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Abstract
Distribution system operators (DSOs) face challenges such as restructuring distribution
grids for climate neutrality and managing grid consumption and generation. Measure-
ments within the grid are crucial for DSOs, yet many low‐voltage (LV) grids lack mea-
surement devices. To address this, an approach is proposed to estimate pseudo‐
measurements for non‐measured LV feeders using regression models. The models are
based on feeder metadata, which includes the number of grid connection points, installed
power of equipment, and billing data in the downstream LV grid. The authors also
incorporate weather, calendar, and timestamp data as model features and use the existing
measurements as the model target. For evaluation, a dataset of 2323 LV feeders is used
and peak metrics for magnitude, timing, and shape of consumption and feed‐in are
introduced, inspired by the BigDEAL challenge. The authors employ XGBoost, a
multilayer perceptron (MLP), and a linear regression (LR) model, finding that XGBoost
and MLP outperform LR. The results demonstrate that this approach effectively adapts
to varying conditions and generates realistic load curves from feeder metadata. Addi-
tionally, the authors elaborate on feeders where pseudo‐measurements exhibit de-
ficiencies. This method could be extended to other grid levels such as substations and
contribute to research in load modelling, state estimation, and LV load forecasting.
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1 | INTRODUCTION

The increase of photovoltaic (PV) systems, heat pumps and
electric vehicles (EVs) implies challenges and new re-
quirements for the planning and operation of distribution grids
[1]. Distribution system operators (DSOs) have to cope with
increased load and generation which results in higher peaks of
active power. In order to prevent congestions, for example due
to thermal overload of DSO equipment, it is essential for the
DSO to know the loads induced by consumption and gener-
ation in the electric grid [2].

However, we observe that the rollout of measurement de-
vices for DSO equipment such as low‐voltage (LV) feeders is

expensive and time‐consuming. Consequently, the LV feeders of
DSOs are often divided into a setA ofmeasured feeders and a set
B of non‐measured feeders as it is depicted in Figure 1.

For closing the measurement gap, it can be beneficial to
estimate the active power of non‐measured LV feeders and
substations. The estimated power values are subsequently
named pseudo‐measurements. In the present paper, we pro-
pose an approach based on feeder metadata such as the
installed power of heat pumps or PV systems along with the
available measurements. Table 1 provides an overview over the
specific feeder metadata used in the present paper. However,
the feeder metadata can be extended depending on the avail-
able data.
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A model is trained to learn how a measured power curve of
a LV feeder is related to the feeder metadata, the current
timestamp and the weather conditions. During application, the
model can predict the power of a non‐measured feeder (a
feeder from set B in Figure 1) with information about its
metadata and the current timestamp and weather conditions.
This approach does not require any measurements from the
feeder for which the pseudo‐measurements are generated. As
long as the grid is not meshed, this pseudo‐measurement
approach is also applicable at substations by leveraging sub-
station metadata.

Pseudo‐measurements can serve as a basis for multiple use
cases in planning and operation processes. For planning, they
indicate the remaining capacity in the feeder and facilitate the
integration of new consumers and producers. If the feeder
capacity is too low, an installation of measurement devices for
more accurate monitoring or a grid expansion can be triggered.
Moreover, the energy transition requires studies for the long‐
term planning of the grid in view of increasing load and
generation. In Germany, DSOs are obligated to plan their grid
with respect to climate neutrality in the year 2045 [3]. For this
purpose, it is important for the DSOs to have knowledge
about the current degree of capacity utilisation. For operation,
pseudo‐measurements can improve the accuracy of a Distri-
bution System State Estimation (DSSE) [4]. Furthermore, the

control of consumers and producers in case of grid conges-
tions such as thermal overload is becoming more important. In
Germany, a new regulation allows the reduction of power
consumption by devices in the LV grid under specific cir-
cumstances [5]. Hereby, pseudo‐measurements help to detect
grid congestions and can be used to set up control schedules.

Hence, in the present paper, we introduce a new approach
to generate pseudo‐measurements based on feeder metadata.
We use a large real‐world dataset from a DSO in Southern
Germany which includes metadata which is rare in the current
literature [6]. Furthermore, the measurement data is charac-
terised by both load and feed‐in. From 2323 feeders, 34:1%
exhibit at least 10 times a net feed‐in lower than − 10 kW
mainly due to prosumers with PV systems. Hence, we modify
existing peak metrics to handle frequent zero‐crossings as well
as negative and positive peaks at one day.

Our key contributions in the present paper are.

� We present a new approach to generate pseudo‐
measurements for LV feeders based on feeder metadata.

� We evaluate the pseudo‐measurements with respect to peak
metrics inspired by the BigDEAL challenge [7] considering
the magnitude, timing and shape of consumption and feed‐in
peaks.

The remainder of the paper is structured as follows. The
related literature is presented in Section 2 and the problem
statement is given in Section 3. The methodology in Section 4
introduces the machine learning (ML) approach of generating
pseudo‐measurements as well as the peak metrics. After
introducing the dataset and the experiment in Section 5, we
present the pseudo‐measurements in Section 6. Finally, we
provide a discussion in Section 7, the limitations in Section 8
and a conclusion in Section 9.

2 | RELATED WORK

In this section, we first give an overview on different ap-
proaches to estimate the load and generation of a non‐
measured feeder in the LV grid. Furthermore, we delimit the
problem from adjacent research areas.

F I GURE 1 Classification of LV feeders into measured ðAÞ and non‐
measured feeders ðBÞ. The symbols represent substations with three LV
feeders. The present paper aims to estimate pseudo‐measurements for non‐
measured feeders B by learning the relation between measurements of feeders
in A and the feeder metadata (see Table 1).

TABLE 1 Overview over the feeder metadata which is used as model features in the present paper. Section 5.1 provides more details about the feeder
metadata. The methodology in the present paper enables other feeder metadata depending on which data is available. Other model features which are not listed
are weather and calendar features.

Group Type Metadata features Unit

Grid connection points Housing housing units # (Count)

Installed power of
equipment

Consumer storage heaters, heat pumps, electric heaters, EV chargers, hot water tanks,
inductive power, flow‐type heaters, public lighting, other consumers

kW

Battery batteries kW

Producer PV systems, other producers kW

Energy consumption data Commerce and industry g0 (general), g1 (workdays), g2 (evening), g3 (continuous), g4 (shop/hairdresser),
g5 (bakery), g6 (weekend), l0 (farm)

kWh

2 of 19 - TREUTLEIN ET AL.

 25152947, 2025, 1, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/stg2.12210 by K

arlsruher Institut F., W
iley O

nline L
ibrary on [17/02/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



The lack of measurements in the grid is a common problem
for DSOs and researchers focussing on distribution grids.
Table 2 shows different approaches to estimate the load. In
particular, pseudo‐measurements are essential for DSSE if the
grid is unobservable [21]. But as emphasised in Section 1, there
are also other DSO use cases for pseudo‐measurements of LV
feeders besides DSSE such as detecting a congestion at the
feeder.

