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Abstract—Methods for distribution system state estimation
in Low Voltage (LV) distribution grids are discussed in this
paper, for systems with a high penetration of Distributed Energy
Resources (DERs) such as solar generators and heatpumps. The
proposed methods are specifically designed for LV grids with
sparse measurement availability, such as feeders with measure-
ments only at the distribution transformer, as is typically the case
in some European LV grids. For these cases, device locations,
temporal data, and weather data are used in the proposed
techniques to estimate variables at unmeasured grid nodes. The
impact of smart meters is also investigated by simulating the
impact of individual smart meter measurements on the estimation
results. The proposed methods are based on time series disag-
gregation of transformer measurements, such as thermoelectrical
demand, baseload, and solar generation, enabling improvements
over existing Pseudo-Measurement (PM) generation techniques.
Furthermore, the paper presents approaches for estimating
voltages and currents in the feeder using both actual and PMs,
based on classical estimation methods and interval estimation
techniques for unmeasured variables. The results for an realistic
German LV grid show that the proposed disaggregation step
allows to significantly improve the results of the state estimation
results over state-of-the-art methods.

Index Terms—Disaggregation, distribution system state estima-
tion, interval estimation, low voltage grids, pseudo measurements,
smart meters.

GLOSSARY

ASHP Air-Source Heat Pump.
DER Distributed Energy Resources.
DSO Distribution System Operator.
DSSE Distribution System State Estimation.
EM Ensemble Model.
EV Electric Vehicle.
GIS Geographic Information System.
GLD Grid Load Disaggregation.
GSHP Ground-Source Heat Pump.
HP Heat Pump.
LR Linear Regression.
LV Low Voltage.
MAE Mean Absolute Error.
MAPE Mean Absolute Percentage Error.
MARPE Mean Absolute Rated Percentage Error.
ML Machine Learning.
MLE Maximum Likelihood Estimate.
MSE Mean Squared Error.
MV Medium Voltage.
NN Neural Network.

The A.I. based language models DeepL and OpenAI GPT-4o were used
for text editing and other language-related tasks.

PM Pseudo-Measurement.
PMU Phasor Measurement Unit.
PV Photovoltaic.
RT Regression Tree.
SE State Estimation.
SGD Stochastic Gradient Descent.
SLP Standard Load Profile.
SM Smart Meter.
UPM Uniform PM Method.
WLS Weighted Least Squares.
XGB eXtreme Gradient Boosting.

I. INTRODUCTION

A distribution system state is defined as the vector of all
voltages and currents at the nodes of the grid. Estimating
this state in Low Voltage (LV) grids has become increasingly
important due to the ongoing integration of Distributed Energy
Resources (DERs), such as Photovoltaic (PV) generators, Heat
Pumps (HPs), and Electric Vehicle (EV) chargers. LV grid
planning has traditionally not taken the power associated with
these DERs into account, thus requiring the monitoring of
the grid state to prevent overloads, equipment damage, and
power outages [1]. To avoid these issues, the targeted control
of flexible grid components and the shifting of load and
generation to time periods of lower demand is needed.

Regulations such as the revised version of §14a of the
German Energy Industry Act (EnWG) provide Distribution
System Operators (DSOs) with new requirements for grid
monitoring to be aware of the actual state of the grid [2],
specifically the nodal voltages and currents on cables, lines,
and transformers. However, DSOs in Germany and other
European countries have access to only a limited number
of spatially distributed measurements at DSO-owned LV grid
equipment, such as transformers, cables and cable distributors,
thus necessitating the development of specialized voltage and
current estimation methods considering that a limited subset
of assets is equipped with measurement devices. In this
context, Distribution System State Estimation (DSSE) can be
applied to estimate the node voltages and feeder currents from
measurements, under the following challenges in the absence
of a wide deployment of Smart Meters (SMs), as is the case
of Germany [3]:

• Sparse Measurements: The number of measurements in
LV grids is significantly lower compared to the trans-
mission system level, leading to a scarce placement of
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meters in the grid. This may make the system unob-
servable, which prevents the direct application of exist-
ing estimation algorithms. Hence, methods for Pseudo-
Measurement (PM) generation are necessary to allow
systems state estimation.

• Low Aggregation Level: Measurements at the LV distribu-
tion transformer level involve profiles that are aggregated
from individual buildings. Since profiles of individual
buildings exhibit high variability due to the occupants’
behavior, predicting their consumption is challenging.

• Measurement Equipment Limitations: The measurement
equipment used in LV grids is typically measured volt-
ages and current magnitudes, with voltage phase angles
being rarely recorded. This prevents the calculation of
voltage phasors and thus results in model simplifications
being necessary in the state estimation process.

To ensure the feasibility of controlling active grid compo-
nents under these challenges and in accordance with §14a
[2], the development of DSSE methods for LV grids is a key
topic of discussion among German regulators, distribution grid
operators, and researchers. Initial studies propose standard-
ized procedures [4], aimed at enabling LV DSSE under the
aforementioned conditions and highlighting its relevance for
electrical distribution networks to support the expansion of
PV, heat pumps, and charging infrastructure. However, the LV
DSSE state-of-the-art is at early stages, necessitating further
development of specialized methods with high estimation
accuracy.

In the scientific literature, various approaches have been
proposed to address the aforementioned challenges. Thus, a
fully measured LV grid is considered in [5], where mea-
surements from SMs and transformers are used, and PMs
are generated using average values of SM measurements,
obtaining estimates using the Weighted Least Squares (WLS)
method. In [6], different estimation methods for distribution
systems are considered; however, all nodes are equipped with
SMs, which does not represent a realistic case for typical LV
grids in various jurisdictions with limited deployment of new
generation of SMs with real-time measurement capabilities
(e.g., Germany [7]).

In reality, most distribution grids lack full observability,
meaning that there is not enough information to directly
estimate the system state. A common approach to deal with
non-observable distribution systems involves generating PMs
at unmeasured or inadequately monitored nodes. An early
method is described in [8], where PMs are derived from
feeder measurements obtained at the distribution transformer,
using proportional scaling factors, solving the DSSE problem
using the WLS method. However, this approach applies simple
scaling factors without accounting for individual consumer
characteristics and devices, leading to high PM errors. Another
approach to DSSE described in [9] uses power flow calcu-
lations to estimate voltages and currents in LV grids. This
method relies on measurements from Medium Voltage/Low
Voltage (MV/LV) transformers and cable distributors, and PMs
are generated based on worst-case load current allocations,
resulting in conservative estimates of bus voltages and power
flows that do not consider the load models. Hence, the current

paper proposes a methodology based on the training of detailed
load models for state estimation purposes.

In one of the early works on DSSE described in [10], the
authors apply the WLS method to solve the estimation problem
using PMs based on industrial and residential consumption
profiles. However, the model aggregates multiple buildings,
reducing the spatial resolution significantly compared to the
scenario analyzed here, where a building-level perspective
in the context of extensive LV grids is considered. A more
detailed investigation into consumption profiles for DSSE
is found in [11], which explores both traditional Standard
Load Profiles (SLPs) and profiles including renewable energy
and thermal electrical heating systems, applying WLS for
estimation. A general statistical model is used for devices
such as PV, HPs, and EV chargers, without incorporating
specific building or feeder measurement data, which is a
notable limitation compared to the approaches presented in
the current paper that are based on more precise models of
the underlying components. However, unlike the PM profiles
in [11] the approach proposed in this paper leverages real-
time measurements by first disaggregating the power flows
into the feeder. This allows the proposed methods to refine
PM estimates and outperform profile-based approaches.

