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Abstract—Accurate digital topology models are a key enabler
for advanced monitoring and planning in low-voltage grids.
Previous work combined voltage-correlation-based topology iden-
tification with a node-degree-constrained Kruskal algorithm and
a randomly permuted power-based branch refinement. While
effective under ideal measurements, this method degrades un-
der typical smart-meter uncertainties. This paper introduces a
Genetic Algorithm (GA) for power-based branch refinement,
enabling stochastic optimization of node-to-branch assignments.
The GA improves robustness to measurement uncertainties and
achieves full reconstruction across four representative low-voltage
grids with standard smart meter measurement uncertainties.

Index Terms—grid topology identification, genetic algorithm,
smart meter, measurement uncertainty

I. INTRODUCTION

In the context of the energy transition, distribution grids
are increasingly coming into focus. In particular, the growing
integration of new types of consumers and decentralized
generation units at the low-voltage level is expected to result
in higher asset utilization and possible violations of voltage
limits. To address these challenges, distribution grid operators
must gradually transition toward active grid operation, for
instance, by controlling grid-connected assets based on state
estimation and analysis, or by reinforcing the grids in line with
the evolving supply requirements.

To support these measures with real-time information on
grid loading, the rollout of intelligent metering systems (smart
meters) was mandated under the EU Directive 2006/32/EC.
However, both grid state estimation and grid expansion plan-
ning rely on accurate digital grid models as a prerequisite.
Many distribution grid operators, however, currently lack
sufficiently precise digital representations of their grids, since
switching operations are not consistently updated in digital
form, line parameters are missing, or, in some cases, no digital
model exists at all [1], [2]. Hence, current research focuses on
developing measurement-based topology identification meth-
ods to create accurate digital grid models [3].

A. Related Work

According to the categorization proposed by Deka, Kekatos
and Cavraro [3], this study focuses on passive topology
identification methods, as these allow the reconstruction of a
complete grid model based solely on passively collected smart
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meter data—without actuating grid resources or observing the
feeder’s voltage response.

Due to their good scalability and straightforward appli-
cability in real-world scenarios, voltage time-series—based
approaches have become a common choice for topology
identification in the literature. These methods allow deriving
an initial estimation of the grid structure even from a limited
set of measurement data. In the literature a variety of methods
have been proposed that infer the topology of the grid from
statistical dependencies between voltage measurements, com-
monly employing voltage correlation analysis and maximum
spanning tree (MST) algorithms [4], [5], [6], [7].

While voltage correlation—based methods can provide a
rough initial estimate of the grid structure, several studies pro-
pose two-stage approaches that refine this estimate using phys-
ical consistency. Reference [8] proposes a two-stage topology
identification method that extends voltage-correlation-based
identification by incorporating power measurements. While
the concept provides a consistent framework, it neglects real-
world effects such as reactive power variation, grid losses,
and uncorrelated load behavior. Reference [9] introduces a
refinement approach based on random permutation of node
assignments while preserving approximate power balance.
However, this strategy becomes computationally demanding
for large grids and may not converge due to the exponentially
growing number of binary variables.

As an alternative to random permutation, the use of a
Genetic Algorithm (GA) offers a structured and efficient
optimization mechanism for complex, discrete search spaces.
GAs have already been applied in the field of topology identi-
fication. Reference [10] employed a GA to infer missing line
parameters by minimizing the deviation between simulated
and measured voltages under the assumption of a known grid
topology. Refernce [11] utilized a GA for phase identification
in low-voltage grids by minimizing the deviation between
measured and aggregated energy values. Reference [12] ap-
plied a GA for full topology identification, performing a global
search for the configuration that minimizes active power resid-
uals, starting from a completely random initial grid model.



B. Contributions of this work

In contrast to the literature presented, this work introduces a
two-stage topology identification process combining voltage-
correlation-based topology identification with a GA-based
refinement step, ensuring a physically meaningful initialization
for the optimization. A recursive, branch-level refinement is
introduced to correct node-to-branch assignments efficiently,
reducing computational complexity compared to global ap-
proaches. In addition, measurement uncertainties and reactive
power variations are explicitly considered, ensuring robust
topology identification under realistic conditions.