The first approach to generate pseudo‐measurements in
Table 2 is the smart meter exploitation in the downstream
grid. In case of an (almost) complete coverage by and avail-
ability of Advanced Metring Infrastructure (AMI), the mea-
surements at the grid connection customers can be aggregated
to the feeder level (bottom‐up) [8, 11]. Furthermore, infor-
mation from smart meters can be used to adjust load profiles
[10] or can be included directly in the DSSE optimisation
problem [9]. However, the smart meter exploitation approach
can be complex due to millions of distributed smart meters.
More important, the data is often not available due to slow
smart meter rollouts [22]. This also applies for the grid area
used in the present paper, which is why smart meter data is not
used. Furthermore, legal and technical constraints can be a
reason for restricted access of DSOs to smart meter data [23].

Inversely, the second approach is the measurement disag-
gregation from the upstream grid (top‐down). A simple
approach is to use ratios given by the kVA rating of the trans-
formers to distribute the measured load of medium‐voltage
(MV) feeders [8]. A disadvantage is the inaccuracy of the esti-
mates, depending on the data used for building ratios. Disag-
gregation approaches are related to Non‐Intrusive Load
Monitoring (NILM) on the household level [24] which can also
be extended to the grid level [25]. However, NILM on the grid
level aims to detect the contribution of equipment described in
the feeder metadata, for example, the proportion of power
generated byPV systems. This is not the aim in the present paper.

The third approach explicit modelling is used in refs. [12,
13] to build pseudo‐measurements for wind and solar gener-
ation. If domain knowledge about the generation of customers
in the downstream grid is given, it is possible to model the
estimated load by physical equations. Regarding the con-
sumption of grid connection customers, a detailed bottom‐up
approach which combines the existing electrical devices with
human activity patterns can be used [14]. The resulting

generation and load profiles can be aggregated to the higher
grid level (bottom‐up). The main disadvantage of this
approach is the complexity of modelling, especially with
diverse customers such as different types of commerce and
industry.

We refer to the fourth approach as synthetic load profiles
which can be aggregated to the higher grid level (bottom‐up).
In contrast to the third approach, the referenced methods need
no detailed information about human activity or physical
equations. Unlike the first approach, the load and generation
profiles can be built with representative data from any down-
stream grid and we do not need AMI in the downstream grid
of the non‐measured feeder. In Germany, the load profiles
provided by the German Association of Energy and Water
Industries (BDEW) are often used [15]. However, they are
criticized for being imprecise [26]. More advanced examples
comprise a Variational Autoencoder (VAE) called Faraday
which can provide synthetic household profiles conditioned on
consumption devices such as EVs [17]. Nevertheless, the ag-
gregation of load profiles does not incorporate the simultaneity
factors of customers and devices in the downstream LV grid.

In contrast to the aforementioned approaches, the fifth
approach consists in directly leveraging grid measurements of
feeders which are representative for the non‐measured feeder
(same grid level). The study presented in the present paper
belongs to this fifth approach. We refer to the required data
about the equipment in the LV grid (see Table 2) as feeder
metadata. In ref. [18], the feeder metadata comprises infor-
mation about the residential and commercial customers and
the public lighting. The authors in ref. [19] frame the problem
of generating load profiles for non‐measured MV/LV trans-
formers as transductive transfer learning. Despite solar irradi-
ance, social demographic data and the installed power of PV
systems, they include load data from a similar transformer after
clustering. Closest to the present paper, the authors in ref. [20]
propose a method based on substation metadata, weather data
and calendar data to estimate load of non‐measured sub-
stations which can also contribute to DSSE [27]. However, the
presentation does not contain an evaluation of their approach.

In general, it can be observed that using feeder metadata is
rare in the literature, also due to missing public datasets [6]. If
feeder metadata is used, it is often not detailed, for example,
including only the number of households without knowledge

TABLE 2 Basic approaches in the literature which can be used to estimate the load and generation of non‐measured LV feeders and other grid levels.

# Approach Type Important data requirement Study examples Reviews

1 Smart meter exploitation Bottom‐up AMI in downstream grid [8–11] [4]

2 Measurement disaggregation Top‐down AMI in upstream grid [8]

3 Explicit modelling Bottom‐up Deep domain knowledge
þ data about equipment in LV grid

[12, 13] [14]

4 Synthetic load profiles Bottom‐up Representative measurements of
grid connection customers in any downstream grid
þ data about equipment in LV grid

[15–17] [4, 14]

5 Leveraging grid measurements Same grid level Representative feeder measurements in any grid
þ data about equipment in LV grid

[8, 18–20]

Abbreviations: Advanced Metring Infrastructure (AMI), low‐voltage (LV).
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about large consumption devices like the number of EV
charging stations. However, such information can be crucial
for the resulting load at the feeder level [28].

Other research areas related to pseudo‐measurements cover
the generation of synthetic time series and load forecasting. For
synthetic time series, the difference is that they are not for spe-
cific feeders but should include specific characteristics, for
example, anomalies [29, 30]. Load forecasting requires mea-
surements from the feeder itself [2]. The emerging Time Series
Foundation Models (TSFMs) are focused on forecasting a given
time‐series, imputing missing values in a time‐series or detecting
anomalies in time‐series [31]. However, the problem in the
present paper consists of having no measurements at all for the
majority of feeders. Nevertheless, load forecasting is a very active
research field and methods used for data preparation, training
and evaluation of time‐series problems can also support
regression problems like the one in the present paper [6]. For
example, the generative load forecasting model conditional
Invertible Neural Network can also be used to generate pseudo‐
measurements based on feeder metadata [32, 33].

In literature about DSSE, historical load data of a LV
feeder is often given, but recent or future load data is missing
[4, 34]. Generated recent or future load estimates of the LV
feeders (and other grid levels) are also called pseudo‐
measurements. However, analogous to load forecasting, the
methods need historical data of the feeder itself. Hence, they
are not suited for the problem statement in the present paper.

In addition to the methods, the tailored evaluation of load
estimations plays a crucial role in distribution grids. Since DSOs
need to plan and operate the grid with respect to the highest
loads, evaluating with respect to the peak values is becoming
more important. The BigDEAL challenge [7] in the field of load
forecasting addresses this requirement as well as the authors in
ref. [35] for DSSE. In the present paper, we adapt the peak
metrics of ref. [7] considering peak magnitude, timing and shape
to cope with feeders exhibiting both consumption and feed‐in.

All in all, we observe that feeder metadata together with
feeder measurements is rarely used in the literature to generate
pseudo‐measurements. In addition, none of the studies listed at
the fifth approach (leveraging grid measurements) in Table 2
contain as much metadata as in the present paper (see Table 1).
Furthermore, all of the studies of the fifth approach focus on the
substation or transformer level instead of the feeder level and do
not evaluate explicitly on peak performance. Moreover, the aim
in refs. [18, 19] is to generate load profiles instead of complete
time‐series as in the present paper. However, they induce sim-
plifications, for example, by neglecting weather effects.

Therefore, we propose an ML method generating high res-
olution pseudo‐measurements based on feeder metadata. The
results are evaluated on a large real‐world dataset with three
models and ninemetricswith a special focus on daily peak values.

3 | PROBLEM STATEMENT

Figure 1 illustrates a basic problem for DSOs in the LV grid.
Even though an increasing number of LV feeders are equipped
with measurement devices, there are still many feeders without

any measured values. Therefore, our aim is to estimate pseudo‐
measurements for the non‐measured feeders. It is important
that the feeders in A are representative for the whole grid
ðA ∪ BÞ so that the estimation for the whole grid delivers
reliable pseudo‐measurements.