In [12], a method is proposed that assumes that a large
amount of SM data from measured nodes can be used to
extrapolate PMs for unmeasured nodes, contingent upon the
readily available and extensive representative measurements,
which is not yet accessible to DSOs with currently deployed
first generation SMs. The Augmented Matrix Method (AMM),
discussed in [13], solves a DSSE problem by using a PV model
to generate PMs based on weather data and known module
parameters, but it lacks a detailed model for other devices
such as HPs and EV chargers, and assumes that residential
consumption profiles can be sufficiently estimated from a
limited number of measured profiles. The limitations of SLP-
based PM generation for LV grids are analyzed in [14], where
a method based on Markov Chains (MCs) is proposed for
PM generation, with the WLS approach used to solve the
observable system. Although this represents a considerable
improvement over SLP-based approaches for PM generation,
MC models have high data requirements. Furthermore, the
inclusion of feeder measurements, Geographic Information
System (GIS) data, and device-specific data in the training
process as proposed here to improve the DSSE process is not
considered in the existing literature.

In summary, all existing DSSE approaches exhibit one or
more of the following shortcomings:

1) Need for a fully observable system, requiring that each
LV node is equipped with a new generation SM [5], or a
micro-Phasor Measurement Unit (µPMU) [15], which is
a strong assumption that is rarely applicable to existing
LV grids.

2) Heavy reliance on data that is not accessible to the DSO,
as in the case of DSSE techniques based on Neural
Networks (NNs) trained on unmeasured data [16], [17],
which is only available in simulations.

3) The lack of use of other relevant data sources available to
the DSO, such as GIS data, exogenous data like weather
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measurements and forecasts, and technical information
about installed devices.

Therefore, this paper proposes a methodology that allows
DSSE in LV distribution systems with a minimum amount
of measurements, such as only one measurement at the trans-
former. To achieve this, a novel PM generation method based
on Machine Learning (ML) techniques is presented, which
allows the measured time series at the feeder to be decomposed
into their respective components. Based on the latter, methods
for DSSE are presented and compared in detail, investigating
how an increasing penetration of SMs influences the results
obtained from the proposed DSSE procedure. Furthermore,
a method for estimating intervals of states is also proposed.
Thus, the main contributions of the paper can be summarized
as follows:

• Novel methods are proposed that allow to disaggregate
transformer measurements into the underlying compo-
nents for thermoelectric demand, baseload, and PV gen-
eration. These methods are based on ML algorithms
developed for supervised and unsupervised time series
disaggregation [18], [19], which are adapted here for the
task of PM generation that is a central component of
DSSE.

• A new approach for PM generation based on aggregated
signals is proposed and compared to a state-of-the-art
method for PM generation in LV grids, referred to as the
Uniform Pseudo-Measurement (UPM) method, which is
used in [4] and [9].

• The effect on DSSE of using PM, based on disaggre-
gated signals and intervals, is investigated and compared
to classical DSSE methods, for a realistic LV grid in
Germany.

The rest of the paper is structured as follows: In Section II,
the modeling of LV grids is reviewed, and an overview of
typical measurement equipment in these grids is provided.
A novel procedure for PM generation using an ML-based
disaggregation algorithm is proposed in Section III, together
with estimation methods for DSSE. The results of the pre-
sented methods for a realistic German LV grid are discussed
in Section IV. Finally, in Section V the main conclusions of
the presented work are highlighted, and a potential outlook is
discussed.

II. MODELS AND MEASUREMENTS OVERVIEW

A. LV Grid Modeling

LV grids can be modeled as graphs connected to the MV
grid through MV/LV transformers, and may have either radial
or meshed topologies that can be subdivided into individual
feeders that distribute power to various buildings in each
feeder. The feeders can be further divided using cable dis-
tributors, which are nodes operated by the DSO and can be
used to create arbitrary grid topologies. Fig. 1 illustrates a
typical German LV grid, where a single MV/LV transformer
can supply multiple buildings. In the example grid shown, the
MV/LV transformer supplies 20 buildings through two cable
distributors.

20 kV 0.4 kV

Cable Distributor
MV/LV Transformer

Feeder 1

Feeder 2

Feeder 3

Feeder 4

Feeder 5

Fig. 1: Schematic of a 400 V LV grid with a 20 kV/400 V
transformer supplying multiple buildings through two cable
distributors and five feeders.

TABLE I
AVAILABLE GIS OBJECTS AND PARAMETERS

GIS object Parameters

Cable / Line Maximum Current
Admittance

Transformer Rated power
Admittance

Heat Pump ID of household
Rated power

PV generator
ID of household

Rated power
Orientation

Consumer data ID of household
Yearly energy consumption

Using data from the DSO’s GIS, which typically contains
the data depicted in Table I, an electrical model can be derived
for all feeders by modeling each section of each feeder using
an equivalent π-circuit and choosing the respective parameters
based on the type and length of each cable. Based on these
models, DSSE can be applied to estimate all nodal voltages
in the LV grid.

B. Measurements in Distribution Grids

For DSSE, three typical types of measurements are consid-
ered in the LV grid:

• Feeder Measurements: These are physical measurements
at the MV/LV transformer or LV cable distributors. These
measurements include voltage magnitudes, active and
reactive power flows flowing into the feeder, as well as
currents.

• SM Measurements: These physical measurements are
recorded at individual buildings and contain the voltage
magnitude, as well as active and reactive power injections
at the respective node in the LV grid.

• PMs: These are virtual estimates of active and reactive
power injections at nodes that are not equipped with a
physical measurement device to ensure the LV grid is
observable.

While the DSOs can install measurement devices at the
MV/LV transformers and LV cable distributors, measurements
from SMs in buildings may be sparsely distributed across the
LV grid, which is the case of the smart meter rollout in various
countries, particularly Germany. Consequently, varying levels
of SM penetration must be considered in DSSE studies. In
the case of a low ratio of measuring devices to grid nodes
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Fig. 2: Exemplary LV feeder measurements, where ■ depicts
a feeder measurement, ■ corresponds to an SM measurement,
and ■ illustrates a PM.

in a LV grid, the introduction of virtual PMs plays a crucial
role to have an observable system that allows the application
of estimation algorithms. Since the quality of PMs greatly
affects the accuracy of the DSSE results, the generation of
these synthetic measurements is discussed in detail in this
paper.

Fig. 2 shows an example of a radial feeder that comprises all
three types of these measurements considered here. In partic-
ular, the transformer is equipped with a feeder measurement,
which measures the inflowing power into the feeder, as well
as the voltage magnitude at the transformer. It is assumed
that only one building is equipped with an SM, measuring
both the voltage magnitude, and active and reactive power
injections at this node. The rest of the buildings are considered
not to have measurement equipment installed and thus must be
estimated using PMs. All measurements are collected in the
measurement setM, which is used as input for the estimation
algorithms discussed next.

III. DISTRIBUTION SYSTEM STATE ESTIMATION

A. State Estimation Algorithm

The proposed DSSE algorithm operates under the assump-
tion that a graphical model of the LV grid is available and
that its topology and parameters remain static throughout the
simulation period. This graphical model is represented as a
graph G := {N , E}, where N = {1, 2, . . . , n} denotes the set
of the n nodes connected by m edges (k, l), with k, l ∈ N
form the edge set E = {(k1, l1), (k2, l2), . . . , (km, lm)}. Each
edge corresponds to a transformer, switch, overhead line, or
cable, characterized by its conductance g and susceptance b,
which are assumed known, depending on the length and type
of the respective edge element. Given the graphical model
G and the measurement set M, the algorithm solves an
estimation problem at each discrete time step t, with a chosen
temporal resolution ∆t. Thus, the DSSE algorithm solves a
sequence of estimation problems over the simulation period
tmax.

