect those in the utility’s model.

4.3 Simulation Setup

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. From this process, the timestamp 2025-06-25 17:30 was chosen, where SCADA
data were available and approximately 95 percent of AMI readings were present. For the
remaining 5 percent, interpolation using adjacent timestamps was applied to create a complete
AMI dataset.

With these AMI meters integrated as load objects, a load flow analysis was performed to
confirm power flow convergence and verify that the solution was reasonable. Figure 12 shows
the voltage profile of the feeder, and it is observed that the per unit voltages at all the nodes are
within the bounds. At this snapshot, the loading of the system was about 5 megawatts.
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Figure 12. Voltage profile.

For the simulation purpose, a set of 20 different unknown switches were identified. This set is
chosen arbitrarily for different trials to ensure that the tool can identify the status of diverse sets
of unknown switches.

4.4 Simulation Results

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

441 Base Case

In this case, we selected a set of 20 unknown switches, and with the given sensor configuration
(telemetered reclosers in PenLight feeders and AMI readings), we were able to deduce

7 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 with only 256 valid
combinations, as shown in Table 1. The objective function value was computed for these

256 candidate topologies.

Table 1. 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

Topology Identification Algorithm — Field Demonstration
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Figure 13 shows the plot for the objective functions for all 256 valid combinations. The minimum
objective function was observed for 39" 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 might not always
represent the actual topology, as measurements have 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.
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Figure 13. Objective function plot for the base case.

To test a known scenario, we created an operational topology in OpenDSS and generated
measurements using the base sensor configuration. With this, we would be able to compare the
identified topology with the actual topology. Figure 14 shows such a case, where the identified
topology and actual topology were different. As noted earlier, when measurements cannot
clearly differentiate between topologies, incorrect 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. This
underscores the need for optimal sensor placement to improve the accuracy of the topology
discovery tool. The minimum number of measurements required to guarantee topological
identifiability (assuming error-free measurements) is based on spanning tree and fundamental
cycle (Sevlian and Rajagopal 2015). 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
(Gandluru et al. 2020).
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Figure 14. Objective function value plot, where identified and actual topologies are different.
44.2 Updated Sensor Configuration

In this section, we provide simulation results by updating the sensor placement. We placed
sensors in various locations to ensure that the configuration of candidate topologies would affect
the sensor reading (see Figure 11). 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 extracted 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 15 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).
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Figure 15. Switching combination analyses for different cases.
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Figure 16 shows the objective functions plot for all 176 valid combinations for case 3. It is
observed that the identified topology and actual topology were the same, thus indicating that
the topology is discovered accurately.
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Figure 16. Objective functions plot for case 3 in Figure 15.

On the other hand, it was observed that the identified topology and actual topology were
different for case 6, as shown in Figure 17. 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, 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. Consequently, the
algorithm classified the switch as open, even though it was closed in the actual topology. Such
misidentifications are possible but do not affect the intended application, as the misclassified
switch has no operational significance.
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Figure 17. Objective functions plot for case 6 in Figure 15.

4.5 Performance Analysis

Three metrics described in 2.2 were evaluated for default sensor configuration and updated
sensor configuration (Table 2). The purpose of these metrics is to evaluate the performance of
the topology discovery tool, particularly in scenarios where the correct topology is not explicitly
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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.

Table 2. Performance comparison for default and updated sensor configurations.

Metrics Default Sensor Configuration Updated Sensor Configuration
Percentile Ranking 61.41 10.21
MSDR 0.26 0.12
AOD 0.000298 3.27e-7

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 assists operators in
narrowing down a list of the most plausible topologies. Similarly, the MSDR metric represents
the proportion of switches that were incorrectly identified. The MSDR improves with an
optimized sensor configuration, where optimal sensor placement minimizes the likelihood of
misdetection. 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 comparable operational characteristics to the true topology and does not
significantly affect grid states.
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5.0 Summary of Research Results

This project successfully performed a demonstration of a topology discovery algorithm in
collaboration with Survalent and Peninsula Light Company, leveraging real feeder models and
sensor data to ensure practical relevance. Through this demonstration, the team showed that
advanced topology discovery tools can be applied in real-world environments by interfacing
directly with the ADMS system. The approach relies on actual field data, with all its typical
deficiencies and characteristics, highlighting the system’s capability to handle real operational
conditions. As a result, these tools can enhance situational awareness in distribution system
operations.

Additionally, results highlighted that sensor placement is critical to algorithm accuracy, yet many
existing sensors in the distribution grid—such as reclosers—are deployed for protection or
operational purposes and may not always provide the data needed for topology discovery.
Therefore, it is essential to conduct sensitivity analyses to determine cost-effective sensor
deployment strategies that support multiple objectives while ensuring system observability.
While limitations remain in handling sparse or imperfect data, the research provides a pathway
for incremental improvements and field deployment. Overall, the study offers actionable insights
for utilities seeking to modernize operations and lays the groundwork for integrating topology
discovery tools into commercial platforms to enhance grid reliability and visibility.
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