We divide the LV feeders into a set A and a set B
depending on the existence of measurements. Feeders in set A
can be used for training, whereas during inference, the un-
known active power is estimated for feeders in B. The aim of
the model training is to learn the parameters θ of the function
f with

ŷij ¼ fθ Mij;Wij;Cj
� �

; ð1Þ

where Mij 2 R kþ is the metadata (see Table 1) of the feeder i
for timestamp j, Wij 2 Rl is the weather data related to the
feeder i for timestamp j and Cj 2 f0; 1gm is calendar data for
timestamp j. The variables k, l and m represent the dimension
of the respective vector. The pseudo‐measurement is denoted
with ŷij .

The metadata Mij of a feeder i change rarely compared to
the weather data Wij. Reasons for changes are mostly new
registered equipment in the downstream grid of i. The mea-
surement period can differ significantly between different
feeders i due to a continuous rollout of measurement devices.
Furthermore, the measurements in the measured period can
exhibit measuring gaps. We denote the set of timestamp indices
where measurements for a feeder i are existing with Ni.

A given function fθ not only allows creating pseudo‐
measurements for the past and current timestamps. A fore-
cast of the measurement can be received by passing predicted
weather data Wij to fθ. Furthermore, different mid‐term
(months ‐ few years) and long‐term (many years) scenarios
with varying metadata Mij or weather data Wij can be con-
ducted, for example, to simulate new installations and ramp‐
ups of electrical equipment.

4 | FEEDER METADATA‐BASED
PSEUDO‐MEASUREMENTS

This section describes the methodology to generate pseudo‐
measurements for feeders without measurements based on
feeder metadata. It includes data requirements and the model
pipeline which is visualised in Figure 2. Furthermore, the peak
metrics which are adapted from the BigDEAL challenge [7] are
introduced.

4.1 | Data requirements

The required data to train and operate a pseudo‐measurement
model based on metadata comprises different data sources. In
order to provide a target variable for the model training, a
sufficiently large amount of measured LV feeders in the grid is
needed.
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The essential feature data for our proposed model is
metadata collected by the DSO. The concrete metadata can
differ depending on the available data. We divide the feeder
metadata into three groups.

The number of housing units or the number of commerce
and industry units belong to the first group of grid connection
points. The second group comprises installed power of
equipment which describes producers such as PV systems or
combined heat and power (CHP) and consumers such as heat
pumps or household units. It is necessary that the equipment is
allocated to the respective LV feeder and is registered with the
installed electrical power. The third group of feeder metadata
provides information about the energy consumption. Note
that energy consumption data does not mean that the grid
node has measurements. Rather, it is highly aggregated con-
sumption data, for example, annual consumption of grid
connection points in the LV grid. This can improve the model
because the grid connection points or installed power of
equipment can differ based on different usage behaviour of
houses and industries at the LV feeder. The consumption data
is used as a feature, therefore it needs to be known for both
measured (training) and non‐measured (inference) feeders.

In addition to feeder metadata, appropriate weather data
should be provided since generation and consumption of
installed equipment depend highly on the weather. Examples
of relevant variables include temperature in case of heating
equipment or global radiation in case of PV systems.

Moreover, calendar information about holidays or other
events can improve the model accuracy, because the behaviour
of people differs between workdays, weekends and holidays.
Finally, a timestamp encoding is needed depending on the
required temporal resolution of the pseudo‐measurements.

4.2 | Model pipeline

Figure 2 illustrates the model pipeline with the four pipeline
steps from the provided input data to the downstream appli-
cation which consumes the model output data. We differentiate
the data flow between feeders which belong to the set A and
feeders belonging to set B (compare with Figure 1).

The flow for the feeders in A represents the pipeline
training phase. The data given for feeders in A comprises the
measurements, metadata and further features which includes
weather data, calendar data and timestamp encoding. First, all
the data is preprocessed. Due to the diverse data sources, the
preprocessing includes aligning the different time resolutions
between groups of data or aggregating several metadata fea-
tures to one feature. The second step is the model training.
After applying a train‐test split to all feeders in A, ML
regression models for tabular data are trained on the training
data using the measurements as target variable and all other
data from the first step as model input features. In contrast to
LV load forecasting, the model does not use autoregressive
features of the feeder because they are not available for feeders
in B during the inference phase. In the third step, we conduct a
model inference with the test feeders in A which produces the
pseudo‐measurements. Because the ground truth is given for
this data, we can evaluate the performance in the fourth step.

The flow for the feeders in B represents the pipeline infer-
ence phase. Analogue to A, the data given for feeders in B
comprises metadata and all further features. However, there are
no measurements for feeders in B. Therefore, the preprocessing
step only preprocess the features. Afterwards, we use the model
trained during the pipeline training phase and conduct the step of
model inference for all feeders in B. This produces pseudo‐
measurements for all feeders in B. The pseudo‐measurements
of feeders in B are used together with the real measurements
of feeders in A in the downstream application of the DSO.

There is no need to pass an ID of the LV feeder to the
model, because the feeder is defined by the characteristics of its
metadata. Furthermore, the model does not forecast a time‐
series, because the feeders are in general not measured and
there is no data available. However, if the features represent
future meta‐ and weather data, the architecture can also be
used to forecast.

4.3 | Metrics for evaluation

In order to evaluate the pseudo‐measurement model for in-
dividual feeders, we use the following nine metrics which are

F I GURE 2 Model pipeline with the pipeline steps, input data and output data. The data flows are differentiated with respect to measured feeders A and
non‐measured feeders B as described in Section 3.
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grouped into three all‐observation metrics and six peak
metrics.

Let yij be the measured value of feeder i at timestamp j and
ŷij the respective estimated pseudo‐measurement. We denote
the mean absolute error (MAE) with

MAEi ¼
1
jNij

X

j2Ni

∣ yij − ŷij ∣ ð2Þ

and the root mean squared error (RMSE) with

RMSEi ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
jNij

X

j2Ni

yij − ŷijÞ
2

�s

ð3Þ

as all‐observation metrics because the model is evaluated
against all existing measurements of a feeder. Hereby, Ni is the
set of timestamp indices of a feeder i where measurements are
available and jNij the cardinality. Furthermore, we denote

MAEi;norm ¼
MAEi

max yij ∣ j 2 Ni
� �

− min yij ∣ j 2 Ni
� � ð4Þ

as the MAE normalised by the min–max range of the feeder i.
Additional to the all‐observation metrics, we introduce the

metrics focussing on peaks. The metrics in the present paper
are inspired by the BigDEAL forecasting challenge [7] and
adapted to incorporate special requirements of DSOs facing
both consumption and feed‐in at the LV feeders.

In the BigDEAL challenge, the applied metrics evaluate the
performance regarding the daily peak magnitude, timing and
shape for consumption only. The daily peak magnitude is
evaluated with the mean absolute percentage error (MAPE)
and the daily peak timing with a non‐weighted MAE (quali-
fying match) and a weighted MAE (final match). Regarding the
daily peak shape, the authors in ref. [7] evaluate the deviation
between the normalised loads 2 hours before and after the
peak. The normalisation is based on the (estimated) peak load.

Compared to ref. [7], we make five adaptations in total:

(1) The metrics are evaluated for positive and negative peaks
to consider both the consumption and feed‐in estimation.

(2) Two thresholds are introduced so that only feeders with at
least 10 daily peaks exceeding �10 kW are evaluated.