The proposed DSSE procedure, illustrated in Fig. 3, can be
divided into six steps:

1) Initialization: The graphical model G of the LV grid
is parameterized and the arising types of measurements
needed are identified at t = 0.

2) Measurement Collection: Measurements are collected
into the measurement set M, which includes physical
measurements from feeders and SMs, as discussed in
Section II-B.

1. Initialization

2. Measurement Collection

3. Disaggregation

4. Unmeasured Power Distribution

5. Estimation problem

6. Return estimates V̂(t), Î(t)

t
=

t
+
1

t = 0

M

P̂base, P̂th P̂PV, P̂slack

P PM
k , QPM

k ∀k ∈ Nu

V̂(t) Î(t)

Fig. 3: Flowchart of the proposed multi-timestep DSSE algo-
rithm.

3) Disaggregation: A novel Grid Load Disaggregation
(GLD) algorithm is applied to disaggregate the feeder
measured power Pfeed into PV power P̂PV, thermoelectri-
cal demand P̂th, electrical baseload P̂base, and unassigned
powers P̂slack and Q̂slack in the disagregation process,
facilitating precise PM allocation, as discussed in Sec-
tion III-B.

4) Unmeasured Power Distribution: The disaggregated
feeder measurement components are used to distribute
PM power injections P PM

k and QPM
k across unmeasured

nodes k using various distribution algorithms presented
in Section III-C.

5) Estimation Problem: The fully observable system, com-
prising physical measurements, PMs, and the graphical
model G, is used to solve the estimation problem dis-
cussed in Section III-D.

6) Return Estimates: The algorithm yields estimates of nodal
voltage magnitudes V̂(t) for all nodes, and estimates of
line/transformer current magnitudes Î(t) flowing over the
edges of the distribution grid graph for time step t. The
algorithm then proceeds with the next estimation for t+1.

By executing this algorithm, the vectors V̂ = [V̂1, V̂2, . . . , V̂n]
and Î = [Î1, Î2, . . . , Îm] with voltage and current estimates at
each simulated time step. These estimates are compared here
against the simulated voltages V and currents I to assess the
accuracy of the proposed methods, as well as comparing them
with the existing state-of-the-art DSSE methodologies.

B. Measurement Disaggregation

The objective of the proposed GLD approach is to utilize
feeder measurements, which include the combined load and
generation profiles from all downstream nodes, and disaggre-
gate them into individual components associated with specific
nodes in the LV grid based on the devices installed in these
buildings. Fig. 4 illustrates the proposed GLD methodology,
where the input data consists of the measured aggregated
signal, encompassing the active and reactive power measure-
ments at the feeder. Additionally, time series of dry-bulb
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Aggregated signal

Weather data

Pfeed

τdry

ρglobal

GLD

GIS data

Temporal data

Disaggregated signals

P̂base

P̂PV

P̂th

Fig. 4: Schematic of the proposed GLD methodology for
disaggregation of LV grid measurements.

temperatures τdry and global irradiance ρglobal are fed into the
GLD algorithm. Note that the DSO knows the installed devices
and their corresponding grid nodes through grid connection
requests and annual energy billing, which can be integrated
into the GLD algorithm via GIS data. Furthermore, temporal
data, which includes the current time step, time of day, time
of year, and type of day, are provided to the algorithm. With
these inputs, the GLD algorithm disaggregates the measured
aggregated signal into three components: estimated electrical
baseload power P̂base, representing the power consumption of
appliances in all connected buildings; estimated power demand
of thermoelectric devices P̂th, which accounts for heating and
warm water usage; and estimated PV power P̂PV generated by
the solar panels installed on the buildings.

1) Power Balance: The power balance equation for active
power in the LV grid can be expressed as follows:

Pfeed(t)− Pth(t)− Pbase(t) + PPV(t)− Ploss(t) = 0 (1)

where Pfeed(t) represents the total power measured at time step
t for all feeders supplying the LV grid, while Pth(t) denotes
the total power consumed by thermoelectric devices, such as
HPs. The total baseload in the LV grid is captured by the
variable Pbase(t), PV generation is represented by PPV(t), and
the active power losses are modeled by the variable Ploss(t).
A similar balance equation can be defined for reactive power.

It is important to note that (1) must hold at every time step,
assuming that all exchanged power is measured, and there
are no additional power-generating or consuming components
in the LV grid. Furthermore, the terms in (1) represent the
aggregated active power of individual components, which can
be attributed to the devices installed in the grid as follows:

Pfeed(t) =
∑
k∈F

Pfeed,k(t) (2)

Pth(t) =
∑
k∈Dth

Pth,k(t) (3)

PPV(t) =
∑

k∈DPV

PPV,k(t) (4)

Pbase(t) =
∑

k∈Dbase

Pbase,k(t) (5)

where F is the set of all feeders connected to the LV side of the
transformers supplying the LV grid, typically consisting of one

feeder in the common radial feeder configurations found across
Europe. The sets Dth, DPV, and Dbase include all building
equipment of the respective types: thermal, PV, and baseload.

2) Ensemble Model: The proposed GLD models are de-
signed to learn representations for the various components in
(1) using the input data outlined in Fig. 4. This results in the
following Ensemble Model (EM), which is a combination of
multiple sub-models:

yagg = f agg
w (XPV,Xth,Xbase) (6)

= fwPV (XPV)︸ ︷︷ ︸
yPV

+ fwth (Xth)︸ ︷︷ ︸
yth

+ fwbase (Xbase)︸ ︷︷ ︸
ybase

(7)

where yagg∈ Rtmax×1 represents a vector of the aggregated
signal, i.e., the total power measured in the LV grid over a
time period tmax. The goal of the proposed GLD algorithm is
to learn a model f agg

w through a regression task that closely
matches the observed data, using input data matrices XPV,
Xth, and Xbase, which contain various temporal and weather-
related features for the three components. The weight vector
w = {wPV,wth,wbase} contains the trainable parameters.
The aggregated model is composed of an ensemble of three
individual sub-models fwi

corresponding to a component
signal that needs to be disaggregated. Each component in the
EM receives its own input matrix Xi and has a unique function
approximator f with weights wi. Although the disaggregated
signals yi are initially unknown, once the model is trained, the
sub-models can be used to compute the disaggregated signals
yi by passing the respective input data through the function
approximator of the sub-model.

3) Ensemble Model Training: To train the EM defined
in (7), the data flow illustrated in Fig. 5 is applied. The
input consists of three matrices Xbase, Xth, and XPV, which
contain historical exogenous variables over the period tmax,
such as temporal features and weather data. The number of
features in these matrices nfeats,i may vary depending on the
chosen method and the selected sub-models. Additionally, the
aggregated measured power profile yagg serves as the target
variable and contains the measured power for each historical
time step in tmax.