II. METHODOLOGY AND GENETIC ALGORITHM
APPLICATION

This section describes the method for the topology identifi-
cation algorithm and the application of the GA. First, synthetic
measurement data are generated as input for the proposed
method, as described in section II-A. Based on this data, an
initial grid model is reconstructed using voltage correlation
analysis and a maximum spanning tree algorithm, following
the procedure in section II-B. In the next step, GA-enhaced
power-based branch refinement is applied, according to sec-
tion II-C, to validate and adjust the reconstructed structure.
Finally, the resulting grid topology is evaluated according to
the methodology described in section II-D.

A. Generation of Synthetic Measurement Data

Given the limited availability of real-world measurement
and grid data, this work is entirely based on synthetic datasets.
The synthetic measurement time series were produced follow-
ing the procedures outlined in [7], [13], while the generation
of representative low-voltage grid models corresponds to the
concepts presented in [14], [15].

To reflect the structural diversity of German low-voltage
grids, a clustering analysis using k-means, with the number
of clusters being identified using the elbow method, was
conducted to identify characteristic grid representatives with
varying topological and operational properties. This approach
ensures that the subsequent evaluation covers a broad spectrum
of real-world grid configurations. The feature set used for
clustering comprises parameters such as the substation power,
total line length, number of grid connections, average node
degree, maximum node degree, average distance between grid
connections, proportion of single-family homes, and propor-
tion of trade and services. Thus, four representative grid
areas were identified, covering typical grid types with varying
branching structures, connection densities, total line lengths,
and customer counts ranging from 25 to 64. Fig. 1 shows a
simplified example grid structure for terminology clarification;
it does not reflect any of the grids used in this study.

For each representative grid, georeferenced load and gener-
ation profiles for households, commercial trade and services,
electric charging stations, heat pumps and photovoltaic units
were assigned, comprising three-phase active and reactive
power time series with a one-minute resolution according
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Fig. 1: Exemplary grid structure with explanations of terms
Edge, Branch, Strand, Last Branching.

TABLE I: Measurement uncertainties and resolutions accord-
ing to [17].

Quantity Uncertainty (o)  Resolution
Voltage (V) 1% 0.1V
Current (1) 1% 0.01 A
Active power (P) 1% 0.1W
Reactive power (Q) 2% 0.1 Var

to [13]. Photovoltaic units were modeled using a Q(V') con-
trol strategy, which is expected to become the predominant
approach in future low-voltage operation.

Finally, three-phase power flow simulations were performed
to generate synthetic voltage, current, and power measure-
ments at one-minute intervals for all nodes within each grid.

To realistically represent the characteristics of measurement
equipment, the corresponding measurement uncertainties were
included. Gaussian-distributed noise with a standard deviation
o was added to the synthetic measurement data to model
statistical uncertainty. According to [16], the manufacturer-
specified measurement uncertainty corresponds to the maxi-
mum permissible error, which represents a 3o interval. Con-
sequently, the standard deviation o was derived from one third
of the specified maximum error. In addition, the synthetic
measurement values were rounded to the instrument-specific
resolution. In compliance with German regulatory require-
ments, the uncertainties and accuracies according to Table I are
applied for smart meters. Thus, a complete data set is available,
including the original grid model, for topology identification.

B. Generation of an Initial Grid Model via Voltage Correla-
tion Analysis

Based on the synthetic voltage measurement data, an initial
estimate of the grid topology is obtained through voltage corre-
lation analysis combined with a modified maximum spanning
tree approach, as described in [9]. In this reconstruction step,
only nodal voltage measurements and node degree constraints
are used.

Pairwise correlations between nodes are quantified using
the Kendall rank correlation coefficient, which is particularly
suitable for detecting non-linear relationships and exhibits
robustness against outliers. For two nodes « and v with voltage
time series x;(u) and x;(v), the Kendall coefficient 7, is



determined according to (1), where n denotes the total number
of measurement samples:

T’U/U

= ﬁ Z sgn (z;(u) — z;(u)) sgn(wz;(v) — z;(v)).

i<j

ey
The resulting correlation matrix forms the basis for con-
structing the initial grid model using a modified maximum
spanning tree algorithm. To ensure physically plausible grid
structures, a modified Kruskal algorithm according to [9]
is used that enforces lower and upper bounds on the node
degree. These limits reflect known structural constraints, such
as the typical number of outgoing feeders at substations, the
number of branches in cable distribution cabinets, or the single
connection at terminal nodes (e.g., households). Edges that
violate degree limits or create cycles are omitted. Where
necessary, local tree segments are iteratively adjusted to meet

the remaining degree constraints.