(3) Regarding the daily peak magnitude, we use MAE instead
of MAPE.

(4) Regarding the daily peak shape, we use a min‐max nor-
malisation instead of a peak normalisation.

(5) Regarding the daily peak timing, we use the non‐weighted
MAE as in the BigDEAL qualifying match.

The adaptations are necessary, because unlike in ref. [7], the
data used in the present paper is characterised by both con-
sumption and feed‐in and many LV feeders exhibit zero‐
crossing measurements (1). With adaptation (2), days and
feeders with low consumption and feed‐in are excluded from
the peak evaluation. To improve comparability with the

all‐observation metrics, we use MAE instead of MAPE for the
daily peak magnitude (3). Thereby, the unit kW of the daily
peak magnitude is preserved. The many zero‐crossings make
peak normalisation for the daily peak shape unsuitable (4).
With adaptation (5), we facilitate the interpretation and pre-
serve the unit hour. We refer to the peak metrics in the present
paper as Peak Magnitude MAE (PMag), Peak Time MAE
(PTime) and Peak Shape Error (PShape) differentiated be-
tween consumption and feed‐in. More precisely, the con-
sumption and feed‐in is the resulting net consumption and net
feed‐in at the feeder after the prosumption of all grid
connection customers belonging to the feeder.

We introduce the sets of pairs PCi and PFi to describe the
timestamp indices of the peaks for the daily consumption (C)
and the daily feed‐in (F). For a feeder i, PCi ¼ ∅ if there are less
than 10 days where the measurement exceeds þ10 kW.
Otherwise, a tuple j1; j2ð Þ 2 PCi for a day d if the measurements
are greater or equal þ 10 kW at least once on d. The first tuple
value j1 is the timestamp index of the maximum in the mea-
surement (ground truth) on day d. The second tuple value j2 is
the timestamp index of the pseudo‐measurement maximum on
day d. Analogously, we definePFi for feed‐in peaks lower or equal
−10 kW.

Hence, we denote

PMagTi ¼
1
jPTi j

X

j1;j2ð Þ2PTi

jyij1 − ŷij2j ð5Þ

and

PTimeTi ¼
1
jPTi j

X

j1;j2ð Þ2PTi

jj1 − j2j ð6Þ

where T 2 fC; Fg is the peak type, jPTi j is the cardinality and
jj1 − j2j the absolute difference between two timestamps in
hours.

Finally, we define the PShape with

PShapeTi ¼
1
jPTi j

X

j1;j2ð Þ2PTi

X

x2Q
jsix − ŝixj ð7Þ

where Q ¼ x ∣ x 2 j1 − 2;…; j1 þ 2ð Þf g is the set of time-
stamps 2 hours around the peak in the measurement j1 (ground
truth) with

six ¼
yix − min yij ∣ j 2Q

� �

max yij ∣ j 2Q
� �

− min yij ∣ j 2Q
� � ð8Þ

and

ŝix ¼
ŷix − min

n
ŷij ∣ j 2Q

o

max
n
ŷij ∣ j 2Q

o
− min

n
ŷij ∣ j 2Q

o: ð9Þ
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representing the (pseudo) measurement min‐max normalised
around the peak.

5 | EXPERIMENTAL SETUP

First, this section describes the data set including the data
cleaning and preparation steps. Second, we describe the
structure of the conducted experiments.

5.1 | Data set and feature engineering

We use active power measurements of LV feeders together with
metadata from the DSO Netze BW in the southwest of Ger-
many. This data is not open due to privacy regulations. The
weather data originates from the German Meteorological Ser-
vice (DWD) [36].

Table 3 summarises basic characteristics of the dataset with
2323 LV feeders. The approximately 52 million measurements
in 15 min resolution represent an aggregation from minute
resolution data by mean. The measurement period ranges from
February 23, 2022 to March 28, 2024 with different starting
points for feeders due to the continuous rollout. Therefore, a
feeder has on average 22402 measurements which is around
233 days. Meshed feeders are not included in the dataset.

We use filters in order to detect feeders with implausible data
which results in the 2323 feeders after applying. Regarding the
measurements, a feeder needs in total at least one day of mea-
surements and the measurement must exceed �5 kW at least
one time. Regarding the feeder metadata, feeders are removed
from the dataset where the installed power of a single con-
sumption or generation category exceeds the physical limit of the
feeder. Furthermore, feeders without metadata are removed as
well as feeders where the feed‐in exceeds the installed power of
producers by more than 5 kW. If a feed‐in is observed between
midnight and two a.m., but the only producer are PV systems, the
feeder is also removed.

Figure 3 shows different quantiles of the measurements for
all feeders in a daily load profile. It is visible that both con-
sumption and feed‐in during the day are present. The median
ranges between 0 kW and 10 kW, whereas the 90%, 99% and
99.9% quantiles are close to 25 kW, 50 kW and 75 kW
respectively. The feed‐in shows a PV curve, where the 0.1%
quantile is close to − 100 kW. Figure A1 shows the monthly
distribution. All months exhibit long tails for both consump-
tion and feed‐in. The distribution in the winter is broader
compared to the summer. The highest consumption occurs in
the winter with a maximum of 178.59 kW. The highest feed‐in
is in spring and summer with a minimum of − 146:69 kW.

We do not include an outlier detection and removal of
measurements, since the measurements seem reasonable.
Moreover, correctly predicting high values is essential for DSOs
and outlier removal involves the risk of removing extreme but
correct data.

Before the data is fed into the model, we aggregate similar
feeder metadata such as different types of heat pumps. In total,
this results in 21 categories for feeder metadata summarised in
Table 1. We include a feature for the number of housing units
which belongs to the group of grid connection points. Regarding
the installed power of equipment, there are nine features for
consumers, one for batteries and two for producers. As energy
consumption data, we include eight features for different types
of commerce and industry named g0 ‐ g6 and l0. They corre-
spond to the customer groups defined in ref. [15]. The features
are derived from monthly or yearly billing data and describe the
average energy consumption per day in kWh. The yearly billing
data of households is not given in the metadata.

All of the feeder metadata categories except the number of
housing units are visualised in Figure 4. The left part shows the
installed power of equipment. PV systems are installed at 70%
of all feeders and show the highest average installed power per
feeder. Some categories such as batteries are present at many
feeders but with relatively low installed power, other categories
such as flow‐type heaters have reverse characteristics. The right
part shows the average energy consumption data of commerce
and industry. The category g1 for industry which produces
mainly on workdays during 8 a.m. to 6 p.m. is dominating. The
housing units are the only category from the feeder metadata
group grid connection points as defined in Figure 4.

TABLE 3 Different characteristics of the dataset used in the
experiments after applying the data cleaning and the feature engineering
specified in Section 5.1.

Characteristic Value

Number of feeders 2323

Number of measurements 52,039,067

Number of metadata categories 21

Avg. measurements per feeder 22,402

Lowest measurement −146.69 kW

Highest measurement 178.59 kW

First measurement February 23, 2022

Last measurement March 28, 2024

Avg. measurement period per feeder 233 days

F I GURE 3 Daily profile of the measurements from all feeders for
different quantiles in 15 min resolution after applying the data cleaning and
feature engineering specified in Section 5.1.
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Regarding the weather we include four features, namely the
global radiation, air temperature, precipitation and the snow
height.