The objective of the EM is to estimate a profile ŷagg,
which is the sum of the estimated vectors ŷbase, ŷth, and
ŷPV. The prediction quality is then evaluated using a loss
function loss, such as the Mean Squared Error (MSE) or
Mean Absolute Error (MAE) of ŷagg with respect to yagg,
allowing for the optimization of sub-model weights based on
the Stochastic Gradient Descent (SGD) approach used here,
which requires the gradients ∂wbase

∂loss , ∂wth
∂loss , and ∂wPV

∂loss .
It is important to note that the primary objective of the EM

is not to obtain ŷagg itself, but rather the individual components
ŷbase, ŷth, and ŷPV. However, since these components are
not directly measurable, training must be conducted indirectly
through yagg, making the proposed approach semi-supervised.
To ensure that the learned sub-models fwbase , fwth , fwPV provide
meaningful representations of the unobservable components,
the following strategies can be applied when selecting function
approximators for these sub-models:



IEEE TRANSACTIONS ON SMART GRID, Accepted May 2025 6

Exogenous Input Data Aggregated Time Series

Xbase

(tmax × nfeats,base)

Xth

(tmax × nfeats,th)

XPV

(tmax × nfeats,PV)

fwbase

fwth

fwPV

Σ ŷagg

(tmax × 1)

Prediction

yagg

(tmax × 1)

Ground-truth

loss(ŷagg,yagg)

∂wbase
∂loss

∂wth
∂loss

∂wPV
∂loss

ŷ
ba

se

(tmax × 1)

ŷ
PV

(tmax × 1)

ŷ
th

(tmax × 1)

EM f agg
w

Fig. 5: Data flow in the EM training for GLD.

• Input Data Constraints: The input data provided to each
sub-model via the matrices Xi can be constrained to
ensure that each sub-model learns only its respective
component of the signal.

• Model Constraints: The function class of the approxima-
tors can be restricted to align with the true underlying
models. This can be achieved by limiting sub-models to
linear or piecewise-linear functions or by incorporating
activation functions that constrain their output.

In general, the sub-models within the EM can be imple-
mented using any parameterizable function approximator, such
as Neural Networks (NNs), Regression Trees (RT), or Linear
Regression (LR) models. The training procedure used here
follows the algorithm presented in Algorithm 1. Thus, based
on pre-defined hyperparameters, such as the number of training
epochs, learning rate, and batch size, the iterative training loop
aims at fitting the weights in all sub-models of the EM. This
is achieved by applying the following steps to each batch of
each epoch:

1) Extract the data of the current batch.
2) Use the input data of the batch for a forward pass through

the EM.
3) Calculate the loss with respect to the true output.
4) Update the weights of the sub-models in the EM using

SGD.
Note that in the special case where all sub-models in the

EM can be represented using a linear equation, the training
procedure can be simplified as follows:

wEM = X† yagg (8)

where the ·† operator calculates the pseudo-inverse of a matrix
and X ∈ R(tmax×nfeats,base+nfeats,th+nfeats,PV) is the following sparse
block diagonal matrix containing the features of all sub-
models:

X =

Xbase
Xth

XPV

 (9)

Observe that the proposed EM is highly flexible and supports
various regression methods; hence, a limited selection of possi-
ble sub-models was used in the paper. The chosen sub-models

Algorithm 1 Training procedure for EM for GLD.
Inputs:
X = {Xk ∀k ∈ n}: Input datasets for all sub-models.
Y = {yk ∀k ∈ n}: Output dataset containing aggregated
signal.
fwk

: Regression models for sub-models.
nepochs: Number of training epochs.
α: Learning rate.
batch size: Batch size for mini-batches.

Returns:
f agg
w : Trained EM.
fwk
∀k ∈ n: Trained sub-models.

for epoch ∈ {1, . . . , nepochs} do
for batch ∈ {Y,X} do

y, x← batch Extract data of batch.
ŷ ← f agg

w (x) Forward pass.
l← loss(ŷ, y) Calculate loss.
w← w + α · ∇l SGD step.

end for
end for

used here are based on physical models of the underlying
components, as well as a nonlinear regression approach known
for its strong performance in time series predictions. The next
sections provide an overview of the proposed sub-models for
the EM used in the GLD task.

4) Baseload Demand Sub-Models: The following two sub-
models for the baseload model are used and compared here:

P̂base =

{
wbase xSLP (10a)
wbase xreg,base (10b)

where (10a) is based on a vector xSLP that incorporates an SLP,
as defined in [11], which is generated by using a methodology
employed by DSOs in Germany [20], [21]. On the other hand,
sub-model (10b) provides greater flexibility and allows for a
decoupling between the input data used for the regression
method to generate xreg,base, and the input data for the EM
approach. The scalar weight wbase in (10a) and (10b) is then
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learned within the EM dependent on the sub-model used,
scaling the profiles to best fit the aggregated signal.

5) Thermal Demand Sub-Model: For the thermal device
model, the following matrix containing the dry-bulb tempera-
tures is defined first:

Xτ =


τdry(t) τdry(t− 1) . . . τdry(t− L)

τdry(t+ 1) τdry(t) . . . τdry(t− L− 1)
...

...
...

...
τdry(tmax) τdry(tmax − 1) . . . τdry(tmax − L)


(11)

where L represents the number of lagged time steps con-
sidered, which enables modeling the thermal inertia of the
buildings, and τdry(t) is the dry-bulb temperature measured at
time step t. A simple linear sub-model can then be formulated
as:

P̂th =
[
Xτ 1tmax×1

]
wth (12)

This linear model uses the lagged temperatures and an in-
tercept as features, learning a weight vector wth during the
training phase.

A second model that is able to better capture the piece-
wise linear behavior often observed in space heating and warm
water consumption extends (12) by introducing a piece-wise
linear sub-model as follows:

P̂th =

[
Xsh

τ 0nsh×L+1 1nsh×1 0nsh×1

0nww×L+1 Xww
τ 0nww×1 1nww×1

]
︸ ︷︷ ︸

Xth

wth

(13)
where Xsh

τ and Xww
τ are used to capture the behavior in the

space heating and warm water ranges, respectively. These
matrices are derived by splitting the input data Xτ into two
parts based on a cutoff temperature. The learnable weight
vector wth = [ash aww bsh bww]⊺ contains the slopes a and
intercepts b of the two linear functions.

Similar to the regression model described in (10b), the
following regression model can also be utilized to generate
input data for the thermal component in the EM:

P̂th = wth xreg,th (14)

This is a simpler linear sub-model with a feature vector xreg,th
and a scalar weight wth.

6) PV Sub-Model: Two distinct sub-models are utilized
here for predicting PV generation. The first one employs LR,
relying on the measured global irradiance as follows:

P̂PV = wPV ρglobal (15)

where ρglobal is a vector containing global irradiance measure-
ments for all time steps tmax, and the scalar weight wPV is
learned during SGD or eXtreme Gradient Boosting (XGB)
training, with no intercept included.

Another investigated PV sub-model also based on regression
techniques as in (10b) and (14) can be formulated as follows:

P̂PV = wPV xreg,PV (16)

where xreg,PV is a vector predicted by an external regression
method, and the weight wPV, which scales the prediction of
the regression model, is learned during the training of the EM.

TABLE II
GLD MODELS CONSIDERED FOR PM GENERATION

GLD Baseload Thermal PV
Method Model Model Model

GLD1 Sub-Model (10a) (13) (15)
Data SLP τdry ρglobal

GLD2 Sub-Model (10a) (12) (15)
Data SLP τdry ρglobal

GLD3 Sub-Model (10b) (14) (16)
Data XGB XGB XGB

7) Ensemble Model Configurations: To evaluate the effec-
tiveness of the proposed GLD method in comparison to tra-
ditional approaches for PM generation, three promising GLD
configurations are analyzed, and their outcomes are compared
to the current state-of-the-art PM generation method. Specifi-
cally, the three configurations presented in Table II, referred to
as GLD1, GLD2, and GLD3, which vary in both the models
employed and the input data required. Thus, the first two
methods consider all possible modeling approaches requiring
limited amount of data, while the third one regards models
with high data requirements. In particular, the following input
data is required for the three proposed approaches:

• GLD1 and GLD2: The input data, as per Fig. 5, consists
of the SLP feature in (10a) with nfeats,base = 1, and the
global irradiance feature in (15) with nfeats,PV = 1. GLD1
utilizes the piecewise-linear thermal features in (13) with
nfeats,th = 2 · (L+1)+ 2 features, and GLD2 is based on
the linear model (12) with nfeats,th = L+ 2.