C. Genetic Algorithm Enhanced Power-Based Branch Refine-
ment

After the initial grid topology has been reconstructed from
voltage correlations, the model is further validated and re-
fined using power measurement data. The procedure follows
the general concept introduced in [9], which compares the
aggregated apparent power of all nodes within a branch to
the corresponding measured feeder power at the substation or
cable distribution cabinet. In contrast to the previous approach
relying on random node permutations, the refinement process
is here replaced by a GA to achieve an efficient optimization.

A GA is a population-based stochastic optimization method
inspired by natural evolution, evolving candidate solutions
through selection, crossover, and mutation [18]. Each individ-
ual corresponds to a feasible assignment of nodes to branches
within the grid. The goal is to minimize the mismatch between
the measured feeder power, at the cable distribution cabinet or
substation supplying the respective branch, and the sum of the
apparent powers of all nodes assigned to that branch.

The quality of each individual & is quantified by a fitness
function, which measures the mean apparent power deviation
per branch. For each branch s, the measured feeder power
Sﬁe?der(t) at time ¢ is compared with the aggregated nodal
power >,y Si(t) of all nodes assigned to this branch. The
overall objective is therefore formulated according to II-C,
where T is the number of time samples considered, S;(¢)
denotes the apparent power of node ¢ at time ¢, and S is the
set of all branches.
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The vector X = [z1,...,2N,,.] defines the branch assign-
ment of each node, with x; representing the branch to which
node ¢ belongs. The aim of the GA is to find the assignment
X that minimizes f(X), thereby ensuring consistency between
the reconstructed topology and the measured power flows.
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Due to the definition of the fitness function as described
above, the prior consideration of the node degree is essential
to ensure a correct fundamental structure of the initial grid
topology, particularly with respect to the number of branches.
Preliminary studies have shown that, without taking the node
degree into account, a correct fundamental structure of the
reconstructed grid topology cannot be ensured [9].

Wrapper Function for Recursive Refinement: Before the
GA-based optimization is executed, a hierarchical wrapper
is applied to determine where the algorithm should be used
within the grid structure. An overview of the hierarchical
wrapper is shown in Fig. 2 This wrapper controls the recursive
correction process and ensures that the GA operates locally
and efficiently in the relevant parts of the grid.

First, all strands exhibiting significant deviations between
the measured feeder power and the sum of the assigned nodal
powers are identified as containing potentially misassigned
nodes. Within each affected strand, the last branching is
detected and analyzed first. If incorrect node assignments
are present within this branch, the GA is applied locally to
determine an improved configuration. The candidate nodes
considered for reassignment include all nodes belonging to
branches that currently contain misallocated nodes.

The GA is executed iteratively until the correct assignment
for the current branch is found, with each iteration using
the improved result from the previous one as the new initial
solution. Once a branch has been successfully corrected, it
is aggregated into a single equivalent node, reducing the
structural complexity of the grid. Subsequently, the next higher
branch is examined, and if any misassigned nodes are detected,
the GA is applied again in the same manner. This recursive
process continues until all branches within a strand have been
analyzed and corrected. After a strand has been fully validated,
the procedure is repeated for all remaining strands in the grid.

Refinement Process for Single Branches: The GA starts
from an initial population that is derived from the initial
estimated topology. Within the branch under consideration,
targeted random variations are introduced: entire branches
can be exchanged, individual nodes can be swapped between



branches, or single nodes can be moved to different branches.

During each generation, all individuals are evaluated using
the fitness function. During selection, the fittest individuals are
automatically preserved for the next generation, whereas the
remaining parent pairs are chosen probabilistically according
to their fitness values to balance exploitation and exploration.
This mechanism ensures that fitter individuals have a higher
likelihood of being selected for reproduction, while weaker
ones still contribute to maintaining diversity in the population.