In order to model the timestamp information j, we encode
the day of the year, the day of the week and the minute of the
day with a cyclical encoding using a sine and a cosine function.
This results in six features describing the timestamp. We
further include two binary features describing if the day is a
holiday or workday.

In total, we use 33 features which cover various effects on
the target variable representing the active power measurement
in kW at the LV feeder.

5.2 | Conducted experiments

The generation of pseudo‐measurements is evaluated with
three models based on an experiment with a 5‐fold cross‐
validation. This results in 15 sub‐experiments with 15
different models as shown in Figure 5. The cross‐validation
makes it possible to evaluate the method for each model on
all feeders, because every feeder is exactly once in the test data.

In each of the 15 sub‐experiments, we use a train‐test split
of the feeders with a ratio of 80%–20%. Applied to Figure 1,
the 80% represent the feeder set A and the 20% represent B.
Within one sub‐experiment, the data of one feeder can be
either in the training or in the test data, but not both. We do
not split after time as it is common in load forecasting, because
the primary problem statement is to estimate values of non‐
measured feeders and not future values of the same feeder.

All metrics and visualisations reported in Section 6 are
solely based on feeders in test data. Regarding Figure 1, all of
the feeders used in the experiments belong to the set A. With
the retention of feeders in A as test data, we can determine the
expected performance of the pseudo‐measurements for
feeders in B.

The used models are LR [37], MLP [37] and eXtreme
Gradient Boosting (XGBoost) [38]. We choose these models to
include a linear model, a neural network and a tree‐based model.
Tree‐based models such as XGBoost are state‐of‐the art for
tabular regression problems such as in the present paper [39].

Regarding the XGBoost and the MLP model 12.5% of the
training data is used as validation data for early stopping of the
training routine to prevent overfitting. The hyperparameters are

F I GURE 4 Distribution of metadata at LV feeders divided into consumers, batteries and producers (left) as well as the average consumption data of
commerce and industry (right). The x‐axis is scaled based on the categories solar and g1 respectively. The y‐axis describes the fraction of feeders where the
category is greater than zero.

F I GURE 5 Visualisation of the used cross‐validation.
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chosen based on pre‐experiments on similar data and can be seen
in Table A1. When using the MLP, we apply a min‐max nor-
malisation to the features and targets. The LR is used with elastic
net regularisation.

All experiments are conducted with Azure Machine
Learning on a compute cluster with 16 cores, 112 GB RAM and
224 GB disk.

6 | RESULTS

First, we present the all‐observation metrics and the peak
metrics evaluated for all cross‐validation runs and all models.
Afterwards, excerpts of pseudo‐measurements for selected
feeders are shown for the XGBoost model of fold 1.

6.1 | All‐observation metrics

Table 4 includes different statistical measures for the metrics
MAE, MAEnorm and RMSE evaluated for the models
XGBoost, MLP and LR.

XGBoost and MLP show superior performance compared
to LR for all three metrics. The average MAE over all feeders
for XGBoost is 4.73 kW which is 1.34 kW better compared to
6.07 kW for LR. The performance of XGBoost is slightly
better for the mean of the all‐observation metrics compared
to MLP.
All metric distributions for all models are heavily right

skewed which is stated by median <mean.
The model performance differs between different train‐

test‐splits which is shown in Table A2. For example, the
standard deviation of the median RMSE regarding the five
folds is between 0.22 kW and 0.49 kW for all models
combined.

6.2 | Peak metrics

In contrast to the all‐observation metrics, the peak metrics
are only evaluated for feeders with daily consumption and
feed‐in peaks exceeding �10 kW at least 10 times. Table 5
highlights the PMag, PTime and PShape metric for the
consumption (1921 feeders evaluated) and feed‐in (793
feeders evaluated).
Analogous to the all‐observation metrics, the PMag for

consumption and feed‐in is heavily right skewed throughout all
models except for the feed‐in PTime. For example, the median
of the PMagC for the MLP is with 8.55 kW lower compared to
the mean of 11.51 kW.
The PMag for both consumption and feed‐in is signifi-

cantly higher compared to the MAE for all models. While
the median MAE of the XGBoost model is 3.83 kW, the
median of the PMagC is 9.02 kW and the median of PMagF

is 11.44 kW. This implies that the peak estimation of the
models is worse than the estimation of the complete time‐
series.
When comparing consumption and feed‐in, the PMag

for consumption is lower compared to feed‐in with respect
to the mean and the quantiles given in Table 5 for all
models. For example, the mean of PMagC of XGBoost is
with 11.66 kW lower than the mean of PMagF with
13.13 kW.
PTime is significantly better for feed‐in compared to

consumption. While the mean of the PTimeF is 1.17 h for
XGBoost, the mean of PTimeC is 5.07 h.
PShape is better for feed‐in compared to consumption.

While the mean of the PShapeF is 0.29 for XGBoost, the mean
of the PShapeC is 0.35.
The PShapeF shows smaller fluctuations compared to

PShapeC. We observe for all models combined that the 25%
and 75% quantile is between 0.28 and 0.30 for PShapeF and
between 0.31 and 0.41 for PShapeC.
The PMag and PTime reveal some feeders with very high

deviations of the peaks inmagnitude and time. For example, the
highest errors for PTimeC can be observed for feeders with
storage heaters, exhibiting a peak in the night after midnight
while the pseudo‐measurement estimates the peak in the
evening.

TABLE 4 Metrics evaluated for all timestamps and all feeders
(all‐observation metrics). The metric is evaluated on the feeders in the test
data of a cross‐validation fold and the results of all folds are combined into
this table.

Metric Statistical measure XGBoost MLP LR

MAE [kW] Mean 4.73 4.85 6.07

Std 3.35 3.78 4.01

Min 0.70 0.76 1.24

25% 2.47 2.51 3.71

Median 3.83 3.84 4.84

75% 5.83 5.90 7.16

Max 33.98 64.51 90.55

MAEnorm Mean 0.13 0.13 0.17

Std 0.24 0.22 0.21

Min 0.01 0.02 0.03

25% 0.06 0.07 0.08

Median 0.09 0.09 0.12

75% 0.13 0.14 0.19

Max 7.24 6.34 5.38

RMSE [kW] Mean 6.19 6.33 7.85

Std 4.35 4.77 5.19

Min 0.88 0.96 1.79

25% 3.17 3.25 4.62

Median 5.09 5.05 6.12

75% 7.86 7.89 9.51

Max 45.41 70.80 91.02

Note: Best values of the three models for a statistical measure are bold.
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6.3 | Selected feeders

Figure 6 depicts two feeders F1 and F2 with the respective
feeder metadata and an excerpt of 1 week for the measure-
ments and generated pseudo‐measurements as well as tem-
perature and global radiation. The chosen week is a week in the
winter of January 2024 with a temperature anomaly at
Wednesday, January 17 to Thursday, January 18. The global
radiation is between 0 and 333 W

m2. F1 represents the 10%
quantile and F2 the 90% quantile of the MAEnorm metric in a
pre‐experiment. More details are given in the appendix:
Figure A3 shows weekly quantile profiles for the feeders F1 and
F2 and in addition for three other feeders F3 ‐ F5. Figure A2
includes the individual metrics for F1 ‐ F5 with respect to the
complete time‐series of the feeders (not only the excerpt).