• GLD3: The input data for GLD3 consists of three vectors
for each component, i.e., nfeats,base = nfeats,PV = nfeats,th =
1, representing the output vector of each XGB regression
method xreg,base, xreg,th, and xreg,PV that is pre-trained on
the respective component.

Both GLD1 and GLD2 utilize linear models for baseload
and PV generation. However, GLD1 incorporates a piecewise-
linear model for thermal demand, whereas GLD2 applies a
linear thermal device model. In contrast, GLD3 relies on input
data generated by a different regression method and learns the
weights of the corresponding outputs. Consequently, GLD3
requires the training of regression models on data accessible
to the DSO, such as SM recorded data from a subset of
buildings within the relevant LV grid. The distinct input data
used for all three models ensures that each component is
learned independently, preventing spillover between models.
The eXtreme Gradient Boosting (XGB) regression method in
[22] is employed for predicting the underlying models due
to its characteristics as a fast and high-performing regression
technique for time series forecasting in the power sector [23].

C. Pseudo-Measurement Generation

The generation of synthetic PM is essential in DSSE to
ensure the observability of the system when combined with
physical measurements, making it a crucial element of any
DSSE algorithm. Fig. 6 illustrates the two types of methods
compared in this paper.
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Fig. 6: PM generation with (a) UPM and (b) GLD methods
for a sample 5-node radial feeder, with feeder measurements
■, and SM measurements ■.

1) Uniform Pseudo-Measurement Method: This method
[4], [9] depicted in Fig. 6a, represents the current state-of-
the-art approach in the literature. In this case, the unassigned
power is first calculated as follows:

Pu(t) =
∑
k∈F

Pfeeder,k(t)−
∑

k∈Nm

Pk(t) (17)

Qu(t) =
∑
k∈F

Qfeeder,k(t)−
∑

k∈Nm

Qk(t) (18)

where Pu(t) and Qu(t) represent the unassigned active and
reactive powers, respectively. These powers are determined
by subtracting the power injection using all measured nodes,
which are collected in the set Nm, from the total measured
power of the LV feeder. The remaining power injection ac-
counts for the power consumed at unmeasured nodes, as well
as any additional losses within the feeder. The unmeasured
powers are then allocated across all unmeasured nodes as
follows:

P PM
k (t) = fkPu(t) ∀k ∈ Nu (19)

QPM
k (t) = fkQu(t) ∀k ∈ Nu (20)

where P PM
k and QPM

k represent the injection PMs for all
unmeasured nodes, which are included in the set Nu. The
factors fk distribute a fraction of the unassigned power to the
corresponding nodes, where the total sum is typically close to
one when accounting for losses.

Various methods for determining fk can be employed,
depending on the available data. Table III outlines different
common distribution techniques based on GIS and billing
data available to the DSO using the following three methods
considered here: equal scaling, which assumes the same factor
for all unmeasured buildings; rated power scaling, which
considers the rated power of the loads in each building P rated

k ;

TABLE III
DISTRIBUTION METHODS FOR PM GENERATION

Distribution Method Formula fk Input Data

Equal scaling Pu
Nbldgs

Number of buildings Nbldgs

Rated Power scaling PuP rated
k∑Nu

k
P rated
k

Rated power of buildings P rated
k

Energy scaling
PuE

year
k∑Nu

k
E

year
k

Energy of buildings E
year
k

and energy scaling, which is based on the annual energy
consumption of each building Eyearly

k .
2) Grid Load Disaggregation Pseudo-Measurements: The

PM generation method proposed here enhances the UPM
method by incorporating a disaggregation step and modifying
the distribution process, as depicted in Fig. 6b. Initially, the
unassigned power is calculated using the formulas in (17) and
(18). This is followed by a disaggregation step utilizing the
methods outlined in Section III-B. The trained sub-models
are then used to predict the power injections at the current
time step t, resulting in the estimates P̂th(t), Q̂th(t), P̂base(t),
Q̂base(t), P̂PV(t), and Q̂PV(t). The active and reactive slack
power not accounted for by the sub-models is then calculated
as follows:

P̂slack(t) = Pu(t)− P̂th(t)− P̂base(t) + P̂PV(t)− P̂loss(t)
(21)

Q̂slack(t) = Qu(t)− Q̂th(t)− Q̂base(t) + Q̂PV(t) (22)

where P̂slack(t) and Q̂slack(t) represent the residual between
measured power and disaggregated signals.

Although the exact losses in the LV grid at a given time step
are unknown, the fact that the losses can be approximated
in practice by a quadratic relationship of the grid power
flows, since node voltages vary in a narrow range, can be
used to estimate these losses. Thus, assuming that the feeder
parameters, such as, topology of the grid and the admittances
of the lines, cables, and transformers, are known and fixed
over the simulation period, the losses can be approximated
with the following quadratic function:

P̂loss(t) ≈ aloss

∑
k∈F

P 2
feeder,k(t)+bloss

∑
k∈F

Pfeeder,k+closs (23)

where aloss, bloss, and closs are unknown parameters that can be
obtained by running Monte-Carlo power flow simulations us-
ing different random distributions of the LV feeder power over
all connected households, and considering a strict quadratic
relationship, as expected in power grids, i.e., bloss = 0 and
closs = 0.

Once the components are computed, the PMs are allocated
to the nodes where the respective device types are present,
as identified from GIS data. This involves the following three
steps, using one of the distribution methods from Table III:

1) Baseload and Slack Distribution: Distribute the sum of
the estimated total baseload P̂base and the total slack P̂slack
across all unmeasured buildings.

2) Thermoelectric Power Distribution: Distribute the total
estimated demand P̂th across all buildings from thermo-
electric devices.
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3) PV Power Distribution: Distribute the estimated PV
power P̂PV across all unmeasured buildings equipped with
a PV generator.

The application of Steps 1 through 3, in any order, enables
the calculation of PMs for each unmeasured node as follows:

P PM
k = P̂base,k + P̂slack,k + P̂th,k − P̂PV,k ∀k ∈ Nu (24)

QPM
k = Q̂base,k + Q̂slack,k + Q̂th,k − Q̂PV,k ∀k ∈ Nu (25)

In these equations, the PM estimated powers P PM
k and QPM

k

for unmeasured nodes k ∈ Nu are zero for nodes where
no equipment of the respective types are installed, which are
assumed known to the DSO.

D. Minimal Measurement Estimators

After generating PMs for all unmeasured nodes using the
UPM approach described in (19) and (20), or by applying the
proposed GLD models outlined in (24) and (25), the system
becomes fully observable, enabling the estimation process
to proceed. The measurements for the current time step are
concatenated as follows:

zfeed =
[
Vfeed,k Pfeed,k Qfeed,k ∀k ∈ F

]
(26)

zSM =
[
Vk Pk Qk ∀k ∈ Nm

]
(27)

⇒ zphys =
[
zfeed zSM

]
(28)

where the measurements from all monitored feeders and SM
in the LV grid are combined, including measurements of
nodal voltage magnitudes, as well as active and reactive power
flows. The following overall measurement vector is obtained
by adding the generated PMs:

zPM =
[
P PM
k QPM

k ∀k ∈ Nu

]
(29)

⇒ z =
[
zphys zPM

]
(30)

where the measurement vector z ∈ R|M| is the concatenation
of physical measurements zphys ∈ R|Mphys| for a set of actual
measurementsMphys and virtual measurements zPM ∈ R|MPM|

for a set of PMs MPM. Note that the total number of
measurements must be at least 2|N | + 1 to ensure that the
system is observable and a solution can be computed. Hence,
depending on the available feeder and SM measurements in
Mphys, PMs for active and reactive power must be added at
all unmeasured nodes in Nu to meet this requirement. For
example, for the feeder in Fig. 2, which consists of six nodes,
five household nodes, and one slack node at the transformer,
there must be at least 2×6+1 = 13 measurements. Hence, the
physical measurements at the feeder and the SM at household
0 are supplemented by adding PMs at the households at nodes
1, 2, 3 and 4, resulting in a total ofM = 14 measurements in z
thus making the system observable, as illustrated in Table IV.