New individuals are created through crossover and mutation.
The crossover operator recombines structural information from
two parents: either entire branches are exchanged or individual
nodes are swapped between parents. The mutation operator in-
troduces random variations to prevent premature convergence.
Mutations are applied either by exchanging nodes between
branches or moving nodes to other branches. Both operators
are applied with adaptive probabilities: when no improvement
is observed over several generations, the mutation rate is
increased to encourage exploration; when fitness improves
steadily, crossover is favored to exploit good configurations.

The iterative process continues until either a predefined
maximum number of generations kp,x is reached or the
fitness value f(X) falls below a threshold corresponding to
the expected average technical grid losses. The latter crite-
rion is considered sufficient, since a perfect match between
measured and reconstructed power values is not physically
achievable due to measurement uncertainties and inherent
electrical losses. The refinement process thereby ensures that
reconstructed topologies remain physically consistent and ro-
bust, even under realistic measurement uncertainty levels. The
recursive, branch-wise application of the GA limits the search
space to locally inconsistent strands, resulting in a significantly
lower computational effort than global permutation-based re-
finement.

D. Evaluation and Definition of the Error Measure

In order to subsequently evaluate the reconstructed topology,
the error rate of the incorrectly reconstructed edges is taken
into account. The second evaluation measure is the share of
nodes that are assigned to a wrong branch. This provides
information about the quality of the general reconstruction of
the grid structure and the determination of switching states in
cable distribution cabinets.

III. RESULTS

In the following, the results of the GA-enhanced topology
identification are presented. The analysis is based on four
representative grid areas, each equipped with supply tasks
corresponding to a typical summer week. This setup cap-
tures the potential influence of photovoltaic units and their
reactive power behavior. The synthetic measurement values
were generated with measurement uncertainties according to
the standard case for smart meters.

To evaluate the performance of the GA-enhanced power-
based branch refinement, the results are compared with those
obtained from the modified Kruskal algorithm, based solely on
voltage measurements and node degree constraints, as well as
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Fig. 3: Evaluation measures of the topology identification
using the modified Kruskal algorithm, the power-based branch
refinement (PBBR) using the old algorithm, based on random
permutation of grid nodes, and the GA-based approach. The
error rates of the four representative grids are marked in color.

from the previous power-based branch refinement approach,
which was based on random permutation of nodes.

Fig. 3 shows the topology identification error rates obtained
at different algorithmic stages, distinguishing between the
share of incorrectly reconstructed edges and the number of
nodes assigned to incorrect branches. The results in Fig. 3a
show a clear improvement when the power-based branch re-
finement step is applied after the modified Kruskal algorithm.
However, no significant difference can be observed between
the old and the GA-enhanced algorithm in terms of the number
of wrongly reconstructed edges. Since node order within a
branch is randomized, the edge-based error rate is less infor-
mative. Therefore, Fig. 3b shows the number of nodes assigned
to the wrong branch. Here, a distinct improvement can be
observed when including the power-based branch refinement
step. In particular, the GA-enhanced algorithm achieves a
complete correction of the node-to-branch assignments in
all four test grids, whereas the old approach fails to reach
full consistency, especially in grids with a high number of
branches. These results indicate that the GA-enhanced refine-
ment effectively compensates for local misassignments caused
by correlation-based initialization, particularly in grids with
similar voltage profiles. Moreover, due to its population-based
optimization strategy, the GA shows higher robustness against
measurement uncertainties.



IV. CONCLUSION AND OUTLOOK

This paper presented a two-stage topology identification
framework for low-voltage grids, combining voltage correla-
tion based identification with a power-based branch refinement
using a recursive genetic algorithm. The proposed method
achieves a physically consistent and robust identification of
node-to-branch assignment, even under realistic smart meter
measurement uncertainties. Compared to randomly permuted
refinement approaches, the recursive GA application signif-
icantly improves reconstruction accuracy while maintaining
computational efficiency.

Future work will adress the integration of geocoordinates
and current measurements to reliably determine both the
order of nodes within each branch and the corresponding line
parameters.
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