Feeder F1 is characterised by 13 housing units and diverse
metadata including heating systems, EV chargers, batteries and
PV systems. In the measurements, we observe a load between
−35:94 kW and 33.18 kW and feed‐in for at least 4 days with
power smaller than 0 kW. The lowest load during the night can
be observed during the highest temperature of 9 °C on January
17 and 18. Likewise, we observe that the pseudo‐
measurements are low in the evening of January 17 and the
morning of January 18 not exceeding 20 kW. On January 19,
we detect the highest load whereas the feed‐in peak is less
compared to January 16 and January 20 with similar global
radiation around 300 W

m2.
The MAEnorm of 0.04 indicates a good fit of the base load

and the PMagC of 7.14 kW is lowcompared to the fold average of
11.78 kW. While the PTimeC of 7.38 h is high compared to the
average, the PShapeC of 0.32 is low in comparison to the average
performance. We recognise for January 19 and January 20 that
the consumption peak in themeasurement is in the morning and
the pseudo‐measurement consumption peak is in the evening.

The PMagF of 18.46 kW is higher than the average PMagF

of XGBoost fold 1 with 12.58 kW. We observe that the highest

TABLE 5 Peak metrics evaluated for all feeders and daily
consumption and feed‐in peaks. The metric is evaluated on the feeders in
the test data of a cross‐validation fold and the results of all folds are
combined into this table.

Metric
Statistical
measure XGBoost MLP LR

PMagC [kW]
(consumption)

Count 1921 1921 1921

Mean 11.66 11.51 14.06

Std 9.09 9.46 10.76

Min 0.76 0.98 0.80

25% 5.85 5.59 6.57

Median 9.02 8.55 11.24

75% 14.48 14.35 18.39

Max 88.02 117.71 117.08

PMagF [kW] (feed‐in) Count 793 793 793

Mean 13.13 12.52 21.36

Std 7.50 7.68 13.24

Min 1.06 1.81 1.59

25% 7.98 7.32 11.83

Median 11.44 10.78 18.54

75% 16.60 15.14 28.10

Max 55.56 67.21 73.71

PTimeC [h]
(consumption)

Count 1921 1921 1921

Mean 5.07 5.14 8.02

Std 2.82 2.80 1.39

Min 0.54 0.56 2.10

25% 2.97 3.03 7.16

Median 4.40 4.45 7.94

75% 6.54 6.67 8.90

Max 16.33 16.57 13.35

PTimeF [h] (feed‐in) Count 793 793 793

Mean 1.17 1.27 1.13

Std 0.69 0.81 0.43

Min 0.50 0.50 0.54

25% 0.95 0.97 0.97

Median 1.05 1.09 1.08

75% 1.19 1.29 1.21

Max 12.04 11.24 9.15

PShapeC (consumption) Count 1921 1921 1921

Mean 0.35 0.34 0.38

Std 0.05 0.05 0.04

Min 0.19 0.18 0.23

25% 0.32 0.31 0.35

TAB LE 5 (Continued)

Metric
Statistical
measure XGBoost MLP LR

Median 0.35 0.34 0.38

75% 0.38 0.37 0.41

Max 0.60 0.54 0.55

PShapeF (feed‐in) Count 793 793 793

Mean 0.29 0.29 0.29

Std 0.02 0.02 0.02

Min 0.23 0.23 0.23

25% 0.28 0.28 0.28

Median 0.29 0.29 0.29

75% 0.30 0.30 0.30

Max 0.40 0.37 0.39

Note: Best values of the three models for a statistical measure are bold.
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error for the feed‐in peak estimation is on January 20 with
41.71 kW deviation at 3 pm. The PTimeF and PShapeF of 1.10
h and 0.29 are close to the respective fold averages.

Feeder F2 is characterised by industry and commerce with
storage heaters and a low installed power of hot water tanks. In
the measurements, we observe only positive load values with
high peaks during the night, an increased load during the
working hours from Monday, January 15 to Friday, January 19
and regular load spikes every few hours. The load at the
weekend on January 20 and 21 is lower. However, the nightly
peaks are still present.

The MAEnorm of 0.14 indicates a high MAE with respect
to the min‐max range of the feeder. In the week shown in
Figure 6, we observe that the pseudo‐measurements show a
higher base load compared to the measurements. At the
weekend, we observe the lowest pseudo‐measurements. In the
nights with the lowest temperature below − 5 ◦C, the pseudo‐
measurements are the highest exceeding 20 kW. In the night
with the highest temperatures of the week, it can be observed

that the pseudo‐measurements are lower compared to the
other nights.

The peak metrics are only evaluated for the consumption
due to the constant positive load. The PMagC of 10.28 kW is
lower compared to the fold average of 11.78 kW. In contrast to
the measurements, the pseudo‐measurements show lower
consumption peaks in the night. The PTimeC of 6.56 h and
PShapeC of 0.38 are higher than the fold average.

Figure A3 presents a week for the same feeder F2 but during
the summer. We observe that the measurements do not exhibit
peak loads during the night and the pseudo‐measurements show
a lower base load compared to the winter week in Figure 6.

7 | DISCUSSION

First, we discuss the results with respect to the performance of
the presented models. Afterwards, we investigate the design of
the peak metrics.

F I GURE 6 Two LV feeders with the feeder metadata on the left side and the measurement and pseudo‐measurement on the right side together with the
temperature and global radiation of one week in January 2024 (Monday ‐ Sunday). The feeders represent the 10% F1ð Þ and 90% F2ð Þ quantile of the metric
MAEnorm in the XGBoost fold one in a pre‐experiment. Metadata with unit count (#) in blue, unit kW in red and unit kWh in grey. The metric values for the feeders
are given in Table A3.
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7.1 | Model performance

In the following, we discuss the performance of the models in
comparison with each other and with respect to different folds
of the cross‐validation. We further argue about possible model
reasons for the pseudo‐measurement results based on the
XGBoost model of fold 1 as a representative of the examined
models.

7.1.1 | Superiority of non‐linear model

As already stated in the results section, XGBoost and MLP
outperform LR. The models exhibit lower metrics in Tables 4
and 5 compared to LR except for PTimeF, PShapeF and some
max and min rows. However, the differences of the models
regarding PTimeF and PShapeF are small and the statistical
measures max and min represent only one feeder out of 2323,
respectively. Therefore, we argue that the solution to the
problem statement in Section 3 requires a non‐linear model.

We treat the problem statement as a regression problem on
tabular data. It is still unclear whether tree‐based models or
neural networks are better suited for this [40]. In our experi-
ments, we cannot identify a superiority of the XGBoost model
with respect to MLP or vice versa. It is noteworthy that the
MLP with only few parameters consisting of one hidden layer
and 20 neurons performs comparatively to the XGBoost
model.

7.1.2 | Challenges in estimating pseudo‐
measurements

The results show that the distributions of the metrics evaluated
on all feeders are right‐skewed indicating that the generated
pseudo‐measurements of some feeders do not fit well to the
measurements. Therefore, we give four reasons for the
deviations.

First, we observe feeders with assumed data quality issues
which are difficult to identify and remedy. An example of this
is storage heaters which are registered but not deregistered
after decommissioning.

Second, there are feeders exhibiting measurements which
are hard to estimate. We often observe this for measurements
exhibiting short but high consumption peaks, for example, due
to heating systems or commerce and industry. An explanation
could be that it is better for models to estimate close to the
base load to optimise their quadratic loss function instead of
estimating peaks. However, it should be noted that the chal-
lenge to estimate peaks is also related to the third and fourth
reason given next.