An estimate of the state can then be obtained by solving
the following optimization problem:

min
Ṽ

J(Ṽ) = r⊺R−1r (31)

s.t. r = z− h(Ṽ)

where the objective seeks to minimize the squared residuals in
the residual vector r, which represent the difference between

TABLE IV
FIG. 2 MEASUREMENT SETS AND VARIABLES

Measurement M Variables No. TotalType
Feeder {0} Vfeed,0, Pfeed,0, Qfeed,0 3

SM {0} V0, P0, Q0 3
PM {1, 2, 3, 4} P PM

1 , QPM
1 , P PM

2 , QPM
2 8

P PM
3 , QPM

3 , P PM
4 , QPM

4
|M| = 14

the measurement vector z, and the measurement functions h
applied to the state vector Ṽ, which consists of the complex
nodal voltages. The diagonal matrix R contains the inverse
measurement variances, serving as weighting factors for the in-
dividual measurements. The measurement functions h contain,
depending on the type of measurement, linear and nonlinear
functions describing the power flows in the grid. Consequently,
an iterative method, such as the common WLS method is
necessary to solve the SE optimization problem.

It should be noted that, although the solution of (31) only
yields complex voltage values, the line/transformer currents
flowing through the edges of the graph of the LV grid can
then be readily obtained by solving the following equation:

Ĩi = Ỹkl

(
Ṽk − Ṽl

)
(32)

where i ∈ E , and Ỹkl is the assumed known line/transformer
admittance of the edge element i. Therefore, the proposed
method determines limit violations in DSSE by calculating
the magnitude of the complex LV voltages and currents, as
highlighted in Fig. 3.

1) Estimating State Intervals: Solving the optimization
problem (31) yields a Maximum Likelihood Estimate (MLE),
which contains the phasor voltage estimates V̂ for all nodes
in the system and represents the most probable state for the
measured data, assuming the errors follow a normal distribu-
tion. However, in practical applications, these estimates can
be inaccurate due to measurement errors and, more critically,
errors in predicted PMs. Such inaccuracies may result in
the failure to detect overloading conditions in the LV grid.
Therefore, it is important to estimate the possible ranges of
voltages in the grid.

To determine the voltage ranges, Steps 4 and 5 in Fig. 3
can be modified by considering an error in the predicted PMs
as follows:

P̂ PM
k = P PM

k + pdf (0, σk) ∀k ∈ Nu (33)

where P̂ PM
k represents the simulated PM including an error,

and pdf denotes a normal probability density function with
zero mean and σk standard deviation. This results in a Monte-
Carlo approach where the uncertainty in the PM estimates is
taken into account by randomly sampling around the estimated
values, which leads to a new PM value at each node, resulting
in deviating estimates of voltages and currents when solving
(31) with the sampled values.

To estimate state intervals, the following steps are per-
formed:

1) Compute point-estimates for the PMs P PM
k at all unmea-

sured nodes k ∈ Nu.
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Fig. 7: Considered LV feeder scenarios.

2) Generate noisy estimates for the PMs using (33), where
a predefined uncertainty serves as the standard deviation
σk.

3) Solve the DSSE optimization problem described in (31)
for the noisy estimates, yielding estimates for all grid
nodes, lines, and transformers.

By repeating steps 2 and 3 for nsamples times, the resulting
voltage and current estimates can be expressed as a discrete
distribution of possible grid states at a given time step. Since
sampling the normal distribution in (33) and solving the
optimization problem in (31) is computationally efficient, with
execution times in the sub-second range, tens or even hundreds
of samples for typical distribution LV feeder sizes can be
quickly calculated.

IV. RESULTS

A. Test System and Measurements

To assess the effectiveness of the proposed DSSE approach,
two realistic LV feeders based on an actual LV grid in the
Karlsruhe region, are studied. This represents a common grid
configuration in Germany, where each transformer services
about 100 residential buildings through multiple LV feeders,
with 10-20 buildings per feeder. Thus, the proposed methodol-
ogy can be readily extended to an entire LV grid by applying it
in parallel to each feeder connected to the MV/LV transformer.
Fig. 7 illustrates the two grid configuration considered here.
Scenario 1 represents the single-phase representation of a
radial LV feeder supplying 15 homes, with a nominal voltage
of 400 V, and Scenario 2, the same homes are assumed to
be supplied by a meshed grid topology. The 15 residential
households are connected using NAYY 4x150 SE and NAYY
4x50 SE underground cables. Each home was simulated for a
full year with a time resolution of ∆t = 1 h.

The electrical profiles of the homes in Scenario 1 and 2
are simulated using the BEopt software [24], which models
each home based on weather data specific to Germany. Each
home is modeled according to the specifications in Table V,
accounting for various factors such as heating technology, i.e.,
Air-Source Heat Pump (ASHP), Ground-Source Heat Pump
(GSHP), or hybrid systems using both gas and electricity; PV
capacity and orientation; home footprint for various insulation
levels; and the number of occupants with different usage
patterns. The variety of factors considered allow to represent
the diversity of buildings typically connected to LV grids.

For each simulated time step, power flow calculations are
performed using the pandapower package [25], which are

TABLE V
LV GRID HOUSE CHARACTERISTICS

ID HP PV Footprint Occupants

1 - - 197 m2 4
2 ASHP 10 kWp; S 114 m2 2
3 ASHP - 223 m2 5
4 - 8 kWp; SW 134 m2 3
5 - 6 kWp; S 251 m2 2
6 GSHP - 130 m2 3
7 - 10 kWp; SE 201 m2 1
8 hybrid - 204 m2 2
9 - - 86 m2 2

10 ASHP 10 kWp; S 264 m2 5
11 hybrid - 187 m2 2
12 GSHP 4 kWp; SE 104 m2 1
13 hybrid 4 kWp; SSW 239 m2 3
14 hybrid - 197 m2 6
15 ASHP 4.5 kWp; S 174 m2 2
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Fig. 8: Evaluation procedure for the accuracy of DSSE al-
gorithms using power flow calculation as ground-truth, with
assumed physical measurements marked as ■.

considered as the ground-truth data for evaluation purposes,
since actual measurements are not available. Based on this
generated data, measurements are simulated by adding noise
to the obtained quantities for nodes at which measurement
equipment is assumed to be available in the investigated sce-
nario. Fig. 8 illustrates the procedure used for the generation
of ground-truth data for one of the feeders and for house
ID 4. Thus, the assumed measured quantities are collected
inMphys and noise is added based on the specified accuracies
for the measurement devices. The noisy measurements are then
passed onto the DSSE algorithm, where they are disaggregated
and PMs are distributed based on the disaggregated compo-
nents. The estimation algorithm receives the generated PMs
MPM and the noisy physical measurements and estimates the
system state. Finally, a metric L is applied to compute the
quality of the estimates with respect to the underlying ground-
truth.

The computation of the fitted parameter aloss in (23) from
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(23).

ground-truth values for both LV scenarios is illustrated in
Fig. 9. This yields aloss = 2.92 × 10−4 for Scenario 1, and
aloss = 1.19× 10−4 for Scenario 2.

Depending on the measurement setup being evaluated, PMs
are generated for the DSSE procedure. It is assumed that
physical measurements are subject to normally distributed
errors, corresponding to an accuracy class of 0.5S, while PMs
are assumed to have higher uncertainty, characterized by high
standard deviations.

Three metrics are used to quantify the quality of PMs and
DSSE estimates defined as follows:

MAE(y, ŷ) =
∑tmax

t=1 |y(t)− ˆy(t)|
tmax

(34)

MAPE(y, ŷ) =
100

tmax

tmax∑
t=1

∣∣∣∣y(t)− ŷ(t)

y(t)

∣∣∣∣ (35)

MARPE (y, ŷ) =
100

tmax

tmax∑
t=1

∣∣∣∣y(t)− ŷ(t)

yrated

∣∣∣∣ (36)

where the MAE calculates the mean error over of two vectors
over all time steps tmax. The Mean Absolute Percentage
Error (MAPE) is used to calculate relative errors between
two vectors. The metric Mean Absolute Rated Percentage
Error (MARPE) normalizes the absolute error with respect
to the rated power of the respective household yrated under
consideration.

B. Disaggregation and Pseudo-Measurements

The accuracy of the predicted PMs is crucial in DSSE.
Therefore, the quality of the proposed disaggregation method
and the predicted PMs errors are analyzed first.

Unlike the UPM method, the GLD approach involves a
disaggregation step to estimate the signal components. Fig. 10
depicts the disaggregation results using GLD1, GLD2, and
GLD3 for the first week of data. The upper plot shows the
simulated components of the signal contributing to the feeder
loading, used as the reference. In contrast, the lower plots dis-
play the components resulting from the disaggregation process
for all three disaggregation methods. The blue area highlights
the difference between measured and predicted power, i.e.,
the slack power, which is distributed across all unmeasured
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Fig. 10: Disaggregated components for one week of data for
GLD1, GLD2, and GLD3.

TABLE VI
PM MAE IN KW FOR DIFFERENT DISTRIBUTION TECHNIQUES

Scaling UPM GLD1 GLD2 GLD3
Equal 2.01 1.39 1.49 1.30

Rated Power 2.02 1.23 1.38 1.15
Energy 2.51 1.07 1.20 0.88

nodes. Note that the results for GLD3 capture the simulated
components best, as highlighted by a relatively small slack
power, as well as the daily variations, due to higher flexibility
of the underlying nonlinear regression models. In contrast,
GLD2 captures the PV power best, since it is constrained
by a linear dependency between irradiance and PPV, which
restricts PV powers to be only negative. On the other hand, for
GLD3, PV powers are not assumed to be only negative, thus
occasionally resulting in small erroneous positive PV power
predictions at night. Observe also that the prediction of the
thermal component is consistently under-estimated when using
GLD2, showing the limitation of using a linear model to pre-
dict the nonlinear thermal demand. Conversely, GLD1 shows
better disaggregation results for thermal power, demonstrating
the advantages of using a piecewise-linear thermal model.

The effects of different disaggregation techniques on the
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Fig. 11: Ground-truth power injections and PMs using differ-
ent disaggregation techniques.

obtained PMs are analyzed and compared to ground-truth data
in Fig. 11. Note in Fig. 11a that the proposed GLD methods
provide a more accurate estimation of PV infeed compared to
the UPM method. The UPM approach distributes total power
uniformly across all buildings in the feeder, disregarding the
presence of a PV generator installed on building ID 10, with
Fig. 11b revealing that PV power is assigned to buildings
without PV installations, significantly affecting the accuracy
of the PMs obtained using this methodology. Both plots show
that GLD1 and GLD2 effectively capture the overall behavior
of the buildings, despite their reliance on SLP-based load
profiles, which limit their ability to reflect the stochastic nature
of household loads. In contrast, GLD3 is shown not to be
constrained by SLP-based baseload models, allowing it to
generate PM estimates that more accurately represent actual
household load behavior.

As shown in Table III, different distribution techniques can
be applied during PM generation, affecting the quality of the
predicted PMs. To evaluate the resulting errors in the absence
of SMs, the MAE between the predicted PMs and actual active
power for one year of data for the UPM, GLD1, GLD2,
and GLD3 methods, along with three different distribution
methods, are summarized in Table VI. The best setting for each
method is highlighted in bold, showing that the lowest PM
error for UPM is achieved using equal scaling, while the GLD
methods yield the lowest errors with energy scaling. Moreover,
it is evident that all GLD methods significantly reduce errors
compared to the state-of-the-art UPM method, with GLD3
yielding the most accurate results. This demonstrates the
benefits of incorporating the disaggregation step in the PM
generation process.

A detailed statistical analysis of the resulting PM errors for
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Fig. 12: Error of PM generation techniques for radial feeder
and varying SM penetrations for UPM and proposed disag-
gregation techniques.

TABLE VII
STATISTICAL ANALYSIS OF PM FROM CONSIDERED GENERATION

TECHNIQUES

Method Distr. µ|MARPE| σ|MARPE| µ|MAPE| σ|MAPE|

UPM
Equal 12.27% 13.11% 66.65% 81.75%

Rated Power 12.51% 12.92% 66.30% 80.41%
Yearly Energy 15.06% 16.08% 83.03% 88.77%

GLD1
Equal 9.58% 10.26% 53.81% 63.88%

Rated Power 9.23% 8.54% 56.52% 60.21%
Yearly Energy 7.45% 7.07% 46.98% 55.12%

GLD2
Equal 9.56% 10.55% 53.37% 64.95%

Rated Power 8.83% 8.71% 54.14% 61.05%
Yearly Energy 7.43% 7.48% 46.90% 55.05%

GLD3
Equal 8.26% 10.06% 39.15% 52.04%

Rated Power 7.44% 8.25% 39.58% 49.32%
Yearly Energy 5.52% 6.69% 27.99% 36.33%

all households is shown in Table VII. For this purpose, two
metrics are compared: the MAPE in (35) and the MARPE
in (36). Note that (35) can cause very large errors for small
values of the true variable y(t), which is why values around
zero are excluded from the analysis. Table VII displays the
mean µ and standard deviation σ of the two metrics. Similar
to Table VI, a clear trend of lower mean errors can be observed
for the GLD methods, with GLD3 showing the lowest overall
mean errors in both metrics. Moreover, the standard deviation
for these methods is significantly lower compared to UPM
and is in the range from 6.69% to 10.55% for the MARPE.
As expected, the MAPE metric gives higher errors due to the
normalization with respect to the actual value y(t), which leads
to very high relative errors for small actual values. Overall, the
standard deviations are well below the standard deviations for
PMs reported in [11], which are stated to be above 50% for
the investigated scenario. This highlights the importance of
incorporating feeder measurements and a disaggregation step
into the proposed PM generation algorithm.

Since the entries in the R matrix in (31) are defined as
the inverse variances 1/σ2 of the respective measurements,
the accuracy class, which is assumed to be 3σ = 0.5%, as
previously mentioned, is used for physical measurements. On
the other hand, for PMs, the R entries are chosen assuming
a very poor accuracy of 3σ = 50%, since these estimates are
considered to have high errors; thus, exact σ values are not
essential for the DSSE to operate effectively.

The exemplary error distribution using the MARPE metric
for household 6 over the simulation time span is illustrated in
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Fig. 13: Histogram of MARPE for household 6 for all methods
using the best distribution technique.