Third, the features given to the pseudo‐measurement
model cannot explain all measurements. For example, the
feature housing units does not make a statement if the house is
a single‐family home or a small apartment. This could be the
reason for the high MAEnorm metric of 0.19 of feeder F4 in the

appendix indicating a bad estimation for the base load.
Another example is that the only feature for PV systems, the
installed power, does not cover details about tilt or azimuth
angles of the PV. This could explain some high values for the
metric PTimeF, for example, for F1.

Fourth, the behaviour of the customers in a LV grid is
stochastic. An example is EV charging, leading to sudden
peaks in the measurements which could be the reason for the
peak of feeder F1 at Friday morning in Figure 6. However, the
pseudo‐measurements represent point estimations which
cannot capture the inherent uncertainty of the measurements.

7.1.3 | High diversity of metadata and
measurements

During the data analysis and experiments, we observe a high
diversity both in the feeder metadata as well as in the active
power measurements for different seasons. This is visible by
the diverse weekly load profiles in Figure A2 and the different
weeks of feeder F2 in Figures 6 and A3. The high diversity is a
reason why the performances of the same feeders differ
regarding the metrics, for instance the PMagC compared to
PMagF of feeder F1 in Table A3.

7.1.4 | Performance with respect to peak metrics

Tables 4 and 5 illustrate that the PMag metrics are worse
compared to the MAE which is evaluated for all observations.
Reasons are stated within this Section 7.1 in the paragraph
about the challenges in estimating pseudo‐measurement. In
general, the difficulty of estimating the PMag depends heavily
on the feeder, the feeder metadata and the time of the year.

Regarding the PTime, the metric is better for feed‐in
compared to consumption with respect to mean and median
but also regarding the standard deviation. Possible explanations
are higher stochastic of consumption compared to feed‐in or
several consumption peaks on the same day with similar
magnitude. This is depicted in Figure 6 for feeder F1 on Friday
and Saturday where the peak for this day is estimated at the
evening instead of the morning.

The PShape metric shows better results for the feed‐in
compared to the consumption. A reason could be that the
shape of a feed‐in is mainly induced by PV which resembles a
bell curve upside down on cloud‐free days (compare F1 and F3
in Figure A2). In contrast, the shapes of the consumption are
more diverse.

7.1.5 | Performance during inference

During inference, the model predicts pseudo‐measurements
for non‐measured feeders in B according to the methodol-
ogy presented in Figure 2. In addition to conducting a cross‐
validation with large training and test data with feeders in A,
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it is important to estimate and monitor the convergence of the
method for feeders in B when the model is deployed into
production. For this purpose, it can be beneficial to compare
the distribution of the features in A with the distribution of
features in B to detect and correct a covariate shift. We
emphasise that if a feature value for a feeder in B is significantly
higher than all values of this feature in A, the model may not
provide a reasonable prediction. Furthermore, monitoring
software such as [41] may help to detect model performance
degradation for feeders in B by training an extra model on the
loss of the pseudo‐measurement model.

7.1.6 | Accounting for line losses

A load or feed‐in experiences different line losses depending on
the spatial location in the low‐voltage grid and further circum-
stances. The pseudo‐measurement model learns the average line
loss of consumption and generation in the low‐voltage grid of
measured feeders in setA. The feeder‐specific line losses during
model prediction can deviate from this learnt average line losses.
However, the authors in ref. [42] report for a comparable set of
low‐voltage feeders that the line losses are mostly below 1.3%
with a median of 0.45%. Hence, line losses are almost negligible
in view of other model inaccuracies.

7.1.7 | Classification into existing literature

We cannot directly compare our metric results to other liter-
ature, because the papers leveraging grid measurements with
feeder metadata, introduced in Section 2, aim to generate load
profiles and not complete time‐series [19, 20]. Additionally,
different temporal resolutions, metrics, grid areas and grid
levels make the comparison difficult. In particular, we observe
in our pre‐experiments that the temporal resolution and the
grid level (MV/LV substation vs. LV feeder) influences the
model accuracy. This is probably due to smoothing effects as
stated in ref. [6].

7.2 | Peak metric design

In this section we discuss advantages and constraints of the
presented peak metrics.

7.2.1 | Information gain through peak metrics

The peak metrics add valuable information to assess the model
performance with respect to DSO requirements which often
necessitate good peak estimations. PMag, PTime and PShape
are suited to assess if a model is appropriate for use cases such
as preventing overload with control operations. During the
experiments, it is important to refine the peak metrics to ac-
count for measurements with many zero‐crossings and feeders

with low capacity utilisation. Further refinements of the peak
metric design could include adaptations to PShape which
shows small deviations between feeders and models, especially
for the feed‐in.

7.2.2 | Combining peak metrics with all‐
observation metrics

Analysing peak metrics in isolation can lead to wrong as-
sumptions when evaluating results. Consider a measurement
with a base load and regular peaks. A pseudo‐measurement
model which estimates a base load close to the peak values
of the measurements and not estimating any peaks receives a
good peak metric value. However, both the base load and the
peaks are estimated badly. Therefore, it is important to also
include all‐observation metrics in the analysis.

7.2.3 | Challenge of setting thresholds

The peak metrics require numerous thresholds for evaluation
which must be specified. In particular, the peak metrics are
based on daily thresholds which is meaningful because the load
follows daily patterns. However, peaks occurring around
midnight can lead to high errors of PMag and PTime even
though the estimation is close to the peak with respect to
magnitude and timing.

We also use a threshold of �10 kW to exclude days from
the evaluation which do not exhibit a clear consumption or
feed‐in peak. This is, D for example, the case for days with low
global radiation. The threshold can also be used to evaluate
only critical peaks, for example, peaks exceeding 80% of the
cable capacity. Furthermore, feeders with less than 10 days
with peaks exceeding �10 kW are excluded because these
feeders can result in high outliers, for example, a PTime of 0 h
when the timing of the only peak is met exactly.

Despite the problem of setting thresholds, missing
thresholds can also lead to difficult interpretations of a peak
metric result. Feeder F2 performs very differently during winter
and summer as shown in Figures 6 and A3. However, this is
not reflected in a peak metric averaging all days regardless of
the season.

8 | LIMITATIONS

In the following, we present the limitations of the dataset, the
model and the approach in general.

8.1 | Data preparation and dataset

The DSO providing the data operates distribution grids mainly
in rural areas. Therefore, distribution grids in urban areas are
represented less.
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Applying filters to the data is necessary, but the concrete
thresholds are difficult to define, for instance for feeders with
unrealistic high installed equipment power. Furthermore, it is
only possible to detect implausible combinations of measure-
ments and feeder metadata if measurements are available for
that feeder. However, most feeders are not measured according
to the problem statement in Section 3. This can lead to a bias
between training and inference data sets.

Other challenges regarding the data quality comprise
missing information about grid topology changes which affects
the feeder metadata or the deregistration of installed equip-
ment after decommissioning.

We do not apply anomaly removal techniques, because the
distinction between anomalies and valid extreme values is
ambiguous. However, extreme values are important to estimate
peaks and to not deform the test data. Additionally, the ag-
gregation to 15 min smooths short‐time anomalies.