Figure 13, showing the histograms for all methods using their
respective best distribution technique from Table VII. It can
be observed that the distribution of GLD1, GLD2, and GLD3
better resembles a normal distribution and leads to smaller
outliers. In contrast, the histogram of PM errors obtained with
UPM is characterized by a higher skewness and high positive
outliers caused by PV power that is incorrectly assigned to this
household, despite the household not having a PV generator
installed.

Finally, the impact of varying the number of available
measurements from SMs is examined by scaling the SM per-
centage from 0% to 100%, starting with the node closest to the
transformer in Scenario 1. Fig. 12 presents the resulting MAE
for UPM, GLD1, GLD2, and GLD3, using their respective best
distribution methods. As expected, the error decreases with
increasing SM penetration, reaching zero when every node
is equipped with a metering device. Note that the proposed
GLD1, GLD2, and GLD3 exhibit significantly lower errors
compared to UPM, with an approximately linear reduction in
errors.

C. State Estimation

The PMs derived from the UPM, GLD1, GLD2, and GLD3
methods are utilized to solve the estimation problem across
all time steps of the simulated year for both Scenario 1 and
Scenario 2 using various SM configurations. Fig. 14 depicts
the resulting voltage estimates for all methods at a single time
step t = 3421 h, which corresponds to a sunny midday hour
with the highest PV generation for the year. Observe that for
the radial grid of Scenario 1, a noticeable increase in voltage
along the feeder is observed, leading to the highest voltage
errors at the end of the feeder, with GLD3 achieving the lowest
errors and UPM showing the biggest deviation from the “true”
simulated voltages. Conversely, the results for the meshed
feeder in Scenario 2 shows the highest voltage occurring
towards the electrical middle at Node 10. Similar to Scenario
1, the GLD-based methods provide more accurate estimates
compared to UPM. The average relative voltage errors in
Scenario 1 and 2 are 0.050% and 0.015%, respectively, which
are significantly lower than the 0.62% error reported in [11].
However, a direct comparison is not possible due to differences
in the grid and measurement configurations considered in both
studies.
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Fig. 14: Voltage estimates for t = 3421 h.

TABLE VIII
MAPE % REDUCTION WITH RESPECT TO UPM WITH NO SM FOR

SCENARIO 1

SM Node UPM GLD1 GLD2 GLD3
{} 0.00 31.18 36.32 42.68
{7} 11.63 45.65 47.10 57.06
{14} 42.50 72.27 70.30 73.42

{7, 14} 44.85 74.42 72.74 75.69

An analysis of four different SM configurations for Scenario
1 yields to the results in Table VIII, which shows the per-
centage reduction in MAPE with respect to the UPM method
without SMs. Note that, first, the GLD-based methods yield
significantly lower voltage errors than the UPM method, with
GLD3 achieving the lowest errors, which are 42.68% lower
in the absence of SM measurements. Second, adding SM
consistently reduces errors across all methods, leading to a
44.85% reduction when SMs are installed at Nodes 7 and
14, corresponding to the middle and end of the feeder, in the
UPM method. As expected, the placement of SMs significantly
influences the DSSE results, as installing a SM at Node 7
results in smaller reductions compared to installing them at
the end of the feeder at Node 14, making end-of-the-feeder
installations of SMs the preferred choice.

Table IX presents the results when employing GLD3 for
DSSE for interval estimation, as proposed in Section III-D1
for the more extreme case of Scenario 1, where the radial
structure makes it more challenging to predict voltages towards
the end of the feeder. To explore the number of missed
detections of voltage bound violations, a typical voltage bound
of ±5% is considered, thus ensuring that violations occur in the
simulation. The number of actual voltage violations, as well as
estimated voltage violations assuming a PM error of ±1 kW,
are simulated using the proposed interval estimation method.
Regardless of the SM setup, no voltage violations of 1.05 p.u.
are present in the “true” value V (t), whereas 2033 violations
of the lower bound 0.95 p.u. occur. The DSSE method detects
5716 possible violations when no SMs are installed, which is
more than double the number of actual violations. However,
this number can be reduced to 2383, with only 353 faulty
detections, when SMs are installed at Nodes 7 and 14. These
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TABLE IX
NUMBER OF VOLTAGE LIMIT VIOLATIONS FOR SCENARIO 1 WITH

GLD3 INTERVAL ESTIMATION OF ±1 KW

SM Node V̂ (t) > 1.05 p.u. V̂ (t) < 0.95 p.u.
{} 21 5716
{7} 2 3913
{14} 0 3063

{7, 14} 0 2383
V (t) violations 0 2033

results underscore that while interval estimation methods can
be effective in detecting potential voltage violations in sparsely
measured LV grids, missed detections are likely.

D. Discussion

The results of the proposed novel DSSE approach demon-
strate significant improvements over existing state-of-the-art
methods, obtaining valuable insights for PM generation in
LV grids with a very limited number of measurements, and
offering a promising avenue for future advancements in this
field. However, it is important to highlight the following
limitations of the presented study:

• Even though the analysis is validated with a simulated
realistic system, the performance in practical applications
may differ due to factors not considered in the simulation
such as corrupted measurements and unbalancing.

• The proposed DSSE method assumes a static system
with unchanging grid topology and known electrical
parameters and load characteristics. However, in practice,
these factors can vary dynamically. Hence, algorithms
for topology identification and parameter estimation (e.g.,
[26]), and data validation from GIS may be needed in the
case of dynamically changing grid conditions.

• The simulation focuses on a balanced LV grid, but in
practice, LV grids often exhibit unbalanced conditions.
Nevertheless, the proposed techniques could be readily
extended to handle unbalanced systems by disaggregating
signals from each phase and incorporating a three-phase
grid model into the DSSE optimization problem, resulting
in a 3-fold increase in the size of the problem. This
should not be an issue when using today’s efficient and
robust optimization solvers, given the number of nodes
of a typical European LV grid, particularly in Germany,
as previously discussed. For example, for the sample
balanced grid used here, the DSSE problem contains
about 30 state variables and can be solved in less than
1 s.

• Although the impact of noise in the data was consid-
ered in the presented simulations, corrupt and erroneous
data quality issues were not examined. The latter can
be addressed using robust data processing techniques,
including outlier detection and filtering, which may be
necessary for ensuring the accuracy and reliability of the
DSSE results in practice.

V. CONCLUSIONS

Methods that disaggregate feeder measurements into com-
ponents for thermal, baseload, and photovoltaic power were

introduced for PM generation in the context of LV grid
DSSE, particularly for systems with limited SM coverage
or, in some extreme case, no measurements from LV nodes.
Unlike state-of-the-art approaches, the proposed methods in-
corporate a disaggregation step based on exogenous GIS and,
weather and temporal data to reduce negative impact of limited
measurement availability in LV grids, significantly enhancing
predictive accuracy in PM generation compared to exist-
ing technologies. Three different configurations of the novel
GLD methods were proposed and compared with existing
approaches from the literature. The accuracy of PM generation
and its impact on DSSE results were examined using two
realistic German LV feeders. The results demonstrate that
using the GLD methods leads to a significant reduction in
errors for both PM generation and DSSE results. The study
also explored the influence of SM penetration and installation
location on DSSE results, revealing that the GLD methods
consistently produced the best estimation results across all
settings, with the number and placement of SMs significantly
affecting estimation accuracy.

Future research could explore more components and sub-
models for the disaggregation step. Furthermore, the applica-
tion of interval estimates via affine arithmetic could be used
to obtain tighter estimated intervals.
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