Since the metrics in Tables 4 and 5 are calculated after
computing the metrics feeder‐wise, feeders with long mea-
surement periods could be underrepresented. However, by our
approach we can ensure an equal representation of the distri-
bution of metadata at feeders within the metrics.

8.2 | Model

We do not conduct an extensive hyperparameter optimisation
for the models of all cross‐validation folds. Hence, we do not
state if XGBoost or MLP outperform each other. However, we
tested a variety of hyperparameter combinations.

We do not include deep learning approaches. However, we
do not expect significant improvements compared to XGBoost
because tree‐based models are state‐of‐the‐art for tabular
regression problems [39].

8.3 | Limitations of the approach

The presented approach requires well‐maintained metadata
assigned to LV feeders. This excludes the application of the
approach in meshed grids where metadata contributes to
several feeders. However, LV grids are operated predominantly
as weakly meshed network with few loops [43].

We suspect that optimising the model regarding all mea-
surement values with quadratic loss functions makes it hard to
correctly predict peaks. Nevertheless, several adaptations are
possible to mitigate this problem as stated in Section 9.

9 | CONCLUSION

The lack of active power measurements in the LV grid is an
urgent problem for DSOs. In the present paper, we introduce a
new approach to generate pseudo‐measurements for LV
feeders which are not equipped with measurement devices.
The measurement estimations are based on feeder metadata

and adapt to different weather, calendar and timestamp con-
ditions. To the best of our knowledge, there is no other pub-
lication applying and analysing the approach in the given
depth.

We extensively evaluate the approach with different
models in a 5‐fold cross‐validation on real‐world data with
2323 feeders. We show that the approach can produce realistic
estimations of measurements. Existing performance outliers
are discussed in detail, which occur due to data quality issues,
sudden peaks, missing features or stochastics in the data.

Furthermore, we give insights into the generated pseudo‐
measurements based on tailored peak metrics. With the help
of the introduced peak metrics, we can evaluate the model
performance with respect to the magnitude, timing and shape
for peaks induced by consumption or feed‐in. It is visible that
the MAE only evaluating peak magnitudes is higher compared
to the MAE over all observations.

In the future, the new approach can also be evaluated on
other grid levels such as substations, other target variables such
as the current and on different temporal resolutions. Addi-
tionally, other datasets with different characteristics and from
different countries could be examined. Furthermore, an
extensive benchmarking of other approaches to generate esti-
mations for non‐measured LV feeders could give valuable in-
sights, for example, by including the aggregation of smart
meter data. Moreover, a comparison between load forecasting
and pseudo‐measurements as well as using the pseudo‐
measurements in a state estimation can be examined in the
future.

The feeder metadata is an essential part of the model
features. Therefore, it is interesting in the future to evaluate the
importance of individual or groups of feeder metadata for the
pseudo‐measurement outcome. Possible approaches for this
include Explainable Artificial Intelligence (XAI) methods such
as SHAP [44] or varying groups of input features.

Possible improvements of the presented approach include
optimising the models with respect to the peak metrics or even
estimating only peak values. Additionally, probabilistic models
could give worst‐case load estimates by providing quantiles and
thereby estimating the aleatoric uncertainty. The epistemic un-
certainty could be reduced by more diverse feeder metadata, for
example, yearly billing data of households, social demographic
and economic data of the underlying grid or features derived
from smart meter data. Furthermore, it could be necessary to
include features for market prices if the consumption adapts to
market prices. Finally, post‐processing pseudo‐measurements
could improve the pseudo‐measurements with respect to spe-
cific metrics. The peak metrics in the present paper provide a
basis to evaluate if model adaptations contribute to meet DSO
requirements.

Moreover, it is beneficial to generate synthetic or anony-
mised data with similar characteristics which are not subject to
any legal restrictions and can be published with the results.
This would further improve the traceability of the results and
enable other researchers to investigate other research
questions.
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APPENDIX A

TABLE A1 Hyperparameters used for
the models XGBoost and MLP (without
default values).

Model Hyperparameter Value Model Hyperparameter Value

XGBoost n_estimators 1500 MLP hidden_layer_sizes (20)

eta 0.05 activation tanh

subsample 0.7 random_state 2

colsample_bylevel 0.5 early_stopping True

early_stopping_rounds 30 validation_fraction 0.125
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TABLE A2 Mean and standard deviation of the 5 folds from the cross‐validation for all metrics and models.

Metric XGBoost MLP LR

MAE [kW] 4.73 � 0.21 4.85 � 0.24 6.07 � 0.29

MAEnorm 0.13 � 0.02 0.13 � 0.02 0.17 � 0.02

RMSE [kW] 6.19 � 0.22 6.33 � 0.26 7.85 � 0.49

PMagC [kW] 11.68 � 0.56 11.55 � 0.81 14.07 � 0.72

PMagF [kW] 13.24 � 0.87 12.67 � 1.23 21.43 � 1.66

PTimeC [h] 5.09 � 0.27 5.17 � 0.41 8.02 � 0.19

PTimeF [h] 1.17 � 0.04 1.26 � 0.03 1.13 � 0.02

ShapeC 0.35 � 0.00 0.34 � 0.00 0.38 � 0.00

ShapeF 0.29 � 0.00 0.29 � 0.00 0.29 � 0.00

TABLE A3 Metric overview for the LV feeders which are shown in detail in Figure 6, Figure A2 and Figure A3. The metric is calculated for the whole
measurement period of a feeder. All feeders are part of the test data in the XGBoost fold 1. The peak metrics are differentiated between consumption (C) and
feed‐in (F).

Feeder MAE MAEnorm RMSE PMagC PMagF PTimeC PTimeF PShapeC PShapeF

Average XGBoost fold 1 4.57 0.10 6.22 11.78 12.58 5.11 1.18 0.35 0.30

F1 (Figures 6 and A2) 4.62 0.04 6.75 7.14 18.46 7.38 1.10 0.32 0.29

F2 (Figures 6, A2, A3) 4.92 0.14 6.15 10.28 – 6.56 – 0.38 –

F3 (Figure A2) 6.39 0.06 8.62 5.80 11.17 1.66 1.60 0.28 0.30

F4 (Figure A2) 6.47 0.19 7.24 6.34 – 2.49 – 0.32 –

F5 (Figure A2) 12.41 0.12 14.96 30.78 19.34 3.75 3.26 0.34 0.33

F I GURE A 1 Monthly distributions of measurements from all feeders aggregated to 15 min resolution. The colours indicate spring (green), summer (red),
autumn (brown) and winter (blue). The dotted lines denote the 25% quantile, median and 75% quantile.
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F I GURE A 2 Selected feeders F1 ‐ F5 with feeder metadata, measurements and pseudo‐measurements from the test data of XGBoost fold 1. Metadata
with unit count (#) in blue, unit kW in red and unit kWh in grey. The label min is the lowest value of the metadata and max the highest during the evaluation
period from the end of 2022 until March 2024. The time series of measurements and pseudo‐measurements are condensed to a weekly profile with median, 10%
and 90% quantile for visualisation.
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F I GURE A 3 Feeder F2 with the feeder metadata on the left side and the measurement and pseudo‐measurement on the right side together with the
temperature and global radiation of one week in July 2023 (Monday ‐ Sunday). The figure complements the Figure 6 where the feeder F2 is shown for a week in
winter. Metadata with unit kW in red and unit kWh in grey. The metric values for the feeders are given in Table A3.
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